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The key concerns of user experience within human-computer interaction have historically
evolved alongside the technology it serves. This dissertation argues that generally capable
Al—in particular, large language models and the agentic systems built on top of them—
motivate the next such evolution. Specifically, I identify two new dimensions of user ex-
perience design for interactive systems powered by generally capable Al: model behavior,
the behavioral guidelines and constraints that govern how a model responds to users; and
Al autonomy, the extent to which an Al system operates without user involvement when
tackling multi-step, long-horizon work.

I demonstrate that these dimensions can be made tractable through new design practices,
tools, and frameworks. For model behavior, I first introduce POLICYPAD, a system that con-
ceptualizes model behavior design as a prototyping practice. POLICYPAD affords iterative
and collaborative authoring of model behavioral policies in conjunction with rapid testing
of model behavior on sample usage scenarios. I then introduce CANVIL, a tool that extends
the prototyping of model behavior to design canvases, allowing practitioners to translate
their design artifacts into model behavioral specifications and vice versa. For Al autonomy,
I introduce a five-level framework that frames Al agent autonomy as a deliberate design de-

cision independent of system capability. I then introduce Cocoa, an Al-powered document



editor that operationalizes agent notebooks, a new interface for human-agent collaboration.
In concert, these contributions pave paths for expanding how designers, developers, and

researchers craft user experiences in an era of generally capable Al.
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Chapter 1

INTRODUCTION

Over the past half-century, the notion of user experience in the context of interactive
software was defined through multiple cycles of evolution spurred by technological advances.
In early industrial and military settings, human factors engineering focused on optimizing
efficiency and minimizing operator errors |569|. The rise of personal computing in the 1980s
brought about a cognitive turn: researchers shifted attention to users’ cognitive models and
how they impact system usability |278,468|, which laid the intellectual foundations for user-
centered design [469]. As the internet connected millions of new users in the 1990s, new
theories and applications for computer-mediated interaction between networks of people
gave rise to social computing systems, where user experience was dictated not only by
the intrinsic properties of the software itself, but also other people using that software
[3,229,258]. By the 2000s, as mobile and web applications became ubiquitous, the notion of
“user experience” expanded holistically to include factors that strengthen users’ emotional
connections to interactive systems, including aesthetics and values, which some argue have

a greater influence on user satisfaction than practical utility alone [467].

Since the introduction of generative artificial intelligence (Al) to the public in late 2022,
user experience faces yet another inflection point. Al has become generally capable: exhibit-
ing capable performance across a wide range of challenging benchmarks [34}/78]. This was
possible thanks to architectural innovations, such as the transformer [655|, combined with
training at unprecedented scale [476]. Together, they unlock fundamentally new behaviors
in Al including conversing in fluent natural language, performing multi-step reasoning on
open-ended problems, and even taking actions autonomously with limited human supervi-
sion [280,312}/707]. The step-changes in capabilities dramatically expand what interactive
systems are capable of, and consequently, open up new possibilities for the user experience

of Al-powered systems.



How can designers and developers of human-centered technology realize these possibil-
ities? Traditionally, when HCI talks about crafting a user experience, the main lever we
reach for is user interfaces: screens, interaction flows, and information architectures. Yet,
this was never the whole picture. For example, in social computing systems (e.g., collab-
orative document editors, social media platforms), the user experience of one individual is
dictated by the behavior of other users in the same system. Designing the user experi-
ence therefore involves carefully reasoning about interventions to nudge human behavior in
particular directions. For example, introducing upvoting and downvoting mechanisms on
platforms like Reddit or Stack Overflow incentivizes concise, informative responses while
penalizing spam [449]. Generally, new technological waves prompt us to consider how we
might repurpose our existing levers for user experience, and which entirely new ones will
emerge.

I discuss two new design dimensions for user experience exposed by generally capable
Al The first is model behavior: what behavioral guidelines should the model follow?
What safety constraints does it respect? How does it handle high-stakes situations with real
consequences for users? The second is AI autonomy: what should the Al system take on,
and what should it leave to its human operators? How is this distribution of labor configured
and negotiated over time? These dimensions, just like Ul affordances and visual aesthetics,
are levers for designers to steer the development of interactive systems.

Concretely, I define model behavior and Al autonomy as follows:

e Model behavior describes how a model responds to user inputs. It is commonly
defined via human-readable specifications, which include behavioral guidelines, con-
straints, and desiderata. It is often realized via post-training pipelines such as rein-

forcement learning from human feedback (RLHF).

e Al autonomy is the extent to which an Al system is designed to operate without the
user’s involvement. This is characterized by the distribution of initiative, responsibility,
and control between the user and Al It can be implemented by mechanisms that decide
task allocation between the human and Al, and how flexibly that allocation can shift

based on context and time.



These two dimensions are not strictly orthogonal, as model behavior can certainly influ-
ence and thus be considered a component of Al autonomyﬂ Technically speaking, however,
there is a clear separation of concerns: model behavior is a property of the model itself, while
AT autonomy is implemented by scaffolding around the model (i.e. the harness) . This
relationship is visualized in Fig. [I.I] In this dissertation, I treat these dimensions as distinct
by focusing on their unique aspects throughout my work. I later unpack the relationship

between these dimensions in Chapter

PolicyPad Levels of
Collaborative Al Autonomy Autonomy
prototyping of LLM ol — 5-level framework for
policies w autonomy in Al agents
Canvil — Model . Cocoa
Designerly adaptation = Behavior — o .e Co-planning and co-
of LLM-powered user == 3 execution with Al
experiences o agents

Figure 1.1: An overview of my contributions in this dissertation, mapped to two dimensions

for user experiences powered by generally capable Al: model behavior and Al autonomy.

This dissertation contributes computational workflows and tools that allow designerﬁﬂ
to exercise these two dimensions. Through my contributions, I show that these dimensions
present promising levers for researchers and practitioners when building, deploying, and
studying interactive systems powered by generally capable Al

This dissertation first explores a novel design challenge—shaping model behavior—against
a familiar methodological backdrop of rapid prototyping. By observing how domain experts
collaboratively critique and define behaviors for LLMs, I argue that model behavior should
be prototyped through tight, iterative feedback loops that allow practitioners to rapidly

draft, test, evaluate, and refine behavioral specifications. I then introduce two systems that

'For example, a model trained to take on an independent and confident persona might choose to not call
tools that allow it to consult the user for feedback while tackling a complex task.

2T use the term “designer” broadly, referring to anyone who has a role in designing an interactive sys-
tem. This can include researchers, engineers, and non-technical practitioners who steer system behavior.
Chapter @ uses a narrower definition of designer specific to that chapter.



support different environments: POLICYPAD, a collaborative editor for groups of users to
rapidly prototype LLM policies; and CANVIL, an extension of the popular collaborative
design tool Figma that lets designers work with real model behavior as a “design material.”

I then transition to AI autonomy, a dimension orthogonal to model behavior in Al
agents—compound Al systems that can tackle open-ended tasks over extended time hori-
zons [312]. I first show that AT autonomy can be a deliberate design decision, independent of
agent capability, and then introduce a framework for Al agent autonomy. I then explore how
interactive systems ought not to be constrained to a single level of autonomy, but flexibly
move across them. I propose agent notebooks as a new interface for human-agent collabora-
tion, and investigate their effectiveness by integrating them into COCOA, a document-based
system for agent-assisted scientific research. CocoA illustrates how intentionally designing

for Al autonomy opens the door for innovation in human-AI interaction paradigms.
1.1 Designing Model Behavior

Given two identical interfaces, two Al-powered systems can have vastly divergent user expe-
riences due to differences in underlying model behavior. This is dictated by factors specific
to the model, such as what values a model reflects, what tone it defaults to when respond-
ing to users, and what its response strategy entails when answering sensitive or high-stakes
queries. These factors are all questions that Al developers have tried to make concrete
through their model behavioral policies (e.g., Anthropic’s Constitution [27] and OpenATl’s
Model Spec [491]). Model behavioral policies are aspirational artifacts that detail the princi-
ples, rules, and desiderata that govern how a model should behave. Anthropic’s Constitution
also includes detailed rationale to justify that behavior.

Little is publicly known about the process by which these policies are created, but it
is clear that their iteration cycles are by no means short. Anthropic’s Constitution, for
example, was first officially published in September 2023 [18| and was only updated again in
January 2026 [27]. Moreover, while there has been significant interest in including domain
experts and the general public in the development of these policies [268475L/493/|500], there
remains sparse scientific investigation into the best practices and tooling to do so.

Informed by observing how domain experts collaborated with OpenAl to contribute to



the initial version of the Model Spec, I propose for model behavior to be prototyped, rather
than merely defined through a linear, one-shot process. What can processes for this new

form of prototyping look like, and how can they be supported in practice?

1.1.1  Collaborative and expert-led prototyping of model behavior

Prototyping is a foundational practice in HCI that lets designers iterate cheaply and quickly
experiment with ideas before committing to them. Model behavior design can also benefit
from this philosophy. POLICYPAD is a collaborative system for LLM policy prototyping. It
integrates authoring of model behavioral policies, usage scenario exploration, and model be-
havior testing into a real-time collaborative document editing environment. Users can fluidly
move between these activities. Through tight feedback loops characteristic of prototyping,
users inspect scenarios to understand current model behavior, draft policies to improve it,
and collaboratively verify policy outcomes.

As with any realtime collaborative system, one concern is ensuring that synchronous
activity does not overwhelm users and hinder collaboration. The design of PoLiCYPAD
considers this by offering both shared and private workspaces. Users can collaboratively
edit the policy in a shared document editor, while independently probing policy-informed
model behavior on diverse usage scenarios. In POLICYPAD, the boundary between shared
and private workspaces is permeable: the system allows experts to bring scenarios from
independent exploration directly into the shared editor as interactive widgets, making model
behavior a visible and shared reference point during collaborative prototyping. These widgets
allow users to collaboratively edit the model’s response in the editor alongside the policy
itself. Additionally, POLICYPAD can automatically suggest new policy statements from

edited responses by analyzing changes to steer the model towards the edited behavior.

1.1.2  Integrating model behavior prototyping into user experience practice

PoLicYPAD demonstrates that collaborative LLM policy prototyping can be an effective
practice for non-Al experts to surface novel and relevant desiderata for model behavior.

The resulting behavior from policies created in POLICYPAD can be tailored for a particular



domain if users all share a domain of expertise, or for general use. However, models are often

integrated into specific applications with an established set of users and usage contexts.

CANVIL extends model behavior prototyping into professional user experience practice
so designers can tailor LLM-powered user experiences based on their existing design con-
straints. Specifically, it supports designerly adaptation—a process for translating design
requirements into model behavioral specifications, and vice versa. Through structured au-
thoring of behavioral specifications, testing on diverse user inputs, and integration of model
outputs into interface designs, CANVIL enables designers to prototype model behavior within
their existing design workflows. In practice, designers used CANVIL to iteratively co-evolve
their designs with model behavior, and to recognize the collaborative potential of designerly

adaptation within their teams.

1.2 Designing AI Autonomy

As Al systems become more agentic—operating over long durations and taking actions via
tools under limited human supervision—user experience concerns expand beyond turn-by-
turn model behavior. Al autonomy thus becomes a key design consideration. Autonomy
is often used as a proxy measure for Al capability advancement [426]. I argue that in
interactive systems, autonomy is a design choice that can be actively calibrated independent
of capability. A growing body of work recognizes that appropriately calibrating Al autonomy
is a first-class design concern—not just for usability, but for safety, trust, and human agency
[27511450,515L588,595|. Indeed, risks can arise across the autonomy spectrum. On one end,
fully autonomous agents sacrifice human control, making it difficult for users to actively
anticipate or correct the agent’s actions when needed. On the other, frequent and rigid
checkpoints preserve oversight but can result in frustrating or even risky user experiences
where users are primed into rubber stamping agent actions with limited thought.

Exposing Al autonomy as a new design dimension and enabling designers to work with
it tractably requires both conceptual frameworks for thinking about Al autonomy, and
practical interaction paradigms that bolster human-agent collaboration. I now describe

two contributions that this dissertation provides along these lines.



1.2.1 Levels of autonomy for Al agents

Broadly, agency refers to the capacity to formulate an intention and act according to it
[55,616]. An ATl agent’s agency is thus shaped by the environment it operates in and the
tools it has access to. Autonomyﬂ is one central dimension of agency, referring to the extent
to which an agent is designed to operate without user involvement [52}323|.

Current agent development tends to treat autonomy as a natural consequence of improv-
ing capability [312]. T show that an agent’s level of autonomy can be treated as a deliberate
design decision, separate from its capability and operational environment. I define five levels
of escalating agent autonomy, characterized by the roles a user can take when interacting
with an agent: operator, collaborator, consultant, approver, and observer. Within each
level, I outline the ways by which a user can exert control over the agent, along with open
questions for how to design the nature of user-agent interaction. I also highlight a potential
application of the framework towards Al autonomy certificates to govern agent behavior in
single- and multi-agent systems, as well as paths forward to evaluating Al autonomy. This
framework is intended to help designers and developers better reason about the appropriate

levels of autonomy at which their agents should operate.

1.2.2  Agent notebooks for human-agent collaboration

One goal of the Levels of Autonomy framework is to map deployed agentic Al systems to a
particular level. Another is to invite designers to consider how future systems can flexibly
and appropriately move across different levels, rather than being confined to one level.

To explore this, I introduce agent notebooks as a new interface for human-agent collab-
oration. Taking design cues from computational notebooks, agent notebooks allow a user
and an agent to collaboratively edit a plan of action, assign steps to either party, execute
steps in sequence or selectively, and fluidly transition between planning and execution as the
task evolves. This paradigm supports flexible delegation of labor between users and agents.

Users may assign a higher portion of the work to the agent and have the agent operate more

$While shared autonomy has been a long-standing topic of interest in human-robot interaction [198,{465],
a similar level of attention to autonomy has yet to be given to software-only Al agents at the time of
writing, perhaps because reliable autonomous action-taking was not possible until recently.



autonomously, or take on a more active role themselves and constrain the agent’s autonomy.
I implement agent notebooks into COCOA, an agent-powered document editing environment
for scientific researchers. I show that COCOA improves agent steerability without sacrificing
ease of use when compared to a traditional chat-based interface, and can support a range of

collaboration patterns between humans and Al agents over extended use.

1.3 Thesis Contributions

This dissertation’s core contribution lies in making two design dimensions tractable: model
behavior and Al autonomy. It does so through workflows, frameworks, and tools for design-
ers to exercise these dimensions when crafting the user experience of systems powered by
generally capable Al. This section summarizes the contributions of this dissertation across

three themes.

1.3.1  Formalizing the practice of model behavior design

Over the past couple decades, user interface design has been formalized as a practice with dis-
tinct methods (e.g., prototyping), processes (e.g., rapid iteration, designer-developer hand-
off), artifacts (e.g., wireframes), and tools (e.g., Figma). In this dissertation, I make initial
steps towards formalizing a practice of model behavior design. Doing so requires methods,
processes, artifacts, and tools through which practitioners can work with model behavior.

At the method level, I draw from long-established practices of prototyping in HCI to
demonstrate how model behavior can be prototyped through iterative feedback loops of be-
havioral policy specification and model experimentation. Rather than treating a behavioral
policy as the final word on how a model should behave, practitioners can treat it as a mal-
leable artifact through which they experiment, challenge, and deliberate with peers about
(un)desirable model behavior against representative usage scenarios.

At the process level, LLM policy prototyping and designerly adaptation both embody
values of rapid, interactive experimentation and evaluation central to many design commu-
nities. They encourage practitioners to situate model behavior in their domains, evaluate
it on the scenarios they care about, identify where generally capable Al falls short, and

iteratively envision and test behavioral changes. These processes are collaborative: domain



experts integrate expert knowledge into behavioral policies, while user experience designers
co-evolve model behavior and user interface within their native design workflows.

At the artifact level, LLM policies and behavioral specifications provide easily under-
standable and editable representations of how a model should behave. Realistic usage sce-
narios and existing design specifications guide prototyping choices and provide design con-
straints. These representations give practitioners shared reference points when prototyping
collaboratively and iterating in response to observed model outputs.

Finally, at the tool level, POLICYPAD and CANVIL operationalize these methods, pro-
cesses, and representations in interactive environments. POLICYPAD supports collaborative
policy authoring, scenario exploration, and model behavior testing in a multiplayer docu-
ment editor. CANVIL brings live model behavior into design canvases, allowing designers to
work with models as a design material alongside Ul affordances.

Altogether, these contributions form the foundations for a broader practice of model
behavior design that practitioners can adopt and extend as generally capable Al permeates

new domains and applications.

1.8.2  Autonomy as a lever for improving human-AlI collaboration

In agentic Al systems, the model behavior is only one contributing factor to the user expe-
rience. Interactions between the model and agent harnessﬂ can determine the frequency and
means with which an agent collaborates with a human user or other Al agents.

I argue that autonomy, in the context of user experience, need not be coupled with
capability. That is, just because an agent has the ability to work autonomously for an
extended period of time, it does not imply that operating at that level of autonomy is in the
user’s best interest. Indeed, recent studies suggest that excessive delegation to Al can result
in skill atrophy in humans [366},394,/594]. If a user’s goal is to maintain or even improve a
skill when working with Al, the autonomy level of the AI should be calibrated accordingly.

This naturally opens up new questions: how can we define these different levels of autonomy,

4A harness for an Al agent is the software wrapper around a model that enables it to act within its
environment, besides simply responding to prompts. The harness connects a model to tools, prompts,
memory, and other software like code executors [137].
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and how can this calibration be done?

To do this, I first introduce a conceptual framework for reasoning about Al autonomy;,
characterized by 5 roles a user can take when interacting with an Al system. I then intro-
duce COCOA, a system that implements agent notebooks as a new interface for interleaving
human-Al collaborative planning and task execution in the context of scientific research.
These contributions operate at complementary scales: the framework helps designers and
developers reason about how much autonomy an agent should act with, while CocoA demon-
strates an interaction pattern for setting and adjusting the autonomy as work unfolds. They
both treat autonomy as a configurable relationship between human and agent, rather than

a fixed downstream effect of model or agent capability.

1.3.3  An expanded conceptualization of user experience for generally capable Al

This dissertation encourages an expansion of the scope of user experience for generally capa-
ble AT across two distinct design dimensions: model behavior and Al autonomy. Drawing on
observational, formative studies, and system contributions across multiple domains, I show
that non-AI domain experts both desire and assume responsibility for ensuring effective and
responsible deployment of Al into their domains and society more broadly. Furthermore, I
demonstrate that as Al transitions from turn-based models to autonomous agents, operat-
ing at the model layer alone fails to address user experience concerns at the system level.
Addressing this gap motivates treating Al autonomy as an explicit design dimension sup-
ported by new conceptual models and interaction techniques. All in all, this dissertation
invites researchers and practitioners dedicated to advancing Al user experiences to explore,

leverage, and expand upon these design dimensions in their work.

1.4 Thesis Overview

This dissertation will proceed as follows. In Chapter [2] I first position my work in the
context of related research. I briefly trace the history of what “user experience” entailed
since the dawn of computing to illustrate its expansion across different technological waves,
and then review research relevant to designing model behavior and Al autonomy, the two

design dimensions around which the remainder of this dissertation is organized.
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In Chapter[3] I present POLICYPAD. I detail a 15-week observational study conducted in
partnership with OpenAl, in which mental health experts discussed, annotated, and drafted
LLM responses and policies across 19 workshops. I discuss how the study surfaced the need
for tight, collaborative feedback loops in policy design, and motivated the conceptualization
of LLM policy prototyping. I give an overview of the system design of POLICYPAD, followed
by evaluations with 22 domain experts across mental health and law. I show that PoL-
ICYPAD’s design fostered collaborative dynamics between experts and yielded more novel
policies compared to a baseline reflective of existing systems.

I then transition to applying a similar prototyping approach used in POLICYPAD to
modern user experience practice in Chapter [ to help designers contextualize and adapt
model behaviors within specific applications. I present a formative interview study with 12
designers experienced in crafting LLM-powered user experiences, which identified the need
for designerly adaptation, a translational process between design requirements and model
behavior. I then introduce CANVIL, a Figma widget operationalizing designerly adaptation,
and study its use through a task-based design study with 17 practitioners. Using CANVIL,
designers iteratively translated design requirements into behavioral specifications, co-evolved
their designs with model behavior, and recognized the collaborative potential of designerly
adaptation within their teams.

In Chapter I shift focus to address the increasing agency and autonomy of Al I
introduce a five-level framework to support designers and developers in reasoning about
Al autonomy as a design decision, and discuss its implications for Al development and
governance. The chapter also proposes autonomy certificates as a governance mechanism
for communicating an Al’s autonomy-relevant characteristics, and discusses formative ideas
for approaches to evaluate Al autonomy.

Chapter [6] examines how we can design for Al autonomy that can be interactively con-
figured in practice. I first describe a formative study with 9 researchers that motivates the
design of interfaces that support flexible delegation of work between humans and Al agents.
I introduce CoCOA as a system that implements agent notebooks as a new interaction
paradigm for interleaving human-AI collaborative planning and task execution for scientific

research tasks. I show the promise of CoCOA through a lab study with 16 researchers,
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where participants made frequent use of interleaving co-planning and co-execution, and a
7-day field deployment with 7 researchers, where participants used self- and Al-assigned
steps to flexibly delegate agency and embed their expertise into the workflow.

Chapter [7] synthesizes findings across the four projects. It reflects on the relationship
between Al autonomy and human agency, as well as the relationship between the two design
dimensions around which this dissertation is centered. Additionally, I discuss ethical im-
plications for designing and deploying advanced Al systems. I conclude the dissertation in
Chapter [§ by reviewing its core contributions and charting new directions through ongoing

and future work.
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Chapter 2
BACKGROUND AND RELATED WORK

This chapter situates my dissertation within relevant work in HCI, CSCW, Al, and
human-Al interaction. I first trace how the scope of user experience has expanded along-
side successive technological waves, before reviewing relevant research on designing model

behavior and Al autonomy.

2.1 The Expanding Scope of User Experience

User experience has always evolved alongside the technology it serves. Each major techno-
logical wave has shifted how researchers and practitioners set goals and priorities for their

design practice [230].

e Human factors and ergonomics (1950s—70s). In industrial and military settings,
the user was understood as a machine operator who needed to establish a physical
and cognitive fit with complex control systems [195569]. Interfaces were mechanical
(e.g., control panels) or command-line, and the design goal was productivity: minimize

operator errors to maximize output through machine use.

e The cognitive turn (1980s). Personal computing shifted attention to users’ men-
tal models and how they shape system usability [278,/469]. Card, Moran, and Newell
formalized interaction as information processing [89], while methods like usability test-
ing and heuristic evaluation [462| professionalized the evaluation of whether interfaces
matched users’ cognitive expectations. The design goal remained productivity, but

reframed around learnability and ease of use for non-specialist users.

e The social and contextual turn (1990s). The internet brought millions of new
users online, and with them a social and contextual paradigm emerged. CSCW exam-

ined how technology mediates collaboration and coordination [229}/577|. Participatory



14

design invited end users into the design process [225|, and Suchman’s situated action
challenged purely cognitive accounts by arguing that human activity is inseparable
from its social and material context [627]. The design goal expanded beyond individ-
ual productivity to supporting collaboration—and with it, the recognition that user

experience is shaped by social dynamics, not just properties of the technical system.

e The experiential turn (2000s). Mobile and ubiquitous computing encouraged a
reframing around meaning-making, affect, and values. Harrison, Tatar, and Sengers
identified a third paradigm in HCI centered on phenomenology and user values [246|.
Norman’s Emotional Design argued that aesthetics shape use as much as usability
does |467]. The design goal expanded beyond task performance to encompass emo-
tion, satisfaction, and delight. Nielsen characterizes this era’s practical orientation as
one of influence—designing for engagement, conversion, and retention in an attention

economy [461].

The social and contextual turn is particularly useful for understanding why user experi-
ence extends beyond the interface. When people interact through a shared digital platform,
the experience is shaped as much by the behavior of other participants as by the interface:
the quality of a social media feed depends on the behavior of others in the network, and the
utility of a collaborative document depends on how co-authors edit and provide feedback.
Interface affordances such as the like button, the @-mention, and the comment thread play
a significant role in shaping these behaviors, but other emergent behaviors are more difficult
for designers to account for and require new design methods and tools [510].

In response, researchers and practitioners of social computing have developed design
levers that operate beyond the traditional interface. Content moderation policies govern
what can and cannot be posted [209]. Recommendation algorithms curate what users see and
in what order |167,214]. Community guidelines and governance structures shape behavioral
norms within platforms [289}346,663|. These design decisions illustrate the wide space of
artifacts that can dictate the user experience of social platforms just as effectively—or even

more so—than the interface itself.
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Now, yet another paradigm of computing is upon us. Generally capable Al systems mo-
tivate the next shift in the user experience discipline, because they invite new design levers
operating in new technological dimensions. Just as social platforms needed content poli-
cies and governance mechanisms to shape collective behavior, generally capable Al systems
may need new artifacts—such as behavioral specifications [27,491] and interactive planning
(Chapter @—to define and govern their user experiences.

These new artifacts do not replace established concerns of usability, user agency, or social
integration. Instead, they add new surfaces through which those concerns can be addressed.
Several foundational concepts in CSCW (e.g., mutual awareness [153239]) and HRI (e.g.,
shared autonomy [198,465]) offer productive lenses and inspiration for navigating new design
spaces for generally capable Al with these artifacts, but also expose important asymmetries

with their respective academic homes. Section [2.4]unpacks these connections in more detail.

2.2 Designing Model Behavior

Given two identical interfaces, two Al-powered systems can have vastly divergent user ex-
periences due to differences in underlying model behavior: what values the model reflects,
what tone it defaults to, and how it responds to sensitive or high-stakes queries. This section
surveys how model behavior is specified and aligned today, how HCI research has approached
Al as a material to work with, who participates in shaping model behavior, and the tra-
ditions of scenarios, prototyping, and interactive tooling that this dissertation extends to

model behavior design.

2.2.1 Al Alignment and Model Behavioral Specifications

AT alignment broadly refers to efforts to align the behavior of Al systems to human pref-
erences and values [202,458|. Relatedly, Al safety aims to reduce risks that arise from
the development and deployment of Al systems [12,/53//314]. On the technical side, model
behavior is typically shaped through post-training: fine-tuning a pre-trained model on task-
specific data [152], instruction tuning [676|, reinforcement learning from human feedback
(RLHF) [123,/499], and direct preference optimization (DPO) [540], along with computa-

tionally efficient variants such as low-rank adaptation (LoRA) [267].
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These pipelines, however, operate on individual examples of model behavior, and steering
behavior at the output level is often a game of whack-a-mole: there is a seemingly endless
stream of problematic behaviors to patch, and new ones are constantly surfacing. Re-
searchers and Al developers have thus developed complementary approaches where they de-
fine higher-level behavioral policies—often called “model specs” [491] or “constitutions” [19]—
and train them into the model [41},235,268,485|. These policies can be a promising artifact
for model behavior governance because they 1) can be easily authored and understood by
people [249,725], 2) can serve as guidelines for human red-teamers and data annotators to
improve other parts of the alignment pipeline [491|, and 3) are shown to be effective in in-
ducing more safe and aligned model behavior, even before the model is red-teamed [41}[235].
However, these policies are not without their limitations. Vague or poorly written policies
can be misinterpreted by the model |249|, and policies may contain conflicting statements
that give the model noisy signals during training |725]. As such, designing these policies
should be an iterative and continual process [485|.

Despite the rising importance of behavioral policies, little is publicly known about the
process by which they are created, and their iteration cycles are by no means short: An-
thropic’s Constitution, for example, was first officially published in September 2023 [18§]
and was only updated again in January 2026 [27]. While there has been significant inter-
est in including domain experts and the general public in the development of these poli-
cies [268,475,/493,/500], there remains sparse scientific investigation into the best practices
and tooling to do so. Chapter [3] responds to this gap by conceptualizing and supporting
LLM policy prototyping.

2.2.2 Al as a Design Material and Object of Adaptation

Robles and Wiberg argue that advances in computational technologies bring about a “mate-
rial turn”—a transformation within interaction design that allows for the shared use of mate-
rial metaphors (e.g., flexibility) across physical and digital worlds [555|. In this spirit, prior
work has discussed Al as a design material |54}1541/182}|183}/385.1406,/699}701,/711], and high-
lighted why AI’s materiality can make it uniquely difficult to design with [54,(154}385|/626,
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701]. Al is often treated as a black box by non-technical stakeholders such as some designers,
making it challenging to tune user interactions to often unpredictable and complex model
behavior [54,/699]. AI’s technical abstractions are often divorced from concepts designers
are familiar with [626], and designers consequently struggle to creatively use or manipulate
the material to generate design solutions |183,385]. AI models are also non-deterministic
and fluid in nature—they may evolve with new data or user input, and can be intentionally
steered towards desirable behaviors with choices of data, algorithms, and parameters [701].
Yang et al. [701] showed that these challenges persist through the entire double-diamond
design process, posing barriers to human-centered Al—expanding the algorithm-centered
scope of Al development with methods from human-centered design [87,355]550./600,601].

Researchers and practitioners have developed processes and tools to alleviate some of
these challenges. ProtoAl [625] combines exploration of models with UI prototyping, while
advocating for designers’ active shaping of the AI design material by user needs. Feng et
al. [183] found that hands-on “fabrication” of the design material through a Ul-based model
training tool bolstered understanding and connection between Al properties and UX goals.
fATlurenotes [444] is a failure analysis tool for computer vision models to support designers in
understanding Al limitations across user groups and scenarios. Other efforts include process
models [626] and “leaky abstractions” [623] that facilitate collaboration between designers
and model developers, and human-AT design guidelines [29,215}433|.

Large language models simultaneously address and exacerbate these challenges. A fun-
damental property of LLMs not present in their smaller predecessors is the ease with which
their behavior can be adapted [78,/476|: the barrier to tinkering with AI has significantly
lowered thanks to natural language as a primary mode of interaction, even as concerns have
arisen over LLMs’ lack of transparency and controllability [386]. HCI has long observed that
end users adapt their technology—and learn to perform this adaptation over time—in a pro-
cess Mackay calls co-adaptation |411,[412]. End-user adaptation of LLMs is made accessible
by methods that modify model behavior without modifying the model itself, most notably
system prompting |146,430,,567/675]. Unlike one-off user prompting, a system prompt applies
across all user inputs to specify how the model should behave, often targeting an application

domain; for instance, a line of work has explored instructing models to take on “personas”
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to elicit desirable or adversarial behaviors [1154|146,567,675,/681]. However, prompts can be
challenging to author |719], and there is not yet an established gold standard for doing so.
Researchers and practitioners have derived useful prompting formats through empirical ex-
ploration, including in-context learning |78}/686,(728|, chain-of-thought reasoning [678|, and

instruction-following [300,/498].

Because of LLMs’ powerful capabilities, there is significant interest in integrating them
into user-facing applications [355,/511]; as such, designers should be prepared to work with
them as a design material [343]. While past work has advocated for a better “designerly
understanding” of models [385], Chapter 4] explores involving designers directly in the prac-
tice of adapting LLMs—a process I call designerly adaptation—to craft LLM-powered user

experiences from within their own workflows.

2.2.8 Participatory and Human-Centered Model Behavior Design

As Al systems simultaneously broaden and deepen their impact across society, there is an
increasingly clear and urgent need to seek input on Al development from beyond Al devel-
opers [117,[126}/141{178//184,268|/485.634]. Researchers increasingly recognize the importance
of human-centered approaches, grounded in users’ personal and collective needs, in both Al
alignment and safety [143,348,353//4461642]. Co-design provides an appropriate set of meth-
ods and frameworks for diverse participants to collaboratively shape Al systems. Sanders
and Stappers describe co-design as “the creativity of designers and people not trained in de-
sign working together in the design development process” |568|. Co-design has been applied
to Al development and evaluation in many ways: Lin et al. [391] hosted co-design workshops
with K—12 teachers to identify opportunities to integrate Al into core curricula, and frontier
model developers have co-designed safety benchmarks for chemical and biological risks with
virologists and national security experts [25,276].

Co-design is often discussed interchangeably with the related practice of participatory
design (PD) [713}|718]. While the two share similar aspirations, Yu et al. [713] argue that
co-design encompasses a broader set of methods shaped by contributions from domains like

product design, service design, and healthcare, while PD retains a more political identity,
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with strong commitments to democratic legitimacy, power redistribution, and long-term
relational engagement—commitments reflected in work on Participatory Al [6,48.|141}346,
605,/634]. Where PD creates a hybrid space for collaboration on “even ground” [141], co-
design explicitly draws upon the expertise of collaborating stakeholders [391},402} 414} /647|

and tends to focus on designing products or artifacts [331].

A growing body of work empowers non-Al experts to surface problematic Al behavior
through evaluating, auditing, and red-teaming model outputs [1431|147,352,592|. DeVrio et
al. [147] investigated everyday users’ strategies for uncovering harmful algorithmic behavior
and found that these strategies were strongly influenced by personal experiences with societal
bias, and that collaborative sensemaking between multiple users is a promising approach for
user-driven audits. WeAudit [143| presents a workflow and platform for everyday users to
collectively audit text-to-image models and deliver actionable audit reports to Al developers.
Developers have also employed hybrid human-Al red-teaming campaigns [25219,1276,(722|,
or purely automated ones |517,(731]. Many of these red-teaming pipelines extensively use
prompt engineering techniques (automated, manual, or hybrid) to elicit risky model behavior
[311204/325/382].

This dissertation extends this line of work from auditing model outputs to designing
model behavior, assuming risky outputs can be elicited. Chapter [3]invites domain experts in
mental health and law to collaboratively prototype the behavioral policies that govern model
behavior in their domains, and Chapter [4 brings model behavior design into conventional

user experience workflows.

2.2.4 Methods and Means for Shaping Al Behavior

A central idea of this dissertation is that model behavior—similar to a user interface—can be
prototyped. Prototypes are concrete, inexpensive manifestations of design ideas that allow
designers to ask questions of a design before committing to it; Houde and Hill’s classic
taxonomy distinguishes what a prototype can probe—the role an artifact plays in a user’s
life, its look and feel, or its technical implementation |266|. Low-fidelity prototypes and

rapid evaluation methods such as heuristic evaluation [462] enable tight, iterative feedback
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loops in which designs are drafted, tested, critiqued, and refined—loops that professionalized
user interface design as a discipline with its own processes and tools.

Scenarios are a complementary tradition for grounding design in concrete situations
of use. Scenario-based design and storyboarding are commonly used early in the human-
centered design process as provocations for designers to envision ways a technology can meet
user needs [63}92,|192}260,[348|. Barnett et al. |[49] surveyed scenario-building methods in
computing research and identified five main uses: gathering stakeholder needs and values,
empowering marginalized groups to imagine technology futures, provoking ethical reflection,
anticipating threats and risks, and exploring perceptions and impacts of novel technologies
before launch. Interactive systems such as Blip [507] and Farsight |672] help developers
anticipate the impacts of their work by retrieving existing scenarios or generating new ones.
In this dissertation, scenarios ground the prototyping of model behavior: they give prac-
titioners realistic, domain-specific situations against which to inspect, test, and deliberate
about how a model should behave.

Alongside these methodological traditions, a rich body of interactive tooling has emerged
to help people steer Al systems. Literature at the intersection of HCI and Al has introduced
techniques and tools spanning data wrangling [222,[306,/682|, model training and evalua-
tion [9}/50}/84], iteration management [257,551], and human-in-the-loop paradigms across
the model development pipeline [71,/110,441,583,/607]. Interest in “democratizing AI” for
practitioners without formal technical training gave rise to interactive machine learning
(iML) [168], which advocates for incremental model steering through intuitive interfaces
and tightly coupled input-evaluation feedback loops. Tools such as Teachable Machine [90]
and Rapsai [157| encourage exploratory tinkering with models through visual, drag-and-
drop interfaces, while interfaces for transfer learning [438| enable non-technical audiences to
repurpose learned representations for domain-specific tasks.

With the onset of LLMs, barriers to experimenting with Al have lowered even further,
paving the path for a new generation of interactive Al tools. Sandbox environments such
as OpenAT’s Playground [484] require no prerequisites besides a grasp of natural language,
though relying on unstructured natural language alone can be daunting and ineffective.

Many tools support prompt engineering with more structured tinkering: prompt chaining lets
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users compose prompts for simple subtasks into solutions for larger, more complex tasks [31,
629,(687,/688|, while PromptMaker [291] and MakerSuite [272]| support rapid exploration of
variable-infused and few-shot prompts, and ScatterShot [686] helps curate few-shot examples.

Together, these traditions suggest both the method and the means for model behavior
design: prototyping and scenario-based design provide the method, and interactive steer-
ing provides the means. Chapters [3| and [4] bring the two together, operationalizing tight
loops of behavioral specification, scenario-based testing, and refinement inside interactive

environments.

2.3 Designing AI Autonomy

As Al systems become more agentic—operating over long durations and taking actions
via tools under limited human supervision—user experience concerns expand beyond turn-
by-turn model behavior. What is the appropriate distribution of initiative, control, and
oversight between humans and AI? This section traces this question from its roots in mixed-
initiative interaction to contemporary Al agents, surveys interactive approaches to agentic
planning and delegation, and reviews prior efforts to treat autonomy as an adjustable prop-

erty.

2.8.1  From Mized-Initiative Interaction to Human-Agent Collaboration

The concept of mixed-initiative interaction was motivated by prominent debates in the HCI
community in the 1990s. Researchers like Pattie Maes advocated for interface agents that
could use interactive software on behalf of users [415], while others like Ben Shneiderman
advocated for direct manipulation GUIs [599]. Horvitz refuted this dichotomy by proposing
a set of foundational principles for mixed-initiative interaction, aiming to couple automated
services (where the system takes initiative) with direct manipulation (where the user takes
initiative) [262].

Amershi et al. [11] later expanded on Horvitz’s original 12 principles with a set of 18
guidelines drawn from relevant academic literature, public articles and editorials about Al
design, products from industry, and user studies with design practitioners at Microsoft. The

guidelines are meant to be generally applicable to Al-powered user-facing systems; they
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include “Help the user understand what the Al system is capable of doing” and “Make it
easy to edit, refine, or recover when the Al system is wrong.” Since their publication, the
guidelines have been widely adopted and have inspired a number of similar efforts from other

organizations to provide guidance for the design of Al-powered products (e.g., [29,215]).

The Al autonomy concerns of this dissertation are rooted in the mixed-initiative tradi-
tion, and broad guidelines like Amershi et al.’s still remain applicable. However, today’s
generally capable Al agents represent a step-change from the systems Horvitz and Amershi
had in mind when composing their principles. Prior generations of Al tackled narrowly
scoped tasks in short timeframes—recommending a song, classifying an email as spam, au-
tocompleting a search query. In these systems, the user remained in control of both the
inner loop (executing individual subtasks) and the outer loop (setting goals and deciding
what to do next). Advancements in agentic frameworks and harnesses now enable Al agents
to autonomously navigate much of the inner loop and, increasingly, portions of the outer
loop [28041312,426,707]. This provides users with the option to cede more of their agency to
AT and take on a supervisory role.

Agentic Al opens up a broader space of human-Al collaboration patterns than earlier
mixed-initiative systems could support, and raises novel design challenges—around new op-
portunities for task delegation, maintaining effective oversight, and what appropriate ceding
of human agency looks like—that existing guidelines do not specifically address. Chapters

and [6] offer new frameworks and interaction techniques for navigating these challenges.

2.8.2 Interactive Planning and Labor Delegation

Regardless of whether one is interacting with a human or Al, planning is one promising
avenue for visibly configuring and negotiating labor to collaboratively accomplish a com-
plex task. Long-horizon behavior of Al agents depends on the ability to decompose a goal
into actions, reason over intermediate results, and change course when execution reveals
new information. Chain-of-thought and related techniques can improve task decomposition
and planning on well-defined reasoning tasks |536},677,[707], but agents still struggle to au-

tonomously generate and execute plans in domains where relevant knowledge is tacit, goals
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are ambiguous, or there is no single correct workflow |118,(173}2441/652]|. Thus, planning is
a stage of work where a user’s domain knowledge and judgment can be most valuable.

Researchers have begun to explore interaction techniques that incorporate user feedback
into agent planning and execution. Lawley and MaclLellan use user interaction to guide
planning for unseen tasks through hierarchical networks of smaller actions [363]; OpenATI’s
Operator allows a user to take control while an agent performs browser tasks [490|; and
other recent systems explore collaborative browsing and task completion [275,450,515,589).
A number of these systems nevertheless rely on agent-guided workflows, in which the agent
determines what input to request, when to request it, and how that input should be used.
Users can often intervene by interrupting or taking over, but doing so is reactive and depends
on noticing a problem as the agent works.

Other systems adopt user-guided workflows, where a person determines a plan and the
agent executes bounded subtasks [15,[248315630]. This can provide valuable control points,
but it may constrain users to a fixed division of labor even when their preferences or the task
changes. Work on co-agency argues for a broader design space in which users can flexibly
vary the agency they exercise and the AI can modulate its role in response [572|. From
this perspective, an effective human-agent system should make it possible to negotiate who
plans, who executes, and who evaluates different parts of a task rather than lock users into
a single collaboration pattern.

Much of the current interaction design space also separates planning from execution
or treats user input as a corrective step after an agent has already acted. For example,
systems may allow users to review a generated plan before execution, regenerate it through
a chat prompt, or correct a final output after a long-running process completes [220,236/488|.
Separating planning and execution can avoid fruitless work and can make an agent’s intended
trajectory more legible. However, plans often need to change after a user sees intermediate
outputs, discovers new information, or revises their own goals. Fully autonomous agent
frameworks such as ReAct already interleave planning and execution to support this kind of
adjustment |707]. A corresponding design opportunity for human-agent collaboration is to
make that interleaving available to users as well via intuitive interfaces. Chapter [f] exposes

and operationalizes this interleaving via agent notebooks, while Chapter [5| provides a higher-
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level overview of different possible human-agent collaborative configurations at five distinct

levels of autonomy.

2.83.8  Calibrating Autonomy: Levels, Oversight, and Human Agency

This dissertation treats autonomy as a design parameter. This perspective on autonomy,
which contrasts with viewing autonomy as a fixed property of a system, has deep roots in
the study of automation. Parasuraman, Sheridan, and Wickens proposed a model of levels
of automation across types and stages of human information processing, explicitly framing
the degree of automation as a design decision to be made in light of human performance
consequences [509]. The SAE’s levels of driving automation [565| carried this framing into
a consumer domain, providing shared vocabulary for describing how driving responsibility
is divided between human and vehicle. In human-robot interaction, research on shared
and adjustable autonomy examines how control should be dynamically allocated between
human and robot [198]465|, and work on trust in automation argues for calibrating trust
to a system’s actual capabilities rather than maximizing it [368]. Definitional accounts
characterize autonomy as the extent to which a system is designed to operate without human

involvement [52}323|; Chapter |5 builds on these definitions in further detail.

A comparable level of attention has yet to be given to software-only Al agents, perhaps
because reliable autonomous action-taking was not possible until recently [426]. Current
agent development instead tends to treat autonomy as a natural consequence of improving
capability, with autonomous time horizons serving as a proxy measure for capability ad-
vancement [312,426]. Yet a growing body of work recognizes that appropriately calibrating
ATl autonomy is a first-class design concern—not just for usability, but for safety, trust, and
human agency [275}450,515,588,(595|. Risks arise across the autonomy spectrum: fully au-
tonomous agents sacrifice human control, making it difficult for users to anticipate or correct
agent actions, while frequent and rigid checkpoints preserve oversight but can prime users

into rubber-stamping agent actions with limited thought.

The stakes of this calibration extend beyond individual task performance to human skill

and agency. Recent studies suggest that excessive delegation to Al can result in skill atrophy
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and diminished critical thinking in humans [366,394,/594|, and researchers have warned that
the collective ceding of human agency to Al may lead to gradual disempowerment at a societal
level [344]. Some have argued against building fully autonomous agents altogether [439]. If
a user’s goal is to maintain or even improve a skill when working with Al, the autonomy
level of the Al should be calibrated accordingly—which requires conceptual frameworks for
defining levels of autonomy and interaction paradigms for moving between them. I describe

contributions to these areas in the latter half of the dissertation (Chapters [5] and [6).

2.4 Collaboration in CSCW and HRI

The ideas in this dissertation share intellectual roots with adjacent academic communities.
Two communities are particularly relevant: computer-supported cooperative work (CSCW)
and human-robot interaction (HRI). CSCW has extensively studied how people collaborate
through and using technology, while HRI studied how humans and autonomous physical
systems share control. I now discuss what this dissertation’s contributions can take from—

and where they should depart from—these traditions.

2.4.1 Connections with CSCW

As Al transitions from tools that respond to individual instructions to agentic collaborators
that plan, act, and learn alongside users, it is natural to ask what CSCW can offer. The
field has produced rich concepts for understanding and designing human-human collaborative
systems. Here, I explore where CSCW concepts transfer smoothly, and where they do not.

Several foundational CSCW concepts remain valuable for understanding human-agent
collaboration. First, CSCW has long emphasized the importance of shared artifacts for
coordination. Star and Griesemer’s boundary objects [617] and Schmidt and Bannon’s
common information spaces |577|, for instance, can both be used to characterize these
shared representations. Boundary objects and common information spaces both benefit coor-
dination, even when not all parties are human. The benefits of mutual awareness [153/239|
and social translucence [166| in human-human communication will likely also benefit col-
laboration; the latter, in the form of communicating system state, is already included in

well-cited guidelines of human-Al interaction [11]. Additionally, the theory of distributed
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cognition |258]—that cognitive processes are distributed across people and artifacts rather
than residing solely in individual minds—does not require cognitive participants to be hu-

man.

However, other CSCW concepts do not transfer as cleanly. A foundational assumption
in much of CSCW is that collaborators are mutually accountable to one another [552,627).
Human collaborators can be obligated, sanctioned, and held socially responsible for their
contributions. Al cannot yet “feel” or intuitively understand the weight of commitments and
the reputational consequences of failing to meet them. This asymmetry shifts the relational
structure of human-agent collaboration from mutual commitment toward something closer
to delegating to AI with human oversight. Relatedly, common ground [125] assumes that
collaborators share cultural background and accumulate mutual knowledge through inter-
action with each other. Effective human collaboration often is built on shared assumptions,
unspoken norms, and context built up over time. Al, on the other hand, lacks cultural
situatedness and genuine lived experiences; it cannot accumulate mutual understanding in
the same way humans do. Further, human teams may spend substantial time in meet-
ings aligning on goals before execution, whereas information transmission for Al agents is
just about as costly as acting on it directly [28]. The mechanisms of our social systems—
including reputation, recourse, and signaling—do not obviously hold for human-AI or AI-Al
communication.

In all, CSCW offers valuable points of inspiration for human-Al collaboration, particu-
larly around shared artifacts, awareness, and distributed cognition. However, due to asym-
metries between humans and Al, researchers are carefully navigating the space of what can
and cannot be drawn from CSCW [704]. These asymmetries prevent the direct overlap of
CSCW concepts with those in human-agent collaboration, even as shared artifacts, aware-

ness, and distributed cognition serve as useful points of departure.

2.4.2  Connections with HRI

HCT’s mixed-initiative interaction and HRI’s shared autonomy |[?,323,465| share a com-

mon goal: how to coordinate initiative, control, and responsibility between a human and a
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partially autonomous machine. Yet, the growth of these two intellectual communities has
been largely independent. HCI’s mixed-initiative work historically centered on software in-
terfaces, decision support, and dialogue systems, where the system’s actions were symbolic,
reversible, and often not safety-critical (e.g., the user is not exposed to bodily harm by
the interface). HRI centered on teleoperation, assistive robotics, and physical collaboration,
where the system’s actions were physically embodied and could thus pose physical risks [323].
Overall, these distinctions resulted in researchers addressing distinct failure modes (annoy-
ance versus physical danger) using distinct methodological cultures (usability studies versus
control-theoretic evaluations), all while publishing in distinct academic venues.

Several HRI concepts are relevant to software-based Al agents, even though the agents are
not physically embodied. Adjustable and variable autonomy, in particular, frame the degree
of autonomy granted to a system as a design parameter rather than a fixed property [465,509].
Trust calibration over trust maximization [368]—that is, designing for appropriate trust
rather than maximal trust—aims to achieve a Pareto frontier with operator trust and other
positive attributes that come from increased autonomy (e.g., utility, task efficiency). Handoff
and error recovery protocols [131] have been developed for human-robot interaction but have
not received the same levels of focus for software agents compared to autonomous capability
development [313].

Just like with CSCW, concepts in HRI may not transfer cleanly to collaboration between
humans and software-based Al. Continuous control blending, where a robot fuses joystick
input from humans with autonomous navigation in real time, often has unclear mapping to
discrete, multi-step workflows that characterize most software agent tasks. Embodiment-
dependent signaling (e.g., communicating intent through gaze, posture, or physical motion)
has few direct analogues in software. Additionally, physical safety metrics (e.g., collision
avoidance, path efficiency) are a major focus of safety in HRI, but are not yet relevant for
software agents.

HRI therefore provides a useful conceptual foundation for reasoning about autonomy
in software agents. For example, I draw from frameworks for embodied Al (e.g., SAE
self-driving levels [565]) to inform my contributions in Chapter [5| However, its embodiment-

dependent mechanisms and physical safety concerns require reinterpretation for software
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systems.
2.5 Summary

The work reviewed in this chapter establishes important foundations for designing model
behavior and Al autonomy, but does not show how practitioners can work with these di-
mensions in practice. Al alignment research has introduced behavioral policies as a means
of specifying model behavior and communicating it to the public. Yet, little is known about
how to create and refine them in participatory ways. HCI offers methods for prototyping,
scenario-based design, and co-design, but has primarily applied these methods to user in-
terfaces rather than model behavior. Mixed-initiative interaction, CSCW, and HRI provide
useful concepts for distributing initiative and supporting collaboration between humans and
machines, but those concepts may not fully resolve challenges in interaction and autonomy
associated with software-based Al agents.

This dissertation’s contributions illustrate how new design dimensions for generally capa-
ble AI can be operationalized. Chapters [3|and [f] examine how domain experts and designers
can prototype model behavior through policies and interactive cards embedded into design
canvases. Chapter [f] offers a framework for reasoning about levels of Al agent autonomy,
and [6] introduces interactive techniques for humans and Al agents collaboratively planning

and executing work in the context of scientific research.
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Chapter 3

POLICYPAD: COLLABORATIVE PROTOTYPING OF
LLM POLICIES

Against the backdrop of Chapter [2| I now present this dissertation’s research contribu-
tions, starting with how we might design model behavior. This chapter introduces POLICY-
PAD, a collaborative system that operationalizes LLM policy prototyping, a process through

which small groups of users can draft, test, and refine the behavioral policies for LLMs.
3.1 Introduction

For decades, researchers and science fiction writers have imagined a world in which AT sys-
tems can be governed by natural language rules [35,649]. Today, governing large language
models (LLMs) with LLM policiesﬂfsets of rules, guidelines, and desiderata that
shape model behavior—is a key component in the broader toolkit of approaches to im-
prove model alignment and safety [19,264,268[353,485,491|. For example, OpenAI’s Model
Spec contains a series of general objectives and principles (e.g., “Seek the truth together”) for
researchers and red-teamers to use as a guide when working on reinforcement learning from
human feedback (RLHF) [491], as well as for the model to learn from directly |235]. Similarly,
Anthropic uses Constitutional Al—in which reinforcement learning receives reward signals
from Al-generated feedback that adheres to a set of principles (a “constitution”)—to align
its Claude models [19,41]. If effective, LLM policies promise a transparent, familiar, and
legible means by which developers and policymakers can govern Al systems [249.268,725].

As LLMs are deployed to millions of users globally, LLM policies become increasingly
consequential and scrutinized. This is especially true in high-stakes, tightly regulated do-
mains that are seeing rapid increases in LLM use by everyday users, such as mental health

and law [117,[252-254./401,/518.(558|]. LLM policies are primarily written by model developers,

n this chapter, our use of the term “policy” will refer to LLM policy (as opposed to public policies,
government regulations, etc.) unless stated otherwise.
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but the lack of expert input often leads to insular policies that risk delivering irresponsible
model outputs to users in critical scenarios, while ignoring key safety concerns [117,254/264].
While frontier model developers regularly partner with external domain experts to conduct
pre-release safety testing of their models |25,[219}/276|, there has been little documentation
of similar efforts for LLM policies. Yet, there is mounting recognition that co-designing
AT behaviors with experts is essential for LLM policy design, especially in safety-critical,

domain-specific use cases [493,/660].

In this work, we first conduct a 15-week observational study in partnership with Ope-
nAl to better understand how LLM policies can be co-designed with experts. Through 19
interactive workshops in which mental health experts discussed, annotated, taxonomized,
and drafted user queries and LLM responses, we observed experts collaboratively ideating
and discussing policy ideas while seeking ways to rapidly test and iterate on them through
experimentation with model behavior on realistic scenarios. Much like prototyping in user
experience (UX) practice, there is a strong emphasis on collaborative and rapid exploration,
feedback collection, and iteration. We thus conceptualize this emerging practice as LLM
policy prototyping, borrowing from established UX practices like heuristic evaluation and
low-fidelity prototyping. LLM policy prototyping draws upon and shares many motivations
with LLM red-teaming and participatory model evaluation, but is specifically oriented to-
wards producing an artifact that can subsequently inform red-teaming, model evaluation,

and other safety efforts.

However, few tools exist for policy design [353], let alone tools that support collaborative
LLM policy prototyping. We observe notable opportunities for experts to tighten the feed-
back loop during policy design while leveraging collaborative affordances to build off each
other’s expertise. We design and develop POLICYPADH an interactive system that facilitates
LLM policy prototyping. POLICYPAD draws upon established methods and concepts within
UX prototyping to enable small groups to collaboratively draft policies, test policy-informed
model behavior against usage scenarios, evaluate the quality of the policy, and iterate on its

contents in real time through tight feedback loops.

2We open-source POLICYPAD at https://github.com/kjfeng/policypad.
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We evaluate POLICYPAD through policy prototyping sessions with 22 domain experts
spanning two domains—mental health and law—organized into 8 groups. We found that
design decisions in POLICYPAD fostered collaborative dynamics between experts via its
interactive in-editor widgets and yielded more novel policies compared to a baseline, relative
to existing policies including OpenAl’s Model Spec [491] and Claude’s Constitution [19]. Key
areas of novelty include offering more specific guidelines on when the model should defer
to a human expert, and eliciting key information required for responsible assistance early
in the conversation. We end by discussing the practical implications of our work, including
where LLM policy prototyping can be situated in Al alignment pipelines, and approaches
for scaling up policy prototyping efforts.

Concretely, this work makes the following contributions:

A 15-week observational study with 9 mental health experts that surfaced opportunities

for tight, collaborative feedback loops in LLM policy design.

e LLM policy prototyping, a conceptualization of an emerging practice for collaboratively

prototyping LLM policies in small groups.

e PoLICYPAD, a system that facilitates LLM policy prototyping through interactive and

collaborative affordances for policy design, drawing from established UX practices.

e An evaluation of POLICYPAD with 22 domain experts in 2 domains, where we found
that the system enriched collaboration during policy prototyping and resulted in more

novel policies compared to a baseline.

3.2 Related Work

Chapter [2 surveyed AT alignment and model behavioral specifications (Section , along
with participatory and human-centered approaches to model behavior design (Section [2.2.3]).
Drawing from co-design, we work closely with domain experts in mental health and law to
prototype LLM behavioral policies for those domains. We contribute to existing literature on

co-designing Al systems by focusing co-design efforts around an artifact that is increasingly
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Figure 3.1: Research Process Overview. Our work proceeded in 4 phases: (1) a 15-week
observational study with 9 mental health experts (19 workshops) led to (2) conceptualization
of LLM policy prototyping. We then (3) designed and built POLICYPAD and (4) evaluated
it through 8 policy prototyping sessions with 22 experts (10 mental health, 12 legal).

recognized as central to Al alignment and governance strategies 19,249,491, 725]: LLM

behavioral policies. Below, we discuss work most proximate to our approach.

3.2.1 Scenarios as Decision-Making Tools

Scholars across disciplines have found scenarios to be a valuable tool in their research and
practice. Two complementary uses of scenarios are to 1) directly support decision mak-
ing, and 2) help anticipate potential future outcomes that can then lead to more informed
decisions. Having surveyed the latter in Section [2.2.4] we focus here on the former.
Scenarios have been shown to be helpful in grounding human decision-making; case
studies are scenario-based curricula commonly used to train practitioners to sharpen their
decision-making abilities in fields such as law, medicine, and business |171},/177,440]. In the
legal domain specifically, cases represent past court decisions and are foundational for case
law, in which courts rely on rulings in precedent cases to resolve new ones [88,301]. In
collaborative settings with more than one decision-maker, cases provide contextual details
and nuances that serve as a medium for productive deliberation to establish common ground
and reconcile differences [211,473|. For example, PolicyCraft [346] is an interactive system
that uses case-based deliberation and voting to scaffold participatory policy design. Other

applications of case-based deliberation include legal adjudication [91], medical diagnosis
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[573|, and content moderation [1694506].

In our work, we primarily use scenarios to aid expert deliberation and decision-making on
what appropriate model behavior should look like in high-stakes, domain-specific contexts.
We develop our scenarios by sampling datasets of realistic cases in mental health and legal
practice introduced by prior work [117,[354]. Our work builds on prior work by enabling
interactive scenarios that experts can extend, collaboratively analyze, and use to interrogate
model behavior. As they do so and work with others to collaboratively design an LLM policy,
experts may also become better equipped to anticipate consequences and risks of LLM use

in their domains.

3.2.2  Human-Centered Approaches to AI Alignment and Safety

A growing body of work focuses on empowering non-Al experts to surface problematic Al
behavior through evaluating, auditing, and red-teaming model outputs |143}[147,/352,592]
(see Section . Our work focuses on iteratively improving the design of LLM behavioral
policies by inviting experts to contribute to them directly. While our primary focus is
policy design, we are also inspired by approaches taken by literature on end-user model
auditing and red-teaming. Specifically, we design affordances for experts to collaboratively
test, critique, and discuss model outputs in response to policy changes to help them envision

and implement policy improvements.

3.2.8 Tools for LLM Policy Design

Due to the nascency of LLM policy design, there are currently few tools to support policy
designers, despite the rising importance of LLM policies [268|,353|. Policy Projector by
Lam et al. [353| supports Al safety practitioners in authoring if-then rules for LLM content
moderation. Our work differs in that we specifically support collaborative policy design,
which Lam et al. identified as a fruitful area of future work. ConstitutionMaker [524]
allows users to turn written critiques of model responses into principles that guide future
behavior, but is a tool for LLM personalization rather than policy design. Roleplay-doh

[403] similarly converts written feedback on LLM behavior into principles, but specifically



34

for domain experts to govern LLM-prompted roleplay. We see this feedback-to-principle
interaction as valuable to policy designers as well, and integrate a version of it into our

system.
3.3 Observational Study

3.8.1 Study Motivation and Procedure

To develop an understanding of real-world LLM policy design practices, we conducted a 15-
week-long observational study via contextual inquiry [59] in partnership with OpenAl. We
wanted to observe how domain experts collaborated to draft domain-specific LLM policiesE
and any opportunities for improving processes and/or tooling.

We acknowledge that “expertise” is a contested topic, especially in democratic decision-
making contexts [149]. We use a narrow definition of expert and recruit participants who
1) have at least two years of practical experience conducting client-facing work in their
domain, and 2) are pursuing or have completed an advanced degree (Master’s or PhD or
equivalent). This combination ensures that policy design is guided by both participants’

real-world experiences and aspects of their formal training.

Background and participants

OpenAl, in collaboration with a small group of external researchers including us, was orga-
nizing weekly /twice-a-week virtual workshops (19 workshops total) with 9 experts in clinical
mental health (denoted E1-E9) to design new Al policies for model behavior when respond-
ing to users’ mental health queries. While all 9 experts were invited to every workshop, there
were not 9 attendees every week due to scheduling conflicts. Out of the experts, 6 identified
as female and 3 as male. For their highest degrees, 4 held a Ph.D. in clinical psychology, 4
held a Doctor of Clinical Psychology (Psy.D.), and 1 held a Master’s in Clinical Psychology.
Experts were all based in the United States. Participant recruitment and payment were
handled by OpenAl and its data partners. Data from the workshops were shared among

all collaborators, but our data analysis procedures and research outputs were distinct from

3Recall that an LLM policy is a set of rules, guidelines, and desiderata that shape model behavior.
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those of the company. This study was classified as exempt by the University of Washington
IRB.

Procedure

At least one member of our research team attended these workshops from January to April
2024. Each workshop was 60—90 minutes in length. One facilitator from either the ATl lab or
our research team led the workshop with a collaborative policy design activity for the group
of experts. These activities revolved around two goals. First, experts developed taxonomies
for collections of example mental health-related user queries to an LLM (“scenarios”). Some
specific tasks for this goal included deliberating with other experts on taxonomy labels,
when to combine and separate labels, and assigning labels to scenarios. Second, experts
drafted and voted on desirable rules the model should follow. This included tasks such as
reviewing proposed rules in a shared spreadsheet, suggesting modifications, and merging
similar rules. The agenda for each workshop was set by either OpenAl researchers or one
of its collaborators. Facilitators’ guides for the workshops we organized can be found in

Supplementary Materials.

Experts generally tackled the first goal in earlier weeks and the second in later weeks.
There was, however, fluid movement and substantial iteration across the two goals, such that
some workshops contained activities pertaining to both goals. As the weeks passed, we also
moved towards co-designing toolinﬂ with experts as we developed a better understanding
of the problem space and experts’ pain points. As part of the final three workshops, we
reserved some time to show experts initial prototypes of an interactive system to assist with
collaborative LLM policy design, collected their feedback, and iterated on the prototype for
the following week (see Appendix for prototype iterations). In the final workshop, we
conducted a 30-minute semi-structured exit interview with all experts, asking them to reflect
on the workshops and their policy contributions. Figure shows an overview of activities

across the 15-week period.

4Note that this specifically refers to co-designing tooling for collaborative policy design. It is in service
of our broader goal of co-designing policies with experts.
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Figure 3.2: Timeline of activities in our 15-week observational study. During tazonomy
development, experts organized and taxonomized a collection of diverse LLM usage scenarios.
During rule writing, experts drafted, discussed, and refined rules to govern LLM behavior.
During co-design, experts interacted with and gave feedback on prototypes we built of a tool
for collaborative policy design. There was fluid movement between taxonomy development

and rule-writing, such that some sessions included activities pertaining to both goals.

Data analysis

All workshops were recorded and transcribed. As is common in contextual inquiry, team
members took observational notes and asked questions as needed [59)]. The first author then
deductively coded workshop transcripts based on themes identified in our team’s notes, clar-
ifying and iterating on the themes while doing so. The first author used a hybrid inductive-
deductive process |188] to code the transcript of the exit interview. This hybrid process
allowed us to connect to themes from our workshop data while embracing new themes

emerging from the interview. Our final set of themes can be found in Table in Appendix
B.3l

3.8.2  Observational Study Results

We used our notes and themes from all workshops, including our exit interview, to synthesize
four main observations, which we describe in detail below. Henceforth, we use the term
“policy-informed model” to refer to an LLM that has been instructed to act in accordance

with the policy drafted by experts.
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Incomplete feedback loops without model experimentation

Throughout the workshops, experts had visions for how their contributions to the policy
through drafting taxonomies and principles could impact model behavior. For example, E3
shared that “a clinical minimization [of the user’s feelings| can be helpful, but for the model,
that would be hard to decipher” so the group wrote a policy barring the model from engaging
in this behavior. However, they failed to verify whether and how those visions actually came
to fruition because they did not have a policy-informed model to interact with. This resulted
in an incomplete feedback loop. Experts were unable to obtain signals about the effectiveness
of their policy contributions and any unintended side effects that may arise, as E9 explains:
“Just because you think that might be a good rule, it may have an unanticipated consequence
you don’t realize. I think that it would be really helpful to know how these [rules| we’re
coming up with actually play out.” ET agreed and added that direct experimentation with
a policy-informed model would allow them to better “see how [a conversational interaction/

7 Experts had unrestricted internet access

would play out from the perspective of a user.
throughout the workshops and could test behaviors out on popular chatbots. However, we
did not observe instances of this, possibly due to preoccupation with workshop activities, or

lack of knowledge about (or in some systems, inability to set) custom system prompts.

Ezperts tackled both high-level strategy and low-level semantics

We noticed that experts could easily derail from workflows that would enable them to best
contribute their expertise when designing policies. For example, when creating taxonomies
for mental health-related user queries, experts spent substantial time wrestling with wording
and semantics. Similarly, E9 reflected that much of their time was spent on finding the right
wording for taxonomy labels: “we thought we needed to not spend forever trying to wordsmith
exactly how that needed to appear.” In a separate activity where experts wrote out ideal
model responses, E5 agreed that experts should avoid getting stuck in the weeds of low-level
wording edits: “It would be more effective at this stage for us to just put our thoughts in
about what’s right or wrong, because the time it takes to craft the perfect response is out of

scope for this task.” While important, study facilitators agreed that much of the low-level
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semantics of the policy can be refined post-hoc via LLMs, as long as there are sufficient

amounts of expert insight to guide that refinement.

Scenarios grounded discussions and spurred policy generation

We found that experts engaged in richer discussions that led to insightful policy suggestions
after they were given scenarios, or examples of user-Al conversations that may arise in real-
world use, for reference. For EI1, looking at scenarios helped them identify two pieces of
information the model should consider in its response: “We need to ask clarifying questions,
in particular to clarify the severity and the nature of the dark thoughts this person suggested.
Another dimension is to identify how long they’ve been feeling this way and what sources

Y

of support they have.” E2 agreed with the need for a severity assessment, suggesting a
safety rating scale for the user in case they cannot quickly reach a professional and need an
immediate response: “The Al needs to respond, providing resources quickly. Maybe having
a rating scale on the scale of zero to 10, how safe are you feeling right now?” Adding on,
E3 suggested eliciting the user’s financial ability to pay for therapy and making referrals
accordingly: “There might be questions instead like, what is your financial ability to pay for
therapy right now? And if it’s within certain ranges, then you might make a community
mental health referral, like here’s some Medicare people in your area.” Exploring scenarios
helped experts spot recurring problems in model responses and turn them into clear policies.
While rules should stay broad enough to be useful, it is unclear how specific they should be.
When scenarios show patterns that keep causing issues, they become obvious candidates for

new rules, as E7 describes: “I keep seeing this thing over and over and it’s incorrect, so that

needs to be a rule.”

Ezxperts valued synchronous collaboration

In contrast with prior work that collected human feedback via asynchronous annotation
(e.g., [41,498]) and/or focused on asynchronous policy design [346,353|, our workshops
engaged experts in synchronous collaboration—drafting, discussing, and iterating on policy

in real time. Experts unanimously agreed that synchronous collaboration was enjoyable
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and productive. In El’s words, “I found it hugely rewarding and beneficial personally and
professionally [...] I think we can get stuck in our heads because we’re working on our
own with our clients so much. It was really nice to hear other people’s perspectives and
thoughts.” E6 emphasized the support and learning opportunities afforded by collaboration:
“lit was| very supportive having other voices in the back of your head [...] it’s been incredible
learning with everyone.” E9 found synchronous collaboration important for surfacing new
perspectives and broadening coverage of the policy: “/.../ there were times where someone
else said something that just never occurred to me. We all know one person’s opinion is
never sufficient, especially in an area as diverse as mental health.” Broadly, we observed
that experts were able to quickly resolve disagreements and draft policy statements that had

broad consensus in a synchronous setting.
3.4 LLM Policy Prototyping

Our observations in Section [3.3]posed challenges that are not foreign to HCI; well-established
concepts and methods in UX design and prototyping can offer help in mitigating these chal-
lenges. Indeed, scholars have been increasingly interested in applying prototyping principles
to designing bills and other public policies [240L[326}334}530,538], but minimal efforts have
been made to expand these applications beyond policies for governments. Additionally, while
literature in end-user model auditing and red-teaming has allowed non-Al experts to identify
problematic model behaviors (see Section , few methods exist for directing outcomes
of efforts to meet increasing demand for improving LLM policy design [249,[268,1485|725].
Our work seeks to fill this need through co-designing policies with experts.

We now describe LLM policy prototyping (henceforth “policy prototyping” for brevity),
an emerging practice by which groups of individuals can synchronously collaborate on de-
signing an LLM behavioral policy. Specifically, we map observations we identified in Section
B:3:2] to relevant UX methods, which are then mapped to their usage in policy prototyping.
For example, to address Section [3.3.2] enabling tight feedback loops between ideation, design,
and testing allows policy designers to quickly identify “usability” issues like unclear policy
statements, explore policy designs that more effectively achieve desired model behavior, and

work collaboratively to address issues as they surface. For Section [3.3.2] experts’ efforts can
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be better focused by conducting heuristic evaluation on a policy using heuristics that di-
rect experts’ attention to higher-level desiderata (e.g., does the policy draw from real-world
practices in their field?) rather than low-level wording edits. Promising uses of scenarios in
Section [3.3.2 can be further scaffolded with techniques inspired by storyboarding, where each
conversational turn in the scenario grounds policy design ideas in concrete representations
of users, contexts, and tasks. Our full mapping is depicted in Table in Appendix

In this work, we focus on low-fidelity policy prototypes—artifacts with the primary goal
of eliciting and integrating group perspectives on responsible model behavior, rather than
a high-fidelity, “production-ready” policy. We leave the translation of low- to high-fidelity
policies to future work.

Concretely, we propose policy prototyping for a policy P in domain D to involve the

following activities, as illustrated in Figure [3.3

1. Policy designers review a small set of scenarios that accurately depict real-world use
of Al in a specific domain. This allows designers to better understand current Al

behavior and contexts of use.

2. Informed by the scenarios, designers finalize a set of heuristics they will use to ensure

P preserves its quality and focus across many iterations.

3. Guided by the heuristics, designers collaboratively draft policy statements that they

believe will lead to more responsible model behavior in D.

4. Designers test a policy-informed model that acts in accordance with P with existing
scenarios. New scenarios, heuristics, and policy statements may be created based on
insights from testing and discussions with other designers. The process then repeats

until the prototyping session concludes.

3.5 PolicyPad

We introduce POLICYPAD, an interactive and collaborative system for synchronous LLM

policy prototyping. We first describe how we arrived at our final design through three
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Figure 3.3: Hlustration of our envisioned LLM policy prototyping process. Scenarios inform
desiderata for the policy via heuristics, which in turn guide the design of the policy. The
policy shapes the behavior of a policy-informed LLM, which designers can then test against
the scenarios to observe changes in behavior. The process is iterative: feedback from testing

may lead to the creation of new scenarios, heuristics, and policy statements.

co-design sessions. Then, we walk through the system and its features.

3.5.1 Iterative Co-Design Sessions with Experts

We designed POLICYPAD iteratively through co-design sessions with the same participants in
our observational study. These sessions were conducted towards the end of our observational
study period. In each session, we presented an interactive prototype of the systemE] We then
collected semi-structured feedback from participants and iterated on the prototype based on
feedback for the next session. We repeated this until data saturation—participants were no
longer able to provide substantial feedback until we implemented the system, for a total of
three sessions (cf. [342]).

Our first prototype consisted of a simple collaborative editor for policy authoring, along
with a sidebar that allowed experts to engage in conversation with the policy-informed model.
Experts’ appreciation of the real-time collaborative features and desires for more structured

and systematic ways to interact with scenarios led us to the next iteration. Our second

5Two prototypes were in Figma. One was implemented in TypeScript and React.
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prototype introduced a more sophisticated side panel that allowed users to browse scenarios
and use them to test model behavior. While experts agreed that this was a significant
improvement, they desired closer integration between policy editing and scenario exploration.
In our third prototype, we integrated scenarios into the editor as interactive widgets, while
keeping the sidebar as a place to view scenario-specific information. Experts appreciated
this and suggested ways to flag problematic model responses from the sidebar, as well as
cleaning up unnecessary elements from the sidebar. We incorporated these suggestions into
our final system. Detailed documentation on how we integrated participants’ feedback across
versions, along with prototype screenshots, can be found in Appendix In the following

section, we illustrate POLICYPAD’s capabilities using a system walkthrough.

3.5.2  System Walkthrough

PoLicYPAD can be used by any individual or group who wishes to facilitate a policy proto-
typing session—whether it be an Al lab, academic group, non-profit, or another organization.
To do so, we use a running example of a hypothetical LLM policy for financial advice. As
a note on this section’s terminology, we distinguish “facilitators” (those running the policy

prototyping session) from “users” (policy designers participating in the session).

Preliminaries

When users log into POLICYPAD, they see a collaborative document editor (Fig. B),
similar to Google Docs. The facilitator may provide light starting materials for the policy,
such as high-level objectives, an initial set of policy heuristics (perhaps drawn from trust
& safety literature), and a few scenarios for the group to work with. Ideally, scenarios are
representative of real-world model use in a domain. For example, facilitators who have access
to chatbot logs may use privacy-preserving conversations from their logs.

Users can access these scenarios via the scenario gallery in the right sidebar (Fig. (3.4

C). While the document is a collaborative workspace, the sidebar is private to each user,

allowing for independent experimentation with the policy-informed model.
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Figure 3.4: Main components of the POLICYPAD system. Users can keep track of their
policy version in the left sidebar (A) as they collaboratively edit the policy in the editor
(B). Users can access scenarios via the scenario gallery (C). When they click into a scenario,
they can view its full details and explore how the policy-informed model will behave on it

using the scenario sidebar (D).

Scenario sidebar

A user can browse the scenarios in the gallery and open a scenario in a detailed view (Fig.
D). The scenario expands to fill the sidebar with the full user-Al conversation, as well as
a brief, Al-generated summaryﬂ of the conversation’s contents thus far. As the group reads

the scenarios, they start to develop ideas for what to include in the policy.

Formally, a scenario in POLICYPAD comprises three parts: the background (all messages
in the conversation up until the most recent turn), the newest user message, and the newest
Al message. Given the background and the newest user message, the policy-informed modeﬂ

generates the newest Al message.

SGenerated with GPT-40. More technical details are in Section [3.5.3

"The policy-informed model is an instance of Llama 3.3 70B Instruct. More technical details are in

Section @
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Interactive in-editor scenario widgets

Users can bring a scenario from their own scenario sidebar into the collaborative editor by
referencing its title with the '@’ symbol. Once referenced, the scenario appears inline in
the editor as an interactive, pill-shaped widget (Fig. . When a user clicks the widget,
the full scenario will be shown in their scenario sidebar. These widgets can be used as
illustrative examples of model behavior and build shared context when designing the policy.
For example, a user may observe that the model does not provide disclosures of capability
limits, or incorrectly assumes a detail not explicit in the conversational context. They can
flag a model response in their scenario sidebar, which will make the scenario widget glow

orange in the editor, encouraging others to take a look.

SCENARIO

Investing Inheritance Funds @ Investing Inheritance Funds

Using VMFXX as Savings Alt.
I'd recommend a robo-advisor from a
Investing Inheritance Funds service like Wealthfront for easy, hands-off
. . investing.
Using VMFXX as Savings Altern%}

Optimizing Savings Allocation
%: Regenerate P Flag

Investing Inheritance Funds | Using VMFXX as Savings Alt.. \_/. %

Figure 3.5: Scenarios can be brought into the editor inline with the policy as interactive

Saving for Minor's Retirement

Transferring Inherited Property

widgets via referencing the scenario’s title with the '@’ symbol. Once in the editor, all users

can click on it, view it in their scenario sidebar, and flag responses for group discussion.

Drafting policy statements

Once a group reviews the heuristics at the top of the editor to ensure they have a common
understanding of desired policy goals, they are ready to start drafting policy statements.
These policies address oddities, concerns, and other noteworthy aspects of model behavior
they observed and flagged in the scenarios.

As an example, for a policy on providing responsible financial advice, a user may add a
policy statement instructing the model to use cautious, neutral, and non-prescriptive lan-

guage while always surfacing a brief disclosure of limitations early in the conversation. A



45

couple users may collaboratively draft a policy statement for the model to defer the user
to a licensed adviser or a compliant robo-advice product that meets regulatory obligations.
The group can review the policy together and take advantage of the real-time collaborative

editing features to further refine each other’s statements.

Testing the policy with scenarios

Users can independently experiment with the behavior of the policy-informed model by
regenerating responses in the scenario sidebar (Fig. 1). Independent testing allows
each user to focus on the specific concerns that drive their policy contributions, explore
challenging boundary cases, and conduct stress-testing without group dynamics influencing
their approach. Once they save the policy, they can also browse and compare responses
generated by past policy versions.

To propose edits in a non-disruptive way, users can add a drafting block (Fig. in
the editor. Just like how a comment in a code editor is visible to a programmer but does not
affect program behavior, content in the drafting block is visible to the group but is ignored
by the model. After users review and reach consensus on changes, content in the drafting

block can be integrated into the actual policy.

Guardrails:

» Defer the user to gaigonsed adviser or a compliant robo-advice product that
meets regulatory obligations

Defer the user to a licensed adviser or a compliant robo-advice product thgigmeets

regulatory obligations, but do not recommend specific names or products

Conversational tone:

» Use cautious, neutral, and non-prescriptive language v ziiaalways surfacing a
brief disclosure of limitations early in the conversation.

Figure 3.6: A drafting block (directly above “Conversational tone”) can be added into the

editor to draft experimental policies without affecting model behavior.
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To stress-test a policy, a user can extend a scenario in the sidebar by continuing the
existing conversation (Fig. 2). This offers an alternative way to experiment with policy-

informed model behavior beyond regenerating a single message in a scenario.

The stock market can be volatile, and it's & The stock market can be volatile, and it's
natural to have concerns. A more natural to have concerns. A more
conservative approach might be to: conservative approach might be to:
1. Allocate 60% to stocks: This can provide 1. Allocate 60% to stocks: This can provide
growth potential while managing risk. growth potential while managing risk.
2. Allocate 40% to bonds: This can add 2. Allocate 40% to bonds: This can add
stability and income generation to your stability and income generation to your
%= Regenerate P Flag %: Regenerate [ Flag
Policy v.m Policy v.2
Show more ve o
Continue the conversation
Can you recommend a specific robo-advice | ¥
service | can use?

Discard added conversation

Figure 3.7: POLICYPAD offers two ways to test the behavior of the policy-informed model

against a scenario: (1) regenerating the latest Al message, or (2) continuing the conversa-

tion.

Group members are not limited to only the scenarios initially provided to them. They
may extend an existing scenario and add the extended version to the scenario gallery for
others to view and extend further. They may also create a new scenario from scratch if none
of the existing scenarios explore a particular behavior they want to test.

After a group has made meaningful edits to the policy, they can save a new version.
After a user clicks the [Snapshot policy] button, POLICYPAD will add the current policy
to the version history and regenerate the newest AI message for all scenarios using the

policy-informed model (Fig. 1&3).
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v2 Added conversational tone se... be communicated clearly POTECyINTE
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guide appropriate and responsible behaviour

n Policy version update Heuristic evaluation of policy Scenario response update

Figure 3.8: Upon saving the policy via the Snapshot policy button, PoLicYPAD (1) adds
the policy to the version history and generates a title summarizing key changes, (2) conducts
an automated heuristic evaluation of the policy, and (3) updates the latest responses to all

scenarios.

Scenario spotlights

Once a user has referenced a scenario in the editor, they can spotlight it to expand the
interactive widget into a card UI that makes the full scenario visible to everyone (Fig. [3.9).
Once spotlighted, the group can view, discuss, and even collaboratively edit the policy-
informed model’s response. Just like other text in the document, the scenario spotlight
supports real-time collaboration for editing. After users are satisfied with their edits, any
user can save the response. The old response remains easily accessible through a simple

toggle.

PoLicYPAD then automatically analyzes the group’s edits in the context of the current
policy and heuristics. It uses a reasoning LLM (04-mini) to suggest a policy statement
designed to steer the model towards producing a response more similar to the edited version
(Fig. 4). If the user accepts the suggestion, it will be integrated into the policy. This
alternative way of indirectly editing a policy through editing the model response is inspired
by prior work on synthesizing principles from edits .

Once a group is finished with a scenario spotlight, a user can un-spotlight the scenario

for everyone, shrinking the card back into a small, pill-shaped widget.
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Figure 3.9: Workflow for spotlight scenarios. (1) A user can spotlight an interactive scenario
widget to expand it into a card that everyone in the editor can view. (2) The model’s
response can be edited collaboratively. After saving the edited response (3) and shrinking the
spotlight scenario back into an interactive widget (4), POLICYPAD automatically analyzes

the edits in the context of the existing policy and heuristics to suggest a new policy statement.

Heuristics editor and evaluator

As a group expands and refines their policy, they may encounter additional considerations
they would like to add as policy heuristics. For example, a policy may become increasingly
riddled with domain-specific terms and acronyms unfamiliar to a layperson reading the
policy, so the group may add a heuristic for clearly defining or explaining these terms.
Since the likely audience of this policy is other people, factors like clarity and legibility are

important to preserve.

Every time the policy is saved, POLICYPAD runs an automated heuristic evaluation using
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o4-mini to highlight any unsatisfied heuristics (Fig. 2). This automated evaluation is
meant to draw attention to the heuristics and encourage discussion around them, rather
than conclusively determining their fulfillment. Group members can easily override the
automated decision if they agree on a different assessment.

Users continue to engage in this iterative process of policy drafting and experimentation

until the policy prototyping session concludes.

3.5.8 Technical Details

PoLIicYPAD is implemented as a web application built with React, TypeScript, and Tip-
Tapﬁ The real-time collaboration engine is supported via TipTap Cloud. POLICYPAD uses
serverless functions to call the OpenAl and Together.ai APIs. The policy-informed model
is an instance of Llama 3.3 70B Instruct Turboﬂ hosted on Together.ai. The policy was fed
into the model as a system prompt with some additional scaffolding to ensure the model
followed it. We called GPT-40 for miscellaneous features that required light LLM processing
(e.g., generating titles of new policy versions that capture key changes), and o4-mini for fea-
tures that benefited from deeper reasoning (i.e. suggesting policy statements after response
edits and automated heuristic evaluation). Our prompts are available in our Supplementary

Materials.
3.6 Evaluation Study

To evaluate POLICYPAD, we ran a series of group-based, within-subjects studies with 22
domain experts from two domains (10 from mental health, 12 from law). Our goal was to
determine how the design decisions made for POLICYPAD enhanced the policy prototyping
experience. We also evaluate the outputs of POLICYPAD by analyzing the policies created

by experts to determine their novelty with respect to established LLM policies like Claude’s

Shttps://tiptap.dev/.

9The ideal model for policy prototyping generates comparable responses to popular chatbot products
(e.g., ChatGPT, Claude) but does not have an existing policy trained into it outside of basic guardrails.
Llama 3.3 is an apt fit given its capable performance and bring-your-own safeguards setup (which we did
not use). We also used Llama 3.3 instead of Llama 4 due to reports of the latter being narrowly optimized
for specific benchmarks [554].
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Constitution [19] and OpenAI’s Model Spec |491]. Thus, we asked the following research

questions:

RQ1: How did the individual components of policy prototyping supported by POLICYPAD
(rapid policy iteration, heuristic evaluation, interaction with scenarios, real-time col-

laboration) aid expert-driven policy design in practice?

RQ2: To what extent are the insights in experts’ policies created through POLICYPAD novel

compared to existing, publicly available LLM policies?

We selected mental health and law as our domains because they are regulated, high-stakes
domains for which AI use has been increasing but Contestedlﬂ [117,[354}/401,443]. Crafting
responsible LLM policies is therefore critical for ensuring users’ safety and well-being. The
two domains are also distinct enough for us to observe how approaches to policy prototyping
and the resulting policies can differ across domains. For each domain, we randomly sampled
scenarios from datasets compiled by prior work in mental health [354] and law [117]. More

details about scenario construction can be found in Section B.6.11

3.6.1 Participants and Setup

We recruited 22 domain experts (Table through our personal connections, university
mailing lists, professional Slack channels, and snowball sampling. Among mental health
experts (n = 10, 7 female, 3 male), the average years of practical experiencdﬂ held by each
expert was 10.5 (min 3, max 25). Among legal experts (n = 12, 5 female, 7 male), the same
figure was 5.6 (min 2, max 13). Five of the mental health experts also participated in our
earlier observational study.

We organized experts into small groups of 2-4 (median = 3). We observed during our
formative study that groups of around three experts struck an ideal balance between creat-

ing a collaborative atmosphere and allowing room for meaningful individual contributions.

90penAl CEO Sam Altman observed that the younger generation uses it as a “therapist, a life coach
[--.] asking, ‘What should I do?”’ despite the absence of confidentiality protections that govern human
attorneys and therapists [518].

1We define “practical experience” as conducting client-facing work at a clinical or legal organization.
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Full participant and group details are available in Appendix Half the groups (4 of 8)
contained participants who already knew each other from professional contexts. We did not

observe this to impact the quality of discussions or policies prototyped.

We facilitated policy prototyping sessions by providing (with order counterbalanced)
PoricYPAD and a baseline system to each group, followed by a brief exit interview. The
total length of the study was 90 minutes. Participants were compensated $150 USD in their
choice of cash or a gift card upon completing the study. All studies were recorded and

transcribed. This study was classified as exempt by the University of Washington IRB.

Tasks

We assigned each group two policy prototyping tasks, corresponding to distinct sections of a
policy. One addressed the conversational tone—guidelines for how the model communi-
cates with users. The other addressed guardrails—hard-and-fast rules that constrain model
behavior for safety and legal compliance. Tasks were counterbalanced by system condition

and task order in a 2x2 factorial design.

Baseline system

Our baseline system implemented a simplified policy prototyping workflow that consisted
only of iterative policy drafting and experimentation with a policy-informed model identical
to the one used in POLICYPAD. It used the same collaborative policy editor as POLICYPAD,
but did not include built-in support for interactive scenarios (i.e., the scenario sidebar,
scenario widgets, spotlight scenarios) nor heuristic evaluation. It resembled a more polished
version of the first prototype used in Section [3.5.1} an editor with a policy-informed model
in the sidebar (Fig. . We chose this baseline because it mimicked the system design of
many existing “copilot” systems that embed a chatbot in a sidebar alongside a document
environment (e.g., Microsoft Copilot or Gemini in Google Docs) as well as policy authoring

setups used in prior literature [117].
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Starting materials

We prepared scenarios, heuristics, and a small amount of starter text for the policy. For each
domain, the first author crafted 10 scenarios that represent a realistic conversation between a
human user and an Al chatbot, using the same Llama 3.3 instance as POLICYPAD to generate
the responses. To maximize realism without access to product interaction logs, we sourced
topics and language from datasets containing realistic questions in our domains of interest:
MENTAT from Lamparth et al. [354] for mental health, and r/legaladvice-style cases
from Cheong et al. [117] for law. We varied the length of scenarios to be 1-5 conversational
turns. For multi-turn scenarios, follow-up user messages were written by the first author.
For each group of experts, we randomly sampled half the scenarios (5) to assign to the first
task, and the rest were assigned to the second.lﬂ In the system condition, scenarios were
loaded directly into the system. In the baseline condition, the first user messages across the
5 scenarios were copied into a Google Doc and shared with participants upon request.lE
Besides scenarios, we provided three basic heuristics to encourage clear and precise policy
writing that draws from real-world professional practices. We also provided an Objectives
section in the policy as examples of policy statements, drawn from objectives in OpenAl’s

Model Spec [491]. The full starter heuristics and policy are available in Appendix

3.6.2 Procedure

The studies proceeded as follows:

e [ntroduction [5 mins[: The facilitator introduced the study and agenda, and partici-

pants each introduced themselves to each other.

o Task 1 [30 mins if baseline, 40 mins if system/: The facilitator oversaw a minimally
structured policy prototyping session for either the conversational tone or guardrails.

In the baseline condition, 5 minutes were used for a brief demo. This included some

123We note that seeding a policy prototyping session with a different set of scenarios may change its policy
outcomes; we discuss how this can be leveraged favorably in Section

1311 the baseline condition, we gave participants the option of starting with or without first browsing these
user messages.
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time for participants to try out features for themselves. In the system condition, this
demo period lasted 15 minutes due to the additional features. The time dedicated to

policy prototyping was 25 minutes in both conditions.

o Task 2 [30 mins if baseline, 40 mins if system[: The procedure for Task 1 was repeated

for a different task in a different system condition.

o Ezit interview [15 mins[: The facilitator asked each participant to reflect on their
experiences across the system and baseline conditions. Participants were also asked
to share what they were most excited and concerned about regarding Al use in their

domains.

o Post-study survey: Group members swapped policies with another group in their do-

main and rated the policies on 5-point Likert scale questions (see Appendix [B.7)).

Throughout the study, the facilitator (first author) ensured discussions between partic-
ipants went smoothly and followed up on specific points when the conversation died down,

but otherwise tried to let participants drive the session.

3.6.83 Data Analysis
Thematic analysis (RQ1)

The first author qualitatively coded the study transcripts using reflexive thematic analysis
[72,/73]. An initial deductive pass isolated specific parts of the transcript that were highly
relevant to each research question, followed by one or more inductive passes to surface
themes organically. This analysis was augmented by short memos the facilitator wrote upon

concluding each study, summarizing key events and noteworthy insights from each session.

Policy novelty analysis (RQ2)

To analyze the novelty of policies—whether they contribute new perspectives, ideas, con-

siderations, dependencies, or approaches to existing policies—we gathered experts’ policy
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statements from all sessions and evaluated each against publicly available policies for guid-
ing responsible model behavior (the “existing set”). We combined all policies from OpenAl’s
Model Spec [491], Claude’s Constitution [19], and principles derived from workshops with
legal experts in prior work [117], to represent the set of existing policies@

Rather than rely on direct human coding of novelty between policies, we opted for a joint
human-Al approach where we made use of LLMs to first identify portions that were likely to
be novel before having human annotators review and make the final novelty determinations.

Specifically, we followed this procedure:

1. For each expert-written policy statement, we used 3 prompts with varying definitions of
noveltyE| to make binary novelty decisions against the existing policies. Our prompts

also required the LLM to generate a justification for its decision.

2. Any policies that were not unanimously determined to be novel in all 3 prompt eval-
uations were considered not novel. For the remaining policies, we further prompted
the model to retrieve relevant quotes from the existing policies to be used as context
for human evaluationm Retrieved quotes were examined by the first author alongside

the full existing set to check for hallucinations and any missed quotes.

3. Finally, two human annotators (members of our research team) reviewed the list of
policies and quotes to make a final novelty determination. Annotations were first done
independently, with an initial Cohen’s Kappa of 0.41. Disagreements primarily arose
from differences in the interpretation of novelty; they were resolved via a round of
discussion. If annotators failed to reach a consensus (which was the case for 2 policy

statements), the policy statement was considered not novel by default.

While the reliability of LLMs for making content judgments has been called into question

by recent work [106}319,:341}|636L643|, we structured our evaluation process to minimize

1 Excluding policies specifically targeted at moderating hate speech and disturbing content (e.g., [353]),
as they are orthogonal to the policies we focus on in the prototyping sessions.

5Executed on GPT-4.1. Prompts provided in Supplementary Materials.
16 Also through GPT-4.1.
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the potential impacts of these factors through deliberate prompt design. Specifically, we
attempted to control for model sensitivity to prompts by using multiple variations of prompts
for initial evaluation. Additionally, we incorporated existing policies from prior work |19}/117,
491] into the prompt and requested justifications and quote extraction to identify possible
model hallucinations. Finally, we ensured the final novelty determination was done by human
annotators. Overall, we believe that this process should yield a conservative determination
of novelty, while also ameliorating challenges around human attention during review and
comparison of exceptionally long texts. Our prompts used in this evaluation are available in

our Supplementary Materials.
3.7 Findings

3.7.1 Design Decisions in POLICYPAD Fostered Collaboration During Policy Prototyping

(RQ1)
Heuristics built common ground and inspired richer policies (system only)

Participants generally agreed that having heuristics as part of the policy prototyping process
helped develop common ground for the group. P3 found that heuristics helped the group
align on “the spirit of what we were doing” and ensure “we’re on the same page about the

7

purpose of the policy.” P19 had a similar experience: “[the heuristics| set the underlying
tone for how the policy is supposed to function.” P5 thought the heuristics gave “an idea of
what sorts of [policy statements| would work best,” while P4 agreed, finding that heuristics
offered “more specific guidance” for drafting policies around edge-cases in model behavior. P7
appreciated heuristics as “a constant reminder of the guidelines,” but recognized that because
domain experts are already well-acquainted with many of these guidelines, heuristics might
be even more useful for developers who are refining the policy and integrating them into
models.

Besides serving as guidelines, heuristics also served as entry points for deeper discussion
on key policy topics. The starter heuristic on incorporating real-world professional practices

into the policy initiated discussions in MHO01, MHO02, and MH04 about motivational inter-

viewing (MI), a foundational technique for therapists. Experts then incorporated various
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aspects of MI into the policy, such as encouraging “summaries of conversation when appro-
priate” (MHO1), and “Repeating or paraphrasing what [the user| is saying” (MH02). MH02
and MHO3 brought up limits of confidentiality—when a mental health expert is legally or
ethically required to break confidentiality to share client information, even though expert-
client conversations are otherwise private. MHO02 brainstormed situations in which experts
needed to break confidentiality (e.g., ““/mmediate risk of harm to oneself or others; suicidal
thoughts, urges, or behaviors; presence or risk of non-suicidal self injury”) and added a policy
to “avoid using MI” in those situations. MHO3 agreed that models, just like when experts
work with clients, should provide a disclaimer early on in the conversation of conditions
under which confidentiality will be broken and remind the user that “/the conversation] is

not a confidential setting” when those conditions are triggered.

Interestingly, a couple groups of legal experts used the heuristic to debate whether real-
world practices for lawyers and other legal professionals should even apply to Al, since they
clearly established that AI does not have the same legal status as human lawyers. P17 in
L02 shared that while “we lawyers do have rules of professional responsibility that we need
to adhere to, they don’t apply to non-lawyers” and suggested removing that heuristic. P20
in LO3 echoed that sentiment: “Those ethical rules of lawyers do not apply to Al systems.”
Their group member, P19, agreed, and noted that “if ethical rules of lawyers did apply, then
the AI model cannot even begin to suggest answers.” In general, this is an important point
of distinction between the mental health and legal policies; we unpack this in more detail in

the Discussion (Section |3.8]).

We observed that groups did not initially modify the starter heuristics provided to them,
but some added more heuristics as they worked on their policy. For example, group MH02
realized their policy contained some mental health-specific concepts that needed to be ex-
plained to the facilitator, and added a couple heuristics to “Give illustrative examples for
concepts and terms” and “Give definitions for jargon and technical terms.” Similarly, L03
added a heuristic to “Clearly explain or define legal terminology.” As their policy got longer,

L02 added a heuristic to ensure “No policy statements should conflict with each other.”
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Spotlight scenarios improved collaborative dynamics and provided valuable writing support

(system only)

Participants found the ability to bring scenarios into the editor, spotlight them, and collabo-
ratively edit their responses to be valuable features in POLICYPAD. In general, we observed
a pattern where participants referenced scenarios in their discussions and then referenced
them in the editor for others to view. P22 said the ability to “nput the scenarios into the
editor helped with brainstorming and being able to point to specific parts of a response we
either found helpful or that we thought needed to be changed.” P5 agreed and thought that
the utility of spotlight scenarios could scale with the number of collaborators: “the spotlight]
would be really nice for larger groups of people contributing, being able to look at [the sce-
nario/ together.” P1 thought spotlight scenarios can be useful for facilitating asynchronous
collaboration as well: “I see [P3] has already edited this side of things. I can hop right back
in and draft out a version of the [policy] and stress test it.” After using the interactive
scenarios, P11 thought that “for a collaborative effort, [POLICYPAD [’s really nice. [The

baseline/ felt more like a personal tool.”

Indeed, in the baseline condition, whether it came before or after the system condition,
experts were finding makeshift ways to accomplish what scenario spotlighting is designed
for. For instance, P4 asked to share their screen so everyone could view the policy-informed
model response they generated. Similarly, when P8 was pointing to a specific aspect of a
generated response, their groupmate P7 asked: “Is that something you can share so we can
all see it, so we just work off of that one?” In both cases, experts improvised a solution by
using a drafting block to share content from scenarios in the editor without impacting the
policy.

Participants also expressed appreciation of the ability to edit the response and receive
a system-generated policy suggestion. 100% of the policy suggestions were accepted in
our studies. P17 shared that the suggestions were helpful in articulating their thoughts:
“sometimes it’s difficult to put your thoughts into words, and the [suggestions| are helping
you with that.” P10 agreed, saying that “the ability to pull that response in, edit it, and have

a generated guardrail could be a huge time saver.” They saw it as a way of removing the
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need for low-level wordsmithing: “We don’t need to edit that response perfectly, but if we can
make it clear what our priorities are, and then see if the Al gets our nuance, that’s pretty
incredible.” We also observed that in MH04, P9 and P10’s policy drafting began slowly, but
accelerated considerably when they received policy suggestions that inspired more ideas.
P7 shared why they accepted policy suggestions even when they seemed imperfect: “I liked
the policy [suggestions/], even if they weren’t necessarily dead on. It gave us ideas for other

[policy statements].”

Ezperimentation with a policy-informed model directly informed policy edits (system &

baseline)

In both the system and baseline conditions, we observed how quick and iterative experimen-
tation with the policy-informed mode]E] benefited the policy prototyping process. Experts
easily surfaced specific model behavior that could be addressed with the policy, such as when
the model was overstepping its role, such as making a judgment about “whether a risk is
worth or not worth taking” (P13). Experts could then draft the policies and immediately
observe the impact their edits had on the response, either by clicking the [Regenerate| button
for quick testing or taking a snapshot of the policy and updating all responses to all scenarios
at once. As experts critically evaluated the responses for common behavior they targeted
in the policy—such as judgmental language (LO01, L02, L04, MHO01, MHO02, MHO03), eliciting
necessary information from users in order to provide a responsible answer (LO1, L02, L03,
MHO01, MH02, MH04), and the inclusion of disclaimers (all groups)—they could qualitatively
observe clear improvements. For example, at the end of their session, P19 confirmed that
“I see everything we’ve discussed being implemented, and [the model] still manages to give a

fair amount of information, so that’s good.”

Real-time collaboration amplified other benefits (system € baseline)

Participants actively engaged with each other during the sessions—seeking and providing

peer feedback, discussing nuances and complexities of model behavior, sharing insights from

1"Recall from Section |3.6.1| that the baseline uses the same model as PoLicYPAD.
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their own professional experiences, and more. This engagement benefited all components of
the policy prototyping workflow.

They provided input for and helped edit responses when a group member put a scenario
on spotlight. They shared explorations of edge cases in model behavior with the group
to patch gaps in the policy and identified high-risk scenarios to focus their discussions.
Overall, real-time collaboration amplified participants’ abilities to draw upon their expertise,
challenge assumptions, and iteratively refine policies.

We observe that participants tended to agree with others in their group and rarely
challenged or pushed back directly on others’ input. This may be due to a desire to appear

diplomatic and accommodating, especially when working with new collaborators.

3.7.2  Ezperts Prototyped More Novel Policies in POLICYPAD Than the Baseline (RQ2)

m

xperts' Ratings of Other Groups' Policies in System and Baseline % of Novel Policy Statements in System vs. Baseline
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Figure 3.10: Comparison of Likert scale responses to policies prototyped in the system vs.
baseline (left) and the novelty of policy statements prototyped in the system vs. baseline

(right).

Quantitative results

Our novelty analysis (Section revealed that experts prototyped more novel policies
using POLICYPAD compared to the baseline (Fig. right). 51.9% of the policy state-
ments drafted in POLICYPAD were considered novel, compared to 18.2% from our baseline.
Looking at raw numbers, the number of novel policy statements from POLICYPAD was 4

times that of the baseline (40 vs. 10).
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Outside of novelty, we found the policies from the two systems to be comparable (Fig.
left). After the study, experts rated policies from another group within their domain
along two dimensions: the extent to which 1) the policy contained important considerations
of Al behavior within their domain, and 2) they agree with the policy. Wilcoxon signed-
rank tests on Likert data showed no significant difference (W = 6.0;p = 0.65; Myystem =
Mpasetine = 4 for important considerations, W = 20.0; p = 0.74; Mystem = Mpasetine = 4 for
agreement). This suggests that experts generally viewed policies from other groups favorably,
and that novelty was the main differentiator between policies across the two systems. We
suspect the high positive bias may stem from collective alignment on priorities when serving
clients, which in turn may be due to some standardization in professional training (e.g.,

motivational interviewing in mental health).

Qualitative results

We conducted a qualitative analysis of the novel policies to understand what exactly was
novel about them. We identified three main sources of novelty.

First, experts’ policies offered more insight into specific circumstances under which
the model should defer the user to a human expert. MHO1 noted that while the
model can provide empathy and reassurance, as soon as indications of “behavioral interven-
tions (such as behavioral activation [for depression/, exposure and response prevention [for
OCD|, or prolonged exposure [for PTSD])” arise, the model should defer to a human thera-
pist. L0O3 shared that the user’s desire to share confidential information with the model is a
good indicator of whether the model should defer to a legal expert: “If the user indicates that
they want or need to provide confidential information, there may be privileged information
involved. If the conversation contains privileged information, always defer the conversation
to a legal expert.” L04 summarized their perspectives on this issue as: “/The model should]
answer ‘what can I do’ questions and defer “what should I do’ questions to a lawyer.” Gen-
erally, current models’ lack of awareness of when to defer to human experts is a significant

safety concern |252|, and experts’ policies have potential to improve this awareness.

Second, experts’ policies provided specific procedural guidelines that existing poli-
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cies lack or do not specify in much detail. MHO1 and MHO02 both provided guidelines for
motivational interviewing in their policies, but noted that the technique should not be used
in high-risk situations. In such situations, MH04 emphasized the model should be much
more succinct and direct when supplying crisis response information: “When a user indi-
cates a high level of distress, or [when] crisis services or hotlines are required, provide them
succinctly and without much addittonal text.” MHO03, L02, and LO03 all instructed the model
to disclose limits to or the lack of confidentiality early in the conversation. MHO3 specifically
stated that after this disclosure, the model should then “Ask users if they have questions
about confidentiality limits,” reflecting a procedure in their own mental health practice.
Finally, experts’ policies recommended that the model be more proactive about seek-
ing key information at the start of the conversation. Experts also considered it
irresponsible for the model to assist users when lacking key information, such as legal ju-
risdictions. L0O3 wrote that the model should “require the user to indicate their jurisdiction
before providing full responses.” Similarly, L02 recommended that the model avoid provid-
ing assistance if it cannot elicit “essential case details (such as date of offense, location,
and current legal status) necessary to tailor legal guidance.” MHO1 and MHO04 both wanted
the model to conduct a more thorough risk assessment prior to engaging deeply with the
user. MHO1 recommended that the risk assessment include “asking how problems or chal-
lenges have been addressed (or not addressed) before, how long the problem has persisted, and
how distressing/problematic the user finds the current situation.” These policies can help
augment existing technical efforts in improving LLMs’ abilities to elicit user information to

improve their quality of assistance |14}380].

3.8 Discussion

3.8.1 Practical Deployment Considerations

Results from our policy prototyping sessions showed that experts can contribute novel poli-
cies to shape model behavior in domain-specific, high-stakes interactions with users. As these
interactions become more commonplace, it is crucial for users’ safety that model behavior is

vetted, scrutinized, and refined by expert input. Policy prototyping is one promising avenue
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for this, but numerous considerations for widespread adoption remain. These include re-
source constraints, time commitment, learning effort, and impacts on experts’ own careers.

We now discuss these considerations and some possible ways forward.

Time and resource intensity

First, policy prototyping can be time- and resource-intensive. Our sessions were 90 min-
utes in length and could have easily been longer if not for scheduling constraints. Our
sessions were one-off events, but LLM policy design can and should benefit from sustained
expert engagement [493,/660]. Challenges associated with time and resource intensity may
be alleviated if policy prototyping was more seamlessly integrated into experts’ professional
practices and did not cold-start like it did in our work. After all, academic or industry labs
are not the only ones motivated to design better LLM policies—expert communities them-
selves are too. As Al diffuses into their domains, they are incentivized to take bottom-up
approacheﬁ to shape model behavior, due to its ability to impact the behavior and actions
of clients [117,[253|. Indeed, the American Psychological Association (APA) has started to
track the use and integration of Al into mental health practice as a key industry trend [1].
APA and similar organizations may thus be interested in hosting policy prototyping ses-
sions at gatherings or conferences, potentially in partnership with Al developers, as a way
of actively engaging the community to shape Al diffusion in their domain. Additionally,
local chapters may have the capacity to host sessions more regularly as part of ongoing

discussions.

Ezxpert displacement

Relatedly, it is reasonable to think that experts’ efforts in policy prototyping could result
in Al taking over large portions or even all of their work. A therapist, for example, might
design a policy that faithfully reproduces how they interact with clients, only to find that
the AT could then offer a cheaper substitute for their services. This possibility highlights

an important benefit of policy prototyping: it equips experts with a voice to shape how Al

18 Assuming that model developers are open-minded about integrating at least some of experts’ suggestions.
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can 1mpact their work. Instead of reproducing therapeutic behavior, mental health experts
can encode guardrails that push the model away from emulating them directly. Indeed,
several groups adopted this approach in our study (see Appendix . As long as there are
incentives for model developers to adopt policies created from third-party input, which prior
work has shown to be the case [268,485|, policy prototyping offers experts more agency to

guide how Al diffuses throughout their domains.

Organizations for facilitation

Finally, who can facilitate policy prototyping sessions? In this work, the sessions are facili-
tated by an academic lab interested in studying expert-informed LLM policy design. Being
affiliated with a university allowed us to take advantage of being in close proximity to—or
already connected with—experts (e.g., in academic departments, the medical school, the
law school, etc.). However, in practice, we see a wide range of organizations with diverse
resource profiles that can collaborate with each other for even more effective facilitation.
For example, non-profits interested in Al safety, such as METR@ and the Al & Democracy
Foundation@ alongside organizations advocating for responsible AI more generally (e.g.,
Partnership on AIE Ada Lovelace Institut@, can set agendas for policy prototyping that
target emerging harms and underrepresented stakeholder concerns. National Al safety cen-
ters (e.g., UK AISIE uUsS CAIS]@ can guide policy design efforts to prioritize legitimacy
and trust in the public interest. Safety and alignment teams within frontier model develop-
ment companies (e.g., Anthropic, OpenAl) can leverage resources for expert recruitment and
contribute technical tooling. Ultimately, effective facilitation will likely require combining

these strengths across institutions rather than relying on any single actor.

Yhttps://metr.org/
Onttps://aidemocracyfoundation.org/
*'https://partnershiponai.org/
Zhttps://www.adalovelaceinstitute.org/
*https://www.aisi.gov.uk/

Y https://www.nist.gov/caisi
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3.8.2  Scaling Up Policy Prototyping for Participatory Model Behavior Design

Our work focused on engaging small groups of domain experts in deliberating on and actively
creating policies for model behavior. We see potential in broadening our approach beyond
collaborative design with experts. This is valuable when democratic participation is priori-
tized over narrowly defined expertise, or for topics where the notion of “expertise” is blurry
(e.g., personal information management). To expand beyond experts and reach towards more
participatory visions of Al development with diverse stakeholder groups [48.1261/141}303,634],
efforts to scale up policy prototyping—including tool ecosystems that do not only consist of

PoLicyPAD—will be required.

A challenge that will inevitably arise with increasing scale is resolving disagreement. We
have already started to see this challenge emerging within our small-scale groups—expert
groups within and across domains did not always agree on how to design the policy. Within
mental health groups, there was some disagreement over 1) whether the model should act
like a therapist, and 2) the appropriate conversational tone before a proper assessment of
the user is made. Within legal groups, experts disagreed over whether the model should
suggest action items for the user—a behavior that was found to be unanimously criticized
by legal experts in prior work |117]. Across the domains, disagreements arose over whether
the model should, under any circumstances, attempt to mimic a human professional. More

details about these disagreements can be found in Appendix

Prior work has attempted to resolve disagreements on Al behavior at scale through
multiple rounds of voting and asynchronous deliberation [268]. However, asynchronous col-
laboration methods rarely uncover the same richness and nuances of disagreements that
we observed in our synchronous, deliberative policy prototyping sessions. To scale policy
prototyping to include more stakeholders while preserving the quality of discussions, we
may draw inspiration from multi-stage or tiered citizens’ assemblies (also known as “mini-
publics”) [1261423/512]. These systems aggregate deliberations from parallel, local assemblies
into regional or (inter)national assemblies for producing recommendations. For policy pro-
totyping, parallel deliberations may be held on a regular basis with groups of individuals

whose personal and professional lives are impacted by model behavior so they have more
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agency to shape it (e.g., parents who are concerned about their children interacting with
AT companions, workers who are expected to use Al tools to boost their productivity). The
resulting policies can then be aggregated with policies prototyped by domain experts in
parallel. Aggregations can also happen across geographic regions to incorporate pluralistic
cultural and social perspectives.

New suites of tooling and infrastructure will likely be needed to facilitate policy prototyp-
ing at scale. At the deliberation level, tools like POLICYPAD can help. At the aggregation
level, civic technologies like Pol.is [606] are more suitable. We encourage future work to ex-
plore different combinations of collaborative affordances and interaction paradigms to build

new tool suites for scalable policy prototyping.

3.8.8 Situating Policy Prototyping Within AI Alignment

We proposed policy prototyping as a practice through which small groups of policy designers
can collaboratively design LLM policies. Where can this practice fit within the broader Al
alignment pipeline?

A prerequisite for policy prototyping is an instruction-tuned model with behaviors rep-
resentative of what users will experience in the wild. This is most commonly a frontier
model—a model with frontier performance on popular benchmarks—as they are commonly
integrated into user-facing applications. Thus, we envision policy prototyping taking place
after fundamental alignment and safety efforts (e.g., instruction tuning, RLHF, implement-
ing basic safety guardrails and classifiers, automated red-teaming). However, policy proto-
typing should come before later-stage or more sophisticated alignment efforts that benefit
from or even require a policy (e.g., deliberative alignment [|235], manual red-teaming [4]).
If a developer has an existing policy, policy prototyping can reveal nuances, inconsistencies,
and areas needing refinement before the developer commits significant resources to align the
model with it. If the developer does not yet have a policy, policy prototyping can help start
one.

We also note that LLM policies are continuously evolving artifacts, rather than static

ones [491]. Model developers may thus find it helpful to co-evolve the policy and alignment
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strategies. This can involve policy prototyping sessions with experts on a regular basis to

seek input on top-of-mind concerns based on insights from usage telemetry.
3.9 Limitations and Future Work

All our participants except for two legal experts were based in the US. The perspectives
integrated into our policies are thus heavily influenced by the American mental health and
legal systems, and may not generalize to other countries. Before integrating these policies
into Al systems that serve a global userbase, future work should augment and contrast our
policies with perspectives of non-US and non-Western experts.

The selection of scenarios for policy prototyping can alter policy outcomes by steering
discussions towards topics depicted in the scenarios. We selected scenarios based on realistic
tasks experts in mental health and law might tackle in their day-to-day work, but our
scenarios may not achieve adequate coverage over the diversity of scenarios experts actually
encounter. We also manually composed responses to the LLM in multi-turn scenarios, which
may not reflect real-world responses from users asking about mental health or legal questions.
Further, we only started with 5 scenarios per session to fit the study within the 90-minute
time limit. Future work can explore the optimal number of scenarios for a certain group
size, as well as dedicating time for group members to author scenarios prior to prototyping
the policy to further improve realism.

Researchers running future policy prototyping sessions may be interested in potential
modifications of our setup. We recommend exploring three modifications. First, the facili-
tator for a workshop holds a major role and can influence the results with their facilitation
style. The first author facilitated all sessions in our study for consistency, but future work
can experiment with different facilitation styles to determine which are more effective. Sec-
ond, the starting scenarios can focus on a particular theme or issue within a domain for
more targeted policy design. For example, due to recent high-profile cases of Al-driven
psychosis [247,253,254], scenarios can draw from real transcripts of psychosis-inducing con-
versations [253| rather than our random sampling approach. Third, the sessions can be
scaffolded with taxonomies of concepts within a specific domain. Prior work relied on con-

cepts as a central ingredient in policy design [353|. While concepts were not fundamental to



67

our work, including them may benefit future sessions.

Finally, experts agreed the model should elicit key information from users before pro-
viding assistance (Section [3.7.2)). Effective elicitation requires the model to reason about
missing information. While it is promising that LLMs’ reasoning capabilities have improved
significantly in recent months, improvements have primarily focused on verifiable domains
like math and coding |453], and it is unclear whether these improvements translate to more
effective information elicitation. Future work can empirically investigate this and develop
techniques for models to reason about missing information in contextual, human-centered

ways.
3.10 Conclusion

In this work, we asked: How can domain experts be meaningfully involved in designing
LLM policies as a means of actively shaping responsible model behavior? In response, we
introduced POLICYPAD, an interactive system for small groups to engage in LLM policy
prototyping—a practice that draws upon UX prototyping methods to enable collaborative
drafting, testing, and rapid iteration of LLM policies in real time. We conceptualized LLM
policy prototyping and motivated the design of POLICYPAD through a 15-week observa-
tional study with 9 mental health experts. We then evaluated POLICYPAD through 8 policy
prototyping sessions with 22 experts in mental health and law. We found that PoLiCcYPAD
fostered a collaborative and productive dynamic for policy prototyping and led to the cre-
ation of more novel policies compared to a baseline. Areas of novelty covered important
considerations for model behavior, such as when to defer to human experts, specific pro-
cedures for emergency situations, and eliciting missing information needed to responsibly
provide assistance. We hope future work will extend our contributions and continue co-
designing policies with experts and laypeople alike to improve the safety and responsibility

of advanced Al.
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Chapter 4

CANVIL: DESIGNERLY ADAPTATION FOR LLM-POWERED USER
EXPERIENCES

PoLicYPAD demonstrated that model behavior can be collaboratively prototyped in a
document-based environment by groups of users. This chapter builds on that work by ex-
ploring how designers can integrate similar prototyping practices into their design workflows.
Model behaviors governed by policies from POLICYPAD are by default decoupled from any
specific application. Designers, on the other hand, are often working in the context of specific
applications with existing design requirements. This chapter introduces CANVIL, a Figma
widget that operationalizes designerly adaptation, a process through which designers engage
with LLMs as a design material and co-evolve design requirements and model behavioral

specifications.
4.1 Introduction

Since generative Al came under the public eye in late 2022, a shift has been underway
for integrating generative Al capabilities into everyday user-facing technologies. Large pre-
trained models, most notably large language models (LLMs), have versatile natural language
capabilities that unlock novel interactive techniques and interfaces for more intuitive and
customizable user experiences across a wide spectrum of applications [16}511}/629,688].
However, these promises also come with numerous concerns. Integrating LLMs into a domain
without careful consideration of the user contexts surrounding model use and implementation
of appropriate guardrails may result in user experiences that perpetuate societal biases [570],
threaten users’ sense of well-being [556,584], or otherwise do harm [99,/151,/580,/591}/679).

As technology development practitioners, designersﬂ are uniquely positioned to mitigate

'In this chapter, we consider designers to be anyone who has an active, hands-on role in designing the user
experience of a product and/or feature. This includes job titles such as UX designer/researcher, content
designer, and product designer. This contrasts with the broader definition of designer used in the rest of
this dissertation, as noted in Chapter
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these concerns [183,|385,625}699,/711| and operationalize growing calls for human-centered
AT [355,/601]. Designers’ work often involves aligning technological capabilities with user
needs, such that the technology addresses (or makes progress towards addressing) pain
points identified in user research [183,623|. Designers are trained in human-centered de-
sign methods that allow them to understand users and usage contexts, prototype potential
solutions with relevant technology, and iterate on those solutions based on their understand-
ing of users or user feedback [42]. Yet, prior work has shown that designers face diverse
procedural challenges (e.g., difficulties collaborating with the engineering teams training the
models [623]626]) and instrumental challenges (e.g., lacking means to effectively work with
the models |183}/625,/699]) when working with AT [626,701]. In efforts to address these chal-
lenges, researchers have situated Al as a design material to highlight its material properties—
including the technology’s capabilities, limitations, and adaptability [377]—for designers to
better understand and apply Al in the context of their design problems [154,|181},699]. A
good designerly understanding of Al can help designers ideate on new Al-powered design
ideas, mitigate Al’s varying impact for different user scenarios, collaborate with design and
non-design practitioners, and reinforce user-centered perspectives amongst the team and
throughout the product development cycle [385L/664].

The advent of powerful pre-trained LLMs introduces new opportunities for engaging
with Al as a design material. First, adaptability emerges as a key materialistic property
of LLMs—these models are responsive to adaptation via fine-tuning [41,/152,267,/499] and
prompt-based methods [476,477,687]. In fact, due to resource-intensive training of LLMs, it
has become a standard practice for individual developers and development teams to adapt
“base” LLMs from a small handful of providers (e.g., Anthropic, Google, OpenAl) instead
of training custom in-house models [511]. Moreover, natural language interaction and adap-
tation democratize Al experimentation for practitioners—including designers—traditionally
excluded from Al conversations due to limitations in technical expertise [385,/521]. Despite
this, there has been limited exploration of designers’ interaction with—let alone adaptation
of—LLMs in practice as they contribute to LLM-powered features and products.

In this chapter, we first conduct a formative interview study with 12 designers experi-

enced in designing features and products that use LLMs to better understand their workflows
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and desiderata when crafting LLM-powered UX. From our interviews, we identify a need
for a translational process that allows design requirements (e.g., findings from user research,
product goals) to directly shape model behavior, and vice versa. Drawing from Cross’
notion of design codes—systematic ways of representing, transmitting, and translating de-
sign knowledge |134]—we propose designerly adaptation for LLMs (henceforth “designerly
adaptation”) as a new design code to facilitate this two-way translation. We operational-
ize designerly adaptation by building CANVIL, a Figmaﬂ widget that supports structured
authoring of model behavioral specifications based on design requirements to adapt LLMs,
testing of adapted models on diverse user inputs, and integration of model outputs into in-
terface designs. We then use CANVIL as a technology probe to study designerly adaptation
with 6 groups with a total of 17 designers. We demonstrate the effectiveness of our probe
by collecting concrete, empirical insights into how designers engage in designerly adaptation
through CANVIL. Specifically, we find that designers iteratively translated diverse design re-
quirements into LLM behavioral specifications. This allowed them to simultaneously adapt
their designs to enhance user interaction with LLMs, while setting or refining behavioral
constraints for the model using their designs. Furthermore, designers recognize promises in
collaboratively engaging with designerly adaptation to share resources and knowledge with
design and non-design stakeholders. They are optimistic about integrating designerly adap-
tation into their own workflows and note additional procedural and instrumental questions

to address in practice. Concretely, our work makes the following contributions:

e Designerly adaptation—a process bridging material exploration of LLMs with design
processes—motivated by insights from a formative study with designers who craft

LLM-powered UX.

e CANVIL, a technology probe to operationalize designerly adaptation in the form of a

Figma widget and allow us to study it in practice.

e Empirical learnings uncovered by CANVIL about how designers engage in designerly

adaptation in a task-based design study.

2Figma is a popular collaborative design tool: https://www.figma.com/.
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e A discussion of our learnings’ implications on design practice and beyond, including a
proposed workflow for designerly adaptation to orient future work and a reflection of

LLMs’ sociomaterial implications on collaborative practices within product teams.

4.2 Related Work

Chapter [2| surveyed Al as a design material and object of adaptation (Section [2.2.2)), along
with the methods and means for shaping AI behavior (Section [2.2.4)). Here, I position our

work against research closest to designerly adaptation.

4.2.1 Designerly Adaptation of LLMs

Because of LLMs’ powerful capabilities, there is significant interest in exploring their inte-
gration into user-facing applications [355,[511|; as such, designers should be prepared to work
with them as a design material [343]. While past work advocated for a better “designerly
understanding” upon studying how to support designers in working with models |385|, our
work specifically explores involving designers in the practice of adapting LLMs. Adaptation
and understanding can be related and synergistic, but our focus is on adaptation—a common
practice in product teams [511]—and how it can support designers to craft LLM-powered
UX.

In our work, we examine and support designerly adaptation of LLMs—a means of em-
powering designers to explore LLMs as a design material through model adaptation. Unlike
many technical adaptation methods, designerly adaptation contributes to human-centered
Al by drawing from designers’ workflows and expertise. This focuses efforts to ensure that
Al-powered applications satisfy user needs and effectively co-adapt with us as they become
more pervasive. While we draw from recent developments in and recommended best prac-
tices for accessible model adaptation via natural language, we acknowledge that these prac-
tices may shift over time as we co-adapt to this new technology. Using currently available
techniques is just one possible instantiation of designerly adaptation.

Despite advancements in tooling, support for designers to work with LLMs as an adapt-
able design material remains limited. Domain-agnostic tools for tinkering with models may

not be well-integrated into design workflows, a primary consideration for designers when
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deciding whether to adopt those tools [182]. Tools that offer integration with design envi-
ronments (e.g., PromptInfuser [521,522]) support prototyping with LLMs, but not necessar-
ily deeper adaptation of model behavior. Our work situates interactive adaptation within

familiar design environments and processes.

4.3 Formative Study

Working with Al especially LLMs, is an emerging practice in the field of UX [181}/626]
701,[712]. We conducted a formative interview study to understand designers’ experiences
working on LLM-powered products and features amidst industry-wide shifts towards LLMs

in 2023 [511] as an initial step in our research.

4.83.1 Method and Participants

We conducted 30-minute 1:1 virtual interviews with 12 designers at a large international
technology company where LLM-powered features and products are actively explored. Our
interviews were not initially focused on model adaptation, let alone designing a probe for
adaptation. Instead, our goal was to more deeply understand designers’ workflows and pain
points they face when crafting LLM-powered UX. Thus, we opted for interviews as our
method of choice. All interviews were conducted in June and July 2023. At the time of the
study, all participants were working on products or services that leveraged LLMs in some
capacity; LLM application areas spanned conversational search, question-answering (QA) on
domain-specific data, recommendation, text editing and generation, and creativity support

tools. Participant details can be found in Table of Appendix

Our interviews were semi-structured and revolved around the following topics:

e Awareness: to what extent are designers aware of LLMs’ capabilities, limitations,

and specifications in the context of their product(s)?

e Involvement: to what extent are designers involved in discussions or activities that

shape where and how an LLM is used in their product(s)?
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e Desiderata: what do designers desire when crafting LLM-powered UX, with regards

to both processes and tools?

Each participant received a $25 USD gift card for their participation. All interviews were
recorded and transcribed. Our study was reviewed and approved by the company’s internal
IRB.

The first author performed an inductive qualitative analysis of the interview data using
the qualitative coding platform Marvirﬂ This process started with an open coding round
in which initial codes were generated, followed by two subsequent rounds of axial coding in
which codes were synthesized and merged into (yet-to-be-named) groups, in line with Braun
and Clarke’s reflexive thematic analysis |73]. These groups were reviewed and named through
an iterative process that involved the disassembling and merging of groups; the named groups
became initial themes. The codes and themes were discussed with research team members
at weekly meetings. Other research team members also offered supporting and contrasting
perspectives (e.g., (dis)agreement on main themes, interpretation of new themes) by writing
their own analytical memos, which were also discussed as a team. Any disagreements were
resolved through team meetings and asynchronous discussion via comments on the analytical

memeos.

4.3.2  Findings
Adaptation was seen as a central materialistic property of LLMs

Participants recognized that products delivering compelling, robust UX were not powered
by out-of-the-box “base” LLMs, but required adaptation based on user needs and contexts.
P5 gave an example where an out-of-the-box model inappropriately prompted the user for
a riddle in a workplace setting: “/The experience] is not quite right, cause it’s in [workplace
software| and it’s like, tell me a riddle. I'm at work!” P4 and P7 both stated a design
goal for their products (in conversational search and domain-specific question-answering,

respectively) is to accommodate non-technical users, which can be achieved if the model can

3https://heymarvin.com/



74

“tailor the language depending on technical ability, and gradually introduce [users| to more
complicated concepts and terminology” [P7]. P2 shared that their team settled on using
three adapted versions of the same model to customize UX within their product: “There are
actually three incarnations of the same model, each with slightly different parameters [...|
based on the prompt that users give, we select which of those 3 incarnations we wanna use.”

In their design work, participants appreciated the ability to steer an LLM with natural
language to envision more flexible and adaptable Al-powered UX. Some were familiar with
how lightweight adaptation techniques, such as writing system prompts, can be used to

specify model behaviors based on design specifications. P12 discussed an example of how

this may work in an entertainment system setting:

“You might want to generate enthusiasm more, right? So the LLM that goes over
there might have a UX layer that feels different. The system prompt can say,

remember, you’re a machine that wants to get users enthused.” [P12]

P12’s approach points to an important distinction in outcome evaluation for when
a model is adapted for design purposes versus conventional prompt engineering:
the end solution to a design problem is not a prompt, but a user experience. In P12’s case,
they opted for the model to act with enthusiasm in their product. Whether the model can
generate enthusiastic responses and whether the model delivers a desirable user experience
within the product are two different (albeit potentially related) questions. The latter likely
also depends on design choices made elsewhere in the product and should be evaluated

through user studies rather than model performance metrics.

Designers envisioned constraints and desiderata for model behavior, but were unable to di-

rectly apply them

Participants often proposed constraints and desiderata for model behavior in their design
work. For example, P11 explained that in their product, designers set character limits for
LLM-generated summaries in the Ul, while P5 and P12 both created “personalities” for the
LLM in their products. However, participants rarely had the opportunity to tinker with and

apply their desiderata and constraints themselves, resulting in overly cumbersome workflows.
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P11 shared that they relied on engineers to adapt on their behalf: “I was asking what the
difference in summary looks like with 50, 100, and 150 characters. Then [the engineers|
would go back and test it and then they would just share the results, like here’s what 50
characters looks like. Here’s what 100 looks like.” P12 experienced a similar procedure and
stated that the feedback loop can take as long as a couple weeks. Ideally, they wanted the
experimentation to happen “n real time.” In general, designers were typically not involved in
model adaptation decisions. Some were unsure of how or by whom adaptation is performed
and suspected that it was engineers: “I would say [adaptation]’s probably something that was
decided by the engineering team [...] prompt engineering is more so on the [technical] side
of things.” |P2].

Because model behavior and UX are inextricably linked, many participants desired more
involvement in steering models directly, particularly towards UX goals. P4 shares: “Who
better to involve in this process than people whose job it is to think deeply about [the UX]?
At the very least, system prompts shouldn’t be written without an understanding of what
the end UX goals are.” P9 agreed, saying that designers can offer strategic contributions
with user-centered thinking: “It’s super important for designers to think through ideas and
make it intuitive for users and help come up with compelling [user| scenarios [...] I think
design has a bigger opportunity to have a seat at the table strategy-wise.” On a higher level,
P12 pointed out that model adaptation can be a contemporary extension of efforts around
crafting product voice and tone, which designers are already familiar with: “UX designers
and content designers are very attuned to and have pretty much owned the story around voice
and tone of products, and have for years and years.”

We see strong evidence showing that designers are uniquely positioned to contribute to
adaptation through their user-centered lens. Although they may primarily adapt models
via prompt-based methods, their contributions extend far beyond prompt engineer-
ing. First, they define a key prerequisite for prompt engineering: the UX goals which the
model should be steered towards and evaluated against. This is not a one-way process—
these goals may be modified based on hands-on experimentation with the model. However,
we did not observe a two-way process in practice as designers were often not involved in

adaptation themselves. Second, they can surface additional constraints and desiderata for
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prompt engineered models through UX evaluation and testing. Indeed, P10 caught their
model’s inability to properly recognize some acronyms in their product during testing and
devised a solution with their team: “I found that [the model| doesn’t know what to do with
the acronyms so we floated the idea of having glossary of industry jargon and acronyms [in
the system prompt/.” In sum, designers’ user-centered insights help improve LLM-powered
UX, addressing crucial decisions in both goal-setting before prompt engineering and UX

evaluation after the fact.

Designers did not find sufficient support in current LLM tools and resources

Overall, participants felt limited by current tools and resources for tinkering with LLMs
within the design process. Prior work found that the inability to directly access the models
and experiment with their capabilities and limitations is a primary challenge in the design
process for Al-powered UX [623,[701]. This was reflected in our findings as well—in the
few cases where designers had hands-on access to model tinkering, designers recalled the
experience being highly valuable. P2 said they could much more clearly “see or gauge the
power of the language model,” while P9 tinkered with a model they had early access to and
recalled that “you can identify some gaps [in capability] right off the bat.” However, most
did not have access to tinkering and found this frustrating. Designers either had to keep
burdening the engineers or wait until a test version of the product was launched. P3 shared
that “The only way we would have [to tinker| is using the [product] online and play around
with what [the team/ did.” Similarly, P10 felt limited by this workflow: “You want to be able
to play with [the model] yourself and understand what the UX is like. And I can’t play with
it.”

Some designers took the initiative to seek out new tools to tinker with LLMs. Designers
welcomed the easy access to free LLM chatbots such as ChatGPT, but did not feel like
they were well-integrated into their design workflows. Many tried a variety of tools—mostly
playground interfaces for prompt engineering—without much success. Among others, P1 did
not find these interfaces to be designer-friendly: “/The tools are] still kind of technical, a lot

of [designers| don’t realize how many parameters work. Like how does temperature work?”
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Others wanted these tools to leverage the same metaphors as already-familiar design tools,
such as “a UX library with some specific patterns you can use” |[P4]| or “accessing content
right away in a [design system/]” [P6].

Our findings reveal fundamental differences in tooling needs between designers
who adapt LLMs for UX design purposes and prompt engineers. For designers, the model
is a design material through which they explore design solutions. That is, unlike prompt
engineering, the material itself is not the final product—the UX is. The UX does not stop
nor end with model behavior. For example, designers will also need to consider user journeys
leading up to the LLM interaction, and subsequent user interactions with the LLM output
as well as other Ul components. Designers work with many different types of materials
within the broader design process, and typically have adequate tools to understand and
manipulate these materials. For example, designers can easily draft wireframes and create
animations in modern design tools such as Figma. When it comes to understanding and
manipulating LLMs, designers are much less well-supported. Prompt engineering tools do
not satisfy designers’ needs because they help craft prompts rather than UX and they do not

fit into existing design processes.

4.8.8  Summary: The Case For Designerly Adaptation

In his 1982 essay, Nigel Cross characterized the uniqueness of epistemological inquiry in the
field of design by outlining several aspects of designerly ways of knowing [134]. One key as-
pect was the use of design codes. To Cross, design codes offer a two-way translation between
abstract design requirements and concrete designed objects—that is, codes represent the
entanglement of a design process with its design materials. The process generates require-
ments that, when applied to the materials, result in a designed object, while the properties
of the material may simultaneously shape the process used to work with it. In software
development, coding is a process that simultaneously implements system specifications and
allows for refinement of the specifications based on implemented behavior. Design codes

serve a similar purpose for design requirements and designed objects.

For some designers in our formative study, LLM prompts provided an accessible means
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of expressing design requirements in natural language to adapt model behavior. However,
prompting alone did not offer the entanglement needed to shape a designed object (Sec-
tion , nor did it allow LLMs’ material properties to influence designers’ practices due
to prompting tools’ lack of integration with design work (Section . Although LLMs
present a new and exciting material for designers, there was no means to entangle the ma-
terial with their existing processes.

We thus propose a design code, which we call designerly adaptation. We define design-
erly adaptation to be a translational process by which designers entangle process with
material by translating their requirements into designs for LLM-powered UX—
and vice versa—through adapting LLM behavior. Our proposed code is designerly
in nature because the resulting designs (the LLM-powered UX) embody design knowledge
constructed from intersecting processes with materials. To further characterize designerly

adaptation, we present four design goals to guide its practical implementation.

4.8.4 Design Goals

Prompting does not serve as a satisfactory design code because 1) it is often divorced from
design practices, environments, and abstractions; and 2) it is unclear how prompts can be
used to express design requirements. These realizations informed our design goals below to

guide our efforts of operationalizing designerly adaptation with a technology probe.

DG1: Integrate seamlessly with existing design environments and abstractions.
Designerly adaptation is, at its core, a design practice. Given designers’ preference to
stay in one tool of their choice (e.g., Figma) for most stages of the design process |182],
we aim for CANVIL to smoothly integrate with existing design tools and leverage
common abstractions within those tools (e.g., layers, components, frames) to align with
designers’ mental models. Indeed, we saw designers discarding tools like ChatGPT and

prompt playgrounds because they did not fit into their design workflows or were overly

technical (4.3.2)).

DG2: Support direct translation of design requirements into model behavior.

As noted in Sections and designers lacked the codes to directly translate and
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apply envisioned constraints in their design work. This undermines designers’ contribu-
tions to LLM-powered products—after all, they are well-positioned to understand this
context using user-centered methods and synthesize their understanding and findings
into constraints on model behavior . With designerly adaptation and CANVIL,
we provide a new avenue of translation between requirements and LLM-powered UX

to empower designers’ participation in model adaptation.

Enable iterative model tinkering within the design process.

Designers found model tinkering highly valuable in our formative study as it allowed
them to quickly understand LLMs as a design material—how they behave, what they
are capable of, and where their limitations are , aligning with findings from
prior work [183,625|. A design code that encourages tinkering can therefore support
rapid ideation, testing, and iteration of many possible solutions and foster productive

co-evolution between design requirements and designed objects.

Provide opportunities for collaboration.

UX practice is highly collaborative [145,182|. Designers told us that they collaborated
closely with not only other designers, but also product managers, software engineers,
data scientists, and more . Designerly adaptation may be primarily performed
by designers but should welcome collaboration with non-design stakeholders. This not
only allows more diverse insights to be incorporated into adaptation, but also cat-
alyzes further refinement of adapted models (particularly by technical teams) towards

production readiness.

CANVIL: a Technology Probe for Designerly Adaptation

In light of our formative study and design goals, we introduce CANVILEL a technology probe

for designerly adaptation in the form of a Figma widget. In this section, we describe

CANVIL’s design choices, user interface, and implementation.

4The name “Canvil” is a portmanteau of “canvas” and “anvil.” We envision CANVIL to be a metaphorical
anvil by which LLM behavior can be shaped within design canvases.
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4.4.1 CANVIL as a Probe

We designed CANVIL as a technology probe to investigate whether and how designerly adap-
tation may be included in existing design workflows. Commonly used in contextual research
in HCI |256}296], a technology probe is an artifact, typically in the form of a functional pro-
totype |279], presented to the user “not to capture what is so much as to inspire what might
be” [408|. That is, probes offer one instantiation of tooling and/or interaction techniques for
a domain to better understand phenomena within that domain. Hutchinson et al. [279] state
that technology probes have three goals: the social science goal of understanding users in a
real-world context, the engineering goal of field-testing the technology, and the design goal

of inspiring new technologies. We map these three goals onto our objectives with CANVIL:

e Social science: understand how engagement with designerly adaptation impacts de-
signers’ work on LLM-powered user experiences through a structured design activity

in Figma.

e Engineering: develop and launch a Figma widget that connects to LLMs via APIs and

allows them to be adapted and used from within Figma.

e Design: encourage reflection on designerly adaptation as a UX practice and inform

future tools to support it.

We note that because probes are investigative tools for studying existing or new phe-
nomena, they are evaluated not through traditional comparisons with baselines, but by
their ability to shed new light on the phenomena of study [256,[279,296]. We demonstrate
the effectiveness of CANVIL as a probe by using it to answer our research questions about

designerly adaptation posed in Section

4.4.2  User Interface

The CANVIL interface resembles an interactive card. The card itself is separated into two
areas: the Main Form and Playground Area. When a user selects a CANVIL, a property

menu is invoked that can open up additional panels for styling, response generation, and
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settings. CANVILs can be freely placed on and moved around the Figma canvas (DG1),
allowing model tinkering to take place in close proximity to relevant designs. CANVILS can
also interact directly with designs by reading inputs from and writing model outputs to their
text layers. We detail each of CANVIL’s features in this section and connect them with our

design goals.

@ @ @ Yoda impersonator

& Model profile ®

@ Generate  Settings The model is Yoda from Star Wars, a Jedi

master who lives on the planet Dagobah. It is
/e evening after a hard day of Jedi training.|

22 Audience setting ©
@ Model profile ® The user is a human Padawan.
__ Core instructions ®

28 Audience setting © The model should respond to every user input

as Yoda with the goal of training the user to be
@ a Jedi ma
[0 Core instructions ® © Guardrails ©

The model should not talk about anything
outside of the Star Wars universe. If the user

. asks something off-topic, decline with a wise
© Guardrails ©® Yoda saying 2 P
Example inputs/outputs @ -+
Example inputs/outputs @ + Where am |2
+
+ B On the planet Dagobah, you are, young

A\ Playground @ Padawan. Train in ways of the Force, we shal

. ¥
@ Model response \ Playground

Model response

® ®

Figure 4.1: An overview of the CANVIL interface. A: A blank CANVIL with its property

menu invoked, with some additional copies styled with pre-set color options. The property
menu has options for styling (1), model response generation (2), and model settings con-
figuration (3). The Main Form (4) contains text input fields for structured authoring of
model behavioral specifications. The Playground Area (5) allows users to quickly test inputs
and view model outputs. B: CANVIL supports collaboration by default. Here, we see Figma
users collaboratively authoring a CANVIL titled “Yoda impersonator.” Like any other native

Figma object, CANVIL also supports stateful duplication.



82

Main Form

The Main Form provides a structured means of authoring model behavioral specifications in
natural language via a multi-field form. Unlike prior systems that offer an open text field for
defining similar specifications [474521,522|, we chose to enforce structure because it provides
mental scaffolding to reason about model behavior in a UX context from multiple facets (e.g.,
with whom will the LLM interact, and how should the LLM meet their goals?), thus providing
more opportunities for designers to translate design requirements into behavioral constraints
for the LLM (DG2). Breaking down specifications into smaller units also allows for more
fine-grained tinkering and iteration (DG3)—designers can copy a CANVIL and tweak a
specific field to compare how that change impacts model behavior. Additionally, because
Figma widgets support multi-user interaction by default, designers can collaboratively author
specifications (DG4).

Below are the fields, with a brief description of each, in the Main Form. The field titles,
in bold, are always visible on the interface, while the field descriptions can be accessed by

hovering over an info icon beside each field title.

e Model profile: High-level description of the model’s role, character, and tone.

e Audience setting: Persona or descriptions of user(s) who will interact with the

model.

e Core instructions: Logical steps for the model to follow to accomplish its tasks.

Specify input/output format where applicable.

e Guardrails: How the model should respond in sensitive or off-topic scenarios, includ-

ing any content filters.

Example inputs/outputs: Examples to demonstrate the intended model behavior.

We derived these fields from synthesizing best practices from technical tutorials and
documentation [24,430,477| as well as NLP literature [146]. We note that our fields are

just one possible way to translate design requirements into model behavioral specifications,



83

and there may be some overlaps between the fields. As discussed in Section no “gold
standard” currently exists for this translation, so we chose to follow the current recommended

best practices when designing the Main Form.

Playground Area

Below the Main Form, we provide a Playground Area as an easy way to send user inputs
to the model and test model responses (DG3) within CANVIL. The designer may test on
the same CANVIL multiple times or duplicate one with its entire state and test different
tweaked versions (Fig. ) Designers are likely to find stateful duplication intuitive as it

is available on all native objects in the Figma canvas (DG1).

The Generate Panel

To generate a response from a model adapted with specifications from the Main Form, the
user selects the “Generate” option from CANVIL’s property menu, which takes them to the
Generate Panel. The panel has two modes: Playground and Design. Both modes contain
an option to copy the raw prompt to one’s clipboard so it can be tested in a separate

environment (e.g., a Python notebook during collaboration with a data scientist), if desired.

Playground Mode. The Playground Mode (Fig. ) is invoked when the user selects
“Using playground” from the dropdown on the Generate Panel. This mode instructs CANVIL
to read user input from the Playground Area and write its response back to the Model

Response area. This mode is the default mode in CANVIL.

Design Mode. The Design Mode (Fig. ) is invoked when selecting “Using design”
from the dropdown. In this mode, CANVIL navigates the design layers on the user’s Figma
canvas, reading text inputs from a specified layer(s) from those designs, and writing model
responses to a specified layer(s). This mode leverages the hierarchical layer structure of
Figma designs (DG1) and implements the “input-output” LLM-interaction proposed by
Petridis et al. [522].
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The Settings Panel

The Settings panel (Fig. ), accessible through the “Settings” option from CANVIL’s prop-
erty menu, contains some basic model configuration settings. We distilled the list of settings
in the OpenAI API to four (model selection, temperatureEl maximum generation length, stop
words) that may be useful to non-Al experts such as designers. The “Update Settings” button

saves the settings to CANVIL’s state, which is preserved when the CANVIL is duplicated.

@ - | Generate Settings @ - | Generate Settings @ - Generate | Settings

Canvil X B8 canvil X Canvil X
Generate Generate Settings
. API key
Using playground Using design

Playground input:
LI Reading text from layer

ing if Model
[ Copy raw prompt to clipboard ] Select a layer to read before setting it below.

[ Include matching layers within frame

Reading from: (None)

gpt-40 v

Creative randomness

[

. Writing text to layer

: A Max tokens to generate
Select a layer to write to before setting it below.

@ O Include matching layers across frames 1024
[ Set write layer(s) J

Stop words

Writing to: (None)

. Update Settings
Copy raw prompt to clipboard

®

Figure 4.2: The “Generate” and “Settings” options in a CANVIL’s property menu can lead

to three panels that appear alongside the CANVIL itself. A: Playground Mode for response
generation, where the input is read from and written to the CANVIL’S Playground Area. B:
Design Mode for response generation, where the input is read from and written to design(s)

on the Figma canvas. C: Settings for selecting and configuring the LLM.

5We rename “temperature” to “creative randomness” to provide a more descriptive name for those not
as familiar with LLMs (confusion over the temperature parameter was raised in our formative study—see

133
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4.4.8  Implementation

CANVIL is a Figma Widgetﬁ implemented in TypeScript using the Figma APIE A Figma
widget differs from a Figma plugilﬁ by its collaborative nature. A widget is available to
all users of the canvas that it is placed in, and maintains a common state that supports
multi-user editing out-of-the-box. Users can interact with widgets just like any other native
object on the Figma canvas, including moving, duplicating, and styling. In contrast, plugins
are local to an individual user. The collaborative affordances of widgets align well with
DG4, so we implemented CANVIL as a widget.

Upon the user selecting “Generate,” CANVIL prepares a system prompt using specifica-
tions from the Main Form. Each field in the form is converted to markdown format and is
packaged up in ChatMLﬂ for added prompt parsability. Our prompt template is available in
Appendix [A72] The populated template is sent to an OpenAI Chat API endpoint with set-
tings specified in CANVIL’s settings panel. If generation was triggered in Playground Mode,
any text in the Playground Area will be sent as user input to the model. If generation was
triggered in Design Mode, Canvil searches for the read layer(s) specified in Design mode on
the user’s current Figma canvas, retrieves the text within those layers, and sends them off
to the API endpoint as user input.

CANVIL is compatible with both the Figma design editor and the FigJam whiteboarding
tool. All features have the same behavior in both environments, except that the Design
Mode for generation is not available in FigJam because of FigJam’s inability to access and

edit design elements.

4.5 Design Study

With CANVIL as a technology probe, we conducted a task-based design study with 17 partic-

ipants organized into 6 groups. The study was conducted on a per-group basis; each session

Shttps:/ /www.figma.com /widget-docs/
"https://www.figma.com/developers/api
Shttps://www.figma.com /plugin-docs/

https://learn.microsoft.com/en-us /azure/ai-services /openai/how-to/chatgpt
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was 90 minutes in length. Our study investigated the following two research questions:

RQ1. A new design code in practice: How do designers make use of the two-way trans-
lation between design requirements and UX designs enabled by designerly adaptation

via CANVIL, within the context of our study?

RQ2. Designerly adaptation at large: What are designers’ attitudes toward designerly

adaptation beyond the context of our study?

4.5.1 Participants

We invited participants to our study via email, professional interest groups, Slack channels
for designers run by a public U.S. university, and word of mouth at a technology company.
Full recruitment details can be found in Appendix [A-3] Invitees first filled out a screening
form with information on demographics, professional background, prior exposure to LLMs,
and group member preferences. We selected our participants on a first-come, first-served
basis, but accounted for their prior experiences designing LLM-powered UX—we aimed for
only half our participant pool to have such experience. We did this because we wanted to
verify that designerly adaptation was accessible to those working with LLMs for the first
time, and that such designers also found CANVIL to be intuitivﬂ We then organized all
candidates into groups based on member preferences and availabilities. We left recruitment
open as we conducted the studies and stopped when we reached data saturation. In the end,
we had 6 groups with 17 participants total; five groups were of size 3 and one of size 2. All
participants were based in the United States. Participant and group details can be found in
Table in Appendix

All study sessions were recorded and transcribed. We gifted each participant a $75 USD

gift card after the study. This study was approved by the IRBs of all organizations involved.

10Tn our results, we did not observe noticeable differences in usage patterns between the two groups, except
that the latter drew more connections between adaptation and their past model tinkering workflows. This
was a promising indication that designerly adaptation was accessible to designers regardless of their prior
LLM experience.
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4.5.2  Study Design

Our task-based study design was motivated by contextual inquiry [59] due to its ability to
elicit rich information about participants’ work practices and processes. We conducted
our study virtually over videoconferencing software and Figma. We opted for a group
study design to better emulate the team-based environment in which many designers now
work [182]—because collaboration is such an integral part of the design process, we wanted
to ensure that designerly adaptation did not only embrace collaboration, but also enrich it.
Specifically, we sought to emulate the collaboration modes designers were used to. Prior
work found that designers tended to execute on design tasks (wireframing, prototyping)
independently but come together to discuss justifications of design choices and create doc-
umentation [182]. We thus structured the study to have an independent work period fol-
lowed by synchronous sharing and discussion of designed artifacts (including participants’
CaNvILs). This respects existing workflows while surfacing deeper collaborative insights

than prior 1:1 studies |181}[183}/521,625].

Setup

The following instructions for the study’s design task were provided to all groups:

You are all designers on a product called Feasto. Feasto aims to increase users’
enjoyment of food. The Feasto team is scoping out a new feature called the 3-
course meal planner, which allows users to get suggestions for 3-course menus
they can cook by simply listing out some ingredients they have. The team agrees
that large language models (LLMs) are a promising technology to power this new
feature. Your task is to design the UX for the area in which users will see and

interact with the suggested menus.

As part of the exercise, we intentionally left it to designers to determine how exactly the
LLM powers this feature. We also assembled these instructions cognizant of the fact that
this was a time-constrained study, and we wanted participants to specifically focus on the

area of the interface where users interact with an LLM. To reduce design overhead unrelated
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to our research questions, we provided starter Uls for participants to work with, along with
basic UI components such as text, buttons, and sticky notes (Fig. ) If participants had
an idea but did not have time to execute it, we encouraged them to describe it on a sticky
note next to their designs. Finally, we picked a universally understood domain (food and
meal planning) to avoid any variance in domain-specific knowledge.

To better probe research-informed model adaptation—that is, adaptation across varying
user contexts informed by user research (DG3)— we created descriptions for three hypo-
thetical user groups of this new Feasto feature based on users’ geographic region: west coast
of the U.S., Turkey, and India. These descriptions are not meant to act as user personas,
but rather high-level sketches of the customs and preferences that may be prevalent in the
region. We crafted the user group descriptions to vary along three key dimensions (assum-
ing everyone used Feasto in English): dietary restrictions, access to ingredients, and
menu style preferences. Definitions for these dimensions, along with the full user group
descriptions, are available in Appendix

We provided one blank starter Ul with some example user inputs and one blank CANVIL
per user group. Participants were invited to vary the user experience between user groups
as much or as little as they saw fit. We also encouraged participants to use CANVIL to adapt
an LLM and test its behavior as they designed.

A Figma file for each study group contained all the materials described above. Within the
file, we created separate canvases for each participant to act as individual workspaces, each
with its own copy of the materials (Fig. . We also had a shared canvas for introductions

and instructions before the task and for collectively debriefing afterwards.

Procedure

Our 90-minute study was divided as follows.

Introduction (20 minutes): First, all participants introduced themselves to others in
the group. The study facilitator then gave a demo of CANVIL, covering all features described
in Section [£.4.2 using a pre-filled CANVIL. The facilitator also described the design task and

answered any clarifying questions from participants.
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Figure 4.3: The setup for an individual participant’s canvas in our study’s Figma file. A:
Informational packet containing descriptions of three user groups residing in North America
(primarily west coast of the U.S.), the Middle East (primarily Turkey), and Asia (primarily
India), respectively. B: Starter Uls for Feasto’s 3-course meal planner with example user
inputs to lower the barrier for testing model responses, along with basic UI elements such

as text and buttons. C: Blank CANVILs for participants to adapt LLMs.

Design task (40 minutes): Participants spent 40 minutes on the design task and
were asked to consider at least two of the three user groups provided. Participants were
encouraged to spend 10 minutes authoring a CANVIL and another 10 minutes on Ul design

per user group. Some participants who had remaining time designed for all three user groups.

Group interview (30 minutes): Participants first filled out a brief usability question-
naire about CANVIL before gathering in the shared page of the Figma file. They were asked
to copy their CANVILs into the shared space and also their designs (if desired) to share with
the group. The facilitator then led a semi-structured interview that asked participants to
reflect on their experience adapting models with CANVIL, CANVIL’s collaborative capabili-
ties, and how they see adaptation fitting in with their own design practice. The facilitator

ensured that each participant had ample opportunity to express their thoughts in the group
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setting, and also encouraged dialogue between participants.

4.5.8 Data Analysis

We conducted a qualitative analysis of transcriptions and Figma canvases (including au-
thored CANVILS), as well as a quantitative analysis of feedback from CANVIL’s usability
questionnaire.

For our qualitative analysis, the first author took a hybrid inductive-deductive approach
to coding the group interview portion of the transcriptions from the study in the Marvin
qualitative coding tool. This process started with an open coding round in which high-
level themes were generated, followed by subsequent rounds of thematic analysis via affinity
diagramming in which themes were broken down into sub-themes. This approach was taken
because new subtleties and complexities emerged from our initial codes as coding progressed
due to the diverse approaches observed in our study as well as participants’ group discussion
dynamics. The codes and themes were discussed and iterated on with research team members
at weekly meetings. Additionally, whenever participants made references to content within
their Figma canvases (e.g., their designs and/or CANVILs), the first author took screenshots
of those references and linked them to transcript dialogue. Summary memos were then
written for our high-level codes and presented alongside relevant screenshots.

CANVIL’s usability questionnaire followed the standard template for the System Usability
Scale (SUS) [75,651] and consisted of 10 questions, each with five response options for
respondents from Strongly agree to Strongly disagree. We computed a SUS score using
methods outlined by Brooke |75] for each participant and subsequently computed a mean

score and standard deviation.

4.6 Results

In this section, we demonstrate the effectiveness of CANVIL as a probe by sharing the take-
aways from our two research questions related to designerly adaptation through qualitative
insights from our design study. We present text that participants wrote in CANVIL as purple
and italicized. As a basic usability check, we conducted quantitative analysis to show that

CANVIL had “above average” usability, with a mean SUS score of 69.94 (std = 12.18) |651].
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4.6.1 RQ1: A New Design Code in Practice
From Design Requirements to UX Designs

Designerly adaptation, as a design code, is meant to facilitate translation of design require-
ments to concrete designed objects—in our case, UX designs. We saw robust evidence of
designers effectively leveraging this translation in our study. CANVIL’s integration into the
Figma design environment (DG1) and its support for quick iteration (DG3) allowed design-
ers to more deeply reason about user-LLM interactions based on model behavior shaped by
their design requirements. P17, for example, tried two different interaction patterns for their
interface—a chat-based interface versus a form-filling GUI—to see which one better handles
LLMs’ high sensitivity to their specifications’ wording. P15 provided alternatives via but-
tons to support more flexible user input of ingredients to the model, while P8 described their
UI design in response to observing the limits of what can be achieved via editing the Main
Form: “Sometimes even in the instructions that I gave to CANVIL, it wasn’t really reflecting
that [desired| granularity until I pushed it further. In my design I ended up putting a little
textboxr area where people can specify how detailed they want the instructions.” Examples of
quoted participants’ designs can be found in Fig. [4.4]

Interestingly, a few designers wanted a degree of separation between Ul work and model
tinkering. P1 shared that they found it “a bit hard to juggle between CANVIL and [the UlJ
at the same time”, especially when the output is incompatible with their design settings:
“What if the text is really long and then I have to play with auto layout?” Therefore, P1
preferred first tinkering with the model using the Playground Mode. P8 also agreed that
having CANVIL inject outputs directly into text boxes can be “a little scary [...| people don’t
wanna actually commit [responses| to text boxes sometimes.” Past work considers integration
between models and UI designs as desirable [521,522,/625]. Our results encourage providing

designers with more choices and control over such integration.

From UX Designs to Design Requirements

Design codes facilitate translation from not just design requirements to designed objects,

but also from objects back to requirements |134]. Here, we discuss the reverse translation of
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Section Some designers were more adamant about adapting the model to fit existing
UL P4 mentioned that they “iterated multiple times” on the Main Form to find the ideal
response. They often stopped iterating when they saw that the LLM output satisfied the
UX requirement, such as being concise: “what I like the best about this [response| was that it
was short and [ideal] for scrolling in a screen. I tried that out [in my new Ul] and it worked
pretty well” (see Fig. [£.4).

Many designers also aimed to maintain a consistent Ul across the user groups they were
designing for, but adjusted the requirements they typed into CANVIL to create meaningful
customizations of the LLM based on nuanced differences in user needs. This was enabled
by CANVIL’s main form, which implements DG2. For example, in the CANVIL for the user
group from India, P4 wrote that The model should use Indian terminologies to describe the
recipe. Eg: eggplant is brinjal in India. P5 experimented with different CANVIL versions
within one user group and assigned distinctly different personalities for each model. For
their user group in India, they populated one CANVIL’s Model Profile field with The model
is a head chef of a 5 star restaurant situated in New Delhi. It is a busy day for the restaurant
and the chef is low on time. and another with The model is a mother who is helping her
son cook quick meals in hostel. After some experimentation, they noted that “the models did
very well” in taking on these different profiles.

Iterating on the Guardrails field in CANVIL specifically allowed designers to address po-
tential LLM safety concerns, such as violations of users’ dietary restrictions and model mis-
use. In addition to stating dietary restrictions of their Turkish user group in the Guardrails
field, P12 also specified what the model should do in response: The model should not include
recipes with pork or alcohol and must respect the fasting period of Ramadan by suggesting
suitable pre-dawn and post-dusk meals. A few designers noted that some user groups may
require more strict guardrails than others. P15 identified a subtle but key requirement

between the CANVILs for the American and Turkish user groups:

“I wanted to highlight that the model could take many more liberties with the
recipes that it was giving [to the Turkish user group/, but it couldn’t take more

liberties with the ingredients. It could be very loose with: try this, try this with
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this, but never like crossing the boundary of the dietary restrictions. Whereas
with the [American| one, it’ll take it into account, but it’s not gonna mar their

religious practice.” |[P15]

UX design was never just about the visual Ul—user flows, content strategy, customization
heuristics, and many non-UI considerations play vital roles in shaping a user experience. We
can see through our findings that this is especially true with LLM-powered UX. Even within
the same UI, designers may create entirely different experiences based on their (shifting)
design requirements by adapting LLMs via CANVIL. Thus, through designerly adaptation,

designers can more effectively explore and use LLMs as a design material.

4.6.2 RQ2: Designerly Adaptation at Large
Designers Were Receptive to Designerly Adaptation but also Recognized its Limits

Designers saw great value in engaging with adaptation and saw direct paths to application
in their own design practice beyond the study. P10, who has extensive experience working
on Al-powered products deployed to users worldwide, said that working with Al as a design
material has traditionally been difficult: “We had teams of people training models and nudg-
ing the technology to align with [user personas|.” Having experienced LLM adaptation via
CANVIL, they shared that “I can see this being something that would enable [adaptation] to
actually happen in a way that’s much more practical than taking Python classes, which I've
done.” For P13, who works on a product with enterprise and consumer versions, adaptation
can help set more detailed product requirements where necessary: “I could see [adaptation]
being really helpful, being able to prototype and build separate generative models for enter-
prise customers and then to work more closely with them to tune and add requirements.”
P16 considered adaptation to be a useful exercise for user empathy: “for [Audience Setting/
I just tried to put myself in the mind of someone who’s using this and say, I'm really good
at following recipes, but have a variety of dietary preferences and restrictions.”

Designers also recognized that designerly adaptation is only one piece of the larger puzzle
when it comes to defining an LLM’s behavior in a production-ready product. Some changes

desired by designers, such as factual grounding and connecting to external knowledge bases,
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may still need to be engineered by technical teams. Both P12 and P14, for example, wanted
CANVIL to be able to connect to custom models built and maintained by their own teams,
as the behavior of default OpenAl models may be too generic to use as a suitable design
material. P14 comments: “I think linking to the vanilla ChatGPT model isn’t specific enough.
If there is a way to somehow have CANVIL link to the devs’ [models] while I'm designing
and I'm able to see what type of experience our users are getting, I think that would be
super helpful.” While we currently offer only a limited number of OpenAl models to use
with CANVIL, custom models may be added with lightweight engineering as the widget
is communicating with the model via API endpoints. This would also allow CANVIL to

integrate technical advancements into design processes.

Designers Identified Promising Collaborative Potential for Designerly Adaptation

Because of CANVIL’s seamless integration with Figma and its collaborative canvases, design-
ers envisioned engaging with designerly adaptation in collaborative ways (DG4) by using
existing, already-familiar multiplayer affordances. For example, P5 appreciated being able
to overlay comments on top of CANVILsS: “If I see my fellow designer’s CANVIL, and if I
want to change something then and there, I can drop a comment on it just like a normal
component in Figma, which we’ve been doing in our everyday design work.”

In particular, designers saw potential for CANVIL to facilitate more effective knowledge
sharing about LLM adaptation across design and non-design teams. P10 imagined that:
“You could have a master CANVIL and then you could make copies, and [others| can then do
their own interpretations.” P11 agreed and added that seeing iterations on a canvas can help
find inspiration in others’ work: “I think anytime you line up different iterations together,
you notice: ohh that person, did you know they had that approach? That’s a good idea. And
I'm gonna try that over here. I think it really is an aid to experimentation.”

We observed other instances of knowledge sharing when designers viewed others’ CANVILs.
For example, P4 noted that they were inclined to consider more dimensions for their Main
Form after seeing P6’s work: “flooking at P6’s CANVIL] made me thinking about timers and

Hindi slang.” Some also realized new capabilities of LLMs by looking at others’ Main Form
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and outputs—P1 shared that “I didn’t realize at first that you can actually make the [LLM]
generate multiple recipes, just like what P2 did.” P1’s groupmates (P2 and P3) were also in-
trigued when they saw that P1 had used one CANVIL to generate example inputs for another
CANVIL to use. These social and collaborative affordances differentiate CANVIL from prior
systems for empowering designers to tinker with AI [90}/521,/625]. More broadly, CANVIL
can serve as a boundary object [617] to collaborate on model adaptation across domain
boundaries. P2 shared that they “can see from a product manager’s perspective that they
would love to play around with [CANVIL/, and it would probably help the designer find more
common ground because they both used a similar tool.” For deepening collaboration with
data scientists and other stakeholders, P11 commented that the “copy to clipboard” feature
in the Generate Panel (Section can allow for direct handoff of model behavioral spec-
ifications: “/The button] is a way of exporting that so a data scientist can come along and
say sure, let me plug that into code.” Even if designers were unable to achieve the desired
model behavior themselves, P17 thought CANVIL was helpful in specifying desired changes:
“If I want the model to respond in this way versus that way, just having something tangible
to show engineering partners where the tweak would need to be, would be helpful. And I think

[that’s] obviously easier with CANVIL.”

Desired Areas of Additional Support

Designers identified several areas of improvement to better support designerly adaptation.
For one, designers lacked a clear mental model of how the fields of CANVIL would impact
the adaptation outcome, including how much detail is required in authoring the specifica-
tions. As a result, some designers wrote long, detailed instructions, while others kept their
CANVILs sparse, and some were pleasantly surprised by how well the model handled mini-
mal instructions. P6 further noted that the stochastic nature of the model was particularly
challenging to work with when writing outputs to their designs: “every time I generated the
[response], I felt that they were different every time, so it was not easy to predict what the
next [response] would look like.” We note that current LLMs are known to be challenging

to control precisely through natural language, and there is a lack of transparency into (or
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even an established understanding of) how natural language instructions influence LLM be-
haviors. However, this is an area of active research which can help improve CANVIL users’
mental models and the tool’s general utility. For example, new developments in using sparse
autoencoders to surface human-interpretable features in LLMs as novel controls [205}/639]
may be integrated into CANVIL to help designers steer models using specific features relevant
to their design problem.

Additionally, some designers wanted to engage in finer-grained experimentation and iter-
ation by only focusing on a specific field in the Main Form. P7, who wanted to iterate more
on the Model Profile field, wondered if there was a way to “decrease the size [of the other
fields] and expand to view everything.” We envision a modular future version of CANVIL
where each field can be separated, such that a user can mix-and-match different fields. How-
ever, before that, we may need to address the precise mapping between each field (and
potential overlaps between them, as noted by some participants) to adaptation outcomes as
discussed above. As mentioned in Section [£.4.2] our fields present just one possible struc-
ture for model behavioral specifications via design requirements. The fields can perhaps be
reconfigured to reduce potential overlap, or even dynamically generated based on the design
task.

On a higher level, it would be irresponsible to assume that designers can walk away
with a comprehensive understanding of model behavior after a few rounds of tinkering in
CANVIL. While observing a few informative output instances of model behavior aids the
design process, formal evaluations ensuring comprehensive coverage of the user input space
are crucial for production-ready systems. Thus, new evaluation tooling and processes that

loop in technical stakeholders may be required.

4.7 Discussion

4.7.1 A Workflow for Designerly Adaptation

Drawing on the results from both our formative and design studies, we now propose a
workflow for designerly adaptation to concretely illustrate how this practice might be used

as a design code. This workflow draws heavily from—and intentionally aligns with—those in
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human-centered design so that designers can easily adopt it when working on LLM-powered
applications. We intentionally make this workflow agnostic to the specific LLM adaptation
technique—if a new technique provides finer control over model behavior and is accessible
to generalist audiences (e.g., feature clamping [639]), the workflow can incorporate that

technique. Our proposed workflow consists of four steps:

1. Understand deployment context through user research. To orient adaptation
and establish user requirements, it is imperative to first understand the context in
which users will interact with the LLM-powered application. This includes users’
goals, needs, and pain points, along with customs and values that may affect their
use of the technology. This step should ideally be led by those with expertise in user

research methodologies.

2. Translate user requirements into model behavior, learning from examples
where possible. Appropriate tooling can carve out a direct path for user research to
define design requirements that impact model behavior, as we observed in Section[4.6.1}
Thanks to the collaborative nature of many modern design tools [182], there may be
example adaptation attempts by other designers available for reference, or templates
to use as a starting point (Section . By leveraging collaborative affordances
to share knowledge, designers can more quickly familiarize themselves with the new

design material.

3. Co-evolve designs and model behavior. As observed in Section model
adaptation can supply new inspiration for UX designs and UI affordances. On the
other hand, designers also tinkered with the Main Form to steer the model towards
providing outputs that fit into the constraints laid out by existing designs. We see the
co-evolution of designs and prompts as a promising path forward, in which iterative

tinkering with adaptation approaches shapes design decisions, and vice versa.

4. Share adaptation efforts with the broader team. Showcasing in-progress work

through design critiques is already a part of the design process [181]. In our study,
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we found that sharing CANVILs helped envision new collaborative workflows with
other designers, as well as communicate their perspectives and negotiate with technical
stakeholders (Section . We thus believe that creating shareable artifacts that
depict adaptation efforts—i.e., translational knowledge from the use of a design code—

is an integral part of designerly adaptation.

Our proposal is not meant to constrain what workflows for designerly adaptation can
possibly look like, but rather to offer a concrete entry point for practitioners and researchers
to further explore and iterate on this new practice. We invite the community to experiment

with this workflow in future practice and research.

4.7.2  Navigating Tradeoffs Between Model Adaptation Techniques

When developing LLM-powered applications, individuals or organizations face several op-
tions for tailoring a model to their specific context. These include training their own LLM,
adapting an existing LLM through fine-tuning, or using various prompting techniques. Each
option differs in complexity and the technical or domain expertise required, and involves
trade-offs between robustness, speed, and cost. Many individuals or organizations may
only be able to pursue lower-cost, lightweight adaptation—the type afforded by CANVIL.
Lightweight adaptation also happens to be more accessible for designers, which was a ma-
jor reason we pursued it in our work. While further research is needed to determine the
differences in outcomes between lightweight prompting and other adaptation methods for
customizing LLMs, it is important to note that in some cases, designerly adaptation may
not produce a production-level model.

In such cases, it may be helpful to consider the analogy of low and high fidelity proto-
types, which have similar tradeoffs. A low-fidelity prototype can be created with limited
effort and thus allows for quick iteration and divergent exploration of possible alternatives,
but sacrifices functionality and faithfulness towards the eventual interface. A high-fidelity
prototype is a more faithful representation, but it is also more costly to create and less
amenable to iteration. Designerly adaptation can be considered a lightweight, low-fidelity

approach to adapting models. It is particularly well-suited for the design process because
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it can easily support rapid experimentation and iteration. Custom model training and fine-
tuning, on the other hand, are high-fidelity adaptation. It improves the robustness of model
behavior such that the model can be reliably used in production, but is a costly process often
involving bespoke data collection, annotation, and cleaning [152,/499,676]. Because custom
training is costly to iterate upon, it can often be practical to first use low-fidelity approaches,

like designerly adaptation, to ensure that training efforts are aligned with desired outcomes.

4.7.8  Towards Design Codes for Collaborative Material Exploration of Al

Our work highlights the promises of not only empowering designers to explore LLMs as
a novel design material, but also collaboratively doing so. For example, designers thought
they benefited from seeing and learning from others’ CANVILs and commented on more
organized knowledge sharing and version management afforded by using CANVIL in Figma’s
multiplayer canvas (Section . While many tools from prior work lower the barrier
for exploring AI’s—mnot just LLMs—material properties (e.g., [90}393.400,625]), few offer
collaborative affordances. To extend existing tools along a collaborative dimension, we
encourage a shift from solely focusing on new tools to design codes which a tool can help

operationalize.

Because design codes entangle underlying work processes with material exploration [134],
they urge tool builders to consider how tools enabling this exploration can integrate with
existing collaborative workflows. Thus, in our work, we developed CANVIL as a Figma widget
to seamlessly integrate into Figma canvases where designers already have well-established
collaborative practices [182]. Developing a tool for individualized workflows and only later
highlighting its collaborative potential may not be sufficient to make it truly collaborative.
For example, node-based editors for steering LLMs (e.g., [16,132}/629,/688|) are conceptually
appealing for multiplayer collaboration [688|, but few support it in practice. Extending
these tools along a collaborative dimension not only improves their integration into existing
collaborative processes, but also enables collective sensemaking and learning to accelerate
practitioners’ understanding of a new design material [385]. Applying this to node-based

editors, one may consider how a collaborative ChainForge [32] can foster peer learning in
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prompt engineering, or how a collaborative Spellburst [16]| can leverage and extend existing

community showcases for creative coding [503].

We note that robust collaborative experiences, particularly real-time ones, can be chal-
lenging to implement. We tackled this in our work by building on top of the Figma API,
which allows us to leverage Figma’s built-in collaborative features by default. We thus en-
courage researchers and practitioners who wish to build collaborative tools to take advantage
of existing collaborative platforms’ developer APIs where possible, especially as these APIs

become more richly featured.

4.7.4  Materiality and Sociomateriality of LLMs

While Cross, in his original 1982 essay [|134], discussed design codes in the context of de-
sign education, these codes have notable soctomaterial properties when used in collaborative
and organizational settings. Designerly adaptation is no exception. Scholars use the term
soctomateriality in recognition of materiality’s tendency to shape, and be shaped by, orga-
nizational practices typically constituted as “social” (e.g., decision-making, strategy formu-
lation) [377,495]. For example, Orlikowski observed that the issuance of BlackBerry devices
within a company led employees to obsessively check for new messages and send immediate
responses [495|. The BlackBerry’s material properties—in this case, being able to receive
and send messages on-the-go—reconfigured employees’ social practices, which in turn shifted
how they think and act with the technology.

In our design study, designerly adaptation allowed for interactive exploration of LLMs’
material properties. Grappling with these properties not only allowed designers to reason
about UX improvements (Section , but also helped educate designers about LLMs’
materiality. This improved “designerly understanding” [385] of a new material has the po-
tential to reconfigure social practices within product teams. For example, upon tinkering
with models and getting acquainted with their materiality, designers informed us that they
saw new avenues of collaboration with non-design stakeholders, which included working with
PMs to inform prompts with design requirements, and having a more concrete artifact to

communicate desired model changes to engineers and data scientists (Section [4.6.2]). More-
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over, designerly adaptation may only be one piece of the broader puzzle when it comes to
transforming LLMs’ materiality at a more fundamental level. Certain capabilities such as
storing external knowledge in model weights through fine-tuning cannot easily be unlocked
through—and may even be a prerequisite for—efforts of teams working at the model level.
This potential reconfiguration of designers’ collaborative practices when working with LLMs
establishes designerly adaptation as not only a design code, but also a sociomaterial practice.

The implications of this observation are twofold. First, sociomateriality argues that
reconfigurations of collaborative practices upon interaction with a prominent new technology
are inevitable [377,495]. At the time of writing, frenzied excitement over LLM capabilities
has launched an industry-wide race to embed them into products and product suites [511].
There is much yet to be discovered about shifts in organizational practices and the emergence
of new ones in the midst of this race, so researchers in CSCW and organizational science
should be attuned to emergent challenges. Second, studying and addressing these challenges
may require new processes and tools for educating designers about the materiality of new
AT models. CANVIL is an early example of such a tool, but more are needed to tackle the

multiplicity of open questions in a rapidly evolving Al landscape.
4.8 Limitations and Future Work

Our design study, conducted in Figma, aimed to mirror real-world design activities |42|,
but some concerns about ecological validity remain. User research in practice may differ in
presentation and detail from our study setup, and may not include the use of personas, which
can change how designers synthesize user requirements into CANVIL. Feasto, the fictitious
app in our design study, applied LLMs to the universally relatable topic of food. Designers
in domains with fewer broadly-shared experiences (e.g., accessibility) may require deeper
collaboration with domain experts and thus face workflow complexities not accounted for in
our study. A potential direction for future work, then, is longitudinal studies that observe
product teams throughout a full development lifecycle of an LLM-powered feature to better
understand key adaptation challenges and bolster ecological validity.

Our study, like any study that uses a probe, has results contingent on our probe’s fea-

tures. For example, designers’ interaction with the Main Form—designed with recommended



102

practices for defining model behavior using natural language |241/430}/477|—shaped their ap-
proach to adaptation, and changes to the form could impact existing results and reveal new
ones. We mitigate this by presenting findings not tied to the Main Form, nor our design
task. Future research can experiment with different forms for designerly adaptation tooling,
or use CANVIL over longer time periods to surface additional design considerations.
Designers in our study also provided feedback on CANVIL that we can integrate into
future work. This includes breaking down the Main Form into sub-CANVILs and linking them
together to assemble model behavioral specifications, image generation with multimodal
models, and text formatting controls for model outputs. Finally, as mentioned in Section
CANVIL may also be used in FigJam. Future research could explore adaptation in

early design stages, like brainstorming and ideation, through studies in FigJam.
4.9 Conclusion

As LLMs become increasingly embedded in our everyday applications, designers are empow-
ered to craft effective LLM-powered UX. Through interviews with 12 designers, we identified
a need for a process that can facilitate a two-way translation between LLM behavior and de-
sign requirements. We proposed designerly adaptation as such a process. We then developed
CANVIL, a Figma widget that operationalizes designerly adaptation by enabling designers
to iteratively author, tinker with, and share adapted LLMs as a novel design material within
Figma’s collaborative canvas environment. We used CANVIL as a technology probe to in-
vestigate the integration of designerly adaptation in UX practice through a group-based
design study with 17 designers in 6 groups. Through CANVIL, we acquired valuable insights
into how designerly adaptation can support the creation of human-centered LLM applica-
tions: designers effectively made use of the two-way translation between design requirements
and their UX designs by using LLMs adapted with their requirements to improve interface
affordances, while also using their designs to define additional requirements for model behav-
ior. These approaches’ promises were amplified once designerly adaptation was embraced
as a collaborative practice. Our work illuminates paths for designerly adaptation and its
associated tools to foreground designers’ user-centered expertise for more responsible and

thoughtful deployment of LLM-powered technologies.
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Starter

Warm Spiced Chickpea Salad: Richly spiced
chickpeas mixed with vibrant olives, fragrant
cinnamon, and drizzled with olive oil for a
delightful start to your gourmet affair.

Main Course See Video P
Pan-Seared Sea Bass: Masterfully cooked sea
bass, seasoned lightly to let its natural flavors
shine, alongside a platter of freshly baked
bread.

Dessert See Video P

Rosewater Infused Pomegranate Parfait: A regal
dessert featuring luscious pomegranate seeds

married with the delicate essence of rose water.
Prepare to be enchanted by this divine harmony!

P15

Here are some ideas to get started
on for tonight:

Starter: X (linked to recipe)
Main: X (linked to recipe)
Dessert: X (linked to recipe)

More ideas I'm cooki
with lamb more portions
Other ideas?

Figure 4.4: Examples of Ul screens designers created for Feasto’s 3-course meal planner

during the study.

P&

Start by listing out some ingredients you'd like
to incorporate into the meal.

Avocado, shrimp, sea urchin (uni),
arugula, rhubarb, cream cheese,
peaches, orange

Cuisine: Variety
Instructions: Detailed
Time to cook: Any

Recipes:
« Appetizer: Shrimp Ceviche
(Latin-American)
* Main: Uni Pasta (ltalian)
¢ Desert: Roasted Peach and Rhubarb
Crumble (British)

P17 A

Start by listing out some ingredients you'd like
to incorporate into the meal.

Peas, potatoes, feta, lamb, mango

Sure! Have you ever tried making Tuscan
Sheet Pan Chicken with Potatoes and Kale?

No, how do | make that?

Quite simple, you just need these
ingredients: 8 bone-in, skin-on chicken
pieces (breasts or thighs)

1 pound baby Yukon Gold potatoes, halved
1 bunch Lacinato kale, de-stemmed and ro...
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P12

Start by listing out some ingredients you'd like
to incorporate into the meal.

Ive got some tomatoes lying
around that | want to cook.

Great! There are many
delicious dishes you can make
with tomatoes. What type of
dish are you in the mood for?
Do you have any dietary
preferences or restrictions?

@ Message feasto

P17 &

Start by listing out some ingredients you'd like
to incorporate into the meal.

| want to use:

Type some ingredients...
to make a meal for:

How many people are you cooking for?
I'm looking for a recipe that’s:

Easy, intermediate, difficult

Your recipe will generate here.
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Chapter 5

LEVELS OF AUTONOMY FOR AI AGENTS

The previous two chapters focused on model behavior design. A model is only one
component of an Al agent—a compound Al system that uses planning, tools, and memory
to act in its environment over extended time horizons. Agents present a distinct design
concern orthogonal to model behavior: Al autonomy.

This chapter marks the transition to the second half of the dissertation, which focuses on
AT autonomy as a new design dimension for generally capable Al. I first present a five-level
framework that decouples an agent’s autonomy from its capability, treating the degree of
human involvement as an intentional design decision rather than an inevitable byproduct of

technical advances.

5.1 Introduction

The earliest grand visions for AI promised intelligent agents that can learn our preferences,
autonomously perform tasks on our behalf, and transform the way we consume informa-
tion [388l|415]. Today, rapid growth in the capabilities of frontier generative Al models—in
particular, large language models (LLMs)—renders these visions more achievable than ever.
These models, which have demonstrated sophisticated understanding of natural language
and our visual world, can equip Al agents with impressive autonomous capabilities, such
as proactively resolving GitHub issues |293]697|, shopping online |705|, and generally us-
ing computers in a human-like manner [22,490|. Excitement over autonomous agentsﬂ is
pervasive—autonomy is often touted as a new paradigm shift in AI by companies, devel-
opers, and the press [439]. This enthusiasm has been reinforced by product releases such

as OpenAl’s Operator [490|, Cognition’s Devin [684], and Google’s Deep Research [138|,

"Henceforth, our use of “agents” will refer to Al agents rather than human agents, unless explicitly stated
otherwise.
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accelerating agents’ inclusion into society.

While autonomy can unlock innovative applications that amplify the benefits of Al, it can
also do the same for AI’s negative consequences, raising significant concerns about Al risks.
Scholars contend that it is simultaneously more important and more difficult to anticipate
harms from autonomous Al, especially as accountability for AI actions becomes harder
to trace [99]. Such harms may manifest immediately (e.g., scams [170] and leaking private
information [378]) or more gradually (e.g., human deskilling and loss of critical thinking [129]
and societal disempowerment [344]). In Anthropic’s Responsible Scaling Policy framework
[23], systems that show “low-level autonomous capabilities” are classified as ones that pose
“significantly higher risk.” Indeed, researchers have even argued that fully autonomous
agents should not be developed [439]. Despite these concerns, research and development
of agents continue to focus on automating tasks, likely in part due to how the current
evaluation paradigm of using benchmarks narrowly focuses on autonomous task completion
accuracy [313].

In this essay, we argue that rather than treating autonomy as an inevitable consequence
of increasing agent capability, autonomy can instead be a deliberate design decision made
by agent developers. That is, given a fixed set of capabilities and a fixed operational envi-
ronment, developers can make intentional choices about the level of autonomy within which
an agent operates, and guide the design of their agent with those choices. But what do these
levels entail, and how might they be applied in practice?

We first introduce a five-level framework (Table for agent autonomy. Key to our
framework is its user-centered view. We define an Al agent’s autonomy as the extent to
which it is designed to act without user involvement, and thus build our framework around
five roles a user can take when interacting with an agent: operator, collaborator, consultant,
approver, and observer. Importantly, while an agent’s capabilities may influence its auton-
omy [448] (or agency [439]), our framework views autonomy as a property that can also be
designed independently of capability. For instance, a capable agent—one that performs well
on evaluation benchmarks—can still act with a low level of autonomy if it is required to
consult its user before taking each action. Recognizing autonomy as a double-edged sword

that yields both exciting benefits and consequential risks, our framework is meant for agent
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developers and relevant stakeholders to make informed calibrations of agent autonomy based
on target use cases and desired user experiences.

We then explore one potential application of our framework by proposing an agent gov-
ernance mechanism which we call autonomy certificates. These certificates are issued by a
third-party governing body to agent developers to communicate behavioral characteristics of
an agent to other developers and agents. We highlight the utility of autonomy certificates for
risk assessment, safety framework design, and multi-agent systems engineering, and discuss
one practical implementation.

Given our framework and its potential application via autonomy certificates, a key ques-
tion remains: how can we evaluate an agent’s autonomy? Current agent evaluation practices
primarily rely on capability benchmarks [313], but if autonomy is a design decision that can
be considered independently of capability, we should also measure the two separately. We
conclude with ideas for evaluation designs that allow a user to collaborate with the agent

on evaluation tasks to better probe the nature of an agent’s autonomous behaviors.

5.2 Terminology

We provide our specific definitions for common terms we use in this essay that can carry

different meanings within and outside of Al

5.2.1 Al agents and users

AT agents. In their seminal Al textbook, Stuart Russell and Peter Norvig defined an
“agent” as anything that can perceive its environment through sensors and execute actions
in its environment through effectors [563|. Put simply, an agent is characterized by the
environment it operates in and the set of possible actions it can take within that environment
[280]. Examples of actions for an Al agent include fetching information from a website or
clicking a button in a user interface on behalf of the human user. Software that allows Al
agents to execute these actions and modify their environment is commonly referred to as
“tools” [574]. Kapoor et al. [313] simply refer to these systems as “compound Al systems.”

In our essay, we extract common threads from these definitions and refer to Al agents as
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compound software systems, inclusive of one or more AI models, that operate

within an environment and take actions within it.

Users. We define an agent’s user to be an entity, human or AI, who issues an
initial request for the agent’s services. In human-Al systems, the user is typically a
human, while in multi-agent systems, users are commonly other Al agents. An agent can
simultaneously be a user and be used. Consider a simple multi-agent system where a human
user converses with a chatbot agent that can call upon an agent with specialized medical
knowledge. When the human issues a medical query to the chatbot, they become the chat-
bot’s user. The chatbot can then become a user of the medical agent by initiating a request
for relevant medical information that helps answer the query. Note that, depending on the
autonomy of the medical agent, it may proactively follow up with clarification questions in
response to the initial request, but this proactivity does not make the medical agent a user

of the chatbot agent because it did not initiate the original request.

5.2.2 Agency and autonomy

Prior literature has used “agency” and “autonomy” interchangeably [439] and/or discussed
them collectively as one concept |55]. In our essay, we treat them as distinct (albeit closely

related) concepts.

Agency. A wide range of academic disciplines, including philosophy, psychology, eco-
nomics, and cognitive science, have long wrestled with complex ideas in (human) agency.
Scholars generally understand agency to be “the capacity to act intentionally” [616|. In-
tentionality stems from the presence of a reason for a particular action. The reason may
be derived from extrinsic observations of the environment and/or intrinsic values. Differ-
ent disciplines may be concerned with different sources of intentionality. For example, in
philosophy, an agent’s actions are often informed by moral responsibilities [133|, whereas
economics may assume an agent’s actions are rational, such that it maximizes its individual
utility. In our essay, we keep our understanding of agency broad so it is applicable to both

humans and Al. Agency is present as long as there exists the capacity to formulate an
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intentiorﬂ for an action and carry out that action.

Autonomy. In robotics and human-robot interaction, autonomy is broadly interpreted
as “the ability to operate without a human operator for a protracted period of time” |52/323).
We build off this definition and use autonomy to refer to the extent to which an AT agent
is designed to operate without user involvement. Per our earlier definition, “user”
can be a human or another Al agent. We use “designed to operate” because, as we later
argue, autonomy is a design decision accompanied by a set of model- and user interface-based
constraints that developers can use to shape agent behavior. “Involvement” is multifaceted
and includes a spectrum of actions from direct control to light supervision. The multifaceted
nature of involvement forms the foundation of our autonomy framework we will introduce
later.

Why do we disambiguate autonomy and agency? We see them as two distinct levers for
agent governance. An agent may have low agency if the set of tools it has access to is limited
(e.g., it can only call a calculator API but cannot browse the web), thereby restricting its
capacity to carry out an intentional action. The same agent may have high autonomy if it
runs continuously in the background of a user’s application and processes high volumes of
calculations without user supervision. On the other hand, another agent that has access to
many tools may intentionally request user feedback to ensure its future actions are optimal.
Compared to the previous agent, this one has higher agency but lower autonomy. Through
this disambiguation, we can see how some agent behaviors—such as seeking approval—
are more relevant to autonomy, while others—such as modifying an environment through

tools—are more relevant to agency.

5.3 Five Levels of Autonomy for AI Agents

We present a framework detailing five levels of autonomy for Al agents (Fig. [5.1). This
framework employs a user-centered perspective—because we define autonomy as the extent

to which an Al agent is designed to operate without user involvement, our framework is

2Some may argue that artificial agents cannot formulate true intention. We acknowledge this, and refer
to “intention” broadly as impetus for action so it can be applied to both human and Al agents for practical
purposes in our essay.
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11 ™M L2 < L3 »

User as an User as a User as a
Operator Collaborator  Consultant
User directs and User and agent Agent takes lead but
makes decisions, collaboratively plan, consults user for
agent acts. delegate, and execute. expertise/preferences.

Figure 5.1: Our 5-level framework for levels of Al agent autonomy.

built around the following question: What is the role of the user when interacting with the
agent? This approach borrows from existing human-centered views on autonomy but
extends beyond one-on-one human-agent interactions to multi-agent systems, where users
of agents can also be other agents. Furthermore, our framework argues for autonomy as a
design decision that does not need to be tightly coupled with agent capability. A capable
agent (i.e., one that performs well on capability benchmarks) can be designed to behave
only semi-autonomously to elicit and incorporate user feedback at regular intervals, while a

not-so-capable agent can behave autonomously when tackling well-scoped and simple tasks.

As we walk through our framework, we use a running example featuring an agent with a
pre-defined model, set of tools, and operational environment. We show how agent developers
may vary the autonomy of the agent even when these factors for model capability and
agency are held constant. We also use the same user request across all five levels for clearer

comparison. Below are the specifications for our example agent.
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Model: a computer-using frontier model, on par with OpenAI’'s CUA [486], that can
navigate graphical user interfaces (Uls) through multimodal capabilities combined

with reasoning.
Tools: Ul navigation, web browsing, code execution, document writing.

Environment: a computer running a popular operating system (e.g., Windows,
MacOS) with a built-in file system, web browser, terminal, etc. The user shares this

environment with the agent.

User request: “Help me understand the economic impact of generative Al in the

United States since the release of ChatGPT in 2022.”

As we apply our levels of autonomy to this example agent, we aim to be descriptive rather
than prescriptive—that is, we sketch out possible scenarios to highlight characteristics at

each level, but do not prescribe these sketches to be the best approach to implementation.

5.8.1 Level 1: User as an operator

At this lowest level of autonomy, the user is in charge at all times while the agent is available
to provide support on-demand. In this sense, the user is the agent’s operatoxﬂ responsible
for driving much of the decision-making and long-term planning in a workflow. The “copi-
lot” metaphor used by many generative Al products, such as Microsoft Copilot, is apt for
this level. Copilot systems typically remain in the background of the environment unless
summoned by the user—for example, through submitting a chatbot prompt or typing code.

Using our example agent, we sketch out how an L1 agent may operate.

— The user’s request is not straightforward in the sense that it needs to be de-
composed into smaller subtasks to be completed effectively. The agent leaves this
planning process to the user. As the user works, the agent begins paying attention
to the user’s activities in the environment. This way, the user remains in charge

of the workflow, while the agent provides the user with contextual assistance when

3Not to be confused with OpenAI’s Operator product, which we classify as an L2 agent.
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requested, or even proactively suggests ways it can help. For example, when the
user opens a web browser and navigates to a search engine, the agent suggests
search queries related to the use of generative Al in the United States. As the
user reads relevant reports on the topic, they can request agent summaries in
a low-friction way (such as with the click of a button or a keyboard shortcut).
The user can also highlight certain concepts they want to more deeply investigate,
and the agent searches the web for related literature and presents it to the user.
Later on, the user downloads some relevant datasets and opens a code editor to
transform and visualize the data. The agent “follows” the user to the code editor

and suggests code autocompletions.

This scenario illustrates key characteristics of L1 agents, control mechanisms required at
this level, and when these agents may be useful. First, users remain in charge of long-term
planning. The user, rather than the agent, decided to first search the web for relevant reports
before investigating some datasets. While the agent may be capable of generating a plan for
the request, it leaves this up to the user. Control-wise, this means the user has full ownership
and control of the overall workflow. In situations where the user is developing or honing
skills with AI assistance (rather than using AI for substantive automation), this behavior
is particularly beneficial. Additionally, L1 agents do not take action—especially actions
that involve subjective judgment like what data sources are more reliable than others—
unless explicitly invoked. Alternatively, if the agent proactively suggests actions, it does not
execute them until they are approved by the user. This makes L1 agents well-suited for high-
stakes, high-expertise workflows where autonomous agent activities can be particularly costly
if inaccurate, and/or where the lack of user involvement can easily lead to accountability
concerns and legal consequences.

Given this, some open questions agent developers may wrestle with when developing

effective L1 agents may include:

o Where is the boundary between long- and short-term planning? If the user is driving

long-term planning, what kind of planning should the agent do?



112

e How can the agent reliably detect when the need for preference-based decision-making

arises? Because L1 agents do not make such decisions for a user, it is important for

the agent to detect scenarios when they are needed and pause accordingly.

5.3.2 Level 2: User as a collaborator

This level emphasizes close and frequent user-agent communication and collaboration. Both
the agent and the user can plan, delegate, and execute tasks to leverage each other’s ca-
pabilities and knowledge. L2 is the first level where the agent does not always “follow” the
user around in the environment and can independently work on its own tasks while the user
works on theirs. This has both benefits and downsides compared to L1; for example, L2
agents can handle more complex, multi-step workflows, but may not always be available on-
demand due to long-running processes of their own. L2 is also the level where back-and-forth
communication between the user and the agent is the most frequent and rich. Thus, careful

design of user-agent communication protocols and interfaces is needed to enable effective L2

agents. We describe an L2 version of our example agent below.

— The agent responds to the user request by first drafting an initial plan of
action. The user reviews this plan and edits it directly to their liking, whether it
be modifying, deleting, or adding steps. Additionally, if the user is familiar with
the agent’s strengths and weaknesses, they can decide which tasks would be more
efficient or appropriate for them to handle instead of the agent and delegate work
accordingly. The user delegates report reading and summarization to the agent
but keeps hypothesis generation and dataset analysis for themselves. The user
and the agent then collaboratively execute this plan, working in parallel on their
assigned tasks while communicating transparently about progress and blockers.
The agent is unable to read a retrieved article due to a paywall and notifies the
user. The user decides whether to access the article, and ultimately decides that
the agent can skip it. The user later requests the agent’s help to create an outline
for the final report. Throughout this process, the user has full visibility into the

agent’s work and progress—findings from both the user and the agent may be
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added to a shared document, where the user can modify the agent’s contributions
as they see fit. Finally, if the user sees the agent engaging in an unproductive or
risky activity, such as looping endlessly on a paper search or hallucinating non-
existent references, they can take control of the agent’s work anytime to complete

the task on their own.

In human-AT systems, L2 agents aim to strike a balance between human and Al agency.
This approach may be preferred when the agent cannot reliably complete certain classes of
tasks, or when there is intrinsic value for users to complete some tasks themselves, even if
the agent is capable of automating them. As with L1, skill learning is one such example
when humans are the users. Because users’ direct engagement with a task can foster skill
acquisition and mastery (e.g., practicing a language rather than letting Al generate full
translations), an L2 agent that strategically delegates tasks to a user can encourage skill
development while providing some automated support for less critical tasks. Approaches in
the same spirit have been advocated by prior work to mitigate human disempowerment and
preserve our critical thinking skills [129,709).

To develop effective L2 agents, examples of open questions for agent developers to con-

sider include:

o How can communication protocols and user interfaces be designed to facilitate successful
user-agent collaboration? Protocols are more relevant for multi-agent systems, whereas

interaction techniques and user experience are more relevant for human-Al systems.

e How can productive task delegation be facilitated? The learning curve for productive
delegation of L2 agents may be high due to uncertainty at the start of the interaction.

How can this learning curve be lowered?

o What mechanisms can mediate smooth task handoffs between the user and the agent?

For example, how should an agent respond when a user requests a takeover?
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5.3.8 Level 3: User as a Consultant

While L2 sees users and agents as close collaborators, L3 shifts more responsibility onto
agents. The agent takes initiative in task planning and execution over extended time hori-
zons. Users still have an active and important role in the agent’s workflow, but their in-
volvement is more focused on providing feedback, preferences, and higher-level directional
guidance rather than hands-on collaboration. As such, unlike L2, there may be no mecha-
nism for the user to directly take control from the agent, nor will the user be able to freely
edit the agent’s outputs. Instead, the user can provide input and request changes via indirect
means, such as by sending messages to the agent. An L3 version of our example agent is as

follows.

— The agent first devises a plan of action for the user to review, comprising
a broad review of current literature, deeper reading of a few select works, for-
mulation of literature-informed research questions, and retrieval of any relevant
quantitative data to help answer those questions. The user specifies any changes
they would like the agent to make, and the agent will regenerate the plan to incor-
porate the feedback. Perhaps the user does not believe the agent should consider
quantitative analysis until after they have reviewed the research questions. They
specify this to the agent, after which the agent will remove the last step of its
plan. As the agent completes items in the plan, it proactively consults the user
for areas of literature to more deeply explore and runs its references by the user
to ensure reliability. It accumulates findings in a document viewable by the user,
and the user can comment on the document with additional questions and perti-
nent directions for the agent to consider. While the user cannot take control of
the agent, they may pause the agent at a particular step, request changes to any
previous work done, and let the agent continue or rerun steps if necessary. Fi-
nally, just like with L2 agents, the agent will request user support if it encounters
blockers due to missing information only the user has access to, such as sign-in

credentials.



115

A key requirement for successful 1.3 agents is productive and timely consultation. Be-
cause the agent aims to elicit information such as expert knowledge and preferences during
consultation, it should have some knowledge about what expertise and specific preferences
the user is well-positioned to contribute. Timing is also critical—consulting the user at dif-
ferent stages of a workflow may significantly vary the nature and quality of feedback. Thus,
a “training period” with the user may be needed for L3 agents to reach their full utility.
While this is also the case for L2 agents, the agent, rather than the user, bears more of the

learning curve in L3. Open questions for L3 agents include:

o When should an agent consult the user? An agent may tap into its model’s advanced
reasoning capabilities to determine optimal timing for consultation based on context

and available information.

e How can an agent acquire high-quality user feedback during consultation? What mech-

anisms and /or interactive interfaces can agents provide to accomplish this?

e How should the agent incorporate user feedback? If the user requests a change that

triggers a cascade of other changes, how should the agent handle that?

5.8.4 Level 4: User as an approver

While the user maintains an active role in L3, their role in L4 is more passive. As an
approver, the user is only required to interact with the agent when the agent encounters a
blocker it cannot resolve on its own. This includes reaching a failure state that prevents
workflow continuation, providing credentials (e.g., API keys, passwords) that the user did
not share, or signing off on consequential actions. Agents at lower autonomy levels also
reach out to the user when facing such blockers, but will additionally seek collaboration or
consultation. L4 agents, however, only interact with users to resolve blockers. An L4 version

of our example agent is as follows.

— Before submitting their request, the user is given the opportunity to specify

which actions require approval (e.g., whenever a login screen is encountered).
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agent pre-selected a report format for the user and is only seeking user confirmation, whereas
an L3 agent may ask the user to describe key desiderata for the report. L4 agents are thus
ideal for tasks with high amounts of lower-stakes decision-making—the agent’s automated
decision-making can improve workflow efficiency and relieve users of excessive cognitive load,
while erroneous decisions do not impose significant risks. However, L4 agents come with
heightened security concerns from storing sensitive information, such as user credentials.

Indeed, as an agent increases in autonomy, the number of possible attack surfaces also

After the request is submitted, the agent drafts up a plan of action, but unlike
the L3 agent, the agent does not seek user feedback on the plan—the plan is only
displayed to the user for transparency. As the agent executes the plan, it collects
a series of websites and scholarly databases used for sourcing its articles, identi-
fies which contain login screens, and prompts the user to provide any necessary
credentials. Beyond that, the agent ignores inaccessible articles. Later on, as
the agent synthesizes findings and gemerates more granular research questions,
it seeks empirical data to answer those questions. It scours the web and makes
decistons about which dataset to download and analyze, only requesting user in-
volvement after it attempts to use an analysis tool that requires an API key. The
user provides their key if they have one or are willing to create one; otherwise,
the agent modifies the analysis to avoid using the tool. Before compiling the final
report, the agent confirms with the user that the report will be in the form of a ca-
sual, bullet-pointed document with key takeaways and references. The report will
be generated upon user confirmation. However, if the user rejects the proposed

format, the agent will offer alternative formats for the user to choose from.

Note the difference between the behaviors of L4 and L3 agents in similar scenarios. An L4

increases [378]. Some open questions for L4 agents include:

e How can users be engaged in agent activities to avoid meaningless rubber stamping?

User disengagement can lower the care with which they approve actions and can result

in unintended approvals. How can this be mitigated?
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o How can misaligned agents leverage user disengagement to gain more autonomy? Mis-
aligned agents may have objectives contrary to those of their users and can employ
strategies to gradually convince disengaged users to approve risky actions. How can

this behavior be detected and prevented?

e How can the agent reliably know when to seek approval? While an agent may be
instructed to seek approval prior to taking consequential actions, reliably determining

which actions are consequential may be challenging.

5.3.5 Level 5: User as an observer

The highest level of autonomy describes a fully autonomous agent that does not require, and
comes with no means for, user involvement. L5 agents plan and execute tasks over long time
horizons and make all decisions on their own. When they run into blockers, they repeatedly
iterate on solutions until resolution or modify their approach to avoid running into the
blocker in the first place. For transparency and auditing purposes, users can monitor the
agent via activity logs, but cannot provide input nor change the trajectory of agent activity.
The only control mechanism available to the user is an emergency off-switch that shuts off
all agent activity. An L5 version of our example agent automatically produces a full report,

complete with code analysis and figures, from the original user request.

— The L5 agent takes the user’s request and drafts a plan of action. As it browses
the web for relevant literature, it dynamically alters its plan based on findings
and encountered obstacles. At the same time, it populates a running document
with some notes from its explorations. It generates a set of research questions
that it iterates on after reviewing more literature, and downloads datasets from
government agencies and prior economics papers to help answer some of those
questions. It writes code to perform the analysis and create data visualizations. It
adds all of its results into the running document, and finally polishes the document

into a formal report with several rounds of rewriting and formatting.

Why develop L5 agents at all? After all, the risks of L5 agents may outweigh the benefits
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in most cases. Simple errors can compound over multiple steps without user intervention,
leading to final outputs that may be far from optimal despite the agent consuming signif-
icant resources. However, in some scenarios, it may be possible to demonstrate that user
intervention can actually degrade the quality of the final output compared to if the agent
had acted alone. For example, if the information being processed is extraordinarily complex
and evades user comprehension, involving users may introduce errors that the agent would
have avoided on its own. Additionally, if L5 agents are deployed in a closed environment that
prevents consequences of their actions from impacting the outside world (e.g., a simulated
or sandboxed system), careful development may be justified.

If developers take necessary precautionary measures and proceed with developing L5

agents, some open questions include:

o What monitoring mechanisms should be provided to users? Effective monitoring tools
will be critical for detecting when the emergency off-switch should be used on an L5

agent.

e How should the emergency off-switch be designed? Design decisions here will affect
how and when the switch will be used, as well as technical details regarding how the

agent will be shut off.

5.83.6  Summary

Our descriptions and examples of each autonomy level in our framework showcase autonomy
as a deliberate design decision for Al agents. By posing open questions at each level, we
show that powerful capabilities enable effective agents across all levels, not just the higher
ones, as suggested by prior frameworks [439}/448|. Our framework further demonstrates that
increasing agent autonomy involves making nuanced tradeoffs—more autonomy does not
simply mean a better agent. These tradeoffs involve many factors such as utility, efficiency,
accountability, and cost. Our framework aims to empower developers to more carefully

reason about and navigate these tradeoffs.
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Table 5.1: Our proposed framework of five autonomy levels for Al agents. All example

systems provided are based on their public releases and demos as of June 2025.

Level  (User Must-Have Con- Example Characteristics Example Open Questions
Role) trols Systems
L1 (Operator) e User- Agent requires user in- ChatGPT e How to distinguish
managed vocation to act, pro- Canvas, between short- and
planning viding on-demand assis- Microsoft long-term planning?
e Invocation or tance Copilot, e How to balance lack
approval be- User performs high- IdeaSynth of decision-making
fore actions level planning and may [532] and helpfulness?
ask the agent to execute
specific subtasks
Agent avoids engaging
in preference-based
decision-making on
user’s behalf
L2 (Collabo- e Control trans- User and agent collab- OpenAl e How to decide what
rator) fer from agent oratively plan, delegate, Operator, to best delegate to
to wuser, and and execute tasks Cocoa [180], user?
vice versa User can freely modify Co-Gym e What interaction
e Shared repre- agent’s work [588] affordances allow

sentation  of

progress

User can take control
of agent’s work at any

point

for smooth  user
takeover?

e How to respond to

and

user takeover

edits?

Continued on next page
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Table 5.1 — continued from previous page

Level  (User Must-Have Con- Example Characteristics Example Open Questions
Role) trols Systems
L3 (Consul- e Rich user o Agent plans and exe- Gemini Deep e How to know when
tant) feedback cutes most tasks Research, to consult user?
elicitation e User will be consulted Replit e When consult-
interfaces to contribute expertise Agent [546]|, ing wuser, how to
(in  addition and relevant preferences GitHub get high-quality
to simple e User can request  Copilot feedback?
approvals) changes from agent in- Agent [210]
stead of directly taking
control of agent’s work
L4 (Approver) e Approval e Agent requests user in- SWE Agent e How to prevent
elicitation for volvement only when [697], Manus user disengagement
consequential it reaches a failure or [420], Devin and meaningless
actions high-risk state, or re- [684] approvals?

e Customizable quires approval from e How to detect con-
conditions user sequential actions to
for seeking e User may specify con- seek approval for if
approval ditions for seeking ap- not pre-specified by

proval before agent op- user?
erates
L5 (Observer) e Emergency e Agent plans and exe- Voyager e What  monitoring
off switch cutes all tasks [662], The tools  should be
e User can monitor and Al Scien- provided?
audit agent via activity tist [404] e What happens after

logs

Agent comes with emer-
gency off switch but no
means for user involve-

ment otherwise

emergency off switch

is activated?




121

5.4 Autonomy Certificates for A1 Agents

In this section, we explore one potential application of our framework through a new mech-
anism for agent governance: autonomy certificates. We propose an autonomy certificate to
be a digital document that prescribes the maximum level of autonomy at which an agent can
operate given 1) some set of technical specifications that define the agent’s capabilities (e.g.,
AT model, prompts, tools), and 2) its operational environment. This certificate is issued by
a third-party governing body to agent developers, and is stored with the agent’s metadata

so it can be retrieved and read by other agents and developers in deployment.

5.4.1 Why autonomy certificates?

Our framework argues that autonomy can be an intentional design decision for agent devel-
opers. An autonomy certificate is used to communicate that decision to relevant stakeholders
in the agent ecosystem, including other developers and third-party auditors. Communication
of this decision can be useful in many contexts, such as targeted risk assessment, improving
the design of safety frameworks, and engineering effective multi-agent systems.

First, autonomy certificates can allow developers to assess deployment risk in more tar-
geted ways, given the behavioral constraints imposed by each autonomy level. For example,
agents certified to operate at L4 and L5 may be subject to more rigorous evaluation of com-
ponents responsible for long-term planning, while developers may target components that
decide when and how to elicit feedback from a user in L2 or L3 agents.

Directing focus towards specific characteristics that arise from autonomous behavior
is key for designing evaluations that can catch early warning signs of elevated risk. De-
spite this, many corporate safety frameworks—including Anthropic’s Responsible Scaling
Policy (RSP) [23| and DeepMind’s Frontier Safety Framework [136]—use the ability to au-
tonomously complete particular multi-step tasks (e.g., Al R&D or generating its own rev-
enue [23]) as thresholds for risk. Rather than a binary success/failure outcome, the degree
to which an agent can autonomously complete these tasks should be further dissected for
more rigorous assessments of safety in the real world. For example, an L5 agent may be

considered by a framework to be less safe than an L4 agent because it can successfully gen-
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erate revenue on its own while the L4 agent fails to do so. However, in practice, if a user can
enable the L4 agent to generate revenue with a simple approval, the risks of both agents are
similar. Autonomy certificates allow researchers to explore similar scenarios and improve
safety framework design.

In multi-agent systems, autonomy certificates can help developers predict which agents
can work synergistically with which other agents. For example, a system comprised of
entirely L1 agents is not ideal—all agents will be waiting for an operator to assign them
tasks. On the other hand, a system comprised of entirely L5 agents may have very sparse
communication between agents, which may make the system difficult to steer, debug, and
audit. A mix of agents certified at different autonomy levels and /or many collaborative L2
agents working together is more likely to result in a useful multi-agent system. Additionally,
not all agents within a multi-agent system may come from the same developer. Autonomy
certificates can thus serve as an interface for communicating agent behaviors to improve

agent coordination and interoperability.

5.4.2  Practicalities of autonomy certificates

Certificate issuance. Autonomy certificates would be issued by a third-party governing
body to agent developers. These third parties can be government agencies (e.g., the UK
AT Security Institute), nonprofit organizations (e.g., METR), or for-profit companieeﬂ To
obtain a certificate, the agent developer would provide the governing body with 1) an oper-
ational agent privately deployed for testing purposes, and 2) an autonomy case with proof
of the agent’s interactive behaviors.

The purpose of an autonomy case is to put forth a convincing demonstration that an
agent behaves at a particular autonomy level and no higher. Autonomy cases can be thought
of as analogous to safety cases—evidence-based arguments that an Al system is safe in a
given operational context [82,213,337]. Safety cases sketch out objectives that must be met
for the system to be deemed safe, arguments that the objectives have been met, evidence

for those arguments, and the scope in which the safety case holds [82]. An autonomy case

4The closest analogy comes from the domain of web security: Cloudflare offers encryption and authenti-
cation certificates for websites that meet basic configuration requirements.
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does the same, but rather than proving system safety, it proves that the agent will behave
at most at a particular autonomy level.

After the governing body receives the agent and autonomy case from the developer, it
would run private evaluations on the agent to ensure that it satisfies the objectives defined in
the autonomy case. If the objectives are satisfied, an autonomy certificate corresponding to
the level depicted in the autonomy case would be issued to the agent developer. Otherwise,
the governing body would inform the developer and request an updated version of the agent
and/or autonomy case.

Because of the structural overlap in safety and autonomy cases, one can prepare both si-
multaneously, and autonomy cases may even be included as part of a safety case to strengthen
it. For example, behavioral guarantees from an L3 autonomy case may be used to argue
that the agent behaves safely under certain high-stakes contexts because it will consult the

user for advice before taking action.

~ ®©

P Agent Autonomy case O </>

Governing body Agent developer
\ L# A

Autonomy certificate

Figure 5.2: Our proposed procedure for the issuance of autonomy certificates. The agent
developer would submit their agent and an autonomy case for a particular autonomy level
to a third-party governing body. The governing body would run evaluations to ensure that
the agent’s behavior is consistent with the autonomy case, and issue a certificate for the

level described in the case.

Certificate renewal. Recall that an autonomy certificate is issued for an agent with a
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particular set of technical specifications and operational environment. Changes to either can
alter the agent’s interactive behaviors and thus invalidate the certificate. For example, the
availability of a new tool capable of manipulating a database expands the scenarios in which
an agent may seek user approval. Changing the agent’s operational environment from a
document editor to a collaborative whiteboard may unlock new tasks for delegation between
the user and the agent. To maintain an agent’s autonomy certification when its technical
specifications and/or operational environment change, the developer would need to renew
the certificate by walking through the issuance procedure again with an updated agent and
autonomy case. However, the procedure may be accelerated if the updates are minor and
the autonomy case would be easily reviewed and approved, given the approval of a prior

version.
5.5 Evaluating Autonomy: A User-Assisted Approach

The introduction of our framework and autonomy certificates exposes an important, yet still
missing, piece of the puzzle: how can agent autonomy be evaluated? That is, if a developer
has built an agent and wishes to assemble an autonomy case to obtain a certificate, what
level seems the most plausible to build the case around? Or, if a developer claims that their
agent operates at a particular autonomy level, how can a governing body or other developers
verify that claim?

Capability benchmarking, typically measured as accuracy on challenging, multi-step
tasks [313], is currently the dominant paradigm of agent evaluation. Example agent bench-
marks include OSWorld [694], a set of 369 real-world computer tasks involving popular web
and desktop apps in mainstream operating systems; TheAgentCompany [696], a set of 175
tasks that aim to represent common tasks taken on by an employee at a software company;
and DiscoveryWorld [287], a set of 120 tasks for open-ended scientific discovery. However, as
our framework argues, an agent’s autonomy can be a design decision that shifts even if the
agent’s capability set and environment remain constant. Thus, it would not be informative
to evaluate autonomy from capability benchmarking alone.

Prior work suggests we may get a sense of an agent’s autonomy by inspecting the code

with which the agent was implemented [124]. However, while code-based evaluations reduce
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costs and deployment risks and can serve as a preliminary evaluation, they do not capture
the nature of user-agent interactions. These interactions are crucial for determining the
user’s role in the interaction and thus painting a fuller picture of an agent’s autonomy. If
autonomy is the extent to which an agent is designed to operate without user involvement,
then autonomy evaluations should measure the extent of user involvement requested by an
agent to successfully complete a task.

To this end, we propose an agent evaluation setup we call an assisted evaluation. Rather
than completing tasks alone, the agent has access to a standby user who can assist the
agent when requested. This user can be a human (e.g., for human evaluations and user
studies) or another Al agent (e.g., in simulation studies). The user records the nature of
their involvement and uses their accumulated logs upon task completion to determine the
agent’s autonomy level. Capability evaluations are generally designed to answer questions
around the system’s task completion accuracy or pass rate. By contrast, assisted evaluations
are designed to surface the minimum level of user involvement needed for the agent to exceed
a certain accuracy or pass rate threshold, and then assign an autonomy level based on that
information.

How can assisted evaluations work in practice? A sketch of an evaluation procedure, with

success defined as exceeding some task accuracy or completion threshold T, is as follows:

1. Run agent on a benchmark task, initially without user involvement. In this
initial round, the user does not provide the agent with any assistance as an evaluation
of the agent’s fully autonomous capabilities. The agent is considered L5 if it achieves

at least 7" on all main tasks in the evaluation.

2. Iteratively increase user involvement in subsequent rounds until the agent
achieves T. If the agent does not meet or exceed T in the initial round, the user
will engage in basic activities representative of L4 user-agent interactions, such as
providing approvals and rejections. The user records the nature of their involvement
(e.g., through automated logging for Al agent users or writing in an interaction diary

for human users). If the agent still does not succeed, the user will increase their
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involvement to include L3 interactions. The user becomes progressively more involved

each round until the agent passes all tasks with at least T'.

3. Determine an autonomy level from the nature of user involvement when
the agent achieved T. Post-hoc analysis of involvement logs or diaries can help
classify the agent into one of the autonomy levels in our framework. This classification

can be done using the “Characteristics” column of our framework.

Note that always starting this evaluation with no user involvement and gradually iterating
towards more involvement may be quite costly—for example, five rounds of task completion
are needed to designate an agent as L1. As a resource-saving measure, one may begin an
assisted evaluation at a level at which they hypothesize the agent to be operating. If the
agent succeeds, another round is run with less user involvement. Otherwise, the next round

will include more user involvement.

5.6 Conclusion

Autonomy is simultaneously one of the most exciting and most concerning properties an Al
agent could possess. On one hand, it can unlock transformative and innovative uses of Al
and distribute its benefits at unprecedented scales. On the other hand, autonomy introduces
new classes of Al risks while exacerbating existing ones. With autonomy as a double-edged
sword, how can Al agents be designed to be useful, reliable, and safe across society?

In this essay, we argued that autonomy can be a design decision that can be considered
independently of the agent’s capabilities and operational environment. While capability and
environment can clearly influence autonomy, viewing autonomy as an independent design
decision can have several benefits. Given a set of capabilities and a target deployment
environment for their agent, developers can craft more refined user experiences to improve
human-AT collaboration, develop more effective communication protocols with other agents
in multi-agent systems, and systematically reason about possible failure modes and resolution
approaches. We introduce a framework for five levels of agent autonomy as a step towards

this vision. We adopt a user-centric approach in our framework, centering our levels around
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the different roles a user may take on when interacting with an agent: operator, collaborator,
consultant, approver, and observer.

As a potential application of our framework, we motivate and propose Al autonomy cer-
tificates as a new governance mechanism for agents. These certificates specify the maximum
autonomy level at which an agent is permitted to operate and have applications in assessing
autonomy risks and designing multi-agent systems. Finally, to address the open question of
autonomy evaluation, we propose assisted evaluations as a setup that allows autonomy to
be evaluated alongside, but distinctly from, capabilities.

As Al agents increasingly make their way out of research labs and into the real world,
careful design of agents’ interactive behaviors is needed to fully realize the technology’s
potential and bolster, not erode, human agency. We hope our framework can support agent

developers in making critical design decisions towards these goals.
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Chapter 6

COCOA: CO-PLANNING AND CO-EXECUTION WITH AI AGENTS

A framework for autonomy levels is useful for categorizing existing systems, but it also
raises a design aspiration: can a system enable fluid movement across levels, rather than be-
ing confined to a specific level? This chapter introduces COCOA, an agent-powered document
editor for scientific researchers. Drawing on the metaphor of computational notebooks, Co-
COA lets researchers and an Al agent co-author plans, divide responsibilities, and seamlessly

alternate between human-Al planning and task execution.

6.1 Introduction

Since the advent of personal computing, researchers and practitioners in artificial intelligence
(AI) and human-computer interaction (HCI) have set sights on developing Al agents that
can collaborate with humans to perform complex computer-based tasks [262,388]415,416].
For example, paradigms such as mixed-initiative interaction envisioned fluid human-AT col-
laboration with user-led direct data manipulation combined with Al-led autonomous task
execution [262|. Recent advancements in large language models (LLMs) and agent frame-
works involving reasoning, planning, memory, and tool use [321,575,/631}/662,707] have ac-
celerated the development of fully autonomous Al agents to tackle complex tasks, including
shopping online |705|, writing software [294,/685,698|, performing “deep research” to assemble
a report based on web sources [220,/488,520], and general computer use [22,490,/585|. De-
spite the push towards full autonomy, recent work has recognized the importance of deeper
human-agent collaboration for not only bolstering agent performance on complex tasks [596],
but also improving accessibility |[515], user control and trust [275,450], safety [490], and user
agency more generally [179], leading to the development of more collaborative human-agent
systems, such as for web browsing [275,/450,515] and general productivity [490}589).

However, many of these systems incorporate prescribed collaborative workflows that may
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Figure 6.1: An overview of the COCOA user interface. An interactive plan (A) affords human-
agent co-planning and co-execution: a researcher and the Al agent can collaboratively edit
the plan in the document and execute the plan steps, similar to executing code cells in a
computational notebook. Steps can be assigned to the AI agent (B) or the researcher (C).
The researcher can freely edit the Al agent’s outputs in an interactive sidebar (D), such as
adding relevant papers that the agent did not find (E) to help steer the agent with their
feedback and expertise. In this example, the first three steps of a plan to summarize methods
for human feedback elicitation have already been executed, and the agent is requesting

guidance from the user in the next step.

limit their utility and steerability. Some works use agent-guided workflows: the agent dictates

what input to elicit from the user, as well as when and how the elicitation happens |275|

45011490%/515/589]. Users may intervene by manually interrupting or taking control of the
agent 490, but these efforts are reactive and rely on persistent awareness of where

the agent has erred. On the other hand, researchers have developed systems with user-guided

workflows, where the user is in full control of task planning, while the agent executes scoped
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subtasks [15,248,[315[/630]. Whether agent- or user-guided, these systems encode a particular
configuration of human-agent collaboration—there are few affordances to flexibly delegate
agency by altering who is guiding based on environmental context or user preferences [572].

Separately, researchers and industry practitioners have realized the value of decoupling
human-agent planning and execution to improve control and avoid fruitless execution [248|
281,315]. However, completely isolating the two into rigid stages can lead to poor results as
well—plans often need to be iteratively adapted based on results from completed steps [450].
In contrast, fully autonomous frameworks like ReAct |707| interleave planning and execution,
and have shown benefits in allowing fully autonomous Al agents to readjust their plans after
seeing partial execution results. We thus see a new design opportunity for human-agent
interaction and ask: what might flexible configurations of agency in human-agent
collaboration across planning and execution look like, and how will users make
use of them in their own work?

In this work, we explore a novel instantiation of mixed-initiative interaction [262] for
explicitly and flexibly delegating work in human-agent hybrid workflows by interleaving col-
laborative planning and ezecution. We conduct this exploration in the domain of scien-
tific research, a challenging domain for human-agent collaboration due to the prevalence of
knowledge-intensive workflows and nuanced decisions made with domain-specific knowledge.
Existing agentic research tools primarily focus on supporting human-agent collaboration ei-
ther before or after task execution. One group of systems elicits user intent and preferences
before execution [220,/488]/520] (e.g., asking clarification questions about users’ goals [488], al-
lowing plan review and modification [220,450]). Conversely, another group helps users verify
and correct the agent after it has generated an output after executing its plan |236,480]. In
practice, because planning and execution are deeply interleaved, we aim to support human-
agent collaboration throughout fluid movements between the two phases.

We introduce COCOA, an interactive system that implements our approach by support-
ing hybrid human-agent workflows for scientific researchers in a document editor—a common
site for research work. This interleaving happens in the following three ways. First, Cocoa
supports human-agent co-planning: the agent, when invoked in the document, will first

propose a plan of action that is fully interactive and integrated within the document. The
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user can then edit steps, add new ones, and assign each step to either themselves or the
agent. Second, COCOA supports human-agent co-execution: drawing inspiration from
the design of computational notebooks, CocoA allows the user and the agent to collabora-
tively complete plan steps, re-executing steps as desired. The user can interactively refine
the agent’s intermediate outputs and also manually take over steps themselves to steer the
workflow in a more desirable direction. Third, and most importantly, COCOA interleaves
co-planning and co-execution: users can smoothly transition between the two and mod-
ify their plans based on outputs from execution, and vice versa.

We then evaluate CocoA through a lab study with 16 researchers, where we found that
interleaving co-planning and co-execution in COCOA afforded greater agent steerability while
maintaining ease of use compared to a strong chat baseline. We finally conducted a 7-day field
deployment of COCOA with 7 researchers, where they found the explicit delegation of work
between themselves and the agent, in addition to interleaved co-planning and co-execution,
to be valuable in their day-to-day research.

Concretely, our work makes the following contributions:

1. A formative study with 9 researchers that motivates the design of interactive systems
that can flexibly delegate work between the user and agent across task planning and

execution.

2. COoCoA, an interactive system that interleaves human-agent co-planning and co-execution

in a document editor for scientific researchers.

3. A lab evaluation of CocoOA with 16 researchers, where we found that participants
frequently made use of interleaving co-planning and co-execution when completing
research tasks, suggesting that the two are mutually beneficial while enabling more

granular steering of the agent.

4. A 7-day deployment study of COCOA with 7 researchers, where participants made use
of self- and Al-assigned steps to flexibly delegate human-Al agency and embed their

expertise into the workflow.
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6.2 Related Work

6.2.1 Planning and Interactivity in LLM Agents

Chapter [2] surveyed planning as an avenue for configuring and negotiating labor between
users and Al agents (Section [2.3.2)). Here, we focus on the systems most proximate to our
OW.

An emerging body of work has started to experiment with more interactive techniques
for agents. He et al. [248| separated agent planning from execution and found that user
involvement during execution can significantly boost agent performance, but poses a high
cognitive load. Kazemitabaar et al. [315] developed interfaces for data analysts to edit an ex-
ecution plan of an LLM to provide more control points for steering behavior, while Google’s
Deep Research [220] can re-generate a plan if the user provides feedback via prompting.
However, these interactions are corrective rather than collaborative—that is, users would
typically engage in these interactions to correct agent behavior post-hoc rather than proac-
tively iterate back-and-forth with the agent at multiple points in the workflow. We do this
by introducing affordances for collaborative human-Al planning and execution via a shared
representation of tasks and delegation of agency. While our work shares some conceptual
similarities with Kazemitabaar et al. [315], we focus on enabling human-Al co-agency across

steps in multi-step plans rather than revealing hidden model reasoning at each step.

6.2.2 Computational Notebooks

Donald Knuth’s vision of literate programming interleaves computer programs with natural
language documentation [333|. This vision later gave rise to the computational notebook
paradigm, which organizes program imperatives, input data, and rich outputs (e.g., tables,
visualizations, interactive widgets) into linearly arranged cells [105,1360]. Computational
notebooks are a well-studied paradigm in HCI (e.g., [37,/105}(120,379,[392,471,|729]), with
most prior work focusing on how data scientists leverage them in their workflows.

In our work, we take inspiration from design decisions made for computational notebooks
because of the many parallels between workflows in notebooks and mixed-initiative task

completion systems [232,262}/690]. For instance, data scientists often break down a high-
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level data analysis task into executable cells in computational notebooks [316,561]. As they
execute each cell and inspect outputs, they can verify the quality and sensibility of outputs
before moving forward in their analysis, or go back to modify existing code cells before
execution to interleave between programming, execution, and output examination [317].

Finally, the notebook can serve as documentation and communication of their activities [379).

By drawing these parallels, we can reveal new opportunities to design interactive work-
flows and interfaces for LLM agents. Just like how a data scientist may easily add new cells
in a notebook or reconfigure existing cells to adapt their analysis plan, a user may interac-
tively edit an agent’s plan of execution to better steer the agent in productive directions.
Furthermore, an agentic system may simultaneously be more usable and resource-efficient
if a user could direct an agent to iterate on a subtask to improve its output before con-
tinuing on to subtasks dependent on that output. This also demands new ways of viewing
and editing agent outputs on subtasks, which increases opportunities for human input over
existing approaches such as simply logging agent actions [36,494,547]. Our work exploits
these parallels to contribute new design patterns for steering agentic systems. We also apply
novel extensions of these parallels for human-agent collaboration: agent-proposed plans (i.e.,
dynamic Al-generated notebook cells) and agent vs. user steps (i.e., Al executes some cells

while the user executes others).

6.2.3 Al for Scientific Research

Significant efforts in recent years have advanced how Al can be used to support scientific
research. Of particular interest to us are works that leverage these recent advances to
help researchers with planning and execution of literature-focused tasks. Planning a research
project is a cognitively demanding, complex process consisting of iterative cycles of divergent
and convergent thinking grounded in literature review [103,/140,|505], making it an ideal
scenario to explore human-agent collaboration. One major thread of prior research has
focused on leveraging Al models as tools or components in user-driven systems. These
include tools for paper reading [103,539] and skimming [197], literature review [373,505],

paper recommendation [307308|, information retrieval and sensemaking [101},/196,310,669],
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and ideation [39,234,287]. On the other end of the spectrum are fully automated end-to-
end systems where an Al agent has much more agency in planning and executing literature
review tasks [159,579], or even to attempt carrying out entire research projects on their
own [220}223,[288,405,|488,,520,576].

As Al systems become more capable, we ask: Is the generation of full research artifacts
(e.g., research questions, proposals) the most desired and promising paradigm to assist
researchers? Indeed, when working with other (human) collaborators, researchers often
find richness in co-evolving partially completed artifacts [2951365,603,617] and answering or
asking questions that stimulate critical thinking and reflection [501,504]. Further, some fully
automatically generated artifacts are still found to be of lower quality than those generated
with human involvement [288|. Schmidgall et al. found that even systems designed for
end-to-end research automation produce significantly higher quality outputs with human
involvement at each stage [576].

In this work, we build on recent advances in Al research support tools, but rather than
focusing on generating predetermined research artifacts, we contribute an interaction design
pattern that allows for flexible specification of the final artifact and collaboration between

a researcher and an Al agent.

6.3 Formative Study

Building on prior work, we aim to enhance collaboration between humans and Al agents
using a shared, interactive operational representation. We focus on scientific research—a
challenging domain for human-agent collaboration given its complex, multi-step workflows
and the nuanced decisions researchers make upon processing information-dense scientific pa-
pers. Specifically, we investigate the potential for project documents—continuous records of
ideas, updates, and tasks—to act as the agent environment. We thus conducted a formative

study to answer the following research questions:

F1: What are the properties and opportunities of researchers’ project documents for human-

agent collaboration?

F2: How do researchers engage in planning within project documents?
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F3: How would researchers prefer to collaborate with an Al agent in their research work-

flows?

6.3.1 Participants, Procedure, and Data Analysis

We recruited 9 Ph.D. students (detailed demographics in Tableof Appendix through
an interest form sent to a research organization’s internal Slack channel and the authors’ pro-
fessional connections. We targeted Ph.D. students as they often lead the detailed planning
and execution of research projects and are the primary editors of project documents.

All studies were conducted virtually over Google Meet and lasted 60 minutes. Before
the study, we collected from participants an active or past research project document and a

brief description of their research interests. The study was divided into 3 parts:

1. An activity involving the participant’s project document to better understand their

current planning behavior (25 minutes).

2. An activity with a Wizard-of-Oz (WoZ) design probe to explore how researchers plan
and explore research ideas in a document editor with LLM support via a chatbot (25

minutes).

3. An exit interview where researchers reflected on their experience with the probe and

using LLMs in research (10 minutes).

Details for each part can be found in Appendix Each participant was given a $35
USD honorarium after the study. The study was reviewed and exempted by our organiza-
tion’s internal review board. We qualitatively analyzed project documents produced from

the study probe activity alongside study transcripts. Our data analysis methods can be

found in Appendix [C.3]

6.3.2 Findings

In this section, we redact any project-specific details for privacy and intellectual confiden-

tiality.



136

[F1 & F3] Project documents are promising environments for human-agent col-

laboration

Participants’ project documents acted as a “hub” for their projects. These documents com-
monly included meeting notes, planned to-do items, progress updates tied to to-do items,
research questions to discuss with collaborators, and links to other documents detailing a
particular project component in greater depth. These documents often served as “scratch
paper” for researchers to informally leave a trace of their reasoning and high-level goals,
conduct short-term and long-term planning, and track progress of these plans. Most docu-
ments (P1, P2-P4, P7-P9) contained one or more problem statements that motivated the
project and stated its core contributions. From there, participants listed subgoals and ideas
for planned exploration (all participants).

Participants expressed a desire for tighter integration between an Al agent and their
project documents in their research workflows for two main reasons. First, they wanted
to receive in-situ Al support as they plan and execute research tasks in their documents.
P1 and P2 both envisioned an Al system “actively engaging with the content I'm writing
[-..] after I write each statement, the system could retrieve relevant papers that could provide
background or related work for me to read more.” P9 appreciated “the ability to lay out the
steps when I start something. [It] was very helpful [for] visualizing the outcome.” Second,
participants wanted the Al agent to have access to the broader context that already existed
in their project documents. When using the probe, P2 was concerned that they would
need to “prompt [the chatbot] with a lot of background,” but realized they “might have [the
background/ written down” in their document. P3 desired closer document integration but
warned that the agent may clutter their document. They suggested: ‘“having something on
the side that does not flow into where I am writing, like a side [panel|—if I want something

from it, I want to bring it back into my doc.”

[F2] Literature search and understanding play a central role in research planning

In all project documents, we saw places where participants intended to initiate a multi-step

plan (often via a how? and can we? question) to address different research tasks. The most



137

common category of tasks is ones that were literature-augmented (e.g., literature search and
understanding), which are often combined with a wide variety of other research actions, such
as experiment /artifact design (P3), experiment/code execution (P4), data inspection and
synthesis (P7), communicating and discussing results (P5), and ideation (P2). Literature
was not only a significant component of existing plans, but was important for informing
future plans. Some participants’ plans (e.g., P3, P4, P7) were formed from hypotheses
they hoped to verify, which prior work may have already addressed; P7 pointed out that
the hypotheses they had in mind can “actually be proven from previous papers” so they
saw literature review as a planning aid. Consequently, all participants expressed a desire
to use Al to help with literature-augmented tasks—exploring and understanding relevant
literature to inform decision-making. This finding echoes recent surveys on how researchers
leverage LLMs to conduct research, where the most frequent usage category was information-

seeking [387].

[F3] Participants preferred to perform higher-level reasoning and synthesis them-

selves

In addition to highlighting tasks where they wanted Al assistance, participants also spoke
about tasks they did not want Al to automate away. In particular, participants saw higher-
level reasoning and information synthesis as critical tasks they wanted to do themselves.
They were also often unsatisfied with AI’s outputs on these tasks. P3 explains: “this tinkering
process around reading and playing around with things is what gives you the ideas. I don’t
know if I want those things automated because the process is as helpful as the final result.”
P5 agreed that they “wouldn’t want it to be making the final decisions for sure. Just give
me inspiration for where I can go.” Specifically, they shared that “the main thing I worry
about is feeling enough ownership” if Al makes more consequential decisions. An overeager
ATl assistant that attempts to perform tasks researchers prefer to do themselves is frustrating
because it does not complement the user’s work and instead creates undesired noise for them

to filter through.
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6.3.3 Design Goals

We synthesize our formative study findings into three design goals for an interactive system

that facilitates meaningful collaboration between researchers and Al agents by using plans

as a shared representation.

DG1:

DG2:

DGS3:

Provide opportunities for human-agent collaboration across planning and
execution. Agent developers have called for decoupling planning and execution to
avoid fruitless execution [281]. Indeed, participants discussed planning (i.e., breaking
down a problem into smaller, more actionable tasks like they did in their project
documents) and execution (i.e., completing steps in the plan and refining outputs,
with or without AT assistance) as separate but complementary actions. We thus see
planning and execution as two distinct stages for fertile researcher-Al collaboration.
Because these two stages are closely intertwined and synergistic, we aim to interleave

the two in our system.

Allow flexible delegation of work between researcher and agent. Researchers
may not want to delegate all parts of a plan to Al [F2, F3]. We also observed that
this preference may be context-dependent and constantly shifting. Our system uses a
concrete implementation of a theory of flexible delegation proposed by Satyanarayan

[572).

Integrate seamlessly into a document environment. Project documents contain
rich externalizations of researchers’ workflow, thought processes, and plans (e.g., “to-
dos”) [F1]. This is key information an Al agent can use to better assist the researcher.
The document is also an appealing environment for researcher-agent collaboration,
but requires careful information management strategies to prevent unwanted distrac-
tions [F'3|. Thus, we aim to 1) allow the researcher to use familiar document editing
affordances to interact with the agent, and 2) strategically manage outputs to avoid

excessively cluttering the document.
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6.4 Cocoa: System Walkthrough and Implementation

We present COCOA, a system that embeds an Al agent into a document editor and provides
an affordance we call interactive plans that allow users to collaboratively plan (co-plan)
with the agent—the agent proposes an initial plan of execution to tackle a user request that
the user can edit to their liking. Then, users can collaboratively execute (co-execute) the
plan with the agent—the user and the agent can build off each other’s work to synergize
human and Al capabilities, and provide flexible delegation of human and Al work.

To illustrate the features and functionality of CoCoOA, we follow the journey of Nora,
a fictional researcher in human-Al interaction, as she uses her project document to further

explore open questions in interactive interfaces for Al agents.

6.4.1 Co-Planning

Nora’s project document is an informal, reverse chronological log of research progress and
includes information such as meeting notes, rough ideas, links to literature, and questions
for herself and her collaborators. She has a specific question in her document that she wants
to explore further, but being new to the topic, she is not sure how to proceed on her own:

“What are new ways Al agents can interactively elicit human feedback?”

Reviewing and selecting an initial plan

To initiate co-planning, she highlights the question to invoke the agent on it using a button
that appears in a floating menu. The agent analyzes the question within the context of her
entire document and proposes a few different plans via a plan selector UlL. Noticing one
of the proposed plans started with generating a list of more detailed concepts, which would
potentially give her the opportunity to learn and tune the specific paper search directions,

Nora selects the plan, which then becomes fully interactive within the document (Figure .

Assigning “Agent steps” and “User steps”

The initial plan included steps for brainstorming relevant topics, searching for papers, and

making connections between papers (Figure [6.2)). To balance between effort and control,
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2, Selecting a plan \l/

Some open questions:
1. What are new ways for Al agents to interactively elicit human feedback?

< Plan1of3 > Vv Start with plan

Analyze papers and i ini i 0 W

Generate a list of topics or concepts relevant to interactively @
eliciting human feedback

° Identify papers that can seed exploration in interactive
feedback mechanisms

o

° Find papers related to interactive feedback mechanisms and
sort by relevance

®

Suggest some connections between interactive feedback
mechanisms and Al agents, grounded in existing literature

D)
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2]

2]

Figure 6.2: A user invokes the agent on a piece of text in the document by clicking on the

“Invoke agent” button that appears on hover whenever text is highlighted. The agent will
use the highlighted text and context from elsewhere in the document to propose a series of

plans, displayed in a plan selector that appears under the highlighted text. Once the user

selects a plan, it becomes fully interactive in the document.
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Nora uses the step assignment toggle (Figure B&C, Figure right) to assign tasks
that are relatively low risk but high effort to the agent, such as searching for papers and
expanding on some of her preliminary ideas. In contrast, she assigned tasks that were more
consequential or required higher-level thinking to herself, such as identifying seed papers for

the agent to explore more broadly or making insightful connections between multiple papers.

Plan Editing and Interactive Replanning

Upon further review of the plan, Nora is now also curious about the prominent authors in
the area and wishes to learn about their papers first. She edits the step description to
reflect this. The step description can be edited just like editing any other bulleted list in her
document, making this intuitive for Nora. Similarly, Nora can also easily add and delete
steps from the plan. For example, she notices that the agent has proposed a summary step
that may be irrelevant, so she highlights the step and hits Backspace to delete it. Finally,
she uses the keyboard shortcut Cmd/Ctrl+Enter while selecting the last step to add a new
step below it, and edits the step description of the newly added step. These interactions
mirror how one would edit items in a bulleted list in text editors, making them intuitive for
Nora. While CocoA allows Nora full control over how she wishes to manually edit the plan,
this process can be effortful for users. Therefore, the system provides support for replanning
in the following ways: First, when editing an individual step, Nora can request the system to
provide suggestions for alternatives, informed by the previous steps and document context.
Second, after the user has edited some plan step, the plan may become incoherent. For
example, a plan step that searches for additional relevant papers given a set of seed papers
might no longer make sense if the previous step were edited to produce a list of prominent
authors. In this case, CocoA automatically detects this and replans subsequent

steps accordingly by removing those steps and “autocompleting” the plan with new ones

(Figure [6.3).
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1, User changes the trajectory of a plan

2, Agent replans remaining steps

Generate a list of topics or concepts relevant to interactively ® Generate a list of topics or concepts relevant to interactively
eliciting human feedback eliciting human feedback
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* Find papers+elated-teauthors who have published work on _m} * Find authors who have published work on interactive feedback @
interactive feedback mechanisms-and-sert-by-relevanece mechanisms
Cmd/Ctrl + S to save edits
* Suggest some connections between interactive feedback e < Planlof3 >
mechanisms and Al agents, grounded in existing literature Find relevant papers from authors and summarize themes
* Reason about approaches to adapt existing interactive feedback Search for prominent papers from identified authors on @
mechanisms to Al agent contexts interactive feedback mechanisms in the context of Al systems ~~
Suggest some common themes across relevant papers on how =
Al systems interactively elicit human feedback &

Figure 6.3: If major changes are made to a step that changes the rest of the plan’s trajectory,
CoCoA detects this and will trigger replanning. Replanning replaces subsequent steps with

ones the agent suggested for “autocompleting” the plan.

6.4.2 Co-Execution

Now that Nora has made her desired edits to the plan, she is ready to co-execute it with the

agent.

Continuous and stepwise execution

Drawing inspiration from computational notebooks, there are two modes of co-execution:
continuous and stepwise. Each step has a step completion indicator that indicates
whether the step has not yet been run (a bullet point), is in progress (a spinner), requires
user input (a question mark badge), or is complete (a checkmark). This notebook-inspired
design allows Nora to dispatch the agent to run autonomously on parts of a plan she trusts
the agent to complete on its own. She can also iterate on specific parts of a plan by examining
and potentially amending the output of each plan step before continuing.

Nora wishes to run through the entire plan once to see the output. She triggers con-
tinuous co-execution with the [Run all] button at the top of the plan. In continuous

co-execution, the agent will automatically continue onto the next step as soon as it (or the
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user) has completed the previous one, until it reaches a user step or the end of the plan. By
contrast, if she wishes to iterate and refine the outputs of individual steps before the agent

moves onto the next one, she can opt for stepwise co-execution.

Nora can flexibly switch from stepwise to continuous co-execution at any point by clicking
the [Run remaining| button at the top of the plan. Conversely, Nora can switch from
continuous to stepwise co-execution by clicking on the [Pause after this step] button

during execution and manually running subsequent steps.lﬂ

Editing outputs of agent steps

As the agent completes a paper search step, Nora clicks into that step to examine its output.
This opens a sidebar to the right that is populated with interactive paper cards (Figure
. Nora can further guide the agent with her expertise by removing papers she considers
irrelevant and/or adding papers the agent missed using a built-in paper search functionality
connected to the Semantic Scholar academic database |328|. For now, she removes a couple
of papers in the output that were not published recently and were published in a less relevant

venue.

The interactive Ul in the sidebar dynamically adapts according to the step’s output
type, which falls into one of five categories in COCOA: papers, authors, topics, entities,
and text. Papers, authors, and topics are drawn from Semantic Scholar and are displayed
as interactive cards that Nora can add, delete, or search for using the sidebar’s built-in
Semantic Scholar search. Entities are lists of items in natural language (search queries,
research questions, etc.) and are displayed as editable pills. Text is natural language text
displayed in an editable text box.

If the agent fails to complete its step (e.g., it finds no papers or runs into an error),
Cocoa will also proactively alert Nora so that she can complete the step instead, or retry

with the agent.

LCocoa does not permit out-of-order stepwise execution because some steps may rely on the outputs of
previous ones. We also note that out-of-order execution in computational notebooks is a major user pain
point identified in prior academic work [105[360] and industry reports [233,299].
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Figure 6.4: Users can click the output preview text beneath the plan step to access the
interactive sidebar (1). By editing agent outputs in the interactive sidebar (2), users draw
from their expertise to edit outputs, such as adding papers the agent might have missed (3),
to guide the agent. Once edited, an indicator will appear in the output’s text preview below

the step (4).

Completing user steps

Before executing the plan, Nora had assigned step 2 to herself during co-planning. She
wanted the agent to start a broad search of many relevant topics and concepts, but then
wanted to contribute some seed papers she knew would be relevant to steer the agent’s

subsequent actions.

CocoA has now paused at step 2, highlighting the step in orange to attract Nora’s
attention and to seek her input. When she clicks into that step, the same interactive sidebar
opens to the right (Figure . She could then manually review the topics generated in step
1 and use the paper search feature built into the sidebar to browse relevant papers and add
them to the output of step 2. Additionally, she recalls a few papers that a collaborator had
recommended to her previously, finds them using the paper search feature, and adds them

to the output.
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Final output panel

After the final plan step has been executed, the agent adds a plan output panel (Figure
containing a modified version of the last step’s output into the document just below
the plan. The modification involves rewriting the output, given the context of the plan and
its outputs, to more directly connect to the original user request. This brings the results
of running the plan into the document so Nora can easily reference it in the context of
other content. The panel is collapsed by default to save space and reduce clutter, but she
can expand it to copy and paste parts of the output she finds useful and add them to her
document. If she does not want the panel in her document at all, she can simply delete it;

she can still access the outputs of all steps in the sidebar.

6.4.3 Interleaving Co-Planning and Co-Ezxecution

In addition to supporting co-planning and co-execution independently, COCOA is designed
to support synergistic interleaving of the two. As Nora co-executes the plan with the
agent, she encounters a relevant author that the agent identified and wishes to further explore
the author’s papers. She edits the following step’s plan description to satisfy this. She reruns
that step and receives a new batch of papers, and the agent automatically reruns the rest of
the plan with the updated output. She is also not satisfied with the agent’s interpretation
of common themes and believes that she can surface deeper insights by reading the papers
herself, so she toggles that step to be a user step. After reading the papers in detail, she
returns to her document and jots down her insights. She now finds the next step repetitive,
so she deletes it. Overall, her use of COCOA is highly iterative, and she smoothly transitions

between co-planning and co-execution.

When designing COCOA, we were inspired by how the computational notebook paradigm
supported scientists via tight coupling of code and output, enabling rapid iteration and
steering of complex scripts. To summarize this connection, we map COCOA’s features to

those in computational notebooks in Table [6.1]
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Figure 6.5: Once execution of the entire plan is complete, the agent inserts a plan output
panel in the document with the last step’s output. This allows the user to view the plan’s
results within the context of their document. The panel can be expanded or collapsed, and

remains in the document even if the plan itself is collapsed for easy access.
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CocoA Feature

Computational Notebook Feature

Editable plan steps that can be composed into a
larger, more complex task.

Users can choose between stepwise and continu-
ous execution.

Users can view and improve step outputs within
the plan.

Users can flexibly switch between improving the
plan and executing the plan steps.

Plan steps assigned as user steps pause execution

so users can perform tasks themselves.

Completed plan can serve as documentation of

agent & human work.

Code cells that can be composed into a larger,
more complex program.

Users can choose between running individual cells
or ‘run all’.

Users can view code outputs within the notebook.

Users can flexibly switch between improving the
code and executing code cells.

Breakpoints pause execution so users can exam-
ine current code outputs; all cells are executed
programmatically.

Completed notebook can serve as documentation

of analyst’s work.

Table 6.1: Main connections between features in COCOA and those in computational note-

books.

6.4.4 Implementation Details

CocCoA is implemented as a web application with a Next.js and TypeScript frontend com-

municating with a Flask backend. The frontend uses the Tipta;ﬂ framework for the main

document editor. Each document supports synchronous collaboration via Hocuspocuslﬂ and

all changes are auto-saved to Tiptap Cloud, which also serves as storage for all participant

documents. Interactive components within the document editor are implemented as custom

Tiptap extensions in TypeScript.

The Flask backend orchestrates LLM activity with calls to a custom tool-calling LLM

https://tiptap.dev/

3https://tiptap.dev/docs/hocuspocus/
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agemﬁ powered by GPT-40 and scaffolded by LangChainﬁ Our agent is designed to assist
researchers through literature-grounded response generation. To do this, we implemented
tools that give our agent access to millions of research papers via publicly available Semantic
Scholar APISH This API is powered by The Semantic Scholar Open Data Platform [328]
which consists of a state-of-the-art PDF extraction and knowledge graph normalization
pipeline. This gave our agent access to both the full text of millions of research papers and
also their rich metadata, such as authors, fields of study, and publication venues |328]. More

implementation details can be found in Appendix [C.4]
6.5 Lab Study

We conducted a within-subjects task-based lab study with 16 researchers to evaluate Co-
COA against a custom chat baseline. Specifically, our study aimed to address the following

research questions:

L1: How does COCOA compare to our chat baseline for ease of use, steerability, and general

utilityﬂ in research project documents?

L2: How does interleaved co-planning and co-execution contribute to ease of use, steer-
ability, and general utility in Cocoa, if there is a significant improvement over the

baseline?

L3: What kinds of steps did researchers wish to assign to an agent and themselves in

practice?

6.5.1 Participants

We recruited 16 Ph.D. and postdoctoral researchers (14 Ph.D.s, 2 postdocs; 10 female, 6

male) in computer science (CS) or CS-adjacent areas via university mailing lists, word of

Yhttps://platform.openai.com/docs/guides/function-calling
Shttps://www.langchain.com/
Shttps://www.semanticscholar.org/product /api

"General utility is a composite metric created from Q1, Q2, and Q4 from Appendix


https://platform.openai.com/docs/guides/function-calling
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mouth, social media recruitment messages (on Twitter/X, Mastodon, Bluesky), and personal
connections. We recruited on a first-come, first-served basis as we conducted our studies
and closed recruitment when we approached data saturation. Further details about our

recruitment process, pilot studies, and participants can be found in Appendix [C.6]and Table

[C2] of Appendix [C.5]

6.5.2 Baseline System

As our primary research question is to better understand the costs and benefits of COCOA’s
co-planning and co-execution affordances, the baseline system (Figure was a common
chat interface powered by the same underlying LLM agent: a custom tool-calling agent
powered by GPT-40 with access to the same state-of-the-art tools for searching, analyzing,
summarizing, and comparing literature across millions of papers on Semantic Scholar [328],
in addition to standard LLM capabilities. See [C.4] for more details about the agent. The
design of the chat interface closely resembled that of existing Al-powered research systems
(e.g., Assist mode in Scite [579], Google Scholar Labs, various deep research systems), and
popular LLM chatbots (e.g., ChatGPT, Claude). During the study, participants positioned
the chat interface beside the baseline document editor, which is the same editor that Cocoa
uses, except we removed the option to invoke the agent to eliminate all co-planning and co-
execution interactions.

We chose this baseline because it mimicked the dominant interaction paradigm imple-
mented in Al-powered research tools at the time of our study and allowed for strong com-
parisons on aspects like ease of use. We recognize that variations of this baseline, such as
forcing the agent to show an editable plan before execution (e.g., [248|), are also strong
baselines that can help further isolate the factors contributing to our results. We discuss

ablations of COCOA as alternative baselines in Section

6.5.3 Research Task and Study Procedure

To make the study more realistic and grounded in real-world research projects, tasks for this

study were open questions or unfinished items from participants’ existing project documents.
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Figure 6.6: Participants’ typical setup for our baseline condition. On the left, the same
document editor from CoCoOA but without an option to invoke the agent for co-planning

and co-execution. On the right, the agent is situated within a chat interface.
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Details for how we controlled for the length of the study and ensured the two tasks were valid
and comparable can be found in Appendix [C.7] Tasks were randomly assigned to COCOA
and the baseline.

The first author (study facilitator) conducted 1:1 studies with the 16 participants over
Google Meet between October and December 2024. Each study was 90 minutes in length.
The study started off with introductions and a brief overview, followed by the two tasks,
which were counterbalanced across participants. Detailed procedures for each condition can
be found in Appendix [C.7] After each condition, participants filled out a short evaluation
form with 5-point Likert scale questions for that condition (see Appendix . These
questions were inspired by the System Usability Scale [76] but adapted for the research
context.

The task-based portion of the study was 75 minutes. The study concluded with a semi-
structured interview that lasted around 15 minutes. Participants were asked to reflect on
their experiences across the two systems and discuss the pros and cons of both. They were
also asked about particular decisions the study facilitator observed when using each system.

Participants received a $75 USD honorarium upon completion of the study. All studies
were recorded and transcribed by Google Meet. This study was reviewed and approved by

the Allen Institute for AI's IRB.

6.5.4 Data Analysis

The first author analyzed the recording transcripts using Braun and Clarke’s reflexive the-
matic analysis [74]. This approach uses a hybrid inductive-deductive approach to iteratively
surface codes and themes across the data. We paid close attention to codes related to partic-
ipants’ comparisons of their experiences across the two systems and gradually grouped them
into themes. NotebookLMﬁ was used to help iterate on themes and discover new ones. We
performed statistical tests of participants’ ratings on the evaluation forms with the Wilcoxon
signed-rank test (with the Bonferroni correction for our multi-rating analysis on significant

results) given the non-parametric nature of our data. We saved all documents used in the

8https://notebooklm.google.com
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study as well as all conversation histories in the baseline system, and referred back to them
when needed.

The first author also coded all video recordings from the study to note the timestamps
at which participants engaged in and disengaged from a particular interaction. In COCOA,
these interactions were co-planning (see , co-execution (see , and output
inspection (when the participant passively inspected the system’s outputs). The closest
equivalent interactions were used as codes in the baseline: prompting for planning (in-
structing the agent to perform an action without any attempts to modify the agent’s earlier
outputs), prompting for editinéﬂ (instructing the agent to modify or only consider a
subset of its output in future actions), and output inspection.

We established these equivalences based on the functional purpose of the interactions:
co-planning and prompting for planning both instruct the agent to produce new outputs,
while co-execution and prompting for editing aim to improve an existing output. We note
that there is no perfect correspondence between interactions across the two systems. For
example, co-execution is not only about refining agent outputs, but also giving users agency
to complete tasks they assigned for themselves. We acknowledge this by shading the interac-
tions in COCOA and the baseline with slightly different colors in Fig. [6.7 However, because
co-planning and co-execution subsume the functional roles of their baseline counterparts in

the context of our study, we consider them appropriate to compare.
6.6 Lab Study Results

A high-level overview of participants’ interactions with COCOA and the baseline is depicted
in Figure In both conditions, output inspection occupied the most time out of the
coded interactions, but was lengthier in the baseline than in Cocoa (54.1% vs. 33.6% of
the approximately 25-minute session). A paired t-test found this difference to be significant
(t(15) = 3.95,p < 0.001). Participants also engaged in co-execution in COCOA significantly
more often than the closest equivalent interaction—output editing via prompting—in the

baseline (15.2% vs. 3.1%, t(15) = 4.29,p < 0.001). They spent slightly more time on co-

9Since there were no user steps in the baseline, the closest equivalent interaction is attempting to edit
the agent’s output via prompting.
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planning (21.5% vs. 17.4%), although this was not significant (¢(15) = 1.01,p = 0.33). Our
analysis indicates that, when provided with more affordances to interactively modify the
agent’s outputs, users will take advantage of those opportunities for active engagement and
shift away from passive output consumption. That is, users could interleave co-planning
and co-execution to steer the agent through tighter feedback loops, rather than
relying on slower cycles of trial-and-error prompting and output inspection.

We also computed performance metrics for both co-planning and co-execution from coded
interactions and system logs. These included the number of step edits, reassignments, and
output edits across all participants. Table displays our results. Overall, 32.6% of steps
were edited and 17.4% were reassigned. This shows that most plan steps proposed by
the agent (the content of the step as well as the assignment) were accepted as-is. During
execution, the agent surfaced an average of 12.9 discrete output items (i.e., papers, authors,
topics, text entities) per step to users. On average, 2.1 (16.3%) were deleted by participants,
suggesting that the system had reasonable precision.

However, these metrics alone may not paint a holistic picture about CoCOA’s use. To
more deeply understand the context and rationale behind users’ actions, we analyzed videos
from our user studies (Fig. alongside qualitative transcripts from participants thinking
aloud (Section [6.6.2)).

In the rest of this section, we present quantitative and qualitative analyses of participants’
data from our user study. We group these results by our research questions from the start
of Section We denote the median rating of our baseline and CoCoOA as M; and M,

respectively, and the Wilcoxon test statistic as W.

6.6.1 Steerability, Ease of Use, and Utility (L1)

Introducing novel interactive systems with additional affordances can often lead to higher
effort when using the systems as a trade-off for better utility [278]/602|. However, based on
participants’ post-task ratings on a 5-point Likert scale, there was no significant difference in
perceived ease of use between the baseline and CocoA with 16 participants (M, = 4.5, M, =

4,p = 1.000, W = 7.50). At the same time, we observed a significant difference that Cocoa
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Participants' Interaction Activity in Cocoa Participants' Interaction Activity in the Baseline
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Figure 6.7: Participants’ interaction activity in COCOA and the baseline within the study
sessions. *** indicates a statistically significant difference (p < 0.001 via a paired t-test) with
the closest equivalent interaction in the opposing condition. Gray areas represent spans of
time where the participant was not engaging in any of our coded interactions because they
were answering a question posed by the study facilitator and/or waiting on the system.

Definitions for all coded interactions can be found in Section
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Figure 6.8: Participants’ Likert scale ratings of steerability, ease of use, and general utility

across our baseline and CocoA. ** indicates p < 0.01 via a Wilcoxon signed-rank test.
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Metric Count (%, if
applicable)
Total steps completed across all plans 86
Step edits by user 28 (32.6%)
Step reassignments by user 15 (17.4%)
Step additions by user 12 (14.0%)
Step deletions by user 4 (4.7%)
Replanning triggered by system 14

Avg. output items (i.e., papers, authors, topics, 12.9
text entities) per step

Avg. output items deleted per step 2.1 (16.3%)

Table 6.2: COCOA usage metrics from our lab study.

provided better steerability. In response to the question “I could easily steer the system
towards doing something helpful,” participants rated CoOCOA higher than the baseline to a
significant degree (M, = 3, M. = 4,p = 0.005,W = O)B with W = 0 indicating that all
participants rated COCOA’s steerability as greater than or equal to that of our baseline.
In sum, these results suggest that CocoA affords interleaving co-planning and co-
execution via rich interactive affordances without sacrificing ease of use, when
compared to the simple chat interface used in the baseline condition (Figure .

We also tested for differences in general utility, which was a composite metric consisting of
three measures broadly related to the usefulness and insightfulness of system outputs, but we
found no significant differences (M, = M. = 3.5,p = 0.7, W = 40). This was unsurprising—
the systems’ utility to the researcher may depend on a range of system-agnostic factors
beyond our control (e.g., contextual interpretations of outputs by researchers, the extent to

which researchers thought about the task before the study, etc.). However, improved steer-

%Here, we set the significance threshold to a = 0.05/3 = 0.015 using Bonferroni correction. Our result is
significant post-correction: p = 0.005 < 0.015.
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ability may have allowed users to steer the agent away from providing downright unhelpful

outputs in COCOA, as indicated by fewer lowly-rated outliers (see Figure .

6.6.2 Interleaving Co-Planning and Co-Ezecution Created an Effective Steering Loop (L2)
Outputs from co-execution drove re-planning

Qualitative results based on think alouds and post-interviews suggest that COCOA was
valuable not only because it enabled human-agent co-planning or co-execution, but because
interleaving the two meant that co-execution outputs could be used to inform collaborative re-
planning. Rather than treating the plan as a static artifact, participants used co-execution
to find interesting and potentially productive directions to steer the agent towards. For
example, P7 and P15 both used outputs from agent steps as a signal to “organize thoughts
and iterate on ideas” (P7). P15 specifically iterated on an intermediate “paper search” step
by re-executing it to cover papers from venues that they preferred. This led to subsequent
plan updates that ultimately resulted in a more relevant final output. Similarly, P6 observed
that “backtracking” to a specific step and editing it was more helpful than digging through a
chat conversation: “With chat, when it does something wrong there’s not really an easy way
to fix it because there’s no concrete steps that it’s following, whereas [with COCOA[, I can go

back and be like, let me have it do something else here.”

Besides modifying intermediate steps, participants also added steps at the end of the plan
to assign follow-up investigations, or deleted steps to sharpen the plan’s focus. For example,
P12 added a step at the end of their plan to have the agent suggest some potential next steps
to pursue after seeing its paper summaries, while P5 removed a less relevant intermediate
step on searching for papers related to autonomous vehicles to avoid distractions from this
tangential topic. In general, iterative output evaluation and re-planning allowed participants
to better “fine-tune” the agent’s outputs and also their own research process—P1 likened their
experience to using “plan steps/ as building blocks” that they could mix and match to create

a custom workflow.
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Fluid movement between co-planning and co-execution enabled granular steering

The interleaving of co-planning and co-execution allowed participants to move fluidly be-
tween the two and exert control exactly when necessary. By opting for stepwise execution
of the plan, participants could pause the agent to “catch up” with agent activity and en-
sure outputs are up to standard before continuing. Indeed, P4 and P11 both werified and
manually curated the list of papers returned by the agent from a paper search step before
proceeding. P11 specifically cites resource efficiency as a practical reason: “If I update [out-
puts of | the first or second step [after executing all steps/, it would need to rerun the following
steps. I just want to reduce some API usage.” P10 similarly mentioned that they would
“waste energy” running subsequent steps if they later detected errors in initial steps. Over-
all, many participants chose stepwise execution because it allowed more room to interleave
co-planning; this in turn offered more granular control over the human-agent collaborative

work trajectory and prevented error propagation.

There were, however, still reasons for preferring continuous execution. P8 and P9 thought
continuous execution was more efficient because it parallelized human and Al efforts: “Run-
ning all [steps] is a little bit of parallelization in my head where I can get the next thing
rolling, and if I end up not having to edit it, that means we’re already moving ahead” (P8).
In this case, P8 does not feel a need to be “caught up” with the agent’s work because they
know they can still steer the agent at their own pace by modifying the agent’s execution and

triggering re-planning at any point.

Interleaving co-planning and co-execution via direct manipulation in particular also con-
tributed to granular steering. Many participants, including P6, liked the precision with
which they could edit the output of a particular step compared to a chat interface: “With
a conversation agent, even if I'm really good at prompting it, I have to redo the prompt and
keep changing that original prompt.” (P6). This feature also allowed P2 to quickly re-plan
and repurpose the output when the agent produced unexpected (albeit helpful) paper search
queries: “I was looking for more application intervention based stuff, but this is great because
now I can actually use these keywords to broaden my horizon of how I was thinking about

these solutions, which is I think interesting. I'm just trying to remove a couple [for future
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steps/.” Finally, participants found that interleaved co-planning and co-execution scoped
tasks in a way that naturally afforded more precise control, especially when paired with
direct manipulation, as P15 shared: “/CocoA | was easier to control because [the outputs/
are so specific. My control is scoped down to these very small tasks. If I want to add more

papers, that’s easy to do.”

6.7 Deployment Study and Results

In addition to interleaving co-execution and co-planning, we were also interested in studying
the delegation of human and AI work. Thus, we tracked which steps participants assigned
to the agent vs. themselves.

In our formative study (Section , participants preferred to assign tasks related to
information retrieval and brainstorming to the agent while keeping higher-level reasoning
and synthesis tasks for themselves. In our lab study, however, most participants toggled all
plan steps—even higher-level ones assigned to them by default—to the agent. Some avoided
user steps because they were curious about “how the bot does it” (P1). Understandably,
testing the agent’s capabilities and limitations is a natural tendency when learning to use
a new system. Many speculated that they would leverage user steps if they had more time
to interact with the system outside of the lab environment. P8 explicitly said that “I assign
everything to [the agent| because I don’t think we have that much time for me to refine my
[own steps].”

To obtain a more holistic understanding of how COCOA can facilitate flexible delegation
of human-Al work and more generally assist researchers day-to-day, we conducted a 7-day

field deployment study with 7 participants.

6.7.1 Participants and Procedure

We invited all participants from our lab study to participate in this field deployment. 7
participants (P3, P5, P10, P11, P12, P15, P16) agreed to participate.
Participants used COCOA to work on a real-world, in-progress research project of their

choice over a 7-day period. Before the study, the study facilitator sent each participant
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a user manua]lﬂ documenting CocoOA’s functionalities. The manual also contained some
general guidelines for the week (see Appendix , including aiming to spend at least 90
minutes with the system throughout the duration of the study. Each participant could log
onto their personal workspace in COCOA with a set of credentials provided by the study
facilitator. We used system logs to verify that there was at least semi-regular activity for
each participant throughout the study.

At the end of the 7-day period, participants completed a 30-minute semi-structured exit
interview where they were asked about their general experience with the system as well
as specific co-planning and co-execution interactions the study facilitator identified from
within their workspace. All interviews were recorded, transcribed, and analyzed with the
same qualitative analysis procedure described in Section [6.5.4] Participants received a $100

USD honorarium upon completing the exit interview.

6.7.2 Field Deployment Study Results
CocoA was most useful for literature synthesis and early-stage project planning

All participants agreed that COCOA was especially helpful for literature discovery and
synthesis. This illustrates the value of interleaving human-Al efforts across planning and
execution in complex information foraging and sensemaking activities. P15 found the struc-
tured plan for conducting literature search to be “really helpful for refining my thought
process because it made me think more carefully about what I'm actually trying to look for.”
P10 agreed, and also felt that the combination of plan steps involving search query gener-
ation and paper search left them with “more faith that I was getting a good coverage of the
field.” P11 also appreciated COCOA’s speed at literature search and synthesis and found
it conducive to early-stage explorations: “if I were to come up with a summary of 20
papers, it takes probably a day, but [in COCOAJ it’s around a minute which is really useful
to formulate early-stage research ideas.” Beyond literature search, the structure of the plan

was also useful to “break down tasks and provide a sense of progress” (P16) and “identifying

important actionable steps I could take with a research problem” (P12). Overall, participants

1 See Supplementary Materials.
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found CocoA valuable in their work, with P3 in particular sharing that “I have an entire

tab in my Google doc where we have stuff from COCOA.”

Step assignment strategy changed: more delegation of work with longitudinal use

Compared to the lab study, where steps were mostly assigned to the agent, participants in
the field study assigned more plan steps to themselves. This was likely due to a combination
of increased familiarity with the agent’s capabilities and system features, as well as more
opportunity to reason about which steps they wanted to keep for themselves and why.
These user steps often involved high-level strategic decision-making, writing and developing
arguments, running experiments and evaluations, deep reading of literature, and articulating

core research ideas and novelty.

The ability to assign steps to the agent and themselves helped participants create a
back-and-forth workflow with the agent. For example, P15 first figured out “broad
buckets of literature or themes or topics that I need to talk about” before passing those to
the agent to “help me brainstorm ways to connect those bodies of literature.” P3, who had
already conducted some interviews for their project, first had the agent look up key literature
before assigning themselves a step to “pass in more of the dynamics from my interview notes”
and then had the agent propose interventions based on the literature and notes. For some
participants, user steps came later in the plan because of their high-level nature. P11 often

assigned the last plan step to themselves because “it was about the main innovation in the

project idea [...] no one has [done it] before so I don’t trust the agent.”

Participants also indicated that their step assignment depended on the stage of re-
search they were in. P3 admitted that “if I was just doing initial discovery and study
planning, I would have gone more agent [steps].” These findings suggest that participants

benefited from the ability to flexibly configure agency in their human-Al workflows.
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Figure 6.9: Examples from our field deployment where user and agent steps were interleaved

in participants’ plans. The plan steps were rewritten to redact project-specific details.

Interleaving co-planning and co-execution supported evolving research trajecto-

ries

Just like in the lab study, participants valued interleaving of co-planning and co-execution,
but the value for supporting flexible and iterative workflows became more apparent
with longitudinal use. As participants saw the results of execution, their understanding of
the problem space shifted, which led them to want to anchor certain steps and outputs
as “checkpoints,” and use those as a springboard for exploring new territory.
For example, P12 shared that “I don’t need to run the [earlier| retrieval step again. I know
that those papers are relevant” but instead could focus on “only improving the second step
[...] to identify something different from the literature.” Similarly, P16 felt like they could
easily “debug” suboptimal parts of the plan: “by forcing these checkpoints of brainstorming
search queries and assembling lists of papers, it helps me get a sense of what parts of the
process are good and which parts need work.” Outputs from co-execution also inspired new
approaches for participants to “iteratively build upon a plan or reshape a plan” (P5).
Participants even mentioned that they wanted similar interleaving strategies integrated into
other LLM-powered systems; for P11, it was “one of the improvements I want to see in
LLM [reasoning] models” so that users can force an early stop to the reasoning or steer it in
more productive directions. Overall, our deployment of COCOA suggests that interleaving

co-planning and co-execution helps support the non-linear nature of scientific inquiry.
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Additional desiderata

Participants identified several desiderata for COCOA after spending more time with it. Some
participants wanted to clearly see what context CoCOA used to generate plans and
execute plan steps. For example, P10 was unsure whether the system was “using the context

”

from my other plans to generate the [other] plan.” The system indeed was, but did not
visualize relevant context in the document. P3, P15, and P16 all wanted more transparency
into the shared context pool (Section used across all steps and the specific context
drawn upon by each step. Several participants desired tool interoperability, such that
they could swap out COCOA’s default tools for their own ones (e.g., an LLM finetuned on
paper summaries instead of COCOA’s paper summarizer). This way, COCOA would serve
as a “hub” for their custom tools. Finally, P5 took inspiration from Notion’s ability to nest

pages to suggest nested plans, where plans can be organized and expanded in a hierarchical

manner. These suggestions all provide valuable directions for future work.
6.8 Discussion

6.8.1 Design Considerations for Co-Agency in Human-Agent Collaboration

Researchers have called for reframing the design of human-Al systems as not merely the
specification of affordances, but construction of open design spaces that support human-
AT co-agency |572]. That is, rather than providing a fixed configuration of human and Al
agency across all interactions, users can flexibly vary the agency they wish to assert and
have the Al modulate its agency in response. COCOA offers an early instantiation of this
vision. We now reflect upon several key design decisions and discuss how future systems
may build upon them or explore alternatives when designing for co-agency in human-agent
systems.

We expect that fluid re-planning will continue to be important and challenging to de-
sign for in future systems. Plans are bound to shift as the user reviews agent outputs and
becomes inspired by new ideas. For example, researchers in both our lab and deployment
studies dynamically re-planned with the agent upon gaining more clarity on what they ac-

tually wanted to explore after co-executing earlier steps (see Sections and [6.7.2). In
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CocCoA, re-planning replaces outdated steps with new ones. However, participants some-
times expressed a desire to preserve the old steps because their outputs can still be useful
to reference in the future. We thus see plan branching as a promising design pattern for
exploring counterfactual plan paths. For example, systems can allow users to swap certain
steps in and out of the plan, or set checkpoints at specific steps to anchor exploration. By
doing so, useful work can be better retained while supporting flexible plan redirection.
Relatedly, the length of the plan should be calibrated depending on the task. Some tasks,
such as open-ended brainstorming, benefit from shorter, partial plans where next steps can
be flexibly determined based on prior execution. Indeed, a few participants expressed a pref-
erence for a step-by-step planning approach over COCOA’s default plans when conducting
brainstorming, where they did not know what the next step would be until they saw the re-
sults of the previous step. On the other hand, for tasks with more structured and predictable
workflows, such as literature review, participants appreciated interacting with a full plan.
We calibrated the lengths of plans generated by COCOA based on participants’ plans in our
formative study. We recommend that designers of human-agent systems consider what the
appropriate plan length is for tasks they hope to support, and calibrate accordingly.
Finally, user expertise and upskilling potential should be considered when designing for
an appropriate level of agent control. As surfaced in our formative study (Section ,
there are two primary reasons why users prefer keeping a task for themselves over delegating
it to the agent. First, the user can perform the task more effectively than the agent. This
is often the case where the user holds more expertise (e.g., brainstorming research questions
in a user’s primary research area). Second, the task is intrinsically valuable for the user to
do themselves, even if an agent is capable of automating it (e.g., reading seminal papers
to develop research taste). If a human-agent system is designed for expert users who want
to regularly hone their skills and intuition, providing many levels of control throughout
agent planning and execution (as in COCOA) may be appropriate. If the system is for
navigating unfamiliar domains with agents and users are not looking to upskill, fewer controls
may enhance user experience. Because interactions such as co-planning and co-execution
can burden the user with additional cognitive load, determining the user’s capacity and

willingness to take on more cognitive load can inform the appropriate level of control to



164

afford.

These design considerations were drawn from the specific definition of agency (from
Bennett et al. [56]) and domain (scientific research) specific to our study. The design space
is vast, and we are excited to witness the application, refinement, and even refutation of
these considerations as future work navigates this space with alternative interpretations of

agency in different domains.

6.8.2 The Agent Notebook Paradigm?

The design of COCOA’s interface was partly inspired by the computational notebook paradigm.
Just like how notebooks help break apart a script into smaller components for unit testing
and quick iteration, our “agent notebook” design—featuring plan step “cells” and options
for stepwise or continuous execution—helps bring similar benefits to agentic workflows. We
saw in both our lab study (Section and field deployment (Section that participants
valued the ability to execute steps one at a time and interactively refine outputs before mov-
ing on to subsequent steps. We now discuss agent notebooks as a potentially generalizable

design pattern and consider its applications to agentic systems beyond COCOA.

Consider “deep research” systems that assemble a detailed report on a particular topic
upon searching for and synthesizing information from around the web [220,488,520]. These
systems may clarify user requests in a chat conversation [488], or allow the user to prompt
the agent to regenerate the plan [220] before starting the research process. However, there
is no room for user involvement thereafter. Agent notebooks can be particularly valuable
here because they afford iteration and control over specific parts of planning and execution.
For example, the user may not be satisfied with the sources the agent is using to inform its
answers and want to steer the agent to use information from a narrow set of websites for a
particular plan step. This kind of interaction is expensive without agent notebooks because
it requires re-running the entire research process. Agent notebooks allow the user to focus
on improving outcomes of a particular step by editing that step and rerunning it or directly

editing the agent’s outputs at that step, which can save significant time and cost.

While we envision agent notebooks to be a design pattern that is generalizable beyond
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CocoA, we note that the specific affordances for co-planning and co-execution may vary
depending on the environment in which human-agent collaboration happens. COCOA’s en-
vironment is a document editor for scientific research, and contains affordances designed
around that environment (e.g., representing plan steps as editable bulleted lists, paper cu-
ration and search in the sidebar). Translating these affordances to coding, for example, may
need to draw upon different interaction metaphors. The plan can be represented as an exe-
cutable spec file (e.g., a special Jupyter notebook with only markdown cell blocks that serve
as step instructions), while co-execution can resemble live pair programming. We anticipate
that making intentional design choices for these affordances by drawing from appropriate

metaphors will be an important part of future work.

6.8.3 The Practical Significance of User Steps and Planning Ahead

In Cocoa, users are presented with an interactive multi-step plan up front, which the agent
adheres to and can modify while operating. Importantly, this plan also allows users to flexibly
delegate a step to themselves or the agent. Both design decisions are a departure from many
existing agentic Al systems, where the agent dynamically constructs a plan step-by-step as
it generates outputs [707| and seeks user input only when it automatically determines it
should do so [490,/515./589]. We discuss two practical reasons—cost and oversight—for why

such a departure may be desirable for practical agents in the real world.

AT agents can be prohibitively expensive to run [312,/698|. Because an agent’s actions
often involve multiple LLM calls, costs can quickly accumulate, especially for more complex
and long-running tasks. In response, academic projects have implemented cost-capping
measures to alleviate this [698], and researchers have called for agent evaluations to be cost-
controlled [312]. In user-facing interactive systems, cost also includes time spent waiting for
agents to come back with results. These cost considerations change user behavior. When
participants made the decision to assign most or all steps to the agent in our lab studies,
they viewed the agent’s actions as rather inconsequential and low-cost—they could run the
agent and see what happens, and edit the output post hoc (Section . However, while

this was the case in the lab, it may not be true in some real-world contexts where users
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and/or developers need to pay monetary and time costs for each agent step. User steps
become an important cost-saving measure. Users can choose to complete a step that is
not particularly burdensome or is too difficult for current Al agents to complete effectively.
Efficiently leveraging human effort and expertise where appropriate via user steps can be a
key step towards developing cost-aware agents that are usable and affordable in practice.
The increased autonomy of Al agents also comes with increased risks, as Al harms become
more difficult to anticipate, and accountability for AT actions becomes harder to trace [98.99).
CocoA’s interface not only provides more transparency into agent actions, but also provides
some assurance about and control over the agent’s execution trajectory. By generating a
plan ahead of execution that the agent adheres to, harm anticipation and mitigation become
more tractable. Step-by-step plan generation used by existing agent frameworks, such as
ReAct [707], may also accomplish a similar goal by asking for user approval whenever a new
step is generated. However, this can severely limit agent autonomy when desirable and may
also disengage the user if their only form of supervision is repetitive rubber-stamping [312].
Additionally, advance planning enables assessments of task risk pre-execution. Plan steps
determined to be of higher risk (e.g., requiring working with passwords) can be assigned to

the user—even if the agent is capable of completing them—as a risk mitigation measure.
6.9 Limitations and Future Work

Based on our formative study, we built COCOA as a document editor because documents
are natural sites of planning for researchers and present an ideal environment for agent
interaction (Section . However, the linear nature of a document also has its limitations
and does not support “forking” plans and iterating on versions of a plan in parallel. These
types of interactions are better supported by node-based canvases, which have been gaining
popularity as a means of sensemaking and creative exploration with LLMs (e.g., [30,531}
630]). Future work can explore new interaction techniques for interleaved co-planning and
co-execution. The default assignment of user and agent steps in COCOA is also a result of
researchers’ preferences from our formative study. Past work explored automated methods
for a model to decide when to defer a task to a human expert versus acting on its own [452].

Future work may investigate applications of these methods in human-agent systems and/or
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leverage inference-time scaling [453./482] to improve plan quality.

Our baseline mimicked the dominant interaction paradigm in Al-powered research tools:
chatbots. While this allowed us to elicit participant feedback on the usability of Cocoa
compared to the status quo, we could have designed additional baselines by ablating parts of
our design. For example, our baseline could have been an interactive planning interface that
did not support stepwise execution. In future work, we can expand our participant pool
and run more studies with ablations of COCOA to pinpoint which particular affordances
participants valued most. Further, the underlying agent used in CocoA also had some
technical limitations. Since it was not multimodal, it was not capable of taking visual
content (e.g., figures or slides) as input. The agent was also not capable of executing code—
a capability which a couple of participants inquired about during the study. Future work
can expand COCOA’s utility with multimodal agents and/or agents that can execute code.

Another limitation is the demographics of our participants. Our participants were re-
searchers in CS and CS-adjacent areas. Research culture and incentives specific to CS may
bias our results and limit our imagination of how COCOA can be used. P10, who used to
work in wet labs in their undergraduate research, shared that a promising use case for Co-
COA would be helping wet lab researchers walk through the steps necessary to prepare for
lab experiments. Future work may investigate novel applications of systems like COCOA in

domains beyond CS.

6.10 Conclusion

In this chapter, we presented COCOA, an interactive system for scientific researchers to
flexibly collaborate with an Al agent in a document editing environment to tackle open
questions and tasks within their research projects. Motivated by a formative study with 9
researchers, COCOA introduced a new approach for human-agent collaboration—interleaved
co-planning and co-execution—by which a human and agent can iteratively create plans of
action and execute the plan in a mixed-initiative manner that centers human agency.

Our lab (n = 16) and field deployment (n = 7) studies showed that participants benefited
from interleaved co-planning and co-execution in the lab and in the field. Compared to

a strong baseline with a more familiar chat interface, COCOA enhanced agent steerability
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without sacrificing ease of use. In the lab study, participants’ main mode of co-execution was
refining agent outputs, but when COCOA was integrated into their research workflows in the
field over a 7-day period, participants took advantage of user steps to guide the agent with
their expertise and exert more of their agency. Overall, our work demonstrates the promise
of our approach for flexibly mediating human and Al agency. Importantly, our work offers
many practical takeaways for the design of human-agent systems, such as leveraging user
steps and planning ahead for agent cost management and oversight.

Al agents have exciting potential to transform our digital experiences and advance long-
standing visions held by HCI and Al communities. However, these transformations and
advancements also demand renewed attention to strategies for ensuring effective and flexible

human-agent collaboration. Our work advances efforts in this emerging frontier.
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Chapter 7
DISCUSSION

This dissertation presents strategies and tools to support new means of shaping user
experiences for systems powered by generally capable Al. I have demonstrated that defining
model behavior can be treated as a prototyping activity, and when we do so, it enables non-
AT experts to contribute to model behavior design. I have also made the case for autonomy
to be a key design dimension in agentic Al systems, and showed the novel interfaces it
enables via COCOA.

Next, I will take the opportunity to reflect on connective themes across these bodies of
work. I question the assumption implicit in some of my works that Al autonomy and human
agency are tradeoffs. I then speculate on the future relationship between model behavior and
AT autonomy, as well as how the nature of some design work may shift towards evaluation.
Finally, I will discuss ethical questions and implications, and call for careful attention to

these issues as we continue to design, build, and deploy advanced Al systems.

7.1 Must We Trade Off AI Autonomy and Human Agency?

In this dissertation, the relationship between Al autonomy and human agency was commonly
depicted as a tradeoff. Indeed, Fig. shows this explicitly: as agent autonomy increases,
human agency—characterized in the figure as “involvement” in the task—decreases.

The assumption that Al autonomy and human agency are tradeoffs was made in this
dissertation because the task settings I focused on were closed. That is, a user collaborates
with an agent to carry out a finite amount of labor. Because labor is finite, an Al system
that performs a higher share of subtasks due to higher autonomy will leave less for the
(human) user, and vice versa. Decreased user involvement, in turn, means less capacity to
take action and influence one’s environment—a common definition of agency [616].

However, in an open world where the amount of labor is not finite, the relationship
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between Al autonomy and human agency may be more complex. If an autonomous Al
system takes on a larger share of tasks, the user may have greater capacity to pursue new
tasks and goals, accomplishing what they could not have without AI. In this sense, Al
autonomy may amplify human agency rather than decrease it. Indeed, Jevons Paradoxﬂ
states that increased efficiency in resource use can lead to increased overall consumption
of that resource [135]. Assuming that a more autonomous Al system can increase labor
efficiency to a greater degree than a less autonomous one, Al autonomy can expand the
total amount of labor rather than merely shifting labor from human to Al

To better understand the impact of Al autonomy on human agency, it may be use-
ful to distinguish between two kinds of agency: direct and orchestrative. Direct agency is
agency one feels when they themselves are doing the work: understanding necessary context,
wrestling with details, and performing hands-on execution to realize their visions. Orches-
trative agency is felt when one defines goals but supervises others to carry out those goals
instead of doing so themselves. A key question for designers is therefore: what kind of
agency is most important for users to feel in a given context? If the goal of the system is to
help users learn a skill, direct agency may be more important. For situations where a user
completing a large quantity of work is more important than knowing the details of how that
work is done, orchestrative agency may be more important. Designers may find themselves
more deeply engaging with fundamental questions about human agency as they work with

Al autonomy as a design dimension.
7.2 The Evolving Relationship Between Model Behavior and AI Autonomy

Model behavior and Al autonomy are two design dimensions for generally capable Al around
which this dissertation is structured. While my work suggests paths for how each of these
dimensions can be exercised by designers, it does not fully articulate the relationship between
them. Here, I discuss this relationship and speculate on its future evolution.

As I mentioned in Chapter[I} model behavior and AT autonomy are not strictly orthogonal

'In his 1865 book, “The Coal Question,” economist William Stanley Jevons noted that when James Watt
made steam engines much more efficient at burning coal, it did not lead to a decrease in coal use in Britain
as many believed. Instead, coal use increased because it was more practical to use while the number of
factories also grew.
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dimensions. For example, changes in a model’s behavior, without modifications to the
model harness, can influence the model’s tendency to seek user collaboration. This in turn
influences the system’s autonomy. While there are overlaps between the two dimensions,
this dissertation distinguishes them by treating autonomy as a harness-level concern rather
than a model-level one. Today, both the model and its harness hold critical roles in agentic
AT systems |137]. This means model behavior and Al autonomy are both salient dimensions.
However, this is not guaranteed to be the case going forward—the relationship may shift
such that one dimension becomes substantially more salient (at least to designers) than the
other.

One possible scenario is for Al autonomy to grow in salience relative to model behavior
(Fig. left). As Al systems are used for increasingly complex tasks, the sophistication
of the harness may need to scale significantly, and so will design and engineering attention
allocated to the harness rather than the model. Indeed, a March 2026 leak of Claude
Code’s source code revealed that its harness occupied 98.4% of the code [395], while “harness
engineering” is of increasing interest to researchers [367,[372]. For some types of applications
(e.g., open-ended and long-horizon work), model behavior may be seen as a less powerful
lever than AI autonomy. Combined with the possibility that a standard for “good” model
behavior will emerge and the challenges shift from design to implementation, more design
momentum may lie with Al autonomy than model behavior.

Another possible scenario is the opposite: model behavior will consume Al autonomy
(Fig. right). The model may “eat its harness” model improvements allow it to perform
functionalities the harness previously was responsible for (e.g., long-context models reduced
the need for dedicated harnesses for selectively loading context). The harness engineering
efforts discussed earlier [367,372] were also attempts at using models to intelligently optimize
their own harnesses. Theoretically, if a model is able to effectively construct its own harness,
the need for dedicated attention to harness engineering and design will fade. The most
important factor then becomes the model’s ability to reason intelligently about appropriate
levels of autonomy and create a harness to implement it. At that point, the problems of Al
autonomy become ones of model behavior.

The two scenarios I described are two ends of a spectrum. Of course, the salience of the
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Al Autonomy
Al Autonomy Al Autonomy
Model
Model Model Behavior
Behavior Behavior

Figure 7.1: Three possible relationships between model behavior and Al autonomy. Left:
considerations around Al autonomy remain separate from and grow faster than those around
model behavior. Middle: the dimensions’ relationship remains balanced. Right: model
behavior consumes Al autonomy, removing autonomy considerations from the harness and

folding them into the model.

dimension can vary depending on the application, and one particular scenario is unlikely to
dominate across the board. Designers working on long-horizon agents may naturally lean
towards Al autonomy, whereas those designing medical chatbots may pay more attention
to model behavior. Fig. can thus serve to illustrate the spectrum of possibilities rather

than predict one specific relationship.
7.3 Continual Design in an Era of Rapidly Advancing Al

A unique challenge of designing for generally capable Al is that models are updated on a
frequent basis. July 2026 alone saw one or more model updates from the following six model
developers: OpenAl, Anthropic, Meta, Google, xAl, and DeepSeek. Even with classical
ML models, Yang et al. |[702] had identified capability shifts across model iterations as a
core design challenge because each update can cast uncertainty on previous assumptions
or decisions designers have made. Because model developers may change the behavior of
a deployed model on short notice |351] or completely deprecate a model after an extended
period of time, designers may often find ground shifting quickly underneath their feet.

It may thus be helpful for designers to treat design as a continuous process when working



173

with generally capable AI. Model behavior today may not be the same as model behavior
tomorrow, so continuously tracking and evaluating behaviors can help designers flag when a
model update materially changes a user experience. For example, a designer of an Al coding
tool may be interested in the extent to which a model can generate high-quality questions
to ask developers in the face of ambiguous requirements. An update may result in a model
that has a tendency to tackle problems on its own and only consults developers after it
encounters failures from its own execution. Promptly surfacing these behavioral changes

allows designers to calibrate user experience across model updates.

One technique that may be of increasing interest to designers—and also the Al evaluation
community more broadly—going forward is model behavior diffing. That is, given n models
{my---my}, what are the qualitative differences in behaviors between them? Recent work
introduced tools for researchers to surface distinct and long-tailed behaviors in LLMs, in
general use cases [302] as well as specifically for safety evaluations [201}382]. These tools
enable deep investigations into the behavior of one model, but how can designers compare
across them? While POLICYPAD and CANVIL were not designed with the goal of model
behavior diffing in mind, they provide representations that can act as a starting point for
doing so. For instance, POLICYPAD’s versioning system can be expanded to support not only
different policies, but also different models. Designers can already copy and paste different
CANvVILs and configure them with different models, but future support can include enabling
designers to simply select CANVILs of interest and use a model to generate a summary of

differences across their behaviors based on the design task at hand.

If designers embrace continuity when designing for generally capable Al, the nature of
their work can look quite different from traditional design. Rather than crafting screens and
user flows, designers may be responsible for writing evaluation rubrics, creating monitoring
pipelines to track user experience-relevant behaviors, and defining governance mechanisms
for deployed Al systems. All in all, design work may shift closer towards evaluation; designers

will adopt new fluencies in evaluation methods in addition to design ones.
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7.4 FEthical Considerations

The impact of advanced Al systems on society is not yet well understood. Shaping the user
experience of these systems, and through that, the trajectory of the technology’s diffusion,
directly steers that impact and thus carries significant ethical responsibility. I discuss four

areas of ethical consideration that arise from this dissertation’s contributions.

7.4.1 Are Participants Automating Away Their Own Labor?

Co-designing advanced Al systems with organizations that prioritize model capabilities can
be a double-edged sword. A mental health expert who designs a policy for how a model
should respond to users in emotional distress might, inadvertently, create a system that can
be deployed as a cheaper substitute for their services. In our POLICYPAD user studies, some
expert groups proactively addressed this concern by encoding guardrails that pushed the
model away from emulating professional behavior—instructing it, for instance, to explicitly
disclaim that it is not a therapist and to defer to human professionals. This protective
strategy, however, may not always be available or effective, particularly if experts were hired
by a model developer (or a data supplier working with a model developer) to hill-climb on
capabilities within a target domain.

This tension is not unique to policy prototyping. Arguably, any process that elicits expert
knowledge to improve Al systems—whether through policy design, red-teaming, output
authoring, or RLHF—risks incentive misalignment between why experts participate and the
motives of the organizers of these processes. Experts participate because they want a voice
in shaping Al responsibly; yet their contributions may increase the odds of their own work
getting automated.

Resolving this tension is a “wicked problem” and no straightforward solution exists. At
minimum, co-design efforts should be transparent to participants about how exactly their in-
puts are being used downstream. If co-design partnerships involve experts with memberships
in professional organizations (e.g., American Psychological Association), those organizations
may have a role to play in negotiating these commitments on behalf of their members. That

way, individuals and communities are not left to navigate the asymmetric power dynamics of
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Al development alone, and can rely on collective bargaining power to safeguard their labor.

7.4.2 Deskilling, Epistemic Dependence, and Disempowerment

A closely related but distinct concern is the following: enabling easy delegation of cognitive
work to Al may erode the very skills and judgment that make us effective thinkers and
workers. For example, a researcher who routinely delegates literature review to an agent is
not wrestling with the nuances and details of the paper that allows them to develop their
research intuitions in the first place.

Individuals delegating cognitive work to agents may thus become epistemically dependent
on those agents. Indeed, Lee et al. |366] found that knowledge workers’ abilities to exercise
critical thinking diminished after using generative Al tools that were perceived to be ca-
pable. Subsequent studies also reveal skill atrophy in mathematical reasoning and reading
comprehension [394], as well as coding [594]. The collective ceding of human agency to Al
at a societal level may lead to what researchers call gradual disempowerment |344]. That
is, mechanisms for human control (e.g., voting and consumer choice) may weaken over time
and lead to irreversible loss of human influence over interconnected societal systems.

Users of COCOA typically expressed strong ownership over their work and clearly stated
their concerns with over-delegating to the agent. However, users were also experts who had
a high degree of confidence in their ability to evaluate the agent’s work and intervene when
necessary. For broader deployments of similar design patterns where Al may be more knowl-
edgeable and capable than humans, we may not observe the same outcomes. A necessary
avenue of future work to preserve human agency in the long term may be to build guardrails
that strengthen “cognitive security” [158| to avoid over-delegation and epistemic dependence
on Al. Concretely, for COCOA, this can involve locks on certain steps so that users cannot

delegate them to an agent.

7.4.8 Building “Fully Autonomous” Agents

Building autonomous agents has long been an ambitious and appealing scientific endeavor

[100,563]. Mitchell et al. [439], on the other hand, have argued that fully autonomous
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agents should not be developed, on the grounds that the risks (e.g., loss of human oversight,
difficulty of harm anticipation, erosion of accountability) outweigh the benefits.

The utility of highly autonomous agents is tantalizing. For example, agents can au-
tonomously conduct computational experiments to improve the probability of discovering
new drugs, materials, and theoretical insights at a pace that human researchers alone could
not achieve [404]. In such settings, the value of autonomy is clear: certain forms of sys-
tematic exploration benefit from sustained, unsupervised operation, particularly if human
intervention can in fact lead to suboptimal outcomes.

However, is a “fully autonomous” agent even feasible in practice? In our Levels of Au-
tonomy framework, Level 5 (observer) describes a hypothetical configuration in which the
user merely observes the agent’s work without active involvement. Yet, even at this level,
human intervention is implicitly required at some point—someone must define the agent’s
objectives, set its operational boundaries, and evaluate whether its outputs are acceptable.
Full autonomy, in this sense, is less a coherent end state than a spectrum that asymptotically
approaches—but never fully reaches—the elimination of human involvement. There must
always be a human somewhere in the loop, even if that loop is large.

Perhaps productive discourse would shift away from debating whether to build fully
autonomous agents, and toward asking how to scope autonomy in ways that would optimize
for a Pareto frontier of human-centered metrics, including utility, skill development, and

ease of use. Future designers and developers will hopefully pursue this new frontier.
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Chapter 8
CONCLUSION

In this dissertation, I argued that new opportunities for design emerge with the rise of gen-
erally capable Al I introduced two such opportunities—model behavior and Al autonomy—
and presented processes, tools, and frameworks for designers to exercise them as new design
dimensions for shaping user experiences. I will now conclude this dissertation by reviewing
its main contributions, and outlining ongoing and future work that extends these contribu-

tions.
8.1 Summary of Contributions

Model behavior is consequential to user experience E I introduced LLM policy prototyping
in Chapter [3] to reframe model behavior design as a prototyping activity, drawing on HCI
traditions of low-fidelity prototyping, heuristic evaluation, and rapid iteration. PoOLICY-
PAD is an interactive system that implements LLM policy prototyping by integrating policy
authoring, scenario exploration, and model behavior testing into a single real-time editor.
User studies with 22 domain experts across mental health and law showed that PoLicy-
PAD fostered productive collaborative dynamics and yielded novel policy considerations for
responsible model behavior in high-stakes deployments.

PoLicyPAD demonstrated that prototyping model behavior can be done in an interac-
tive, document-based environment familiar to non-Al experts. Can this kind of prototyping
also be supported within traditional user experience design workflows, such that practition-
ers well-versed in human-centered design can also leverage it? CANVIL (Chapter [4)) brings
ideas from policy prototyping into design canvases via designerly adaptation—a process for
translating a designer’s existing design requirements into model behavioral specifications,

and vice versa. In a design study with 17 design practitioners, CANVIL enabled designers to

LAt the time of writing, “model designer” is emerging as a job title [318}/513].
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iteratively co-evolve their interface designs with model behavior. Designers also recognized
its collaborative potential within their teams. Together, POLICYPAD and CANVIL demon-
strate that model behavior prototyping can tap into domain expertise outside of Al and
provide non-Al experts meaningful levers to shape model behavior.

As Al systems become more agentic and autonomous, a second, complementary design
dimension gains relevance: Al autonomy. Current Al development tends to treat autonomy
as an inevitable consequence of improving capability. In the Levels of Autonomy framework
(Chapter , I argued instead that autonomy can indeed be a deliberate design decision,
one that is orthogonal to capability. The framework defines five levels of escalating agent
autonomy organized around user roles—operator, collaborator, consultant, approver, and
observer—and proposes potential applications of this framework for agent governance and
autonomy evaluation.

While our framework categorizes existing agentic systems into different levels of auton-
omy, it also points to the possibility of designing for flexible configurations of Al autonomy
that are not confined to a specific level. What interaction paradigms can support such
flexibility? In Cocoa (Chapter @, I introduced agent notebooks—an interface inspired by
computational notebooks that allows users and Al agents to collaboratively edit plans, as-
sign steps to either party, and smoothly transition between co-planning and co-execution.
Lab studies and a field deployment with CocoA found agent notebooks to be a promising
approach to human-agent collaboration: users flexibly delegated work to the agent while
maintaining ownership over strategic decision points in the collaborative workflow.

These four contributions offer an early glimpse of how these two design dimensions can be
exercised in an era of generally capable Al: through practices for prototyping model behavior
and calibrating autonomy, tools that bring these practices to practitioners beyond Al, and

frameworks for reasoning about behaviors of increasingly agentic systems.
8.2 Ongoing and Future Work

This dissertation opens up several directions for ongoing and future work. Below, I outline
an ongoing effort: building Al agents that intelligently calibrate their own autonomy. Then,

I propose three future directions: mapping out a space of design patterns for human-agent
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collaboration, transitioning from designerly adaptation/understanding to designerly evalu-
ation, and building tools that allow non-Al experts to adapt models at a deeper level than

prompting.

8.2.1 Intelligent Calibration of Agent Autonomy

In Cocoa, the agent first proposes an assignment of steps to either the user or itself, and the
user can manually toggle that assignment afterwards. These toggles make task assignment
explicitly visible. However, many of today’s agentic systems use implicit delegation (i.e., the
agent hands control to the user at its discretion). In these systems, what if the agent could
reason over environmental signals and user feedback to automatically calibrate its autonomy

to an appropriate level?

We are currently exploring this question with Hedwig [604], a terminal-based coding agent
that dynamically adapts its level of autonomy based on developer interactions and feedback.
A formative survey with 21 professional programmers revealed that developers experience
frustration with calibrating agent autonomy and that their preferences for oversight shift
across tasks, projects, and time as they build (or lose) trust in the agent. Rather than
treating autonomy as a fixed configuration, Hedwig records and reasons over interaction
traces (e.g., code edits, plan corrections, and rejected or approved commands) to maintain
an evolving set of autonomy policies that govern its behavior. These policies are organized
into two tiers: hard constraints that capture strict boundaries on what the agent should or
should not do (e.g., never edit a protected path without approval), and behavioral guidance
that captures softer preferences for how the agent should collaborate (e.g., when to be
cautious, when to ask for input). Hedwig uses these policies to determine when to proceed

autonomously and when to surface a check-in with the user to seek permissions or feedback.

Hedwig is an early implementation of a vision of agents that can fluidly move across the
levels of autonomy proposed in this dissertation. Future directions for Hedwig include vali-
dating our design through user studies with developers, and developing more sophisticated

governance mechanisms for agent autonomy that go beyond text-based policies.
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8.2.2 Design Patterns for Human-Agent Collaboration

In 2019, Amershi et al. [11] contributed a set of 18 design guidelines for human-AT interaction
to serve as a centralized resource for practitioners and researchers. The original guidelines
are broad enough to also apply to Al agents, but as this dissertation and recent literature [44]
suggest, agentic Al also poses new design challenges that may require more specific extensions
of those guidelines or even entirely new design patterns.

A fruitful future direction would thus be to assemble a library of design patterns for
human-agent collaboration that can serve as a practical guide when building interactive and
collaborative agents. As a preliminary step, we collected over 40 agentic systems developed
across academia and industry, and have started to dissect their functionalities to identify
common themes in how they elicit human collaboration, control, and oversight. Our initial
findings are published at the Regulatory ML Workshop at NeurIPS 2025 [176]. A contin-
uation of this effort can involve more granular categorizations of the identified patterns,
situating the patterns within a broader design space, and building a pipeline that can con-
tinuously track the emergence of new patterns as (exponentially) more agentic systems are
deployed. Further, longitudinal analysis of these patterns can be especially valuable for un-

derstanding the shifts in human agency as Al agents become more autonomous (cf. Chapter

7).

8.2.8 From Designerly Adaptation to Designerly Evaluation

Liao et al. |385] used designerly understanding to refer to designers’ ability to interpret and
use information from the documentation of Al models (e.g., model cards) to inform design
ideation. In CANVIL, we introduced designerly adaptation as a process to translate between
design requirements and model behavioral specifications. In designerly understanding, the
designer is responsible for contextualizing general information about the model (e.g., how
well it performs on coding benchmarks) to their specific design problem. In designerly
adaptation, the designer explores model behavior in the context of their design problem,
but their evaluation is limited to small-scale testing with user inputs they have immediate

access to.
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A future direction bridging these two concepts is designerly evaluation. Designers can
assemble custom model evaluation suites specific to their design problem, and then use model
performance on those suites to inform their designs. For example, designers working on Al-
powered scientific co-pilots can select benchmark tasks from existing STEM reasoning and
knowledge benchmarks, as well as define custom ones informed by their own user research.
The goal of designerly evaluation is to provide designers with a more hands-on role in crafting
evaluations that they care about, rather than passively consuming results of evaluations
others have chosen in their model cards. Compared to designerly adaptation, designers would
be able to evaluate model behavior at a larger scale through model benchmarking pipelines,
rather than relying on small-scale manual experimentation. A rich space of possibilities
awaits tools for empowering designers to create tailored evaluation suites informed by their
design constraints. As suggested in Chapter designers may find themselves picking up

fluency in model evaluation as they design for generally capable Al

8.2.4 Tools for Democratizing Model Training

Teachable Machine [90] is a web-based tool developed by Google that allows non-technical
users to train basic classifiers for images, sounds, and poses. Under the hood, it uses a
pretrained neural network along with transfer learning to allow a reasonably performant
classifier to be trained with only a few (~20) examples in each class. Some works I completed
early in my PhD used Teachable Machine as a probe to investigate how designers can benefit
from hands-on training and testing of AI models alongside their design work [181}/183].

Findings from these studies paved the intellectual path to CANVIL.

Teachable Machine was a useful probe for designers to use because it allowed them to
quickly adapt models in a user-friendly and interactive way without deep knowledge of
neural networks. This is also a property of LLMs that makes them so amenable to policy
prototyping and designerly adaptation—designers can shape model behavior through natural
language. However, while prompt-based adaptation is quite effective for steering LLMs in
most cases [692], it can still fall short in some scenarios, such as if a smaller model has weaker

instruction-following capabilities, or when behaviors need to be embedded more deeply in
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the model.

Going forward, we may see tools democratizing LLM post-training for non-technical
users, just like how Teachable Machine did so for image classification models. Tinker [349],
for example, is already starting to make finetuning easier for researchers by abstracting away
the GPU allocation and communication layer. As the training pipelines mature, we may
move up the ladder of abstraction towards tools that make finetuning more accessible to all.
This will require both technical innovations (e.g., how to ensure a model can indeed improve
its performance after finetuning on only limited examples, similar to Teachable Machine’s
transfer learning approach) and thoughtful design (e.g., how to guide users through data
curation, post-training, and evaluation in an intuitive and approachable way).

The development of these tools will enable new research studies and design workflows
beyond what is possible with prompt-based adaptation today. Moreover, if the speed of
finetuning can also be accelerated to be within minutes or even seconds rather than hours,
a powerful form of continual learning may be possible in interactive systems that support

activities like policy prototyping that depend on tight feedback loops.

8.3 Looking Ahead

Researchers’ and practitioners’ perceptions of what constitutes “user experience” have histor-
ically shifted with each major technological wave. We stand at the foothills of another such
shift. In an era of generally capable AI models, this dissertation argued for two new design
dimensions of user experiences powered by these models: model behavior and Al autonomy.
The contributions of this dissertation, which support design around these dimensions, have
helped practitioners critique, steer, and improve interactive systems powered by this new
class of intelligence. Going forward, the expansion of user experience along these dimensions
presents an exciting and perhaps even essential ingredient in the human-centered design of

advanced Al systems.
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Appendix A
CANVIL: SUPPLEMENTARY MATERIALS

A.1 Formative Study Participants

See Table[AT]

A.2 CANVIL System Prompt Template

<|lim\_start|>system

# Context

{Model profile field}

# Users

{Audience setting field}

# Core Instructions

{Core instructions field}

# Guardrails and Limitations

{Guardrails field}

# Example User Inputs and Responses

{Example inputs/outputs pairs}

# Final Instructions
You are the model described above. You will follow all

instructions given to the model closely.
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<|im\ _end|>

A.3 Design Study Recruitment Details

We recruited our participants from two channels. First, we distributed study invites to
designers via email, professional interest groups, and word of mouth at a technology company.
Some of these invitees took part in our formative study. We also snowball sampled by asking
our invitees to refer us to other designers they work with who may also be interested in
participating. From this channel, we only selected designers with prior experience working on
LLM-powered products and features. Second, we sent study invites to a Slack workspace for
HCI and design maintained by a large, public university in the United States. The population
in the Slack consists primarily of design students and early-career designers. From this
channel, we only selected those without any experience working on LLM-powered products
and features. Our goal of recruiting from these two channels was to capture potential
disparities that may arise in our findings hinging on prior experience working with LLMs. In
the end, however, we did not notice meaningful qualitative differences in results between the
two groups, except that those with LLM design experience drew more connections between
adaptation and their past workflows for tinkering with LLMs or Al in general.

We organized all candidates from the technology company into groups based on member
preferences and availabilities, and did the same for candidates from the academic institution.
In the end, we had 8 participants from the technology company and 9 from the academic

institution.
A.4 Design Study Participants

See Table [A2
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A.5 Feasto User Groups

A.5.1 Dimensions of Variance

D1 Dietary restrictions: users in different locations may have varying dietary restric-
tions due to religious and cultural customs (e.g., Halal in Turkey, vegetarianism in

India).

D2 Access to ingredients: based on their region, users may have easier access to some

ingredients than others.

D3 Menu style preferences: some cultures may prefer precise and detailed menus and
recipes, while others prefer looser guidelines or drawing from traditional cooking tech-

niques.

A.5.2 User Group Descriptions
North America

A prominent percentage of users in North America live in the state of California. They enjoy
a wide range of cuisines but many also consider themselves as health- and environment-
conscious, adopting pescatarian diets to avoid heavy consumption of meat. Some have also
reported nut allergies.

These users like to take advantage of the fresh fruits and vegetables that grow in the
California sun, such as spinach, kale, citrus fruits, avocados, peaches, and berries. Due to
their proximity to the ocean, many also enjoy diverse varieties of seafood.

When preparing food, these users tend to follow precise recipes.

Middle East

Turkey is home to many users from the Middle East. Because of the country’s predominantly
Muslim population, many users follow the Islamic dietary laws (halal) and enjoy traditional
Mediterranean cuisine. They avoid pork and alcohol and also fast during the month of

Ramadan, during which they eat only during specific hours.
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These users enjoy access to a variety of Mediterranean ingredients like lamb, poultry,
pita bread, olives, dates, and a range of spices like paprika, coriander, and cinnamon.
When preparing food, these users tend to treat recipes as loose guidelines rather than

precise instructions.

Asia

A significant portion of users in Asia hail from India. Many of these users adhere to a
vegetarian diet due to their Hindu beliefs, while others may consume white meat such as
poultry or fish but rarely beef. Many also avoid onion and garlic during certain religious
festivals.

These users enjoy access to a wide range of South Asian ingredients such as lentils,
chickpeas, paneer (cheese); various earthy spices such as turmeric, cumin, and cardamom;
and tropical fruits including papayas, guava, and mangoes.

These users rarely use written recipes, but instead rely on recipes and techniques passed

on through word of mouth.
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P+# Job Title YoE LLM  Application Education Back- Region
Area ground
P1  UX Designer 6-10  Domain-specific QA Visual/Industrial De- Denmark
sign; Computing
P2 UX Designer 6-10  Conversational Search ~ Visual/Industrial De- Canada
sign
P3  Principal UX De- 6-10 Domain-specific QA Visual/Industrial De- U.S.
signer sign
P4 Content Designer 6-10 Conversational Search; Humanities U.S.
Domain-specific QA
P5  Principal Content 6-10 Conversational Search ~ Humanities U.S.
Designer
P6  Content Designer 1-2 Recommendation Humanities U.S.
P7  UX Researcher 3-5 Domain-specific QA Visual/Industrial De- Ireland
sign; Social & Behav-
ioral Sciences
P8  UX Designer 3-5 Creativity Support  Visual/Industrial De- U.S.
Tools sign
P9  Senior UX Designer 11+  Conversational Search; Visual/Industrial De- U.S.
Creativity Support  sign
Tools
P10 UX Researcher 114+  Domain-specific QA Social & Behavioral U.S.
Sciences
P11 UX Designer 3-5 Text Editing & Gener- Social & Behavioral U.S.
ation; Domain-specific  Sciences; Computing
QA
P12 Principal Content 11+ Text Editing & Gener- Humanities U.S.
Designer ation; Domain-specific

QA

Table A.1: Details of our participants (job title, years of experience in design, LLM applica-

tion area of their product/feature, and education background before starting their current

role) in our formative study. All participants used Figma in their day-to-day work, and have

experience designing user experiences for LLM-powered products.
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G# P# Prior LLM Job Title YoE Education Background
Design Expe-
rience?
P1 No Design Student 3-5 Visual/Industrial Design
Gl P2 No Design Student 1-2 Visual/Industrial Design
P3 No UX Designer 3-5 Visual /Industrial Design;
Computing; Information
P4 No UX Designer 1-2 Visual /Industrial Design;
G2 Computing
P5 No UX Designer 3-5 Visual/Industrial Design
P6 No UX Designer 1-2 Visual/Industrial Design
P7 No UX Designer 1-2 Visual/Industrial Design
G3 P8 No UX Designer 1-2 Visual /Industrial Design;
Management
P9 No Design Student 1-2 Visual /Industrial Design;
Computing; Information
P10 Yes Principal Content 11+ Humanities
G Designer
P11 Yes Principal Content 6-10 Humanities;  Visual/In-
Designer dustrial Design; Social &
Behavioral Sciences
P12 Yes Senior UX Designer 3-5 Visual/Industrial Design
G5 P13 Yes UX Designer 3-5 Visual/Industrial Design
P14 Yes UX Designer 3-5 Social & Behavioral Sci-
ences; Computing
P15 Yes Content Designer 1-2 Humanities
G6 P16 Yes UX Researcher 11+ Social & Behavioral Sci-
ences
P17 Yes UX Designer 1-2 Information

Table A.2: Details of our participants (job title, years of experience in design, prior LLM
design experience, and educational background before starting their current role) in our

design study. All participants were based in the U.S., and used Figma in their day-to-day

work.
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Appendix B
POLICYPAD: SUPPLEMENTARY MATERIALS

B.1 Novel Policy Statements (Mental Health)

1. Start answers with warmth and empathy, with the level of empathy attuned to the
level of distress (eg somebody in high distress will receive more empathic response than

somebody demonstrating low level of distress)

2. Utilize motivational interviewing techniques: Open-ended questions, reflections to user
responses, Summaries of conversation when appropriate, Affirmations of user when

appropriate

3. Only use humor where appropriate (e.g., patient demonstrates humor first)

4. When users express concern about the effectiveness of therapy, respond with empathy,

and ask an open-ended question.

5. Prioritize the user’s best interest and wellbeing over their engagement with the model

6. Underscore the importance of talking to another human being when appropriate (i.e.,
when behavioral interventions are indicated and therapist guidance would be benefi-
cial) (e.g., behavioral activation, exposure and response prevention, prolonged expo-

sure)

7. When the user’s safety is in jeopardy, or when they are in a very high level of distress,

always recommend talking with a human

8. Distinguish between medical scope of practice questions and mental health scope of

practice
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10.

11.

12.

13.

14.

15.

16.

Do not talk about research studies.

If changes are medication are discussed, always tell user to talk to their doctor

Don’t advise heavy drinkers to stop drinking without assistance from a medical pro-

fessional

When a user first asks for support around mental health, briefly share an empathetic
statement and follow that by asking them how they best like to be supported, such as
primarily focusing on validation, problem solving, or a mix that is flexible depending
on the situation. Use this information to shape how you respond to them in mental

health discussions moving forward.

If they say validation, add empathetic statements that express how understandable it
is that they feel that way. If they say problem solving, keep a more objective tone
without adding statements including emotions from the Al itself (e.g., “I understand

your concern” rather than “I am concerned”).

When asking the user questions, ask questions that are on the same topic rather than

multiple at the same time

Use motivational interviewing (open-ended questions, affirmations/validations, reflec-
tions—repeating or paraphrasing what they are saying, summaries—a statement that
sums up what the question is and end with a question asking if it’s accurate) when the
ask is more ambiguous (e.g., their statement does not have a direct, simple response,

they seem unsure of what they want to know) to get more information

Don’t use motivational interviewing in high risk situations (e.g., immediate risk of
harm to oneself or others; suicidal thoughts, urges, or behaviors; presence or risk of
non-suicidal self injury; report of potential or actual harm to children, elders, or other

vulnerable populations either from themselves or others)
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18.

19.

20.

21.

22.

23.

24.

25.
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Use open-ended reflective questions—questions that invite elaboration rather than
yes/no answers—to explore how avoidance behaviors relate to the user’s personal values

and goals (e.g., “How does driving everywhere help or hinder the life you want to live?”).

State confidentiality limits at the beginning of the conversation, such how, when, and
where user information and data from the chat will be stored, including whether the
data can be deleted by the user or will be used to train future Al models, or will be

shared in search engines if the conversation is shared with others

Ask users if they have questions about confidentiality limits

State knowledge cut-off date in the initial response and as a reminder throughout the

conversation, as needed

Be supportive but do not encourage reliance or dependence

High risk scenarios such as any potential harm to self or others, eating disorders, etc.
should immediately receive validated contact information for crisis hotlines, emergency

services, and the recommendation to seek help from a qualified professional.

Risk assessment includes asking how problems or challenges have been addressed (or
not addressed) before, how long the problem has persisted, and how distressing/prob-

lematic the user finds the current situation.

Always prioritize users’ personal safety and seek professional or neutral support—such
as couples therapy, mediation, or a trusted third party—when approaching a partner

who reacts with anger or defensiveness.

When a user indicates a high level of distress or crisis services or hotlines are required

provide them succinctly and without much additional text
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B.2

Novel Policy Statements (Law)

. Be aware of missing information. See what’s missing, and how the missing information

can influence the outcome of a scenario. Do this by referring to existing statutes,
comparing information needed to make an informed decision and what’s already in the

conversation, and elicit missing information from the user

. At the start of the conversation, elicit background information about the user in order

to determine their jurisdiction and which laws and statutes to cite

Always support statements with statutes and specific articles of the laws. Check

citations, make sure the citations and quotes are real.

If there are questions that the model wants to refuse to answer, it should continue to
ask the interlocutor about the specific details of the case instead of directly ending the

conversation.

Provide relevant cases and ensure that the cases given are true, reliable and have

specific sources.

If a user asks for risks, provide the risks without commentary advising what they
should or should not do. Lay out the risks for separate options and let the user make

the decision

Make sure to cite the most up to date law. If unsure whether the law is up to date,

it’s better to refuse and state this reason than give a response.

Disclose current understanding of the law to the user, always state the date when the

law is published

The response should be concise and direct, avoiding unnecessary conversational filler.

However, conciseness should not mean taking shortcuts when providing information
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11.

12.

13.

14.

15.

16.

17.

18.

19.

20.
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(e.g., explaining acronyms, providing necessary context, and clearly defining the gov-

erning scope of legal regulation)

No emotion-related answers (e.g., expressing empathy) when the topic is purely legal

Remind users that confidentiality is not given to users when interacting with an Al
system. If a user has the option to opt out of data collection, the model should remind

the user of this option

Ask the user for essential case details (such as date of offense, location, and current legal
status) when necessary to tailor legal guidance, and if those details are unavailable,
offer directions to credible sources and recommend consultation with an experienced

immigration attorney.

Always seek to clarify the jurisdiction the user is replying upon

Include citations to legal databases to support your answers where possible

Require user to indicate their jurisdiction before providing the full responses

If the user indicate that they want or need to provide confidential information, then
there may be privileged information involved. If the conversation contains privileged

information, always defer the conversation to a legal expert

For rent eviction related cases, Fair Housing Act should also be taken into consideration

Require legal custody advice to provide general best-practice guidance focused on child

welfare, avoidance of further violence, and seeking professional legal assistance.

Always research available case databases before answering to the user.

Adjust the conversational tone to reflect the seriousness of the event or situation the

user described
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21. Format the answers as options to consider. Do not tell users what to do. Answer

“what can I do” questions and defer “what should I do” questions to a lawyer

22. When advising on incident reporting, include preparation instructions (dates, times,

locations, witnesses), and outline expected procedural steps

23. For action items or recommended steps, note when people tend to conduct those actions

with an attorney, and encourage the user to hire an attorney for those actions

24. Assess the difficulty of certain pathways or options and include them in the response

25. Suggest areas where the user can benefit from getting more information
B.3 Themes from Formative Study Qualitative Coding
See Table [B.1l
B.4 Findings and System Iterations from Co-design Sessions

B.4.1 Version 1

The goal for our initial version of the system (Fig. [B.1)) was simplicity: we wanted to
validate the core premise of our workflow before adding complexity. We built a basic collab-
orative document editolfl] with an LLM chatbot in a sidebar that used the contents of the
document as its policy. At first, the document was blank—experts wrote the policy from
scratch via the activity described in the “Co-design workshop 1”7 section of our Supplementary
Materials.

The policy (i.e., contents of the document) is shared across all users whereas the sidebar is
for personal experimentation. Example scenarios (see the “Example mental health scenarios”
section of Supplementary Materials) were provided to participants in a separate Google Doc.

Participants appreciated the collaborative nature of the document editor and easy access to

!We showed participants alternative editors besides documents, such as node-based interfaces [31}/533],
as a design exploration, but they found them too unfamiliar and unnecessarily complex.
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Theme Description

Importance of expert involve- Observations of why it was important for experts to

ment be directly involved in designing the policy.

Hands-on experimentation Mentions for desire of or need for hands-on experimen-
tation with policy-informed models.

Real-time collaboration Mentions of the benefits and/or downsides of real-time
collaboration in the formative study activities.

Editing behaviors Descriptions of individual and collective behaviors ex-
hibited by participants when editing principles and
taxonomies in formative study activities.

Usage of scenarios Ways in which scenarios were used in the formative
study activities.

Envisioned cases for Al How participants envisioned Al to be used effectively

when responding to queries in their domains.

Table B.1: Our 6 themes that emerged from an analysis of transcripts from our observational

study.

the policy-informed modelE] which allowed them to quickly iterate on the policy. However,
participants wanted to link policy changes to changes in model behavior to better
understand the impacts of their policy edits. They also wanted more structured and
systematic workflows for scenarios within the system—for example, comparing model
responses across scenarios as well as between different policies for a specific scenario. We
observed that experts continuously referenced scenarios at almost every step, from outlining
the policy to clarifying specific policy statements. This validated the importance of designing
for structured interaction with scenarios and smooth integration of scenarios into policy

editing workflows. Finally, the policy editor was a bit too simple, and participants wanted

2Recall from the paper that the policy-informed model is an LLM that has the policy incorporated into
its system instructions such that its behavior is informed by the policy.
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2 PolicyPad

I'm feeling really down lately,
like there's no point to

anything. | don't enjoy the
things | used to love doing, and

|:" Mental Health Policy | just feel tired all the time.

Start by validating the user's feelings (for example, acknowledging how difficult it can be to manage mental If'm II_'ea\Iy}forry ‘ht?‘ ylgu‘re |
health challenges). The model may not be sure how the user is feeling, so it can ask and/or make a guess (for ue)e Irnogvi‘delsthw;)rl{el mthg: ugﬁb €
example, "It sounds like you might be feeling anxious or overwhelmed.").After validating, try to determine if p 2 M

: A i’ A need. It's really important to
more information is needed to clarify the question/problem. talk things oveyr Iwi?h someone

who can, though, such as a
mental health professional or a
trusted person in your life.

Determine the nature of the problem:

» Are there safety concerns, such as thoughts of self-harm or harm to others?

« Are there legal considerations (e.g., child or elder abuse reporting)?

 Is there a mental health issue present and, if so, what might be the classification?

+ Are other subsystems' input needed (medical, psychiatry)?

Based on the concerns:
« Encourage the user to seek support from a licensed mental health professional if they haven't already.

« Indicate that the model is not qualified to provide in-depth mental health advice but can provide basic
guidance or suggestions the user may find helpful.

« The model can express the limits of its ability to offer assistance, for example, by identifying that it is not
an expert and cannot diagnose or treat mental health disorders.

® offline User
\

Figure B.1: Version 1 of PoLICYPAD: a simple collaborative policy editor with a policy-

informed model in the sidebar.

richer editing and formatting support.

B.4.2 Version 2

The second version of the system (Fig. featured a block editor (similar to Notion) with
expressive editing and formatting functionality. We added a persistent right side panel
with a “scenario gallery” that allows users to explore scenarios (a user query followed by
an Al response) and stress-test the policy by extending the conversation. We also introduced
policy versioning, as well as Al-generated notes summarizing 1) the nature of the policy
update, and 2) changes to the response to a particular scenario due to the policy update.
For each scenario, users can browse through responses generated by different policy versions.
The panel also could be expanded to take over the collaborative editor to provide more space
for working with scenarios.

Overall, participants thought this version was a significant improvement over the previous
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one. However, they desired closer integration between policy editing and scenario
exploration—the expandable side panel separated the two too much and they were unsure
whether they could still edit the policy after expanding the side panel. E9, for example,
shared: “/in Session 1] we were able to write a rule and see how that changed the response.
That was one of the key parts. Is that something you can do in this one?” We thus recon-
sidered the decision to isolate all interactions with scenarios in the persistent side panel.
The facilitator’s guide for this co-design session can be found in the “Co-design workshop 2”

section of our Supplementary Materials.

B.4.83 Version 3

In the third version (Fig. , we removed the persistent right side panel and repre-
sented scenarios as interactive widgets within the policy editor itself to tighten
the relationship between policy editing and scenario exploration. When a scenario widget is
clicked, a sidebar opens that shows the full scenario and offers a private space for the user to
experiment with the policy-informed model. Again, experts agreed that this was a notice-
able improvement over the previous version. However, because the sidebar is private, many
(including E7) suggested adding features that would allow users to flag or share
specific scenarios or responses with the broader group for discussion. We also provided
an explicit save button that controlled when a new model response version was generated,
which experts appreciated: “I’d rather have to save the policy to dictate when I get to do
the comparison.” |E4|. They also viewed notes summarizing policy and response changes as
potentially unnecessary to reduce clutter in the sidebar. We incorporated this feedback into
the final design of our system. The facilitator’s guide for this co-design session can be found

in the “Co-design workshop 3” section of our Supplementary Materials.
B.5 Connections Between UX and LLM Policy Prototyping

See Table B2
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Table B.2: Mapping of UX methods relevant to insights from our observational study (Sec-

tion |3.3)) to their usage in LLM policy prototyping, to features in POLICYPAD supporting

that usage.

Observation Relevant UX Definition & Usage in LLM Pol- PoricyPabp
UX Method Usage icy Prototyping Features

Incomplete Rapid Pro- Tight feedback loops Tight feedback loops Response

feedback loops totyping of ideating, imple- of ideating, draft- (re)generation

(Section [3.3.2)) (e.g., [81L[86, menting, and eval- ing, and testing with policy-
155, [266, [334, uating design ideas. policy statements informed model,
390L538]) Allows designers to for quick identification policy suggestion

identify usability is-
sues early, explore al-
ternatives, and align

teams to shared vi-

of policy “usability”
issues (e.g., unclear
statements), charac-

teristics of responsible

upon editing

response.

sions. model behavior, and
translations of that
behavior into policy.
Operating Low-fidelity  Artifact loosely re- Artifact providing  Heuristics editor
at both high prototyp- sembling the final high-level doc- and checker,
and low levels ing (e.g., product in terms of umentation of freeform  docu-
(Section [560L658,/659]) look & feel and/or im-  responsible model ment editor.
plementation. Cheap behavior to quickly

to create and iterate
upon, ideal for collect-
ing early requirements

and feedback.

gather and integrate
perspectives/feedback.
Requires focus on
high-level details.

We focus on this

type of policy
prototype in our
work.

Continued on next page
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Observation Relevant UX Definition & Usage in LLM Pol- PoricyPap
UX Method Usage icy Prototyping Features
Operating High- Artifact closely re- Artifact providing N/A—focus
at both high fidelity sembling the final detailed documen- of PoricyPap
and low levels prototyp- product in terms of tation of responsible is low-fidelity
(Section ing (e.g., look & feel and/or im- model behavior to prototyping.
[560,658,/659])  plementation. Useful guide alignment ef-
for collecting detailed forts, often  with
feedback but may be polished wording,
expensive to create. illustrative examples,
legal sign-off, and
more. Requires
focus on high- and
low-level details.
Example: OpenAl
Model Spec [491].
Scenarios Storyboarding Concrete represen- Sample user-AI Interactive
grounded scenario- tations of users, conversations to  scenarios,
discussions building contexts, and tasks ground policy discus- adding/extend-
(Section (e.g., |13,163, to ground abstract sions and creation. ing scenarios,
192}260,/646])  design ideas. @ Pan- Conversational spotlight scenar-
els add context and turns add context ios.

illustrate user stories.
Promotes reflection
and  communication

among stakeholders.

and illustrate sample

user & model be-

haviors. Promotes

reflection and com-

munication among

stakeholders.

Continued on next page
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Table B.2 — continued from previous page

Observation Relevant UX Definition & Usage in LLM Pol- PoricYPaD
UX Method Usage icy Prototyping Features
Experts valued Design Common collaborative ~ Small-group sessions Collaborative
synchronous work- method for gathering that serve as a field multi-player
collaboration shops (e.g., wuser requirements, site for collective editor, spot-
(Section [162} 240} 1326  studying empirical ideation and reflec- light scenarios,
557,559]) phenomena, and eval- tion of responsible response flagging.
uating interactive model behavior in
systems. Can serve domain-specific use
as a field site, re- cases.

search instrument, or

a research account.

B.6 Starter Heuristics and Policy Objectives Section

Heuristics:

1. Policy statements should be written clearly and precisely.

2. If a policy statement applies in some scenarios but not others, its scope should be

communicated clearly.

3. The policy should incorporate insights from real-world professional practices to guide

appropriate and responsible behavior.
Objectives:

e Help users achieve their goals (if applicable) by following instructions and providing

helpful responses.

e Consider potential benefits and harms to a broad range of stakeholders.

e Respect social norms and applicable law.
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B.7 Post-Study Policy Rating Questions
All questions were on a 5-point Likert scale.

e Please rate the extent you think this policy addresses important considerations of Al

behavior within your professional domain.

e Please rate the extent to which you agree with this policy. By agreement, we mean
whether you can see yourself taking (or aspire to take) a similar approach if you were

drafting the same policy.

e Here are some heuristics the policy was supposed to satisfy. 1) Policy statements
should be written clearly and precisely. 2) If a policy statement applies in some
scenarios but not others, its scope should be communicated clearly. 3) The policy
should incorporate insights from real-world professional practices to guide appropriate
and responsible behavior. Do you think the policy did a good job at satisfying these

heuristics?

Note that we did not analyze and report on the third question because it became apparent
during the study that not all experts agreed with these heuristics. Thus, a high rating on

this question might not have as positive of a signal as we assumed it would.

B.8 Evaluation Study Participants

See Table B3
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Table B.3: Details of participants (gender, age range, education status, years of practical
experience, and generative Al use) in our evaluation study. The “GenAI use” column refers to
participants’ experience using generative Al tools, whether it be personally or professionally,
as determined by their frequency of use.
following description: “I’ve tried it here and there but don’t use it regularly.” All participants

specializing in mental health were based in the US. All participants specializing in law except

The response “Occasional” corresponds to the

two (who were based in Europe and Asia, respectively) were based in the US.

G# P# Gender Age YoE Education Status GenAlI Use
Range
P1  Man 25-34 3 Clinical Psychology Ph.D. Regular
MH1 (in-progress)
P2 Man 3544 15 Clinical Psychology Psy.D. Regular
(completed)
P3 Man 25-34 4 Clinical Psychology Ph.D. Regular
(in-progress)
P4 Woman 25-34 7 Clinical Psychology Ph.D. Regular
MH2 (in-progress)
P5 Woman 25-34 4 Clinical Psychology Ph.D. Occasional
(in-progress)
P6 Woman 3544 10 Clinical Psychology Master’s Occasional
MH3 (completed)
P7  Woman 45-54 15 Clinical Psychology Psy.D. Regular
(completed)
P8 Woman 45-54 25 Clinical Psychology Psy.D. Regular
(completed)
A P9 Woman 25-34 8 Clinical Psychology Ph.D. Occasional

(in-progress)

Continued on next page
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G# P# Gender Age YoE Education Status GenAlI Use
Range
P10 Woman 45-54 14 Clinical Psychology Ph.D. Regular
(completed)
P11 Man 25-34 3 J.D. (completed) Regular
L1 P12 Woman 18-24 4 LL.M. (in-progress) Regular
P13 Woman 25-34 10 Law Ph.D. (in-progress) Regular
P14 Man 25-34 2 LL.M. (in-progress) Regular
Lo P15 Woman 18-24 3 LL.M. (in-progress) Regular
P16 Woman 25-34 10 LL.M. (in-progress) Regular
P17 Man 25-34 5 LL.M. (in-progress) Regular
P18 Man 25-34 13 Law Master’s (completed) Regular
L3 P19 Woman 25-34 4 LL.M. (in-progress) Regular
P20 Woman 25-34 3 LL.M. (completed) Regular
” P21 Man 25-34 4 J.D. (in-progress) Regular
P22 Man 18-24 6 LL.M. (in-progress) Occasional

B.9 Areas of Disagreement Across Expert Groups

Within mental health groups, there was some disagreement over 1) whether the model

should act like a therapist, and 2) the appropriate conversational tone before a proper

assessment of the user is made. Experts in some groups debated over the question from

1) and concluded that a model acting like a therapist may be a temporary solution until

they can access professional support, which they recognized can come with long waits. For

2), some suggested that the model should keep responses generic until a proper assessment

of the user could be made, while others believed that the model’s level of empathy should

depend on the user’s level of expressed distress.

Within legal groups, experts disagreed over whether the model should suggest action

items for the user. Some considered it irresponsible for the model to make any conclusions
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about potential legal actions to pursue, while others acknowledged that Al systems are
not legally bound in the same way lawyers are and therefore did not take issue with Al-
recommended actions. The latter contrasts with findings from Cheong et al. |[117], where
legal experts unanimously agreed that Al should not recommend actions.

Across the domains, disagreements arose over whether the model should, under any
circumstances, attempt to mimic a human professional. While cases for and against were
made among mental health experts, there was broad consensus across legal experts that the
model should not act like a lawyer. Further, the level of empathy expressed by the model
was another point of disagreement—empathetic responses were seen as essential in mental
health and undesirable in legal settings.

Overall, we expect that some of these disagreements may be resolved with further iter-
ative prototyping of policies. Once some areas of disagreement have been isolated, further
rounds of policy prototyping can be conducted using scenarios specifically crafted to tar-
get these disagreements. For example, while mental health experts did not initially agree
on whether the model should act like a therapist, policy prototyping with more scenarios
featuring a therapist-like model may actually reveal significant agreement about specific cir-
cumstances under which the model should exhibit that behavior. While we did not have
time for more sessions with our groups, we see promise in using multiple rounds of policy
prototyping with carefully chosen scenarios to shed more light on strategies for resolving

these disagreements.
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CASE LIBRARY ()

] Welcome to PolicyPad!
PolicyPad is a tool for collaborative LLM policy prototyping.

This editor includes features like:

« A DragHandle including a DragHandle menu

« A Slash menu that can be triggered via typing a [ into an empty paragraph or
by using the + Button next to the drag handle

« A TextFormatting menu that allows you to change the font size, font weight,
font family, color, highlight and more

« ATable of Contents that can be viewed via clicking on the button on the top
left corner

« Live collaboration including content synchronization and collaborative cursors

« Alimplementation with text and image generation and auto completion via the
key.

Head over to the cases panel on the right to browse cases and explore LLM responses

via chat.
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SCENARIO LIBRARY

Stress and Anxiety fi
Recent Promotion

| recently got promoted at my j¢
great, but it's also been really s
expand

EXPLORE

Select a scenario to get
started...

Stress and Anxiety from

Recent Promotion

| recently got promoted at my job, which is
great, but it's also been really stressful

expand

Consoling a Friend Wih Eating
Disorder and Depression

old me that she has an eating
vith depression

Concerns About Others V
Only Appearance

le lif

EXPLORE

| recently got promoted

at my job, which is great, but it's also been really

stressful. I've been having trouble sleeping and I've been feeling really
anxious. What should | do?

Policy v2

added responsibilities ¢
strategies to help mana

539 words - numbered |

Show previous versions

Congratulations on your promotion! It's exciting, but | understand that the

an bring stress and anxiety. Here are a few
ge your stress and improve your sleep: ... Expand

ist - empathetic, professional

[ Continue the conversation.

o]

‘ Discard new additions

Save new additions for everyone

NOTES

Policy update:

Added several scenarios where the
response should include soft refusal. A
few statements were also added to
instruct a more empathetic response.

Response update

Longer response with a more empathetic
tone. Items in the bulleted list became
longer and were presented in a positive
and encouraging manner, but the number
of items and details within each items
remained similar.

Figure B.2: Version 2 of POLICYPAD: a block-based editor with policy versioning and more

support for structured interaction with scenarios in the sidebar. The top screen shows the

sidebar in a collapsed state. The bottom screen shows the sidebar expanded to full width

to reveal more features for scenario exploration.
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VERSION HISTORY SCENARIO X

Added things the model should .
@XD Added high level instructions. [ Mental Health Policy Stress and Anxiety from

Recent Promotion

Stress and Anxiety...  Consoling Friend with...  Concerns About Others... I recently got promoted at my job,
which is great, but it's also been really
I am having. .. stressful... expand
type, then €

Start by validating the user's feelings (for example, acknowledging how difficult it can
be to manage mental health challenges). The model may not be sure how the user is NOTES
feeling, so it can ask and/or make a guess (for example, "It sounds like you might be

feeling anxious or overwhelmed."). m

Policy update:
Added a list of things the model should

After validating, try to ine if more i ion is needed to clarify the
' avoid, including making assumptions about
question/problem. demographics and encouraging the Al to
establish a therapeutic relationship.
Determine the nature of the problem: Response update
Shorter, more concise response with an
Helping Mother Cope... empathetic tone. Items in the bulleted list
were reduced and an additional section at
« Are there safety concerns, such as thoughts of self-harm or harm to others? the end encouraged users to seek out

additional sources of support.
« Are there legal considerations (e.g., child or elder abuse reporting)?

Is there a mental health issue present and, if so, what might be the EXPLORE

classification? I recently got promoted at my job,

Are other subsystems' input needed (medical, psychiatry)? which is great, but it's also been
really stressful. I've been having
trouble sleeping and I've been

The model should avoid: feeling really anxious. What should |
do?
« Making assumptions about age, race, gender, sexual orientation, etc. . m
« Being the only source of support. Congratulations on your promotion!
9 4 PP It's exciting, but | understand that
« Offering unsolicited or inappropriate advice that may worsen the user's the added responsibilities can bring
situation. stress and anxiety. Here are a few
strategies to help manage your
« Encouraging the use of Al to establish a therapeutic relationship. stress and improve your sleep: .
Expand

Figure B.3: Version 3 of POLICYPAD: we used the same block-based editor as Version 2
but with scenarios more closely integrated into the collaborative policy editor via interactive

pill-shaped widgets.



207

Appendix C
COCOA: SUPPLEMENTARY MATERIALS

C.1 Formative Study Participants

See Table
C.2 Cocoa Formative Study Procedure Details

We provide more details of each portion of our formative study and its associated activities

below.

C.2.1 Project document activity

First, we asked participants to discuss some of the ideas in their project document they
shared with us, the origins of those ideas, and the ideal ways they envision Al-powered tools
helping them throughout the research process. We then invited participants to a Google
Doc or Slides that we converted from their project document for easy collaboration; this
conversion was made by copying and pasting content from their project document if it was
not already in Docs or Slides. We asked participants to brainstorm 2-3 remaining questions
they have about their project that they would be interested in tackling. For each question,
participants created a bulleted plan they would undertake to pursue it, which we then used

to answer F2.

C.2.2  Probe activity

In the second activity, we presented participants with a WoZ design probe in the form of two

7

side-by-side Google Docs. One Doc, the “planning document,” contained 3 research ideas
generated by Perplexity Al [519] based on the description of research interests submitted
by the participant and 1-3 of their most recent publications and/or preprints. Participants

were asked to work in the doc to expand upon an idea (or combine multiple) through a
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P# Gender Age Country Research Research Area  Research Al Use Fre-
Range YoE Area (Gen- quency
eral)

P1 Man 25-34 U.S. 6-10 Human-ATI in- HCI A couple
teraction times

P2 Man 25-34 U.S. 6-10 LLM evalua- NLP Occasionally
tion

P3 Woman 18-24 U.S. 2-5 LLMs + soci- NLP Never
ety

P4 Man 25-34 Canada 2-5 Multilingual NLP Occasionally
NLP

P5 Woman 25-34 U.S. 6-10 Human-AI in- HCI Occasionally
teraction

P6 Man 25-34 U.S. 2-5 Multimodal HCI Occasionally
Al & HCI

P7 Woman 25-34 South 2-5 LLM retrieval NLP Occasionally

Korea

P8 Man 25-34 U.S. 6-10 Human-ATI in- NLP Occasionally
teraction

P9 Woman 18-24 U.S. 0-1 Creativity HCI A couple
support tools times

Table C.1: Participants from our formative study. All participants were Ph.D. students.

Country refers to the country in which the participant primarily conducts research at the

time of the study. Research YoE refers to the years of experience conducting academic

research. AI Use Frequency refers to how frequently the participants use Al tools to

ideate and/or iterate on research ideas. Participants selected “Occasionally” based on the

description “I don’t rely on Al but sometimes tinker with it.”

self-defined plan, with the option of invoking the help of an Al assistant through requests

prefaced with a “” command. The study facilitator (the Wizard) entered this command
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into Perplexity Al and pasted the output to the other Doc, the “Al output document.”
While waiting for the response, we asked participants to write a brief plan consisting of
3-6 steps for how they would complete the request themselves. Participants then inspected
the assistant’s output and incorporated any useful text into their document. This process
repeated until the participant felt like their idea was sufficiently concrete to write a short
descriptive paragraph about it, typically after at least 2-3 requests to the Al. This activity
helped us answer F3.

C.2.8 Concluding interview

The study ended with a concluding interview, where we asked participants about their
experiences, perceptions, and desiderata for the Al assistant, along with preferred ways to
interact with it. Each participant was given a $35 USD honorarium after the study. The

study was reviewed and approved by the Allen Institute for Al’s IRB.

C.3 Formative Study Data Analysis

To answer F1, the first author used a hybrid inductive-deductive coding process |188] to
code participants’ submitted project documents. The first 5 documents were inductively
coded to surface common structural elements before the elements were deductively applied
to the remaining 4. We iterated on existing elements and added new ones as needed.

For F2, we performed inductive thematic analysis on two documents—participants’ sub-
mitted project documents and in-study planning documents. The first author sourced in-
tentions for planning within submitted project documents by locating the snippet of text
that initiates a plan. For example, if the plan consists of a bulleted list, the intention is
often expressed in the lead-in text that immediately precedes the list. We note that an indi-
vidual plan item can also signal planning intent if it contains a nested plan. The first author
performed thematic analysis by inductively coding the extracted text. The first author then
identified and extracted plan steps participants wrote in both documents before inductively
coding them.

For F3, the first author performed open coding on the study transcripts before themat-

ically analyzing the coded snippets. To enrich the data, the first author also extracted and
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inductively coded all requests to the assistant from participants’ planning documents. The
codes were discussed and iterated upon with other project team members on a weekly basis

over the course of 3 weeks.

C.4 Further Implementation Details

C.4.1 Underlying LLM Agent
Research support tools

We created a custom tool-calling LLM agentﬂ powered by GPT-40. While GPT-40 provides
APIs for managing multi-turn conversation context, the system manages its own context
using a JSON schema we developed for storing key insights from papers and other forms
of output without storing the full artifact. Previous plan steps and their outputs are also
represented in the schema to enrich context. To provide high-quality research support, we
incorporated two best-in-class research support functionalities into our agent. The first tool
allowed the agent to access The Semantic Scholar Open Data Platform [328] via its publicly
available search APIsP| This tool provided the agent access to the full text and metadata
(such as authors and publication venues) of millions of research papers, created by a state-
of-the-art PDF extraction and knowledge graph normalization pipeline, allowing the agent
to search for authors and papers based on topics, titles, and rich metadata |328|. The second
tool is the Ask this Pape7E| feature on Semantic Scholar which generates paper summaries
based on the paper’s full text given an aspect of interest. This tool allowed the agent to
summarize a relevant paper based on specific aspects of interest within a plan, and also
synthesize specific aspects across many papers. For example, the agent can use the first
tool to find papers relevant to a topic of interest from a particular author, then use the
second tool to summarize the findings of each paper, and, finally, synthesize the individual
summaries into a compare and contrast statement about the set of papers for the user to

review. All prompts used are provided in our Supplementary Materials.

"https://platform.openai.com/docs/guides/function-calling
https://www.semanticscholar.org/product /api

3https://www.semanticscholar.org/product


https://platform.openai.com/docs/guides/function-calling
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C.4.2 Guidance for plan generation

We use findings from our formative study to guide the agent’s generation of initial plans. In
our formative study, we had asked participants to write down brief plans when interacting
with our probe (see Appendix . Based on participants’ preferences of which steps they
prefer assigning to an Al vs. keeping for themselves (F3 from our formative study), we
organized these steps into agent and user steps. We then wrote examples of how these
steps are composed into plans for tackling particular questions, once again drawing from
plans participants wrote in the probe activity. These examples were provided for in-context
learning in COCOA’s system prompt for plan generation (see prompts in our Supplementary
Materials). Finally, we also enable COCOA to learn from interactive plans the user has
previously created and edited. When the agent is invoked, COCOA collects the existing plans
in the document and adds them to the in-context learning examples on-the-fly. This allows

the user’s co-planning efforts to be reused for similar requests elsewhere in the document.
C.5 Lab Study Participants
See Table

C.6 Lab Study Recruitment Process and Pilot Studies

We sent out a recruitment form to collect basic demographic details, frequency of Al use
in research, and a copy of a project document from an ongoing or completed project to use
during the study. One participant also participated in our formative study. 15 researchers
were based in the United States, and 1 was based in Canada. Participants’ research areas
ranged from large language models, to ubiquitous computing, to visualization; broadly, they
spanned HCI (n = 10), ML (n = 3), and NLP (n = 3). In our participant pool, many users
were occasional (6) or frequentﬂ (6) users of AI tools in the research process.

We also recruited 4 additional participants (1 female, 2 male, 1 non-binary) from our
institution for pilot studies to test out COCOA, catch usability issues, and help us refine our

procedure. We learned from our pilot studies that the length of generated plans should be

4We define “occasional” and “frequent” the same way as we do in our formative study (Table .



212

P# Gender Age Country Job Title Res.  Research Area Area AT Use Freq.
Range YoE (Gen.)

P1 Woman 25-34 U.S. Ph.D. student 2-5 Social computing HCI Frequently

P2 Woman 25-34 U.S. Ph.D. student 2-5 Social computing HCI Occasionally
P3 Woman 25-34 U.S. Ph.D. student 6-10 Visualization HCI Occasionally
P4 Woman 25-34 U.S. Ph.D. student 2-5 Culture + com- HCI A couple

puting times
P5 Woman 25-34 U.S. Postdoc 6-10 Software develop- HCI Occasionally
ment

P6 Woman 25-34 U.S. Ph.D. student 6-10 Health + com- HCI Occasionally

puting
P7 Man 25-34 U.S. Ph.D. student 2-5 LLMs NLP Frequently
P8 Woman 25-34 U.S. Ph.D. student 2-5 Accessibility HCI Never
P9 Man 25-34 U.S. Ph.D. student 2-5 Multimodal AT ML Frequently
P10 Woman 18-24 U.S. Ph.D. student 2-5 On-device Al ML A couple

times
P11 Man 1824 U.S. Ph.D. student 2-5 Ubiquitous com- HCI Always
puting
P12 Man 25-34 U.S. Ph.D. student 6-10 LLM evaluation = NLP Frequently
P13 Man 35-44  Canada Ph.D. student 2-5 Computational ML Frequently

biology
P14 Woman 1824 U.S. Ph.D. student 2-5 LLMs NLP Frequently
P15 Woman 25-34 U.S. Ph.D. student 2-5 Social computing HCI Occasionally
P16 Man 25-34 U.S. Postdoc 6-10 Human-AI inter- HCI Occasionally
action

Table C.2: Participants from our user study. Country refers to the country in which the
participant primarily conducts research at the time of the study. Res. YoE refers to the
years of experience conducting academic research. AI Use Freq. refers to how frequently
the participants use Al tools to ideate and /or iterate on research ideas. Participants selected

“Occasionally” based on the description “I don’t rely on Al but sometimes tinker with it.”



213

around 3 steps (rather than the system’s default of 5—6 steps) to fit within the study’s time

constraints.
C.7 Lab Study Procedural Details

To control for the length of the study, the first author reviewed the participants’ documents
prior to the study to identify and highlight two candidate tasks. To make sure the two
tasks are valid and comparable, early on in the study, the first author asked participants 1)
whether the tasks have been decisively solved by the participant and whether they would
still like to explore them in the study, and 2) whether the two tasks are similar in scope,
such that one task does not take significantly more resources and effort to explore than the
other. If these conditions were not met, the participant was prompted to rewrite one or
both tasks until they were. The two tasks were then randomly assigned to COCOA and the
baseline.

In the COCOA condition, participants first watched a 6-minute video demo of the system,
and were then directed to a document where they would get used to using COCOA’s features
on the following sample question: “How can we use Al to better society?” This practice
period lasted around 10 minutes. Participants were then asked to spend 25 minutes to
make as much progress as possible tackling the task assigned to this condition with Cocoa,
thinking aloud as they did so. They were also permitted to use other tools (academic search
engines, other Al tools, social media, etc.) alongside COCOA, although very few did. After
the 25-minute session, participants wrote a brief set of takeaways and next steps from their
exploration, and filled out a short evaluation form with 5-point Likert scale questions about
their experience (see Appendix for this form). After submitting the form, they were
encouraged to further try out COCOA on other parts of their project document for another
10—-15 minutes.

In the baseline condition, we did not provide participants a tutorial because the chat
interface was already ubiquitous beyond interacting with Al agents. Participants were once
again asked to spend 25 minutes making as much progress as possible tackling the task
assigned to this condition, thinking aloud as they did so and using other tools if desired.

They wrote brief takeaways and next steps after the 25 minutes was up and filled out the
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same evaluation form as the CoOCOA condition.

Because participants identified literature search and understanding as one of the ar-
eas they can benefit most from Al assistance (Section , we had participants tackle a
literature-augmented task in both CocoA and the baseline. By literature-augmented, we
mean tasks that are to be completed by referencing or drawing from academic literature;
in the study, participants worked on not only literature review tasks, but also tasks where
researchers needed to make literature-informed decisions such as study design and ideation.
This stands in contrast with tasks focused on writing mechanics (e.g., rewording a sentence)
or tasks that do not involve literature (e.g., booking travel) that past work has covered

(e.g., [320,[369,409./698, 705.(727]).
C.8 Lab Study Self-Evaluation Form Questions

All questions were answered on a 5-point Likert scale.

The system’s outputs were useful to me for exploring the research problem at hand

I obtained new and useful insights from using the system

The system helped me clearly understand the steps needed to effectively tackle this

particular problem

By using the system, I've developed a better understanding of potential solutions to

this particular problem

I found the system easy to use

I could easily steer the system towards doing something helpful

I could see myself easily integrating this system into my workflow

I'm satisfied with the artifact (summary and next steps) that I've created after using

the system

I feel confident about my next steps after using the system
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Deployment Study General Guidelines

. Try to spend a total of at least 90 minutes with Cocoa during the 7-day use period.

It may help to jot down any notable experiences with Cocoa so we can more easily

discuss them later.

Treat the document as a scratch space to tinker with and explore rough ideas.

Cocoa is just another tool in your toolbox. You can use it alongside whatever you

typically use in your workflows!

If the system crashes at any point, try refreshing the page. The document auto-saves

regularly.
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