Scaling Human Supervision for
Robot Manipulation

Michael Murray

A dissertation
submitted in partial fulfillment of the
requirements for the degree of

Doctor of Philosophy

University of Washington

2025

Reading Committee:
Maya Cakmak, Chair
Joshua Smith

Abhishek Gupta

Program Authorized to Offer Degree:
Computer Science & Engineering



© Copyright 2025

Michael Murray



University of Washington

Abstract

Scaling Human Supervision for

Robot Manipulation

Michael Murray

Chair of the Supervisory Committee:
Maya Cakmak

Computer Science & Engineering

Robots are increasingly deployed in unstructured, human-centric environments—such as
homes, warehouses, and hospitals—where they must adapt to diverse tasks, novel objects, and
evolving user preferences. While pretraining on large-scale datasets or in simulation provides a
useful foundation for general-purpose manipulation, the domain gap and scarcity of task-relevant
real-world data remain major obstacles to robust deployment. Learning from real-world experience
is critical for improving generalization and reliability, but the real world provides no automatic
supervision. Human supervision—through demonstrations or interventions—remains the most

effective and grounded signal for guiding robot learning, yet it is difficult and expensive to scale.

This dissertation explores two complementary approaches to address this challenge. First, it in-
vestigates methods for distilling human supervision into reward models that enable reinforcement
learning beyond the original data. These learned rewards allow robots to refine their behavior
autonomously, increasing sample efficiency while reducing dependence on constant human input.
Second, it explores how vision and language foundation models pretrained on internet data can

simplify and enhance human supervision. By leveraging these models to extract task-relevant



structure from multimodal demonstrations, robots can acquire skills from a single example and
generalize to new objects, tasks, and environments.

These approaches are validated across a range of real-world robotic manipulation tasks. By
making human supervision both scalable and intuitive, this work aims to enable robots that
require less supervision, learn more efficiently, and succeed more reliably in the open-ended,

human-centric environments of the real world.
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Chapter 1

Introduction

1.1 Introduction

Robots are steadily transitioning from the highly structured domains of factory floors to the
unstructured and unpredictable spaces of everyday human life—homes, warehouses, hospitals, and
beyond. In these environments, robots must adapt to diverse objects, tasks, and user preferences,
often in real time. Yet despite recent advances in machine learning, enabling robust general-
purpose manipulation in the real world remains an open challenge.

A key obstacle is the scarcity and cost of real-world data. Pretraining in simulation or on
large-scale internet datasets provides useful priors, but these methods struggle to bridge the
domain gap: simulated sensors and dynamics are imperfect proxies for reality, and open-source
datasets rarely capture the nuanced requirements of specific manipulation tasks. As a result,
robots often fail to generalize when deployed outside controlled environments.

Human supervision—whether through demonstrations, interventions, or feedback—remains
the most reliable source of task-relevant information. It offers a grounded way to correct behavior,

inject domain knowledge, and encode task goals in diverse settings. However, human supervision
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is expensive, time-consuming, and difficult to scale. Teaching every robot every skill by hand is
untenable.
This thesis explores two complementary strategies for scaling and simplifying human supervi-

sion in robot manipulation:

1. Distilling supervision into reward models. Inspired by reinforcement learning from
human feedback (RLHF), this work shows how demonstrations and interventions can be
transformed into reward functions that generalize beyond the original data. These learned
rewards enable robots to refine their behavior autonomously, allowing each moment of

human guidance to influence many future actions.

2. Leveraging foundation models to enhance supervision. Recent advances in large-scale
vision and language models have unlocked powerful new priors that capture semantics,
affordances, and commonsense reasoning. This thesis demonstrates how these pretrained
models can extract task-relevant structure from multimodal demonstrations—combining

visual cues with spoken narration—and enable skill acquisition from just a single example.

These contributions converge on a central thesis: robots can achieve general-purpose manipula-
tion not through exhaustive supervision, but by learning to extract maximum insight from minimal
human guidance. By distilling human guidance into generalizable reward models and leveraging
foundation model priors to interpret demonstrations, robots can acquire robust manipulation

skills from remarkably sparse supervision.

1.1.1 Thesis Overview

The rest of this dissertation is organized as follows:
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« Chapter [2|reviews key approaches and challenges in scaling human supervision for robot
manipulation learning, examining different forms of supervision, learning frameworks, and

the role of foundation models in robotics.

« Chapter 3| presents Interactive Visual Failure Prediction, a method for distilling human
interventions into scalable reward functions through interactive perception. We demonstrate
how this approach can amplify supervision beyond the original data and guide reinforcement

learning in real-world grasping tasks.

« Chapter 4] introduces Diffusion-PbD, showing how features from pre-trained diffusion
models can enable one-shot learning from visual demonstrations. We demonstrate successful
transfer of manipulation skills across different viewpoints, objects, and environments using

only foundation model priors.

« Chapter [5|explores ShowTell, a neuro-symbolic framework that combines visual demon-
strations with spoken narration to synthesize robot manipulation programs. We show how
multimodal demonstrations enable learning of complex behaviors involving conditions,

iteration, and logical reasoning from a single example.

« Chapter @ concludes with a discussion of broader implications, limitations, and future

directions for scaling intuitive human supervision in robotics.

By making supervision both scalable and intuitive, this thesis aims to take a step toward robots
that can learn more autonomously, generalize more effectively, and collaborate with humans more

naturally in the open-ended environments of the real world.
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Chapter 2

Background

This chapter reviews key approaches and challenges in scaling human supervision for robot
manipulation learning. We begin by examining different forms of human supervision and their
relative strengths. We then discuss learning frameworks that incorporate this supervision, with
particular attention to scaling challenges. Finally, we explore recent work leveraging foundation
models as priors in robotics, highlighting opportunities for making human supervision more
efficient. This background establishes the foundation for the three complementary approaches
presented in this thesis: Interactive Visual Failure Prediction (Chapter[3), Diffusion-PbD (Chapter4),

and ShowTell (Chapter [5).

2.0.1 Forms of Human Supervision in Robot Learning

Human supervision in robotics can be characterized both by the interaction mechanism (how
humans provide feedback) and the feedback format (what information is conveyed). Understanding

these dimensions and their trade-offs is crucial for developing more scalable approaches.



6 CHAPTER 2. BACKGROUND

Feedback Formats

The format of human feedback exists on a spectrum from rich demonstrations to simple binary

signals:

Demonstrated Trajectories. The most information-rich format, where humans provide com-
plete state-action sequences. While these contain detailed behavioral information, they require
significant time and expertise to collect. Early works such as Schaal [[107] and Billard et al. [16]]
establish how robots can acquire manipulation skills from human demonstrations. Multiple broad
surveys on robot learning from demonstration have been conducted [9] [101] categorizing different
approaches, including direct imitation, motion primitives, and reward-based learning from trajec-
tories. More recently, Mandlekar et al. [86] systematically analyze what matters in learning from
offline human demonstrations, highlighting the importance of dataset composition, task diversity,
and model architectures in large-scale robot manipulation. As we demonstrate in Chapter |4} the
limitations of traditional trajectory-based learning can be addressed by leveraging foundation

model features to enable generalization from single demonstrations.

Binary Feedback. Binary feedback provides a simple and unambiguous supervision signal,
indicating only whether a behavior succeeded or failed. It is easy to provide and requires minimal
human effort, making it useful in settings where rapid feedback is needed. While limited in
expressivity, it has been effectively used in RL and reward shaping for policy improvement

[124]66]]. However, its inability to convey failure causes makes generalization difficult.

Natural Language Feedback. A flexible and intuitive way for humans to specify high-level
task objectives and fine-grained corrections without requiring explicit demonstrations. There are

many recent approaches to grounding language instructions into robot policies [69, 111} 3] 63} [18]]



and rewards [[147| 80]. Similarly, language has been used for corrective feedback to refine robotic
behavior [109,[60]. A recent survey [54] categorizes language use in robot learning, including
commanding robots, inter-robot communication, and internal reasoning. The study highlights the
role of large language models (LLMs) in interpreting human feedback and integrating language
with multimodal inputs such as vision and proprioception. While language-based feedback
reduces the need for demonstrations, challenges remain in handling ambiguity, grounding verbal
corrections into structured actions, and integrating language with low-level control signals. The
ShowTell framework presented in Chapter [5| addresses these challenges by combining visual

demonstrations with spoken narration to enable structured program synthesis.

Preference Comparisons. Preference-based reward learning leverages binary feedback, where
a human annotator selects which of two behaviors is preferred. This approach, pioneered by [27],
has been shown to be more reliable than scalar ratings, as humans often find relative comparisons
easier than absolute numerical judgments. Instead of requiring annotators to quantify success
explicitly, preference comparisons allow robots to infer a reward function from pairwise ranking
data, making it a more intuitive and scalable feedback mechanism. Further work by [96] explores
how preference comparisons can be efficiently collected and integrated into reward learning. By
combining demonstrations and pairwise preferences, their method improves sample efficiency
while reducing the annotation burden. However, preference learning can still suffer from label
inconsistencies, especially when preference annotations are ambiguous or context-dependent.
Addressing these challenges requires robust human response models that account for preference

inconsistencies and biases.

Scalar Feedback. Scalar feedback, such as numerical ratings or continuous scores, provides

richer supervision than binary signals, enabling more fine-grained learning [133]. However,
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human-provided scalar rewards can be inconsistently calibrated across annotators [143] and
impose a higher cognitive burden. Simplified alternatives like Likert scales reduce complexity
but at the cost of expressiveness [65, 82} [10]. These challenges highlight the trade-off between
expressivity and reliability in human feedback mechanisms. While scalar feedback is more
informative than binary comparisons, its effectiveness depends on careful design considerations

to mitigate bias, inconsistency, and cognitive load on human evaluators.

Interaction Mechanisms

Different feedback formats can be conveyed through various interaction mechanisms:

Direct Teleoperation. Humans directly control the robot, typically providing demonstrated
trajectories. This remains one of the most effective methods for acquiring high-quality demon-
strations, as seen in studies on human-in-the-loop RL [67,79] and teleoperation-based imitation
learning [56, [18]. However, teleoperation requires significant expertise and constant human

attention, making it difficult to scale.

Kinesthetic Teaching. Physical guidance of the robot, commonly used for collecting demon-
strations in manipulation tasks [9]]. This provides intuitive interaction and naturally accounts for
robot dynamics, but requires the demonstrator to be physically present and may not be scalable

to all robots or remote deployments.

Remote Interfaces. Remote interfaces allow humans to supervise and guide robots without
being physically present, enabling scalable supervision across multiple robots. These interfaces
vary from high-fidelity VR/AR-based teleoperation systems [62} [31]] to web-based dashboards [100,
88]. While remote supervision reduces physical constraints, it introduces challenges such as

latency, reduced situational awareness, and control mismatches. Advances in multimodal feedback,



such as haptic or visuotactile signals [13]], aim to mitigate these issues by providing richer feedback

beyond visual inputs.

Offline Annotation. Humans provide feedback on previously collected robot trajectories
without real-time interaction. Several works have demonstrated how offline preference labels or
scalar feedback can be efficiently collected and used to learn reward functions [27, 106 [21]]. This
mechanism is particularly attractive for scaling, as it allows asynchronous feedback collection
from multiple annotators and can leverage crowdsourcing platforms [90]. However, it requires

careful consideration of how to present robot behaviors effectively to human annotators.

Passive Demonstration. Passive demonstration is an emerging paradigm where robots learn
by observing human behavior without direct control signals. This includes learning from video
demonstrations [35}/49, 11} (140} [89] and leveraging large-scale human activity datasets [81} 91} 144].
While passive learning offers significant scalability advantages by removing the need for explicit
teleoperation, it introduces challenges in viewpoint matching, action correspondence, and intent
inference. Addressing these challenges often requires learning robust representations for mapping

human actions to robot motions, as explored in Chapter 4

2.0.2 Learning Frameworks for Incorporating Human Supervision

Various learning frameworks have been developed to integrate human supervision into robotic
learning. These frameworks differ in how they utilize human-provided signals, how they scale to
larger datasets, and how they balance human effort with autonomous learning. We categorize these
frameworks into three primary approaches: imitation learning, reward learning and reinforcement

learning, and hybrid approaches that combine demonstrations, feedback, and interventions.
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Imitation Learning

Imitation learning (IL) is one of the most direct ways to integrate human supervision by mapping
observations to actions using human-provided demonstrations. By directly learning from expert
trajectories, IL bypasses the need for explicit reward functions, making it an appealing method
for robotic learning. The simplest form of IL is Behavior Cloning (BC), where a policy is trained
via supervised learning on a dataset of demonstrations. However, traditional BC suffers from
distributional shift—small errors compound when the agent encounters states not present in the

training data, leading to cascading failures.

One approach to improving IL scalability is imitation learning with weak supervision, where
the agent learns from suboptimal or incomplete demonstrations. Works like GAIL (Generative
Adversarial Imitation Learning) [46] frame IL as an adversarial learning problem, allowing robots
to learn robust policies even from noisy or limited expert data. Similarly, BC-Z [56]] demonstrates

how large-scale video datasets can be leveraged for scalable imitation learning.

Modern approaches have introduced more expressive models for imitation learning from
demonstrations. Diffusion Policies [26] propose using diffusion models for trajectory generation,
capturing multi-modal behavior and improving over traditional imitation learning methods. Simi-
larly, the Action Chunking Transformer (ACT) [152] leverages transformers to process and learn
temporally extended action sequences, enabling robots to imitate long-horizon human demon-
strations more efficiently. Building on these advances, Chapter [4| demonstrates how pretrained
diffusion model features can enable one-shot learning from visual demonstrations, significantly

reducing the data requirements of traditional imitation learning.

While IL is effective for robotic manipulation tasks, its reliance on high-quality demonstration
data remains a major bottleneck for scaling to diverse real-world settings. This limitation has

motivated hybrid approaches that incorporate reinforcement learning (RL) and reward learning to
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improve policy learning beyond pure imitation.

Reward Learning and Reinforcement Learning

Reinforcement learning (RL) provides a powerful framework for robots to learn from experience,
but its success hinges on having a well-defined reward function. Since manually specifying reward
functions is difficult and often leads to unintended behaviors, a major research focus has been on
learning reward functions from human supervision.

One of the earliest approaches in this direction is inverse reinforcement learning (IRL) [92, 1],
which learns a reward function by assuming that expert demonstrations are optimal and inferring
the underlying objective that explains them. While IRL enables robots to generalize beyond
direct imitation, it is often ill-posed, as many different reward functions can explain the same
demonstrations, and requires careful modeling of expert intent.

To reduce the need for full demonstrations, more recent methods focus on learning reward
functions from human preference feedback. Instead of requiring explicit numerical rewards, robots
learn by comparing different trajectories and optimizing behaviors that humans prefer [106]. This
preference-based RL, inspired by RLHF, allows robots to learn task objectives without requiring
extensive demonstrations. However, these methods are typically sample inefficient, as preference
labels provide a weak learning signal, requiring a large number of comparisons before a robust
reward function emerges [23]].

An alternative strategy is to incorporate structured priors about human intent, rather than
relying solely on reward learning from raw feedback. Hiranaka et al. [44] explore this idea by
proposing a framework that learns primitive skill-based representations from human evaluative
signals. Instead of learning a task-specific reward function from scratch, this approach enables
robots to generalize across variations of a task by leveraging structured skill representations.

Beyond sample efficiency, a core issue in reward learning is exploration, as robots must
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efficiently discover good behaviors without blindly searching through all possible actions. Torne
et al. [126] introduce a goal-conditioned exploration strategy, where humans provide breadcrumbs
to guide the agent toward rewarding behaviors. This structured guidance reduces the need for
exhaustive trial-and-error by helping the robot prioritize promising trajectories.

Taken together, these works illustrate the strengths and limitations of learning from human
preference feedback and evaluative signals. While IRL, RLHF, and reward sketching provide
useful supervisory signals, they often remain too sparse or indirect to fully specify a task’s reward
structure. This motivates alternative approaches, particularly those that learn rewards from human
interventions, where humans provide real-time corrective actions rather than passive comparisons
or scores. The next section explores these hybrid approaches, which integrate demonstrations,

feedback, and interventions into a unified framework for more scalable and intuitive robot learning.

Hybrid Approaches: Combining Demonstrations, Feedback, and Interventions

While imitation learning and reinforcement learning have both been widely used for robotic
learning, each has limitations. IL suffers from distributional shift when deployed outside its
training data, while RL requires extensive exploration and well-designed reward functions. To
address these issues, researchers have explored hybrid approaches that integrate both paradigms,
leveraging demonstrations, reward learning, and human interventions to improve sample efficiency

and generalization.

Combining Reinforcement Learning and Imitation Learning A key research direction has
been to combine IL and RL so that demonstrations provide an efficient initialization, while RL
enables policy improvement beyond expert data. One early approach is residual RL [58} [8]], where a
policy learns a residual correction on top of an imitation-learned policy. This allows RL to fine-tune

a behavior-cloned policy while preserving the benefits of initial expert demonstrations. Similarly,
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deep Q-learning from demonstrations (DQfD) [43] pretrains a Q-function using demonstrations
before continuing RL fine-tuning, reducing sample complexity by leveraging human-labeled
transitions. A more recent development is reinforcement learning from prior data (RLPD) [12]],
which optimizes RL policies using offline data from demonstrations and prior robot experience.
Unlike earlier approaches, RLPD balances behavior cloning with RL objectives to avoid catastrophic
forgetting while still allowing policies to improve beyond imitation. This approach has shown
strong performance in domains where offline data provides a useful initialization for RL without

requiring an explicit reward function.

Incorporating Human Interventions While IL and RL integration improves sample efficiency,
human interventions offer a way to further accelerate learning by correcting robot mistakes in
real time. One of the most notable early approaches in this area is DAgger (Dataset Aggrega-
tion) [105], which iteratively collects corrections from a human expert. DAgger significantly
improves generalization by allowing the robot to learn from states it encounters during execution
rather than just those observed in demonstrations. A more recent approach is to learn from the
interventions using weighted behavior cloning [72]. Beyond behavior cloning, some methods
integrate interventions directly into RL. For example, Reinforcement Learning with Intervention
Feedback (RLIF) [78]], treats human corrections as implicit indicators of failure states within an RL
framework. Human-in-the-Loop Sample-Efficient Reinforcement Learning (HIL-SERL) extends
RLPD by simply integrating interventions into the RL replay buffer [79]. HIL-SERL builds on
the idea that human corrections provide high-value training data, incorporating intervention-
labeled transitions into the experience replay mechanism to improve sample efficiency. This
approach enables robots to continuously refine their policies using both past experiences and

human supervision.
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2.0.3 Leveraging Foundation Models as Priors

Foundation models offer a powerful way to reduce the need for domain-specific supervision in
robotics. By providing strong perceptual and conceptual priors, these models enable robots to
better interpret human feedback, ground language instructions, and generalize across diverse

scenarios.

Pretrained Language Models for Robotics. Language models pretrained on massive corpora
(e.g., GPT-4, LLaMA) provide rich priors for task specification and action reasoning. Many recent
works use language models to map from high-level language goals to sequences of robot actions
(69, 111}, 3, (63} 18] and reward functions [147, [80]. While language models are often used zero-
shot, some recent works have explored how to fine-tune LLMs specifically for robot instruction

following [137,[70].

Pretrained Multimodal Models for Robotics. Vision-language models (VLMs) such as CLIP
[97] and GPT4-V [142] have been widely used for robot manipulation. These models can be used
zero-shot to ground concepts in visual observations [131},[129] or they can be integrated into larger
model training pipelines as backbones [110, [20]]. These models provide strong pre-trained visual

priors, leveraging web-scale knowledge to help robots generalize and learn more efficiently.

Vision-Language-Action Models (VLAs). Recent advances have explored jointly training
vision-language-action models to unify perception, reasoning, and control. PaLM-E [30] extends
a large language model (PaLM) with ViT-based visual inputs, allowing end-to-end language-
conditioned robotic control. OpenVLA [52] and Octo [57] further integrate pretrained vision
encoders (ViT) and LLMs into robotic decision-making, demonstrating strong zero-shot and

few-shot generalization across unseen tasks.
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Addressed Challenges

The integration of human supervision frameworks and foundation models provides a promising
path toward efficient robot learning in the real world. However, several key challenges have
limited the practical deployment of these methods. This thesis addresses four critical limitations
through novel technical contributions that span reward learning, few-shot generalization, and

multimodal understanding:

« Transforming Human Feedback into Scalable Rewards: A fundamental challenge
in real-world robotics is converting sparse human feedback into reward functions that
can guide autonomous learning. While human interventions provide valuable corrective
information, existing approaches largely treat them as additional training samples rather
than distilling them into generalizable reward models. Additionally, human supervisors often
lack access to complete world state information, leading to inconsistent labels. Chapter
addresses these challenges through Interactive Visual Failure Prediction, which transforms
human intervention feedback into structured reward functions while actively gathering
additional sensory information to improve reward quality. This approach enables robots to
learn more efficiently from human supervision by both distilling interventions into scalable

rewards and addressing partial observability in real-world manipulation tasks.

+ Few-Shot Generalization: While humans can learn a skill from a single demonstration
and generalize to new objects and scenarios, most robotic learning approaches still require
extensive datasets or fail to generalize effectively. Current foundation model-based methods
struggle to capture the compositional and transferable nature of human skill acquisition.
Chapter 4| demonstrates how pretrained diffusion model features can enable true one-shot
learning from visual demonstrations, allowing robots to transfer manipulation skills across

different viewpoints, objects, and environments using only foundation model priors without
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any robot-specific training data.

« Multimodal Demonstration Understanding: Most existing vision-language models
in robotics use language for simple instruction following or task descriptions, but few
leverage it for understanding complex multimodal demonstrations. Language can provide a
structured interpretation of demonstrations, encoding logical dependencies, conditions, and
iterative behaviors that are common in real-world tasks but rarely represented in current
approaches. Chapter [5/shows how language can be combined with visual demonstrations to
enable learning of complex behaviors involving conditions, iteration, and logical reasoning

from a single example.

« Beyond Standard Vision-Language Representations: Current representations in vision-
language models for robotics remain largely monolithic embeddings that struggle with
higher-level reasoning. There is an opportunity to explore neuro-symbolic representations,
which can fuse foundation models with structured reasoning frameworks to improve both
generalization and hierarchical task understanding in robotic manipulation. The ShowTell
framework presented in Chapter [5|addresses this limitation through a neuro-symbolic ap-
proach that combines visual demonstrations with spoken narration to synthesize structured
robot manipulation programs, enabling more sophisticated reasoning about task structure

and dependencies.

2.0.4 Chapter Summary

The approaches reviewed in this chapter highlight both the promise and limitations of current
methods for scaling human supervision in robotics. While significant progress has been made in
imitation learning, reward learning, and foundation model integration, key challenges remain

in making supervision both scalable and intuitive. The following chapters present three com-



17

plementary approaches that address these challenges: Interactive Visual Failure Prediction for
learning interactive reward functions under partial observability (Chapter [3), Diffusion-PbD for
leveraging foundation models to enable one-shot learning (Chapter[4), and ShowTell for combining
multimodal demonstrations with structured reasoning (Chapter [5). Together, these contributions
demonstrate how intelligent architectures can transform human demonstrations and interventions

into generalizable manipulation capabilities.
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Chapter 3

Learning Rewards with Interactive

Perception

The ability to grasp diverse objects from cluttered environments is central to many robotic
applications: from picking items off warehouse shelves to unloading groceries at home. Robots that
can reliably grasp objects can automate tasks such as object picking, sorting, and packing. However,
developing robust grasping behavior is not trivial, especially in unstructured environments with
clutter and large amounts of object diversity. For example, modern warehouses process millions
of unique objects from rigid to highly deformable with various shapes and sizes. These objects are
often densely packed into highly cluttered containers. The diverse and complex dynamics of such
environments make simulating or directly modeling the objects challenging.

Learning from real-world experience is a promising approach that circumvents the challenges
of simulation, but typically requires extensive human supervision both in terms of providing
labels and in terms of resetting up scenes for autonomous data collection. Additionally, executing
picks in the real world is time-consuming, can induce costly failures or object damage, and often

requires extensive human intervention. During training, this significantly increases the burden of

19
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data collection and limits the scale at which data can be collected. During execution, failures can
be irreversible or require difficult recovery, which can disrupt operational efficiency and limit the
viability of robot deployments.

Ideally, failures would be detected early in the picking process, without requiring full execution
to determine if a pick will succeed. This would enable us to avoid costly failed picks before they
happen. Such capability could also be used to autonomously reward picks without disturbing the
scene, providing supervision to continuously shape and improve picking behavior as the robot
performs picks in the real world, while minimizing human intervention. We observe that picking
can be divided into two sub-tasks: grasping and extraction. Grasping success is critical and highly
informative of pick success, while irreversible failures typically happen during extraction. This
presents an opportunity to avoid costly failures by predicting success before extraction.

However, it’s often difficult to determine whether a grasp is successful and stable from passive
visual observation alone due to partial observability, an issue that is compounded by the low
visibility and high occurrence of occlusions in densely packed bins. Tactile feedback can help, but
is insufficient due to being unable to detect certain modes of failure that are common in cluttered
scenes, such as multi-picks. To address this challenge, we draw on ideas from interactive perception,
a broad class of techniques in which the environment is manipulated to create rich sensory signals
that would not be present through passive perception alone [19]]. By using interaction to probe for
information about the stability of a grasp, we can visually detect failures that are not perceivable
by passive vision or tactile feedback. In doing so, we can both improve the training throughput
since interventions can be minimized and the detected failures can be used to finetune grasp
strategies, and also improve success rates since unstable grasps can be pre-empted and avoided.

While detecting suboptimal grasps using probes is useful for both training throughput and
evaluation success rate, it can be challenging to actually perform this detection autonomously.

On the other hand, humans possess a remarkable ability to visually judge grasp quality and
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refine their judgement through visual feedback [85] while only partially executing grasps. We are
interested in exploiting this ability by directly leveraging human feedback for learning to perform
and evaluate robotic grasping behavior, both in terms of the actual grasping behavior and in terms
of preemptive evaluation of unsuccessful grasps. We propose a framework in which a human first
demonstrates a potential grasp by teleoperating a robot, then observes the robot using probing
motions to reveal information about the object configurations in the cluttered scene and test the
stability of the grasp. We find that by observing the robot verify their grasp through interaction,

humans are able to quickly and accurately classify grasp success.

This enables us to train an interactive visual grasp classifier capable of evaluating grasps in
clutter without executing full picks, a capability we refer to as Interactive Visual Failure Prediction
(IVFP). Such a capability can be used to autonomously verify grasps during execution to avoid
costly downstream failures, which directly improves success rates. IVFP can also be used to
autonomously reward grasps as the robot performs picks in the real world, enabling real world
learning to improve grasp success with minimal human intervention. Moreover, during evaluation
at test time, expensive failures can be preempted by first performing interactive probing and
IVFP, and avoiding risky and unsuccessful grasps. We evaluate our approach in a real-world robot
deployment using a Stretch RE1 in an industrial warehouse setting. Our experiments show that
IVFP can immediately improve picking success by performing introspective online verification.
Moreover, we show that IVFP used as a reward function can help improve grasping policies to
outperform policies learned through imitation alone. Finally, we show that data collection with
IVFP requires significantly less human intervention than typical data collection pipelines wherein
picks are fully executed. This suggests that interactive probing can provide significant gains both
in terms of training throughput and in terms of overall system success rate in cluttered warehouse

settings.
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3.1 Problem Statement

We consider a picking task initiated when a robot arrives at a scene of diverse objects densely
packed into a cluttered bin. The robot must grasp and extract a given target object without
grasping other objects in the bin. The picking task is performed by a manipulation robot with
Cartesian motion and a parallel-jaw gripper.

Each grasp is defined as a set of variables determining actions of the robot: a 3D point (x, v, z)
indicating the grasp point and a pre-grasp gripper width w.

Let G be the set of all possible grasps, and S the set of scene states. At each timestep ¢, the
current state s; € S is defined by the bin layout, the poses and states of all objects in the bin, and
the pose and state of the robot. The robot does not have access to the state s;, but only to an
observation o;. An observation o; = (I, M;) includes an RGB-D camera image I; and the target
object mask M;. Given the observation o, the robot’s goal is to generate a grasp action a; € G.
Once a grasp is generated and executed, the robot performs a fixed extraction motion. The task is
considered successful if the target object masked by M; is extracted from the bin with all other
objects remaining in the bin. Once the entire pick has been executed, whether successful or not,

the process starts over on the next scene, which may be a slightly modified or entirely new scene.

3.2 Interactive Visual Failure Prediction

We are interested in developing IVFP capability for two important applications. First, we want to
verify potential grasps in order to avoid costly failures downstream. Second, because learning
methods are limited by the cost of collecting human supervision, we are interested in using IVFP
to autonomously reward grasps and improve them through experience. IVFP provides multiple

advantages for these purposes. The interaction produces visual feedback that is highly informative
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of pick success, supporting accurate grasp classification, and the probe allows us to classify grasps
without executing a full pick, enabling execution and training operations with minimal human

intervention.

To capture these advantages, the probe design should prioritize (1) reversibility, so as to not
disturb the scene, and (2) information gain, to enable accurate classification. We design our probes
as a partial execution of the extraction step, where the item is lifted and pulled, but not removed
from the bin. In this way, we can gain information about the grasp’s impact on extraction before
irreversible failures can occur. We also note that by designing the probe as a partial execution
of the extraction step, we can simply continue with extraction in the case of success, further
facilitating efficient data collection. Since it is challenging to heuristically determine grasp success
from probes, we use human supervision to extract the rich information provided by the probe.
We note that humans have the ability to both demonstrate potential grasps and perceive when a

grasp will fail from interaction, and we utilize human operators for both types of supervision.

We illustrate our framework for learning with IVFP in Figure ??. Our approach consists of
a learned grasping task policy 7y, a learned grasp classifier Cy, an interactive perception policy
mrp, and two stages of learning. In the first stage, a human demonstrates a grasp, observes the
interactive perception policy 7;p probing their grasp, then subsequently labels their grasp based on
the observations produced by the probe. The demonstrations are used to train an initial grasping

task policy 7y and a grasp classifier Cy is trained from the labels.

In the second stage, we use the components learned from human supervision as building
blocks for learning from experience. Now, the robot autonomously generates potential grasps
using the latest task policy 7y. The learned classifier Cy is used both for avoiding failures and
for autonomously determining task reward. Using the reward determined by Cy, the policy 7y is

updated offline periodically to maximize predicted reward.



24 CHAPTER 3. LEARNING REWARDS WITH INTERACTIVE PERCEPTION

(a) Grasp Policy (b) Grasp Classifier
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Figure 3.1: (a) Architectures of the neural networks used to model the grasp policy 7. The policy
takes as input the current RGB image I; and target object mask M;. The output includes a 3D
grasp position (x;, yy, z;) and pre-grasp gripper width w;. (b) Architecture of the neural network
used to model the grasp classifier Cy. The input to the classifier is a video of the interactive
perception policy mp testing a grasp. The output is a grasp class prediction c;.

3.2.1 Modeling the Grasp Policy

At each timestep t, the input to the grasp policy is the current observation o; = (I;, M;) and the
output is a grasp action a; = (wy, x4, Y1, z;). The grasp policy is responsible for choosing grasps
that are most likely to succeed based on the current observation. Note that the grasp policy
performs the initial grasp, while interactive probing and grasp success classification are done with
a separate partial execution strategy outlined in Section

We separate the policy into two action-value modules (Q-functions) that correspond to grasp
success: The gripper width module Q,,;4;; chooses a pre-grasp gripper width, and conditioned on
the chosen gripper width, the grasp point module Qg4 decides where to grasp. Both modules
are implemented as neural networks and their architectures are illustrated in Figure [3.1h. Note
that rather than directly outputting grasp positions and widths, we represent these with implicit
functions as noted in prior work [84].

For both modules, the raw observation o; is first embedded into a pre-trained feature repre-
sentation space by a vision transformer backbone. This backbone serves as a function that takes

the raw observations o; as input and outputs patch embeddings F;. The gripper width module
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Qi first applies a global average pooling layer to the patch embeddings F; followed by a linear
classifier. This network models an action-value function Q,,;4:n(w;|F;) that correlates with grasp

success which we sample from to obtain the pre-grasp gripper width w;:

wy = argmaxQyideh (W | Fr)
w

The grasp point module @45y models a spatial action-value function [[135} 149, [110] taking

e RHXW

input y; = (F;, w;) and outputting a dense pixelwise prediction Qg4 of action-values

which are used to select a grasp point:

(ur, v;) = argmaxQgrasp ((4,0) | y,)
(u0)

To execute the grasp, we map the selected point (u;,v;) from the camera image frame to a 3D
grasp location (xy, y;, z;) using the depth channel of the image and the known camera calibration.
We base our network Qg,45, on the Upernet [136] architecture for its high efficiency on spatial
tasks. The visual feature embeddings F; are fed through a Feature Pyramid Network [71] and
the outputs are fused. We project the pre-grasp gripper width w; to match the dimensions of the
fused feature map, concatenate them together, then finally apply a convolutional layer to produce

a dense pixelwise prediction.

Both networks Q,iq;n and Qyr4sp are initially trained in a supervised maximum likelihood
manner to predict grasp actions that imitate the human demonstrations. The networks are trained
separately with Q,,;4;, using standard cross entropy loss and Qg4 using a modified version
of the cross entropy loss that incorporates a Gaussian penalty to encourage the model to make

predictions that are close to the target point without requiring exact matches.



26 CHAPTER 3. LEARNING REWARDS WITH INTERACTIVE PERCEPTION

3.2.2 Interactive Perception and Grasp Success Classification

After performing a grasp according to my, we want to predict if the grasp will succeed in order
to avoid costly failures during execution and efficiently reward grasps during training. But it is
difficult to determine grasp success from passive observation alone, so to better inform grasp
classification, the robot verifies the grasp using the interactive perception policy m;p. For this
work, we used a fixed interactive perception policy that performs a cyclic lift-and-pull probing
motion to test the grasp. The motion is designed to be a reversible partial execution so as to not
perturb the scene, while being able to be executed directly if the grasp is predicted to be successful.
This motion produces a set of visual observations I'F.

Based on these observations, the grasp classifier Cy is responsible for determining whether a
continuation of this particular grasp would be successful or not. The classifier is implemented as a
neural network that takes I’ as input and outputs a grasp class prediction ¢, € {SUCCESS, FAIL}.
An illustration of the network architecture can be found in Figure[3.1p. The network begins with a
vision transformer backbone which is pre-trained using a masked auto-encoding scheme [125] on
Something-Something v2 [38]], a large-scale dataset with 220,847 videos of humans manipulating
objects. The backbone is used to obtain patch embeddings FI¥ followed by a global average pooling
layer and finally a linear classifier. This network models the distribution P(c,|I/¥) from which we

sample c;. The network Cy is trained in a supervised manner using standard cross entropy loss.

We combine the interactive perception policy 7;p and the learned classifier Cg to achieve
IVFP capability. This capability allows us to both autonomously determine rewards for learning
from experience and autonomously verify grasps during execution. In the following sections we

describe each of these applications in detail.
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3.2.3 Using IVFP for Autonomous Reinforcement Learning

By imitating human demonstrated grasps, we can bootstrap our initial grasping task policy my. As
the performance of this policy is limited by the cost of human supervision, we want to further
improve the policy by learning from experience. For this purpose, the IVFP capability achieved
through the combination of 7;p and Cy serves as an interactive reward function (IRF)[50]. After
each grasp action a;, the policy 7;p is executed to produce I/¥ which is used by Cy to predict the

grasp classification c¢;. This classification is used to directly determine the reward R;:

1, if ¢, = SUCCESS
Rt =

~1, if¢, = FAIL

After accumulating a dataset of action-reward pairs, we fine-tune the grasping task policy
7y using an off-policy variant of the REINFORCE algorithm [122] in a contextual bandit setting.

Specifically, we update the policy to maximize the expected reward using the policy loss:

L =-E[R; - Vglog(my(als:))]

3.2.4 Using IVFP for Verification in the Loop

In addition to autonomously determining grasp rewards, we want to utilize the IVFP capability
to verify grasps and avoid costly failures. To this end, at test-time we sample multiple grasp
parameters from our action-value networks Q,,;q;» and Qgy4sp S0 that we can iteratively attempt
alternative grasps in the case of failure. First we sample multiple gripper widths from Q,,;4;; and
each candidate gripper width is input into Qgy,s, along with the patch embeddings F;. This results

in a set of action-value maps, one for each candidate gripper width. We then sample multiple
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Figure 3.2: A subset of the objects used for evaluation. Our item set includes 42 unique objects
with a variety of object sizes, shapes, and physical properties. The objects can be rigid or highly
deformable.

(w, u,v) combinations across all of the action-value maps weighted by predicted grasp success.
We first execute the grasp parameters that are most likely to succeed, verify that grasp using
nip, and evaluate the grasp using Cy. When a failed grasp is detected, we move on to the grasp
parameters that are the next most likely to succeed. This process repeats until we have either

detected a successful grasp or exhausted our set of candidate grasp parameters.
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Figure 3.3: Qualitative examples of IVFP utilized for Verification in-the-Loop (VitL). Failed grasps
(left) are identified by IVFP and iterated upon to produce successful grasps (right). In (a) and
(d) the initial grasp configuration resulted in a multi-pick failure. In (c) the initial grasp config-
uration resulted in collision with the bin and a subsequent missed-pick. In (b) the initial grasp
configuration resulted in a missed-pick.

3.3 Experiments

3.3.1 Hardware

To evaluate our approach, we conduct a series of experiments on a Stretch RE1 robot [61]]. The
robot’s mobile base, arm lift, and telescoping arm are moved in conjunction to reach a 3D target
grasp point. An Intel RealSense D435i RGB-D camera is mounted to the frame and a 185 degree
FOV fisheye camera is mounted to the wrist, providing observations for the grasp policy and the
grasp classifier respectively. We deploy the robot in front of a picking workcell, like those found

in industrial fulfillment warehouses, with a shelving unit housing densely packed bins.

3.3.2 Item Set

Our item set consists of 42 unique objects with various shapes, sizes, and physical properties,
including deformable and bagged objects. 32 of the objects are used during training and 10 are

held out for unseen object evaluation. A subset of the objects can be seen in Figure
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3.3.3 Data Collection

Our dataset consists of 2,143 human teleoperated picks. To teleoperate the robot, participants use
a custom web-based interface designed specifically for this task. First, a camera image of the target
bin is displayed and the participant is prompted to select a grasp point by clicking on the image.
We map the selected (u, v) position from the camera image to a 3D grasp location using the depth
image and known camera calibration. Next, the robot moves its end effector to a pre-grasp pose
relative to the selected grasp point and the user is prompted to select a pre-grasp gripper width
using a slider. Finally, the robot executes the grasp followed by our fixed interactive perception
motion policy, effectively testing the participant’s chosen grasp parameters. After watching the
images produced by the interactive perception motion, the participant chooses to classify the
grasp as a success (in which case the robot executes a fixed extraction policy) or as a failure (in
which case the robot resets and a new grasp point is chosen). In total we had 12 participants
provide demonstrations including one of the researchers and 11 colleagues recruited from our

department.

3.3.4 Training Details

In the demonstrations, successful picks are more common than failed picks, resulting in an
imbalanced dataset. For classification we undersample successes to create a more balanced dataset

consisting of 975 successes and 961 failures.

3.3.5 Baselines and Experiments

Centroid: A heuristic baseline always grasping from the center of the masked object.
Random: A random baseline sampling points uniformly from within the masked pixels.

Imitation Learning (IL): A learned baseline using the initial grasping policy produced by
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imitating the behavior of the human demonstrations.

Verification-in-the-Loop (IL+VitL): In this method, IVFP is used to verify grasps and retry

failed grasps until success or no candidates grasps remain.

Reinforcement Learning (RL): In this method, the predictions from IVFP are used to fine-
tune the grasp policy using reinforcement learning. We report results after training for 20 iterations

and 50 iterations. In each iteration, we collect a batch of 64 grasps.

3.3.6 Evaluation Metrics

To quantify these approaches we report on the following two evaluation metrics:

Success Rate (SR) is the percentage of picks for which the target object was extracted

successfully.

Units Per Hour (UPH) indicates how many target objects could be picked per hour, quanti-

fying the speed at which the robot is picking.

3.3.7 Additional Experiments

To study the effect that interaction has on performance, we perform an ablation study where we
compare accuracy of a model with access to the observations produced from interaction against
a model with access to only passive observations. To evaluate the data throughput benefits and
tradeoffs of our approach, we compare a 1 hour data collection with IVFP to a 1 hour data collection
using a more typical collection pipeline wherein the robot fully executes each pick. We report
on three metrics: picks collected per hour, human interventions per hour, and collected label

accuracy.
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Seen objects Unseen objects
SR UPH SR UPH
Centroid 44.83% 36.08 - -
Random 29.61% 25.2 - -
IL 56.76% 4592 | 49.16%  40.18
IL+ViTL 67.33% 43.76 | 57.51%  37.05
RL@ 20 69.16% 56.58 | 61.66% 48.8
RL@50 73.33% 58.4 | 62.51% 49.6

Method

Table 3.1: Evaluation results of various grasping methods across two metrics: Success Rate (SR) and Units Per Hour
(UPH).

Method Picks/Hr Interventions/Hr Label Acc.
Full picks 82 24 100%
IVFP 158 6 96%

Table 3.2: Comparison of data throughput tradeoffs between data collection with full picks and with IVFP.

3.4 Results

All methods described in Section [3.3| were evaluated on both seen and unseen object sets. For each

method, we evaluate over 10 trials each consisting of 12 picks.

In Table we can see that using IVFP for verification in the loop results in significant
performance gains. Qualitative examples can be seen in Figure This method can be applied
immediately as it requires no additional training. However, it comes at the cost of operation speed
as verifying every grasp results in a decrease in UPH. Results of RL from 10 to 50 iterations show

that we can improve performance by using IVFP to learn from experience.

The results of our data throughput experiment are summarized in Table emphasizing that
our approach can significantly reduce the burden of data collection with a minimal impact on
collected label accuracy. In Table the results of our ablation study on the effect of interaction
show that interaction is crucial for classification and illustrate the tradeoff between interaction

time and classifier accuracy.
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Perception Seen objects Unseen objects
P Prec. Rec. Acc. | Prec. Rec. Acc.
Passive 0.5 056 46% | 043 041 41%

Interactive (0.5s) 0.69 0.72 72% | 0.61 0.62 64%
Interactive (1.0s) 0.79 0.81 81% | 0.72 0.76 75%
Interactive (1.5s) 0.84 086 87% | 0.81 0.83 83%
Interactive (2.0s) 094 093 94% | 092 09 90%

Table 3.3: Performance of the learned classifier when interaction is used as compared to when passive perception is
used.

3.5 Discussion

In this work, we presented an approach to grasping in clutter using Interactive Visual Failure
Prediction (IVFP). In our approach, the robot interacts with the environment by performing a
cyclic interactive probe designed to inform grasp success. We combine the interactive behavior
with a visual classifier learned from human feedback to achieve IVFP. We perform experiments in
the context of a real-world robot deployment showing that this approach both improves grasping
performance and reduces the burden of data collection. While effective in our domain, our
approach utilizes a fixed interaction policy which won’t necessarily generalize to other domains.
To address this limitation, exploring methods of learning interaction policies as in [50] is an
exciting direction. Additionally, our task is performed in a relatively constrained contextual
bandits setting and future work should explore how to apply IVFP on longer horizon problems

with richer action spaces.
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Chapter 4

One Shot Programming by Demonstration

via Diffusion Features

General-purpose robots have the promise to automate tasks in many human-centric environments
such as homes and workplaces. However, programming robots to robustly perform behaviors
with every possible object in every possible environment is extremely challenging. Programming
by Demonstration (PbD) is a popular approach that enables end-users to program new robot
capabilities by simply demonstrating the desired behavior [17]. For robots deployed in human-
centric environments, demonstration provides an intuitive way for end-users to teach robots
new skills without having technical training or expertise in robotics. But this approach typically
requires a large-scale and diverse set of demonstrations in order for the programmed capabilities
to generalize to new environments and objects, which is not feasible for an end-user to provide.
Ideally, an end-user could program robot capabilities by providing just a single demonstration of
the desired behavior and those capabilities would generalize to new scenarios. For example, after
demonstrating how to put a mug into a coffee machine, the robot should be able to repeat this

task with other mugs even if they are visually distinct. Additionally, if the coffee machine and

35
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mugs are re-arranged or moved to an entirely different location the robot should still be able to

perform the demonstrated task.

Humans possess a remarkable ability to learn tasks from a single demonstration and to apply
the learned behaviors to new situations [6| (14, /48, [99]]. This is achieved in part by drawing on
prior conceptual knowledge to infer the underlying structure of the task being demonstrated
rather than directly mimicking the demonstrator’s low-level actions [48]]. For example, to learn
new manipulation skills we primarily pay attention to interactions between the end-effector and
objects rather than the relative motions within and between joints. By extracting the high level
structure of the task rather than the low level actions, we are able to more easily transfer the task

to new scenarios by identifying corresponding structure in new scenes.

Inspired by these insights, we propose a novel approach to PbD that enables programming
generalizable robot manipulation skills from a single observed demonstration, illustrated in Figure
??. Our approach draws on the prior conceptual knowledge encoded by pre-trained web-scale
foundation models to both extract the salient structure from an observed demonstration and
to identify the corresponding structure in new scenes. In particular, we utilize features from
pre-trained diffusion models. While diffusion models are primarily models for image synthesis,
they have been shown to implicitly encode rich information about the structure of the scene,
objects, and object parts within an image. We show that within the context of a PbD framework,
such capability provides an elegant mechanism to generalize observed demonstrations to new
scenarios. We study the performance of our method across 14 tasks on a real robotic manipulator
and find that our approach is surprisingly effective at a wide range of manipulation skills, while
utilizing only off-the-shelf models with no additional fine-tuning required. We thoroughly analyze
the generalization capabilities of our approach and study the contribution of diffusion features as

compared to popular alternatives.
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4.1 Related Work

4.1.1 Programming by Demonstration

Programming by Demonstration, also referred to as Learning from Demonstration or Imitation
Learning, has been the subject of four decades of robotics research [17, [9]. Approaches are
often categorized based on the method of providing demonstrations and in contrast to methods
that require moving the robot (e.g. through teleoperation [112, 155} [154]], kinesthetic teaching
(75,142, 5], or spoken commands [132] 37, [118]]), in this work we focus on programming by passive
observation, where the robot is programmed by observing a human perform the desired behavior
(74, 149, 11, [138| [116]. This is particularly easy and intuitive for the user, requiring almost no
training to perform. However, learning generalizable skills from passive observation is especially
challenging and approaches typically either heavily restrict the domain or require a large and
diverse set of demonstrations in order to scale to scenarios outside of the demonstrated examples.
Some works take a user-guided approach to the generalization problem, where the user provides
additional information to adapt the learned skills to new scenes [22,36,7,[32]. Another approach is
to extract a reward function from the provided demonstration which can then be used to fine-tune
the skill in novel scenes [153} 11}, [116], but this requires additional training time to fine-tune the
robot policy in new scenes. In this work, we propose to leverage large-scale visual foundation
models off-the-shelf, with no additional fine-tuning, to extract robot manipulation skills from a
single observed human demonstration and to apply those skills to new objects, viewpoints, and

scenes.
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4.1.2 Diffusion Models for Robotics

Diffusion models [115] have made great breakthroughs in generative tasks such as image and video
synthesis [47, 29} 103} [45| 33]]. Within robotics, diffusion models have been trained to generate
actions for manipulation [26} 87, 94], navigation [117,[139]], and human-robot collaboration [[145,
93]]. Additionally, pre-trained image diffusion models have been utilized to generate images used
for robot training [146| 24, (127, [15] and planning [59, [150]. While diffusion models are primarily
used for generative tasks, recent works show evidence that they implicitly encode rich information
about the structure of objects and scenes in images [[123}[77,[151]]. Based on this insight, we propose
to leverage features extracted from pre-trained generative image diffusion models within a PbD
framework in order to find correspondences between structures observed in demonstration scenes

and those observed in novel scenes.

4.2 Diffusion PbD

We present Diffusion-PbD, a robot PbD framework for synthesizing generalizable robot manip-
ulation programs using only a single passively observed human demonstration. Our approach
utilizes pre-trained visual foundation models to both extract salient structure from the observed
demonstration and to find corresponding structure in novel scenes. Specifically, we use pre-trained
models with strong hand-object priors to extract waypoints relative to observation-centric refer-
ence points, then we utilize pre-trained diffusion features to find corresponding reference points
in novel settings. In the following sub-sections we first formalize the problem setting, then we

provide a high-level overview of the approach, and finally we describe each phase of the approach.
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Figure 4.1: Diffusion-PbD composes a mixture of pre-trained web-scale foundation models to
both extract salient structure from demonstration videos and to transfer that structure to new
scenes. Diffusion-PbD is composed of three main phases: (1) human and object detection, (2)
waypoint extraction, (3) skill execution. In the first phase, we pre-process the demonstration
frames by detecting human hands and their interactions with objects in the scene. Next, we
map these detections to waypoints and robot gripper configurations. We anchor the waypoints
relative to observation-centric reference points. This representation allow us to map the skill to
new scenes by finding corresponding reference points in the new observations.

4.2.1 Problem Formulation

In this work, we consider PbD for robotic manipulation tasks. Let A be the set of robot actions,
and S the set of world states. We assume access to a human demonstration D = <d0, dy, .. .,dTD>
where each demonstration frame d; is an RGB-D image at time ¢. Given a demonstration D and
an initial state s € S, the goal is to generate an execution & = <a0, ag, ..., aT§>, where a; € A is an
action taken by the robot at time ¢. The initial state s is defined by the environment layout, the
poses and states of all objects, and the pose and state of the robot. The robot does not directly have
access to the initial state s, but only to an initial observation o. The initial observation o = (I, K, D)
includes an RGB-D camera image I, the robot’s proprioceptive state K, and the demonstration D.
The task is considered successful if the goal-conditions corresponding to the demonstration D are

true at the end of execution.
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4.2.2 Overview

Our PbD method composes a mixture of pre-trained web-scale foundation models to both extract
salient structure from demonstration videos and to transfer that structure to new scenes. Our
method has three main phases (see Figure [4.1): (1) demo perception, (2) skill representation, (3)
skill execution. In the first phase, we pre-process the demonstration frames by detecting human
hands and their interactions with objects in the scene. Next, we map those detections to waypoints
and robot gripper configurations. We represent waypoints relative to reference points in the
observation, which allows us to map the skill to new scenes by finding corresponding reference

points in the new observations.

4.2.3 Demo Perception

For robot manipulation tasks, timesteps when the end-effector interacts with objects in the
environment are particularly important. We process the demonstration D to extract information
about the hands in the scene and the objects that they contact using 100DOH [108]], a hand-object
interaction model that has been pre-trained on 100K images extracted from a large-scale (131+
days) video dataset of humans interacting with objects. We use 100DOH to extract, for each
demonstration frame d;, a hand bounding box bi’ and a boolean contact variable ¢; indicating
whether the hand is in contact with an object or not. For every frame where the hand is in contact
with an object we additionally extract an object bounding box b{. While bounding boxes give
us the rough position of hands and objects in the scene, we look to obtain fine grained masks
using Segment Anything Model (SAM) [64]. For each hand bounding box bi’ and object bounding
box b? we prompt SAM to produce a hand mask m” and object mask m?. 3D perception of the
scene is crucial for manipulation tasks, so we additionally produce a point cloud C; for each

demonstration frame d; using the RGB-D image and camera intrinsics. To properly imitate the
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Figure 4.2: An illustration of the conditions used to identify key contact frames for an example
where a cup is lifted by the handle and moved onto a plate. Key frames are extracted when (a)
contact is made between the hand and the target object, (b) contact is broken between the target
object and the environment (c) contact is made between the target object and the environment
or (d) contact is broken between the hand and the target object.

grasp and interaction on a robot, the pose of the hand is important as well. We employ Mediapipe
[76] for this purpose, and detect the human hand pose p; represented as 21 landmarks following
the topology in [113]. The two landmarks on the thumb and another two on the index finger are
used to represent a parallel jaw gripper. We define r; as the rotation of this gripper model and g;

as the distance between fingers.

4.2.4 SKkill Representation

Inferring the hand-object interactions from the demonstration is useful, but ultimately we want
to extract waypoints that can be executed by the robot. To accomplish this, we first identify
and extract contiguous contact sequences, or clusters of timestamps where c; is true. Because
hand-object interaction detection can be noisy, we filter any sequences that span less than three
timestamps, leaving only those that indicate sustained contact. We extract this set of contact

sequences > = (ao, o1, - - .,O'LZ> where each contact sequence is initially represented as a start
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timestamp and end timestamp o = (tsq4rt, teng). We additionally compute a pre-contact timestamp
tpre by backing up from the start of contact ¢4, until the hand mask m? no longer overlaps with
the object mask m} to obtain timestamp t,,.. For each contact sequence in 3, we extract a set
of waypoints where each waypoint w; = (P;, g, t;) is made up of a 6-DOF pose P;, gripper width
gi, and timestamp t;. We first define a waypoint at the start of interaction, wg,,; using the hand
pose landmarks at the start of contact p;,,,. The two pose landmarks on the thumb and another
two on the index finger are used to represent a parallel jaw gripper. These points are lifted into
3D using the depth map and averaged to obtain our contact point, which is combined with the
gripper rotation r;,_ , to obtain our contact pose P4+ and waypoint wggrr = (Pstarts Gty )- We
additionally compute a pre-contact waypoint wy,., the points from the thumb and index finger
landmarks at t,,. are again lifted into 3D, averaged, and combined with Tt tO produce pose Py,
and waypoint wWpyre = (Ppre, gtpre). As illustrated in Figure we identify additional waypoints
centered around timesteps where contact is made or broken between the target object and the
environment. Finally, we define a waypoint at the end of interaction w,,q by repeating this process
with the pose landmarks at the end of contact p;, ,. At the end of this process each contact
sequence o is represented as a set of waypoints o = <w0, wi, .. .,wLo>.

The set of contact sequences ¥ contains waypoints to reproduce skills in the current scene,
but we desire to reproduce skills in novel scenes, including those with novel viewpoints, object
configurations, and objects. In this work, we aim to leverage the features from pre-trained image
diffusion models for the purpose of re-identifying key waypoints in new scenes. To that end, we
extract waypoints relative to observation-centric reference points. To obtain reference points, we
look for key frames where contact is made between the hand and the target object or between
the target object and the environment. To obtain a reference point for a key frame where contact
is made between the hand and target object we extract a 3D point from the pose at the start of

contact Pyqr;. We project the 3D point onto the image at timestep t,, to obtain a 2D reference
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Reference Point Predicted Corresponding Points

Figure 4.3: In Diffusion-PbD, features from a pre-trained Stable Diffusion [104] image model are
utilized to transfer demonstrated contact points to new scenes. The examples in this figure show
the effectiveness of this method at finding corresponding points in novel viewpoints, objects,
and scenes. The reference points on the left are extracted from human demonstrations, and the
corresponding points on the right are predicted through the use of diffusion features.

point in image space. To obtain a reference point for a key frame where contact is made between
the target object and the environment we average the points in contact to obtain a 3D point and
project the resulting point on the the image at timestep t,,. to obtain a 2D reference point. After
identifying reference points, we recompute the pose in all waypoints using relative translation

from the nearest preceding reference point.

4.2.5 Skill Execution

To apply skills to new scenes we first map our reference points to the novel observations using the
popular Stable Diffusion (SD) image foundation model. SD has been pre-trained on billions
of images and the intermediate-layer features of the model have been shown to implicitly encode
rich information about the structure of objects and scenes in an image. In this work, we propose to

utilize these features within a PbD framework for robust reference point generalization to unseen
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viewpoints, objects, and scenes as illustrated in Figure For each contact sequence in %, we
use SD to extract the diffusion features of our reference demonstration frame d;,, and the first
observation image in the new scene I. The features are generated by adding noise to the images,
feeding the images through the network of SD, and extracting the intermediate layer activations.
For more details we refer the reader to [123]. Through this process we obtain two diffusion feature
maps F..r and Fygyge;. For every waypoint w; in o, we compare the cosine similarity of the two
features maps and identify the point in Fygyge; that is most similar to the reference point in F.y.
This point is then lifted into 3D using the depth map from I to produce a 3D point in the new scene
P; and new waypoint w; = (P, g;). Ultimately we obtain a set of waypoints for the new scene
6 = (W, w1, ..., wr, ). We convert each contact sequence to a manipulation program for execution
on the robot wherein the end-effector motion and gripper state are commanded according to the
waypoints in 6. To generate the motion between waypoints, we use a collision-free motion planner
to generate a trajectory of robot actions for reaching the next desired waypoint goal. Specifically,
we use the GPU accelerated motion generation library cuRobo [120]. After successfully reaching

every waypoint goal, this process is repeated for every contact sequence in X.

4.3 Experiments

To evaluate our approach, we conduct a series of real world experiments across 5 indoor environ-
ments as illustrated in Figure In our experiments we seek to answer the following research
questions: 1) Is Diffusion-PbD practical for a wide range of robot manipulation tasks? 2) How
effective is Diffusion-PbD at applying demonstrated manipulation tasks to new viewpoints, objects,

and scenes? 3) To what extent do diffusion features contribute to the effectiveness?
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4.3.1 Hardware and Environments

We use the Stretch RE2 robot [61]] for our experiments. The robot’s mobile base, arm lift, and
telescoping arm are moved in conjunction to reach 6-DOF target waypoints. The robot’s end
effector is a parallel-jaw gripper with rubber fingertips. An Intel RealSense D435i RGB-D camera
is mounted to the frame which is used both to record demonstrations and to provide observations
during execution. One of the authors initialized scenes and categorized tasks as success or failed

based on the criteria in Section IV-B.

4.3.2 Evaluation Tasks

We evaluate our approach using 14 different real world manipulation tasks. We design our
evaluation tasks to cover a wide range of contact-rich manipulation behaviors involving prehensile
and non-prehensile motions. The tasks range from rearranging objects, to multi-step extraction
from cluttered scenes, to tool use, to manipulation of deformable and articulated objects. Below,

we describe each of the tasks and how success is defined for each task.

Pick-and-place

In this task, the robot picks up a bottle by its top and places it into a bowl. The task is successful if
the robot grasps from the top of the bottle and the bottle is contained inside of the bowl at the

end of execution.

Bookshelf extraction

In this task, the robot is required to do both non-prehensile and prehensile motions to successfully
extract a slender object from a bookshelf. The target object is densely packed into the shelf, so the

robot must first tip the object with a pushing motion from the top before grasping and extracting
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the object. The task is successful when the robot extracts the target object without displacing any
other objects from the shelf.

Occluded pick

For this task, a target object is occluded by another object in the initial scene. The robot must first
push the occluding object out of the way using non-prehensile motion and then extract the target
object. The task is successful if the object is extracted by the robot.

Occluded place

For this task, the robot must use non-prehensile motion to push an object out of the way to make
room for the target object on a surface. The target object is then picked and placed onto the
surface. The task is successful when the target object rests on the target surface.

Open drawer

In this task, the robot is required to open a drawer. This requires a precise grasp of the drawer
handle and careful imitation of the demonstrated trajectory to open the drawer. The task is
successful if the drawer is open at the end of execution.

Close drawer

In this task, the robot is required to close a drawer. The task is successful if the drawer is closed at
the end of execution.

Stack blocks

This task demonstrates a manipulation program with a multi-step horizon. The robot must stack

a set of three colored blocks in the same order as the demonstration. The task is successful when
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the blocks are stacked in a stable column following the order given by the demonstration.

Unstack blocks

Another multi-step horizon task, the robot must unstack a set of three colored blocks. The task is
successful when none of the blocks are stacked.

Clear table into drawer

Our longest horizon task where the robot must first open a drawer by the handle, then pick objects
one by one off of a counter and place them into the drawer, and finally close the drawer. The task
is successful when the drawer is closed with all items from the counter top contained inside.
Unplug charger

In this task the robot must grasp and pull a laptop charger to remove it from a power outlet socket.
The task is successful when the charger is removed from the socket.

Assemble bento

In this task the robot must pick and place food items into a bento box, putting the items into the
same sections of the box as the demonstrator.

Push chair

In this task the robot must perform a non-prehensile motion to push a chair into a table.

Clean whiteboard

This task demonstrates a manipulation program with tool use. The robot must first grasp a cloth,

then follow the demonstrated trajectory to clean a marking off of a whiteboard using the cloth.
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Figure 4.4: We evaluate Diffusion-PbD using a Stretch RE2 robot to perform 14 real world
manipulation tasks across 5 visually distinct environments. We show that this approach is
effective for single-shot imitation of a wide range of manipulation tasks and generalizes to novel
viewpoints, objects, and scenes.

The task is successful when the whiteboard is cleaned.

Fold towel

This task demonstrates a manipulation program with deformable objects. The robot must first
grasp the corner of a towel, then follow the demonstrated trajectory to fold the towel. The task is

successful when the towel is folded.

4.4 Results

To demonstrate the ability of Diffusion-PbD to synthesize a wide variety of robot manipulation
skills, we perform experiments on a set of 14 tasks, ranging from pick-and-place, to tool use, to
manipulation of deformable and articulated objects. The results are summarized in Table
For each task, we report results averaged across 15 trials, with a new viewpoint and human
demonstration used for each trial. Diffusion-PbD is able to complete all 14 tasks with an average
success rate of 81.3%.

Generalization to Unseen Scenarios: To understand the ability of Diffusion-PbD to apply
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demonstrated manipulation tasks to new viewpoints, objects, and scenes we perform a deeper
analysis with a representative subset of the manipulation tasks: pick-and-place, open drawer, fold
towel, and clear counter into drawer. For each task, we perform additional trials across three novel
scenarios. First, we perform 15 trials from unseen viewpoints. Then we perform 15 trials with
unseen objects: for the pick-and-place task bottles distinct in appearance and size are used, for
the drawer task we use a visually distinct drawer, and for the towel folding task we use towels of
varying colors and sizes. Finally, we perform 15 trials from an entirely unseen environment. For
each evaluation scenario, we report the average across the 15 trials. The results summarized in

Table [4.2| show the strong generalization ability of Diffusion-PbD.

Contribution of Diffusion Features: To evaluate the major design decision of using features
from SD within our framework, we conduct additional experiments using two other pre-trained
feature spaces commonly used for correspondence matching in similar robotic applications: CLIP
[97], and DINOv2 [95]. The results in Table [4.1] and Table [4.2 highlight the importance of this
design decision as features from SD enable a higher success rate on a range of manipulation
tasks and across a range of previously unseen scenarios. Figure [4.5| qualitatively illustrates this

advantage, with examples of the strong correspondence matching enabled by the SD features.

Failure Analysis: While the results show that this approach can be practical for all 14
benchmarked manipulation tasks, there is still room for improvement. To better understand
the failure cases, we analyze the failures in Figure finding that the most common source of
failure happens during demo perception due to inaccuracies in hand-object detection models,

highlighting detection improvements as an important area for future work.
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Task Success Rate
CLIP DINOv2 SD
Pick-and-place 0.86 0.86 0.93
Bookshelf pick 0.40 0.53 0.67
Occluded pick 0.40 0.60 0.80
Occluded place 0.33 0.80 0.87
Open drawer 0.53 0.73 0.80
Close drawer 0.40 0.73 0.73
Clear counter into drawer 0.33 0.66 0.73
Stack blocks 0.53 0.80 0.80
Unstack blocks 0.40 0.80 0.87
Unplug charger 0.66 0.93 0.93
Assemble bento 0.66 0.66 0.80
Push chair 0.86 0.80 0.93
Clean whiteboard 0.66 0.73 0.73
Fold towel 0.60 0.73 0.80

Table 4.1: We present a set of evaluations on 14 real world tasks. For each task the robot must
imitate a human demonstration.

4.5 Discussion

We propose Diffusion-PbD, a novel method for robot PbD that can synthesize generalizable robot
manipulation programs from observing a single human demonstration. Our method utilizes
pre-trained image foundation models off-the-shelf to both extract salient structure from human
demonstrations and to transfer that structure to novel scenes. We perform an evaluation on a
Stretch RE2 robot and demonstrate the ability of our approach to synthesize robot manipulation
programs for a wide-range of different manipulation tasks. Our analysis shows that Diffusion-PbD
is effective at generalizing demonstrated skills to unseen viewpoints, objects, and scenes, and
highlights the utility of diffusion features for robot PbD.

Despite the promising results, Diffusion-PbD has multiple important limitations. First, our
approach relies on sampling a set of waypoints from the provided demonstration. While this

representation allows our approach to imitate a wide variety of manipulation tasks, some tasks
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. Success Rate
Task Eval Scenario CLIP DINOv2 SD
Canonical 0.86 0.86 0.93
Pick-and-place Unseen Viewpoint 0.66 0.73 0.80
Unseen Objects 0.33 0.73 0.73
Unseen Scene 0.66 0.86 0.86
Canonical 0.60 0.73 0.80
Open drawer Unseen Viewpoint 0.40 0.66 0.80
Unseen Objects 0.53 0.66 0.73
Unseen Scene 0.40 0.73 0.80
Canonical 0.60 0.73 0.80
Unseen Viewpoint 0.53 0.53 0.73
Fold towel Unseen Objects 033 066  0.80
Unseen Scene 0.33 0.73 0.73
Canonical 0.33 0.66 0.73
Clear counter Unseen Viewpoint 0.26 0.66 0.73
Unseen Objects 0.26 0.53 0.66
Unseen Scene 0.13 0.53 0.66

Table 4.2: To study the robustness of Diffusion-PbD, we evaluate a representative subset of tasks
on unseen viewpoints, unseen objects, and unseen scenes.
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may need a more densely sampled set of waypoints or alternative trajectory representations for
finer grained manipulation which is an exciting direction for future work. Our approach uses
open-loop execution of actions and could be extended to use dynamic motion generation in order
to handle dynamic disturbances or changes to the environment during execution. Additionally,
our approach assumes that viable reference points are visible in new scenes, and future work

should explore strategies for handling missing or occluded objects.
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Reference Point CLIP DINOvZ2 sD

Figure 4.5: Qualitative comparison of point correspondences using features from Stable Diffusion
[104], DINOv2 [95], and CLIP [97] for scenes with various visual distinctions from the reference
and various amounts of clutter.
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Canonical Unseen Viewpoint Unseen Object Unseen Scene
BB Hand-Object Perception BN Correspondence BN Motion Planning BN Failed Task

Figure 4.6: The distribution of failures for pick-and-place, open drawer, and fold towel tasks
across unseen viewpoints, unseen objects, and unseen scenes. Executions can fail due to errors in
hand-object perception, errors in correspondence matching, failure to motion plan, or failure to
meet the task requirements.



Chapter 5

Teaching Robots with Show and Tell

General purpose robots have the potential to enhance productivity and reliability in human-centric,
task-oriented settings such as kitchens, warehouses, and offices, but one of the key challenges to
achieving this potential is that each environment, user, and task combination demands tailored
behavior from the robot. Programming by Demonstration (PbD) is a popular approach to this
challenge, enabling end-users to program robots for personalized tasks and environments by
providing demonstrations of the desired behavior. However, existing PbD techniques typically
require a large number of demonstrations or are unable to extract high-level task information
related to control flow and action parameterization from the demonstrations. Natural language is
another popular method for personalizing robot behavior, but low-level details can be cumbersome
and error prone to communicate with language alone, and most works assume a fixed set of low-
level primitives are available to be composed by the language instructions, limiting the scale and
complexity of tasks that can be programmed.

Studies in human observational learning show that humans use both language and demonstra-
tion when teaching each other new tasks, with both communication modalities playing important

roles [6,[119]. Language allows us to transmit abstract information, while demonstrations instan-

55
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tiate that information in concrete examples [28]]. Inspired by this insight, we envision a more
natural and intuitive PbD system, where end-users can program robots for personalized tasks and
environments by flexibly using both language and visual demonstrations.

In this work, we propose SHOWTELL — a system that enables end-users to teach robots new
tasks the same way they would teach another person, by visually demonstrating and verbally
describing what they are doing as they demonstrate. SHOWTELL is modular, composing a set of
pre-trained large language models (LLMs) and vision-language models (VLMs) to synthesize robot
policies that can jointly reason about the language and visual components of the demonstrations
and execute the demonstrated behavior in novel scenes. SHOWTELL is designed to be generalizable
across a wide range of tasks and environments, and to be intuitive and natural for end-users to
use, while requiring only a single demonstration with no additional training or fine-tuning.

While both language and demonstration are traditionally popular interfaces for task planning,
there has been comparatively little attention paid to combining the two. Most existing works
attempt to train end-to-end models, an approach that is difficult to scale because it requires
enough training examples to implicitly learn to understand all demonstrations and perform all
tasks within the forward pass of a neural network. In contrast, our approach requires no additional
training, utilizing the vast knowledge encoded in off-the-shelf foundation models. Our approach
is neuro-symbolic in that it aims to combine the strengths of neural networks, which excel at
learning from data, with symbolic reasoning, which excels at manipulating symbols and logical
rules, to create a more robust robot PbD system that is modular, allowing us to scale to new
tasks by composing existing modules in novel ways, and also also interpretable, allowing us to
understand the reasoning behind the generated policies and to easily modify or extend them.

Through real-world robot experiments, we validate our approach, showing that SHowTELL
is able to synthesize robot policies from language and visual demonstrations including tasks

that require high level logic such as conditions, iteration, and segmentation. We show that our
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approach out-performs a state-of-the-art baseline on a variety of tasks, and that it is able to
generalize to new objects and environments, while requiring only a single demonstration with no
additional training or fine-tuning. We believe that our approach has the potential to significantly
improve the usability and performance of robot PbD systems, and to enable robots to learn from

demonstrations that are more natural and intuitive for end-users.

5.1 Related Work

Programming by Demonstration. Programming by Demonstration, also referred to as Learning
from Demonstration or Imitation Learning, has been the subject of four decades of robotics research
[17,9]. Approaches are often categorized based on the method of providing demonstrations and
in contrast to methods that require moving the robot (e.g. through teleoperation [112} 155} [154] or
kinesthetic teaching (75,142} [5]), or the use of specialized demonstration hardware [83]], in this work
we focus on programming by passive observation, where the robot is programmed by observing
a human perform the desired behavior (74, 49| 11} 138, [116, 55]]. Most existing works attempt to
train end-to-end models, an approach that is difficult to scale because it requires enough training
examples to implicitly learn to understand all demonstrations and perform all tasks within the
forward pass of a neural network. Instead, we propose to leverage the prior knowledge encoded in
pre-trained foundation models to synthesize programs that can both reason about demonstrations
and execute the demonstrated behavior on a robot with novel scenes and objects.

LLMs for Task and Motion Planning. With the advent of large-scale pre-trained language
models, there has been growing interest in using these models for robotics tasks. A large body
of work has focused on planning and reasoning from text-based natural language instructions
(4,53, (102} 134, 73]. These works typically output their plans as a sequence of robot actions, but

recent approaches show the benefits of using LLMs to synthesize code with logical constructs that
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can be executed by a robot [69]114]51]]. While much progress has been made in synthesizing code
policies from text-based instructions, there has been comparatively little work on synthesizing
code policies from visual demonstrations. (author?) [130] assume that a demonstration has been
converted to a textual description, and focus on generating policies from the text. In contrast,
we focus on generating policies directly from visual demonstrations. Most similar to our work,
(author?) [128] propose to use a VLM to summarize visual demonstrations and generate policies
from the resulting summaries. In contrast, we propose to synthesize programs that can reason
about the visual demonstration, which allows us to handle more complex demonstrations, better
align the language with the visual components of the demonstration, and more easily interpret

the reasoning behind the generated policies.

LLMs for Visual Reasoning. Visual reasoning approaches have typically used end-to-end
trained models, but recent works have shown that pre-trained LLMs can be leveraged to accomplish
state-of-the-art for many visual reasoning tasks. Early iterations represent the visual information
from images as text via captions, objects, and attributes and feed this textual representation to LLMs
along with task instructions and in-context examples [141]. (author?) [148] propose a modular
approach wherein the LLM leverages other pre-trained models such as vision-language models
(VLMs) and audio-language models through program generation. More recent works have scaled
this idea to additional tasks including knowledge tagging, image editing, and causal/temporal
reasoning over videos [40} 121]]. In this work we seek to leverage LLMs for visual reasoning in the
context of robot PbD by using the LLM to generate modular programs that jointly reason over
video demonstrations and spoken language instructions to understand the task being demonstrated

and ground that understanding to robot actions in new scene observations.
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Figure 5.1: An overview of the SHowTELL framework. First, the visual and spoken components
of the demo are processed and fed into an LLM. The LLM synthesizes a modular program that
can jointly reason about the provided demonstration and novel observations to transfer the
demonstrated skill to new scenes.

5.2 Method

We present SHOWTELL, a neuro-symbolic robot PbD framework for synthesizing modular, gener-
alizable, and interpretable robot manipulation programs from visual demonstrations and natural
language. Our approach, illustrated in Figure requires only a single demonstration with no
additional training or fine-tuning, as it utilizes a combination of pre-trained foundation models and
hand-engineered components to reason about observed demonstrations and to transfer learned
skills to new scenes. In the following sub-sections we first formalize the problem setting, then we

provide a high-level overview of the approach, and finally we describe each phase of the approach.

5.2.1 Problem Formulation

In this work, we consider multi-modal PbD for robotic manipulation tasks. Let A be the set of robot
actions, and S the set of world states. We assume access to a human demonstration consisting of
visual demonstration component D = (do, di,..., dTD>, where each demonstration frame d; is an
RGB-D image at time t, and a spoken language component L. Given the demonstration D, language

L, and an initial state sy € S, the goal is to generate an execution ¢ = <so, 0, S1, A1 - - -5 STy aT§>’
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where a; € A is an action taken by the robot at time t,s; € S is the state before taking a;, and
st+1 = 7T (54, a;) under environment dynamics 7 : S X A — S. The state s; is defined by the
environment layout, the poses and states of all objects, and the pose and state of the robot. The
robot does not directly have access to the state s;, but only to an observation o;. An observation
o; = (I, K;) includes an RGB-D camera image I; and the robot’s proprioceptive state K;. The task
is considered successful if the goal-conditions corresponding to the demonstration D and spoken

language L are true at the final state s,.

5.2.2 Overview

Our method utilizes a mixture of pre-trained foundation models and hand-engineered modules to
both understand the provided demonstration and to transfer that understanding to new scenes. We
first pre-process the demonstration to make relevant information readily accessible for program
synthesis. Next, an LLM is used to compose a set of modules into a program. The modules available
to the LLM include tools for visual and spatio-temporal reasoning about the video demonstration
frames, tools for aligning the spoken language of the demonstration with the visual demonstration,
tools for transferring the demonstrated skill to the current environment, and tools for controlling

the robot.

5.2.3 Pre-processing

The first step in our approach is to pre-process the demonstration to make relevant information
readily accessible to the LLM. The spoken component of the demonstration, L, is transcribed
using the Whisper speech-to-text model [98]. The transcription is saved and uttered words are
indexed by their timestamp relative to the start of the demonstration. The visual component of

the demonstration is processed to detect human hands and their interactions with objects in the
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scene. We utilize the Mediapipe [76] hand landmark detection model, and detect the human hand
pose represented as 21 landmarks following the topology in [113]. The two landmarks on the

thumb and another two on the index finger are used to represent a parallel jaw robot gripper.

For robot manipulation tasks, timesteps in which the end-effector interacts with objects
in the environment are particularly important, so we seek to identify and extract contiguous
contact sequences, or clusters of timestamps where the hand is in contact with an object, from
the demonstration D. We extract information about the hands in the scene and the objects that
they contact using 100DOH [108], a hand-object interaction model that has been pre-trained on
100K images extracted from a large-scale video dataset of humans interacting with objects. We
use 100DOH to extract, for each demonstration frame, a hand bounding box, in-contact object
bounding box, and a boolean contact variable indicating whether the hand is in contact with an
object or not. We obtain fine grained masks for both hands and objects using Segment Anything
Model (SAM) [64] with bounding boxes provided as prompts. 3D perception of the scene is crucial
for manipulation tasks, so we additionally produce a point cloud for each demonstration frame

using the RGB-D image and camera intrinsics.

5.2.4 Program Synthesis

SHOWTELL uses a powerful code-generating Perception
GetHandLandmarks, GetHandObjContactSequences,
language mOdel (GPT_4 [2]) tO SyntheSiZC prO- GetGestureRef, DetectObjects, TrackMask, VQA

Speech Alignment

grams that can both reason about a demonstra- _ _
GetTimestampOfSpeechStart, GetTimestampOfSpeechEnd

tion and execute the demonstrated behavior —————
GetObservation, TransferBBox, TransferMask,

il’l a new scene The LLM iS provided Wlth TransferEEConfig, TransferContactSequence, AnyGrasp

Robot Control

a prompt that consists of import statements TR, oS, TRl

MoveEEHome, RotateEE, AdjustGripperWidth
and API documentation that specifies the avail-

Figure 5.2: Taxonomy of modules available to the
synthesized neuro-symbolic programs.
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able functions, a brief summary of contact se-

quences extracted during the pre-processing

phase, and the full transcribed narration. The program is run with the Python interpreter, allowing
the use of control flow tools like for loops, conditionals like if/else, built in functions like sort,
and built in modules such as datetime or math. All of the information extracted during the pre-
processing phase is made available in addition to a suite of modules. The additional modules made
available to the program include a mixture of pre-trained foundation models and hand-engineered
modules, including modules for perception, speech alignment, transferring to novel scenes, and
controlling the robot. In the following sections we describe each of the custom modules and their

APIs and a taxonomy of the modules is provided in Figure

Perception

The perception modules made available to the neuro-symbolic program enable extracting infor-
mation about both the visual demonstration, D, and the new scene observations, <oo, 01y OT§>.
The perception modules include APIs for accessing visual information made available in the pre-
processing step via GetHandObjectContactSequences. The perception modules also include
APIs for free-form visual reasoning, DetectObjects, TrackMask, and VQA. The DetectObjects
module uses ViLD [39], a pre-trained open-world object masking VLM. Detected masks can be
tracked to new frames and scenes with the TrackMask module, which uses the XMem mask
tracking model under the hood [25]. The VQA module is a pre-trained visual question answering

VLM, BLIP-v2 [68], that can be used to answer questions about the visual scene.

Language Alignment

To understand a multi-modal demonstration, the robot must align the spoken language of the

demonstration with the visual demonstration. For this purpose, we provide the LLM with two
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modules, GetTimestampOfSpeechStart and GetTimestampOfSpeechEnd, which are used to
extract the start and end timestamps of spoken words from the language component of the
demonstration, L, and enable the program to align the language with timestamps corresponding

to frames in the visual demonstration, D.

Novel Scene Transfer

Ultimately, the goal is to transfer the policy generated from the demonstration to new environments.
To do this, the robot must match the visual demonstration D to the current environment observed in
o;. The TransferBBox, TransferMask, TransferEEConfig, TransferContactSequence mod-
ules are used to transfer detections to new scene observations. These modules find corresponding
reference points by leveraging features from Stable Diffusion [103], a pre-trained image diffusion
model which have been shown to implicitly encode rich information about the structure of objects
within an image, and have been shown to be highly effective for finding corresponding points
for visual reasoning tasks [123] [77, 41]]. Using these features, we can match similar points on
within-category objects in addition to exact points. For example, after demonstrating how to pick
up a mug by its handle, the robot should be able to repeat this skill for visually distinct mugs and

mugs of different sizes.

In order to facilitate grasping of objects in the new scene, we provide the AnyGrasp module,
which is used to find the best grasp configuration for a particular object mask in the scene. This
module uses a pre-trained grasp prediction model [34] to predict the best grasp configuration
for a particular object based on its point cloud, and can be used to find grasp configurations for

objects that were not present in the demonstration.
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Robot Control

To control the robot we provide a set of modules to specify end-effector goal poses and configura-
tions. The modules MoveEEToPose is used to specify a goal EE pose in 3D space, MoveEERel is
used to specify a goal relative to the current EE pose, and MoveEEGuarded performs a guarded
movement along a given vector until contact occurs. The module RotateEE is used to specify a
goal EE rotation. And finally, AdjustGripperWidth is used to specify a desired gripper width to
open and close the gripper. These modules are used to specify the robot’s end-effector goal poses

and configurations, which are used to generate the robot’s actions during program execution as

described in Section

5.2.5 Skill Execution

After program synthesis, the resulting program is run with a Python interpreter and its execution
is a simple Python call. During execution, correspondence matching modules are evaluated to
transfer reference points identified in the demonstration to the new scene observation, and all
waypoints are redefined relative to the reference points in the new scene. To interpolate robot
motion between end-effector goal poses, we use a collision-free motion planner to generate a
trajectory of robot actions for reaching the next desired waypoint goal. Specifically, we use the

GPU accelerated motion generation library cuRobo [120].

5.3 Experimental Setup

Hardware and Environments: To evaluate our approach, we conduct a series of real world
experiments with a Stretch RE2 robot [61] across 5 indoor environments as illustrated in Figure

The robot’s mobile base, arm lift, and telescoping arm are moved in conjunction to reach
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Figure 5.3: We evaluate SHOwWTELL using a Stretch RE2 robot to perform 16 real world manipulation
tasks across 5 visually distinct environments including a conference room, a kitchen, a classroom,
an office lounge, and a cluttered workbench. We show that this approach is effective for teaching
manipulation tasks requiring high level logic such as conditions, iteration, and segmentation.

6-DOF target waypoints. The robot’s end effector is a parallel-jaw gripper with rubber fingertips.
An Intel RealSense D435i RGB-D camera is mounted to the frame which is used both to record

demonstrations and to provide observations during execution.

Baselines and Experiments: We evaluate our approach against GPT4-V-Robot [128], a
state-of-the-art method for robot task planning from language and visual demonstrations using
LLMs. In this baseline approach, demonstration frames are directly fed to a VLM (GPT4-V [2]),
which generates a summary that is used by the LLM to generate a policy. To study the contribution
of the visual and spoken components of the demonstration we perform a series of ablation
experiments. First we evaluate a language-only baseline, ShowTell-NoVis, with no access to the
visual demonstration, similar to the approach proposed by (author?) [69]. We also include a
vision-only baseline, ShowTell-NoLang, which uses the visual demonstration only to generate

policies without access to the language component.

Evaluation Tasks: We evaluate SHOWTELL using a set of 16 real world manipulation tasks
across 5 visually distinct environments. We group evaluation tasks based on the challenge
conditions they present. First we evaluate with simple demonstrations that are straightforward to
follow, including pick and place, stacking cubes, and opening drawers. Next we evaluate tasks

involving control flow including iterative tasks, for example "move all of the blocks over to this
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container", and tasks with conditionals, for example "open the drawer only if it is closed". Finally, we
evaluate tasks that require segmenting the demonstration, for example if the demonstrator makes
an error and corrects themselves, the robot is required to segment the demonstration into correct
and incorrect segments to generate a policy that correctly imitates only the desired behavior. All
of the tasks, including the simple tasks, can require the robot to jointly reason about the visual
and spoken components of the demonstration to resolve ambiguities. For example, an instruction
like "pick up this mug and move it over here" requires aligning the spoken instruction with the
visual demonstration to determine which mug to pick up and where to move it.

Metrics: We use two primary metrics to evaluate system performnace: Success Rate (SR)
and Goal Condition Recall (GCR). The task-relevant goal conditions are the set of state changes
that must be satisfied at the end of an episode for the task to be considered successful. SR is
the fraction of rollouts for which the object positions and state changes completely satisfy the
task goal-conditions at the end of the action sequence. GCR is the fraction of goal-conditions

successfully completed at the end of an episode to those necessary to have finished a task.

5.4 Results

In our experiments we seek to answer the following research questions: 1) Is SHOwWTELL practical
for teaching a range of robot manipulation skills including those that require high level logic like
conditions, iteration, and segmentation? 2) How does SHOWTELL compare to existing state-of-
the-art methods for generating robot policies from language and visual demonstrations? 3) Is
SHowTELL able to generalize to unseen environments and within category objects? 4) To what
extent do the visual and spoken components of the demonstration contribute to the performance?

To evaluate the performance of SHOWTELL, we perform a total of 50 rollout trials per task: 10

demonstrations are provided (2 demonstrations in each environment) and 5 rollouts are performed
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Human Demonstration

‘ “Open the drawer like this, but only if the
drawer is not already open”

(a)

‘ “Pick all of the bottles up like this and put ‘
them in this container”

(b)

\ “Grab the mug like this. Wait, actually, that
was a mistake. Grab it like this instead”

Synthesized Program

src_seq = GetContactSequences()[8]
obs = GetObservation()
drawer_bbox = TransferBBox(src_seq.obj_bbox, src_seq.init_frame)
if not VQA("Is the drawer open?”, obs.rgb, bool, drawer_bbox):
targ_seq = TransferContactSequence(src_seq)
for ee_cfg in targ_seq.ee_configs:
AdjustGripperWidth(ee_cfg.width)
MoveEEToPose(ee_cfg.pose)
MoveEEHome ()

src_seq = GetContactSequences()[8]
obs = GetObservation()
bottles = DetectObjects("bottle”,
for bottle in bottles:
targ_seq = TransferContactSequence(contact_seqs[@],
target_obj_mask=bottle.mask)
for ee_cfg in targ_seq.ee_configs:
AdjustGripperWidth(ee_cfg.width)
MoveEEToPose(ee_cfg.pose)
MoveEEHome ()

obs.rgb)

first_valid_time = GetTimestampOfSpeechEnd("that was a mistake")
contact_seq = [cs for cs in GetContactSequences()
if cs.start_time > first_valid_time][6]
targ_seq = TransferContactSequence(contact_seq)
for ee_cfg in targ_seq.ee_configs:
AdjustGripperWidth(ee_cfg.width)
MoveEEToPose(ee_cfg.pose)
MoveEEHome ()
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Figure 5.4: Qualitative examples of code synthesized by SHowTELL for a set of representative
demonstrations. The representative demonstrations show the ability to follow high level logic
including (a) conditionals (b) iteration and (c) segmentation.

for each demonstration, resulting in a total of 50 rollouts per task. We group tasks based on

challenge conditions as described in section [5.3]and for each task family, we report the average SR

and GCR across all rollouts.

The results summarized in Table 5.1/ show that SHOWTELL outperforms existing state-of-the-art

methods for generating robot policies from language and visual demonstrations. Even for simple

tasks, SHOWTELL outperforms the baseline methods, as the modular, neuro-symbolic programs are

ShowTell-NoLang | ShowTell-NoVis | GPT4-V-Robot ShowTell (ours)
Demo Type GCR SR GCR SR GCR SR GCR SR
Simple 0.89  0.85 0.86 0.81 0.88  0.85 0.96  0.94
Iterative 031 0.12 0.61  0.59 043 0.22 094 0.85
Conditional 0.41  0.39 0.64 0.64 041 041 093 093
Segmented 0.12  0.06 048 042 0.20 0.18 093 091

Table 5.1: Real-world robot manipulation task performance across different task families.
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more easily able to reason about the demonstration and to resolve ambiguities than the monolothic
VLM  used to summarize demonstrations in  the  baseline method.
This advantage is even more pronounced for the other task

families as the purely sequential structure of the baseline Rollout SR
method is not well suited to tasks that require high level logic =~ Canonical 0.92

like conditions, iteration, and segmentation. The qualitative =~ Unseen environment 0.84
examples in Figure [5.4]illustrate the ability of SHOWTELL to  Unseen objects 0.88

synthesize programs from such demonstrations. Compar- Taple 5.2: Performance across roll-

outs: in the canonical scene, with

ing the ablation experiments, we see that the visual and spo- ) .
unseen objects, and in unseen en-

ken components of the demonstration are both important vironment.

for generating effective policies, as the ablation experiments

ShowTell-NoVis and ShowTell-NoLang perform poorly compared to the full SHowTELL approach,
even for simple tasks. This is because the visual and spoken components of the demonstration are
often complementary, and help to resolve ambiguities present in the individual components of the
demonstration. To better understand the failure cases, we analyze the failures in Section ?? of the
appendix and illustrate the distribution of failures in Figure We finally evaluate the perfor-
mance of SHOWTELL across rollouts in the canonical scene (the scene used for demonstration),
with unseen objects, and in unseen environments. The results summarized in Table indicate
that SHOWTELL is able to generalize to unseen environments and within category objects, while

requiring only a single demonstration with no additional training or fine-tuning.

5.5 Limitations

Our approach has several limitations. Most crucially, the approach is constrained by the limitations

of the pre-trained models it uses, although we note that the modularity of the framework allows
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for easy integration of new models as they become available. As parallel fields progress and
new models are developed, we expect that the performance of SHowTELL will improve and the
variety of applicable skills will expand. Additionally, fine-tuning of pre-trained models to mitigate
this limitation and reduce the need for explicit pre-processing is an exciting direction for future
work. Our approach is also limited by the quality of the demonstrations provided, assumes
demonstrated grasps can be mapped to a robot gripper, and may struggle with demonstrations that
are incomplete or difficult to perceive due to occlusion or poor quality. Future work could leverage
the interpretability of the approach to mitigate this limitation through interactive program repair.
The inclusion of both visual and language inputs may introduce ambiguities that could complicate
the approach. Future works could incorporate interactive dialog with the user to disambiguate
inputs that are ambiguous or unclear. Finally, the approach uses closed loop execution to reach
each goal waypoint and may struggle with dynamic disturbances or changes in the environment

during execution.

5.6 Discussion

In this work, we present SHOWTELL, a neuro-symbolic robot PbD framework for synthesizing mod-
ular, generalizable, and interpretable robot manipulation programs from visual demonstrations and
natural language. Our approach can teach robot manipulation skills from a single demonstration,
without requiring any additional training or fine-tuning, by utilizing a combination of pre-trained
foundation models and hand-engineered components to reason about observed demonstrations
and to transfer learned skills to new scenes. We evaluate SHOWTELL on a set of 16 real world
manipulation tasks across 5 visually distinct environments and show that this approach is effective
for teaching a wide range of manipulation tasks. We show that SHOWTELL is able to reason about

demonstrations that require high level logic like conditions, iteration, and segmentation, and that
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it outperforms existing state-of-the-art methods for generating robot policies from language and

visual demonstrations.



Chapter 6

Conclusion

Robots are increasingly expected to operate beyond the confines of factory floors, entering
homes, hospitals, and workplaces where they must adapt to diverse tasks and user needs. Yet
despite remarkable advances in machine learning, enabling robots to learn new manipulation
skills efficiently remains a fundamental challenge. The core tension lies in the nature of human
supervision itself: while human guidance provides the most reliable source of task-relevant
information, traditional approaches to collecting and utilizing this supervision do not scale.

This thesis demonstrates that robots can learn manipulation skills more efficiently by trans-
forming how we leverage human input. Rather than treating supervision as raw data to be collected
in large quantities, we show how intelligent architectures can extract maximum insight from
minimal human guidance. Through three complementary contributions, we address fundamental
limitations in current approaches to human-robot learning.

Interactive Visual Failure Prediction (Chapter [3) shows that human supervision can be distilled
into scalable interactive reward functions that operate in cluttered, unstructured scenes. By
actively gathering additional sensory information to address partial observability, our approach

achieved 73% success rates while requiring 4x fewer human interventions than traditional methods.

71
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This work demonstrates that sparse human corrections can guide extensive autonomous practice

when properly transformed into learning signals.

Diffusion-PbD (Chapter [4) leverages pretrained diffusion model features to enable one-shot
learning from visual demonstrations. Without any robot-specific training data, our approach
successfully transferred manipulation skills across 14 diverse tasks with 81% average success
rates, demonstrating robust generalization to new viewpoints, objects, and environments. This
work shows how foundation model priors can capture the compositional nature of human skills,

enabling rapid learning from single examples.

ShowTell (Chapter |5) combines visual demonstrations with spoken narration through a neuro-
symbolic framework, enabling robots to learn complex behaviors involving conditions, iteration,
and logical reasoning from a single multimodal example. By synthesizing structured programs
rather than learning reactive policies, our approach captures the hierarchical nature of manipula-

tion tasks and enables systematic generalization.

Together, these contributions establish a new paradigm for human-robot learning. Instead of
requiring extensive datasets or constant supervision, robots can learn effectively from sparse but
well-leveraged human input. Our approaches transform brief demonstrations and occasional inter-
ventions into generalizable manipulation capabilities, moving beyond the traditional bottleneck

of data collection toward more intelligent utilization of human guidance.

The empirical results across real-world experiments provide compelling evidence that this
paradigm shift is not merely theoretical but practically viable. By combining reward distillation
with foundation model priors, we demonstrate that robots can begin to learn more like humans do,

from sparse but meaningful examples, with the ability to generalize and adapt to new situations.
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6.1 Future Work

The techniques developed in this thesis open several promising research directions that could

further advance scalable robot learning.

Adaptive Interactive Perception: While Interactive Visual Failure Prediction demonstrates
the value of active information gathering, our interaction policies were relatively simple and
task-specific. Future work should explore learning interaction strategies that adapt to new domains
automatically. Meta-learning approaches could discover optimal probing behaviors for different
manipulation contexts, while reinforcement learning methods could determine when and how to
gather additional information most effectively.

Advanced Foundation Model Integration: Our work with diffusion features and vision-
language models represents early exploration of foundation models in robotics. As these models
continue to evolve, there are opportunities to develop more sophisticated multimodal understand-
ing that integrates proprioceptive feedback, audio cues, and haptic information alongside visual
and language inputs. Future systems could create even richer representations of demonstrated

skills and enable more nuanced transfer learning.

Long-Horizon Reasoning and Planning: Our current approaches work well for manipula-
tion sequences of moderate length, but extending to longer horizons with complex dependencies
remains challenging. Integrating our neuro-symbolic programming approach with more sophisti-
cated planning algorithms could enable robots to learn and execute complex, multi-step procedures
that require temporal reasoning and conditional execution.

Safety and Robustness Considerations: As robots learn from human supervision and
operate in unstructured environments, ensuring robust and safe behavior becomes critical. Future
work should explore how to integrate safety constraints into reward learning frameworks and

develop methods to detect and recover from distribution shift during deployment.
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Dynamic Human-Robot Collaboration: This thesis focuses on robot learning from human
supervision, but there are opportunities to explore more interactive paradigms where humans
and robots collaborate fluidly. This could involve shared autonomy systems that seamlessly blend
human input with learned behaviors, or interactive debugging frameworks that allow humans to

understand and correct robot policies in real-time.

6.2 Broader Impact

The vision underlying this work is not to eliminate human input from robot learning, but to make
that input so effective that thoughtful human guidance can produce capable, generalizable robot
behaviors. As robots transition from structured industrial environments to open-ended human
spaces, the need for intuitive and scalable learning will only intensify.

The approaches developed in this thesis point toward a future where programming robots
becomes as natural as teaching another person—through demonstration, guidance, and feed-
back—while maintaining the precision and reliability that robotic systems require. By treating
human supervision as a precious resource to be leveraged intelligently rather than simply collected
exhaustively, we can build robots that learn more efficiently and generalize more effectively.

With continued advancement in both learning algorithms and foundation models, this vision
of intuitive, scalable robot learning is within reach. The foundation laid in this work provides
a stepping stone toward robots that can truly adapt to the complexity and variability of human

environments while learning from the rich but sparse supervision that humans naturally provide.
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