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Natural language generation (NLG) models’ ability to generate long, fluent texts has enabled progress
across many NLG subfields and increased the types of contributions models can make to human-machine
collaborative writing tasks. However, the improved quality of generated text also poses challenges for
NLG model evaluation. In this dissertation, we develop and evaluate methods for using NLG models in a
collaborative setting to offer suggestions to people as they write. We identify new modeling directions for
this setting and build one such model and demonstrate its effectiveness. Finally, we improve automatic and
human evaluations for long, fluent generated text, both by developing and testing new automatic metrics and
by evaluating the effectiveness of human evaluations for state-of-the-art language generation models.

First, we explore the possibility of machine-in-the-loop creative writing. We performed two case studies
using two system prototypes, one for short story writing and one for slogan writing. Participants found the
process fun and helpful and could envision use cases for future systems. At the same time, machine sug-
gestions do not necessarily lead to better written artifacts, and we suggest modeling and design choices that
may better support collaborative writing. We explore one such direction (adding character representations
as additional context for the model) and find it achieves improved generation results according to human
and automatic metrics. We then consider the challenge of evaluating NLG models for collaborative writing
and demonstrate how a collaborative writing platform can be used to collect pairwise, utterance-level human

evaluations.



For evaluating long machine-generated texts, automatic methods avoid the collection of human judg-
ments, which can be expensive and time-consuming. We introduce methods based on sentence mover’s
similarity; our automatic metrics evaluate text in a continuous space using word and sentence embeddings.
We find that sentence-based metrics correlate with human judgments significantly better than ROUGE and
can be used as a reward when learning a generation model via reinforcement learning.

Finally, we examine human evaluations of text generated by state-of-the-art models and find non-expert
evaluators are unable to distinguish between human- and machine-generated text from three text domains.
We explore various evaluator training methods, but find none is able to significantly improve evaluators’
performance. We also find that evaluators focus on the form of the text more often than the text’s content
and often underestimate the capabilities of current NLG models. Based on these findings, we discuss future

directions for collecting human evaluations for NLG models.
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Chapter 1

Introduction

Automatic tools have changed the way we write and collaborate, supporting writers with contributions like
spelling and grammar error detection (e.g., spellcheckers like Grammarly) and enabling real-time collab-
oration and version control (e.g., Google Docs, Overleaf). Most writing tools, though, are focused on the
writing process or a text’s style or grammar; they do not involve the machine contributing directly to a text’s

content.

As natural language generation (NLG) models have rapidly improved, researchers are increasingly ques-
tioning the role that automatic tools can play in the writing process [[Yang et al., 2019; Swanson and Gordon,
2012;|Ghazvininejad et al.,|2017]]. Large neural models are more flexible and can handle more context than
their rule-based or retrieval-based counterparts. Pretrained large models provide high levels of fluency, and
finetuning and few-shot learning methods allow them to adapt to specific writing tasks and styles. Given
these improvements, NLG models show potential for contributing more than surface-level suggestions to a

writing task. Can they play the role of a collaborator instead, contributing content and ideas to writers?

Although the rapid development of NLG models is promising for human-machine collaboration, it has
also outpaced our ability to develop effective evaluation methods for open-ended text generation. Traditional
word-overlap metrics do not work well for many NLG tasks [Novikova et al.,2017]] and are especially poorly
suited to creative and collaborative text generation tasks. Human evaluations are typically used to evaluate
generated text in these domains, but human evaluations face difficulties of their own. Current NLG models

can produce long, fluent text passages, for which human evaluations are expensive and difficult to collect.
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Human evaluations are also often disconnected from the end tasks and users who would be interacting with
the NLG models [[van der Lee et al.| 2021].

In this dissertation, we explore the potential of neural models to collaborate with people as they write
creative text. We examine different types of human-machine interactions and discuss directions for improv-
ing NLG models for human-machine collaboration. We also demonstrate how human-machine collaborative
systems can be effectively used as evaluation platforms for NLG researchers to compare and analyze models.

We then discuss the challenge of evaluating state-of-the-art NLG models, looking at both automatic
and human evaluations in NLG. We propose a new automatic evaluation metric for multi-sentence text and
demonstrate how it can be used both as a text quality metric and as a reward when generating long texts.
We finally turn to human evaluations in NLG and investigate how well non-expert evaluators can detect
machine-generated text. Given current models’ ability to generate fluent and stylistically-consistent text, we

discuss the role and the future directions of human evaluations in NLG.

1.1 Background

Human-Machine Collaborative Writing

Creative applications of computing have been proposed for decades [Meehan, [1977; [Ryan, 2017; Riedl
et al.l [2021], and past human-machine collaborative tasks include improvisational music [Hotffman and
Weinberg, 2011; |Quick and Thomas| 2019] and dance [Jacob and Magerko, 2015]]. In natural language
generation, past work has proposed collaborative writing tasks ranging from collaborative poetry writing
[Ghazvininejad et al., 2017] to headline writing [Gatti et al., 2016] to story writing [[Swanson and Gordon,
2012]]. Because previous collaborative writing systems have suffered due to limited abilities to handle long
contexts and generate fluent text, as NLG models improve, human-machine collaborative writing becomes
increasingly viable. Collaborative writing systems for creative writing tasks, particularly for story writing,
have risen in popularity and are currently an active area of research.

While early story generation models were based on rules and templates [Ryanl, 2017; Meehan| [1977]],
neural models’ ability to generate open-domain text and to adapt to new text styles through finetuning or

few-shot training has resulted in their prevalence in recent work in both standalone and collaborative story
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generation. Large neural language models can be used directly to generate stories [See et al., [2019], but
past work has also incorporated story elements into the generation models, such as the story’s structure [Fan
et al., 2018]], characters [[Clark et al., [2018al], and events or plot points [Rashkin et al., 2020; [Martin et al.,
2018|]. Collaborative story writing systems have also leveraged the flexibility of neural models, allowing
writers to take turns with a neural model to write a story [Clark et al., [ 2018b] or request on-demand story
suggestions [[Roemmele and Gordon, 2018; /Akoury et al., 2020].

As researchers develop new models for human-machine collaborative writing, evaluation remains a
challenge. As in other areas of NLG, human evaluation is considered the gold standard evaluation in story
generation and other creative generation domains, though the use of automatic measures to evaluate story
quality has also been explored [Roemmele et al., 2017; [Purdy et al., 2018; See et al.l [2019; |(Guan and
Huang| 2020]. Most evaluations of collaborative writing systems depend on writers’ individual or system-
level ratings using Likert scales, though some also include additional analyses, e.g., the writers’ edits to the

generated text [Roemmele and Gordon, 2015} |/Akoury et al.| 2020].

Automatic Evaluation of Generated Text

Although n-gram overlap metrics like BLEU [Papineni et al., 2002[] and ROUGE [Lin|, 2004]] have become
commonplace in NLG evaluation beyond machine translation and summarization tasks, they only capture
similarity when information is repeated verbatim between a source and reference text. One way to capture a
more nuanced notion of similarity is to represent each text as a collection of word embeddings and consider
the collective distance between the word embeddings in a reference text versus a generated text, as in word
mover’s distance [Kusner et al. 2015]]. Due to the improvements in language representation enabled by
large pretrained models like BERT [Devlin et al., [2019], this evaluation approach has become increasingly
popular, resulting in evaluation metrics like the BERT-based BLEURT [Sellam et al., 2020]], BERTScore
[Zhang et al.,|2020bf], and MoverScore [Zhao et al.,|[2019].

In cases where there is no reference text to compare the generated text against (e.g., a story generated
in a collaborative setting) or where a reference text may be just one of many suitable responses (e.g., a dia-
logue agent’s answer to a chitchat question), automatic analysis is still possible, often focusing on different

dimensions of the text’s quality rather than its similarity to a gold reference text. For example, metrics like
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self-BLEU [Zhu et al.| |2018]] and distinct-n [[L1 et al., 2016] measure the diversity of generated text, and
sentence length and the distribution of the generated words’ parts-of-speech have been used as proxies for

the complexity and style of a text [Roemmele et al.,[2017; See et al.l 2019].

Human Evaluation of Generated Text

Human evaluations are considered the gold-standard evaluation method for many NLG tasks [van der Lee
et all 2021]]. Though extrinsic human evaluations (i.e., downstream evaluations performed by end-users
[Belz and Reiter,[2006]) are encouraged, they are rare in practice, with most evaluations consisting of ratings
or rankings of a text’s intrinsic qualities [[van der Lee et al.|[2021]. In most cases, evaluators assign generated
text a rating along a Likert scale; common evaluation dimensions include “overall quality,” “fluency,” and
“grammaticality” [van der Lee et al., [2021]].

Despite the importance of human evaluations in NLG, there is little consensus in how human evaluations
are run in NLG, even within a single task or domain. There is little consistency in the evaluation format,
the types of evaluators, and the text quality dimensions that are evaluated (and even when evaluating for
the same text dimensions, they can be defining these terms differently) [van der Lee et al., 2021; [Howcroftt
et al., 2020]. These problems are exacerbated by a lack of reporting; descriptions of human evaluation
procedures are often underspecified or missing altogther. For example, van der Lee et al.|[2019]] found only
55% of papers in their survey included the number of evaluators. The inconsistencies in human evaluations,
obstacles to transparent and replicable research, have led to recent efforts to better document and clarify
human evaluation procedures [Howcroft et al., 2020]] and to build human evaluation platforms to standardize

human evaluation results [[Khashabi et al.,[2021}; |(Gehrmann et al., 2021]].

1.2 Challenges

The high-level goal of many NLG tasks is to interact with and support people as they complete tasks, but in
practice NLG problems are often simplified to static input-output tasks. While this allows rapid model de-
velopment and evaluation, models trained to complete simplified tasks and evaluated with automatic metrics
approximating desired behavior may be mismatched with the goals and expectations of an end user. One

challenge is understanding what these user goals are and how current NLG models are or are not aligned
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with them.

When modifying NLG models, we want to make sure the changes are improving our models in meaning-
ful ways and in directions that benefit end users. To do this, we need good evaluation methods. Generated
text can be evaluated by both automatic metrics and human evaluations, but human evaluations can be ex-
pensive and time-consuming, particularly when dealing with long texts.

Most popular automatic metrics require reference texts, “correct” answers against which they compare
the generated text. However, in open-ended and creative tasks, there are rarely reference texts, and even
when there are, they do not cover the space of all possible “correct” answers. In collaborative generation
settings, this is especially true as the models are generating text for a brand-new and dynamic context; any
reference texts would need to be collected post-hoc. For these reasons, human evaluations are most often
used to evaluate NLG models for open-ended text generation tasks.

Human evaluations are typically treated as the “gold-standard” for evaluating generated text, but there is
relatively little discussion of these methods within NLG and how to improve them. In fact, papers frequently
omit details of how human evaluations altogether [van der Lee et al., [2019]. While our NLG models have
greatly improved, our methods for evaluating them via crowdsourcing have not. The increasing fluency and
length of text that current models are able to generate pose challenges to traditional approaches to collecting

human evaluations of generated text.

1.3 Approach

To address these challenges, we first consider NLG models and evaluation for human-machine collaboration
(Chapters 2}{4), before discussing evaluation in NLG more generally (Chapters [SH6)).

To see how NLG models can contribute to creative writing, we discuss a framework for human-machine
collaboration and use it to design two human-machine collaborative writing systems. We collect partic-
ipants’ feedback about their experience writing with the help of generated text to better understand the
strengths and weaknesses of current models in collaborative settings. Based on this feedback, we identify
several directions for improving NLG models for collaborative writing, one of which we implement and find
improves the generated text.

To address the challenge of NLG model evaluation, particularly in collaborative settings, we demonstrate
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how the human-machine collaborative writing platform can also be used for pairwise model evaluation, pro-
viding utterance-level paired human evaluations of model quality. We then consider the broader challenges
in evaluating state-of-the-art generation models and their ability to generate long, fluent texts. We propose
an automatic evaluation metric designed for multi-sentence text passages by measuring similarity at the
sentence level. To address the challenge that high-quality generated text poses for human evaluations, we
analyze the effectiveness and the focus of non-expert human evaluators when identifying text generated by
state-of-the-art NLG models. We explore different evaluator training methods to overcome this challenge,

but find them unsuccessful, leading us to recommend future directions for human evaluations in NLG.

1.4 Outline

In Chapter [2, we first consider the role NLG models can play in the creative writing process. We present
a “machine-in-the-loop” framework for human-machine collaboration on a creative writing project and run
user studies with two different creative writing systems. Based on participants’ feedback, we discuss the
challenges that are specific to collaborative generation models that are not currently addressed by general-
purpose language models and recommendations for improving these models. We explore one such im-
provement in Chapter 3] using character information to improve generated text. We show that incorporating
representations of a story’s entities as additional context can improve performance on several generation-
related tasks. In Chapter ] we see how human-machine collaborative writing systems can also be used as an
evaluation platform for generation models.

We then discuss current evaluation methods in NLG and how they perform on state-of-the-art NLG
models and tasks. In Chapter[5] we introduce an automatic evaluation method for handling long, generated
texts. “Sentence Mover’s Similarity” is a metric based on word- and sentence-embeddings, rather than word
overlap metrics like BLEU and ROUGE, allowing it to capture a more nuanced sense of similarity. We find
that the sentence-based metrics perform well at automatically evaluating both machine- and human-authored
text, correlating with human judgments better than ROUGE. Furthermore, we show how the metrics can also
be used directly in the generation process by incorporating them into a summarization model’s loss function.

Finally, in Chapter [6] we discuss human evaluation practices in NLG. We find that non-expert human

evaluators struggle to distinguish between human-authored text and text generated by state-of-the-art models
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and that they often focus on the form of the text rather than its content. We explore three methods for training
evaluators at this task, but their limited success points to the need for new human evaluation methods in

NLG.
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Chapter 2

Human-Machine Collaborative Writing

This chapter explores the possibility of incorporating a machine in the loop of creative writing. The moti-
vation is twofold. First, writers often experience “cognitive inertia,” a phenomenon known in the writing
domain as “writer’s block” [|Garfield, 2008]. A collaborator who provides suggestions and points out new
directions might help alleviate writer’s block. The new combination of a writer’s own ideas with suggested
ideas is a form of psychological creativity [Boden, 2004]. Second, recent studies show that machines outper-
form humans in some tasks [He et al.l 20155 |Ott et al., [2011} Tan et al., 2014], including identifying which
message will be retweeted more on Twitter. Perhaps a machine-learned algorithm can provide valuable
suggestions to writers. We explore the space of designing machine-in-the-loop systems for creative writing
and learn insights from user studies that can inform future interface design and research on natural language
processing models.

The work in this chapter is published in|Clark et al.| [2018b].

2.1 Introduction

We propose a machine-in-the-loop framework, where the goal is to improve the ability of humans, with the
machine playing a supporting role Machines can support writers as they edit, structure, and refine their

work, as demonstrated by word processors, grammar and spell checkers, version control, or even language

'In contrast, human-in-the-loop machine learning actively includes humans in the process of training machine learning models
by asking humans to provide feedback such as labeling difficult examples or suggesting new features [Branson et al.,|2010; |Cheng
and Bernstein, 2015} |[Fails and Olsen Jr., 2003; Joachims et al.} [2017]).
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or style analysis tools (such as the Hemingway Editobe. In this chapter, we focus on systems that assist
people by suggesting content as they write and that are designed to inspire creativity throughout the writing
process while still leaving writers in control of the final written artifact. In particular, we investigate the

following questions:

* How can we design machine-in-the-loop systems to support diverse writing tasks and processes?
* What effect do these systems have on people’s writing, both as perceived by the writer and by other
people?

* What do people want to see in machine-generated suggestions and creative writing support systems?

To answer these questions, we developed two prototype systems to help writers enhance their creativity
in two tasks: story writing and slogan writing. These two creative tasks have different goals and require dif-
ferent writing styles. Thus, the systems that assist in these tasks should provide different types of help. We
built two system prototypes that use two different models to generate suggestions. We had study participants
write with these prototypes and compared their experiences and the quality of their writing to that of partic-
ipants who did not receive suggestions. This paper discusses the current capabilities of machine-in-the-loop
writing systems and suggests improvements both for system interfaces and models.

Although providing helpful suggestions is important in a machine-in-the-loop writing system, we leave
writers with complete editorial control and the freedom to disregard any unwanted suggestions. Our goal is
not to replace human creativity or automate creative writing; rather, we seek to amplify people’s creativity
by providing suggestions that are most useful to them. By offering suggestions as a person writes, the
writing process has elements of both collaborative writing and constrained writing tasks. It also provides a
versatile setup; a machine-in-the-loop writing system could be used as an educational tool, a writer’s tool,

or for entertainment.

2.2 Machine-in-the-Loop System Characteristics

This chapter considers machine-in-the-loop (MIL) systems that are composed of a person and a machine

working together to create output (Figure [2.1). The person and machine are in a loop in which the person

2http ://www.hemingwayapp.com
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Q H Context
——-
Person | o-mmmmmmomooes

6 Final Result R

Figure 2.1: Machine-in-the-loop system structure: the loop (i) is initiated with the person providing context
and the machine responding with a suggestion. The person always has control over the final result (ii).

Output

Story writing Slogan writing

structure additive iterative
initiation push pull
intrusiveness high low

Table 2.1: Characteristics of MIL systems for our story and slogan writing tasks.
provides context and the machine responds with suggestions (Figure[2.1]i). The person controls the final out-
put (Figure ii)ﬂ Different creative writing tasks have different demands for MIL systems. We consider
the following three characteristics for designing MIL systems: interaction structure, interaction initiation,
and interaction intrusiveness. We use our story and slogan writing tasks as examples to explain each aspect,

as summarized in Table

2.2.1 Interaction Structure

Interaction structure can be iterative, where a writer works with the help of a machine to refine a single
idea, or additive, where the writer and machine work to add multiple ideas together. This can be represented
as how many times the loop of the person and machine exchanging context and suggestions (see section
“” in Figure [2.1)) is repeated before the person commits to a final result. For example, story writing is
additive because as a story unfolds, writers (and machines) need to introduce new ideas, and these ideas are

combined into a final story. Slogan writing, by contrast, is a highly iterative process: the loop is repeated

for a single phrase or sentence until a final slogan is decided upon.

3The setup this paper explores does not represent all possible configurations for writing with a machine. More complex setups
might involve the person and the machine working in parallel or the machine directly altering the output in a mixed-initiative
fashion.
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2.2.2 Interaction Initiation

Interaction initiation refers to how the context-suggestion loop (see section “i” in Figure 2.1)) is triggered. It
can follow a push (automatically initiated) or pull (person-initiated) method of initiation, or a combination
of the two. To have breadth of exploration, we implemented the story writing system as a push-style system.
At every other sentence, the machine presents a suggestion to the writer. The slogan system uses the pull
method for retrieving suggestions. Writers provide a slogan-in-progress and keywords and prompt from the

system whenever they want new suggestions.

2.2.3 Interaction Intrusiveness

Interaction intrusiveness describes the extent to which computer-generated suggestions are ignorable. Al-
though writers can always edit or reject suggestions, some require more attention than others. We designed
the story writing system’s suggestions to be highly intrusive. They appear directly in the text box where the
person is writing, and the writer must interact with the suggestion (even if only to delete it entirely) before
moving on in the writing process (see Figure[2.2). In the slogan writing system, suggestions have low intru-
siveness. Suggestions appear in a separate column from the writing space and require no interaction once

they are retrieved (see Figure [2.3).

2.3 Related work

We propose “machine-in-the-loop” in contrast with “human-in-the-loop” machine learning. This concept
resonates with “mixed-initiative user interfaces” [Horvitz, [ 1999]. Although Horvitz emphasizes the devel-
opment of user interfaces in settings where both the human and the computer can drive towards a shared
goal (as opposed to our human-driven setup), many of the principles he considers are relevant to this work,
including the timing of machine contributions, providing editing capabilities, and understanding the social
expectations of collaborators [Horvitzl, |[1999]]. As in mixed-initiative interface work, the goal of our work
is to explore interaction paradigms and to combine human and computational strengths to enhance human
ability [Allen et al., [1999]. The mixed-initiative setup has been used for creative tasks such as game de-

sign [Yannakakis et al., [2014]], and adapting our systems to a more complex mixed-initiative setup (e.g.,
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dynamically deciding when to offer suggestions and what format of suggestion would be most helpful) is a

promising future direction.

Several tools have been developed to provide suggestions to assist people in writing, both within the
research community [Swanson and Gordon, 2008} Roemmele and Gordon, 2015] and as personal projects
[Sloan, 2016|]. Swanson and Gordon’s “Say Anything” [Swanson and Gordon, [2008|] provides suggestions
for writing short stories by prompting writers with full sentences retrieved from a database of stories scraped
from the web after every turn of writing. In “Creative Help” [Roemmele and Gordon, 2015]], writers are
offered suggestions as they write stories, but only when they explicitly request them (i.e., a pull method
of interaction). While these systems retrieve their sentences from existing stories, we use natural language

generation to provide suggestions.

Author Robin Sloan created a sentence completion story-writing assistant tool that suggests the end to
a partially-written sentence when prompted by the writer [[Sloan, 2016|. The focus of Sloan’s project is on
how to provide suggestions to the writer. Our work focuses on the role these suggestions play in the writing
process, the interface, and people’s interaction with the system. Past collaborative creativity research has
also looked at other related writing tasks include headlines for newspaper articles [Gatti et al., 2016] and
lines for poetry [Ghazvininejad et al., 2017]], and other artistic domains like music [Hoffman and Weinberg,

2011]] and dance [Jacob and Magerko, 2015].

Finally, there is work on collaborative writing systems that bring together a group of people to write
collaboratively. For example, “Ensemble” was a system that had multiple participants work together to write
a single story [Kim et al., 2014]. Each story had a lead author and contributors who submitted alternate
versions of a scene and voted on alternatives they liked. The lead author ultimately had the authority to
choose the winning scene. The person in our work plays a similar role to the lead author in Ensemble;
they control the direction of the story and decide how to incorporate the external (system) input. Similarly,
Soylent [Bernstein et al., 2010] uses crowdsourcing to provide assistance to writers. However, Soylent

assists in shortening text and editing grammar rather than providing content and new ideas.
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Partnered story writing

Write a short story, using the image as a prompt to help you get started.

As you write, for every other sentence, you will receive a suggested next sentence.

You can edit the suggested sentence as much as you like (including making no edits or deleting the entire suggestion) before adding it to the story.
Add each sentence to the story individually.

Only stories containing EXACTLY 10 sentences can be submitted.

Please note that submitted stories will be recorded anonymously for an academic research project. e

Add a sentence to the story:

G The birds were back again.

Katy stood beside her husband staring at the gigantic animals.

"Where do you think they come from?" she asked. N

Add Line to Story

Characters: 47

Click here to submit the finished story and answer evaluation questions:

Your Story: (2 Sentences Completed)

The birds were back again.
Katy stood beside her husband staring at the gigantic animals.

Figure 2.2: The MIL story writing interface: (a) an image prompt from the New Yorker (actual image: [Don-
nelly|[2014])) (b) the story so far, dark colored sentence boxes were turns written with machine suggestions,
(c) entry box for next sentence, the machine suggestions appeared here, (d) the full story so far. The solo
condition interface was the same except no machine suggestions appeared.

2.4 Story Writing System

Our first system explores writing to expand a visual prompt into a story. The setup is inspired by Exquisite
Corpse, a game played by Surrealist artists in which people take turns contributing to a drawing [Brotchie
and Gooding, [1995]]. The portions of the drawing that were completed in previous turns are partially or
completely hidden from the current artist, resulting in silly and bizarre drawings. A parallel version of the
game exists in literature, where each player writes a sentence of a story, folds the paper over to hide all but
the most recent round of writing, and then passes it to the next player. With only two players (as in our

setting), hiding earlier rounds has no effect (every sentence was written or seen by the person).

We use the turn-taking aspect of the Exquisite Corpse game to help foster creativity while writing. We
provide people with machine suggestions to encourage stories that are unexpected, unusual, and novel, all of
which are characteristics of creativity [Sternberg, 2005|]. These machine suggestions may surprise writers,
sway them to change their own ideas about the direction of the story, and include ideas they may not have

thought of.

Details on the slogan writing system can be found in [2.5]
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24.1 User Study Task

For our story system user study, the participant is prompted to write a ten sentence story based on an
unlabeled, single-panel cartoon from The New Yorker caption contesﬂ (in the space indicated in Figure
section a). The task was either done alone (solo condition) or partnered with machine suggestions (MIL
condition). Both versions were done through a web interface, presented in Figure [2.2] Participants entered
the story sentence by sentence (Figure [2.2] section c¢). Once submitted, a sentence could not be edited. The
complete story, along with the number of sentences completed, appeared at the bottom of interface (Figure
[2.2] section d).

In the solo case, no additional prompting or interactions were provided beyond the image. In the MIL
condition, the participant began by writing the first sentence. Once the sentence was submitted, the next
sentence would be generated by the machine and “pushed” to the participant, appearing directly in the
submission box (Figure[2.2] section c¢). Full sentences were used based on a preliminary study showing that
people liked full-sentence suggestions as much or more than partial sentences or keywords when writing
stories. The person was free to edit the machine-suggested sentence to any extent, including deleting it
entirely, before submitting it. The third sentence was again written by the participant alone. This turn-taking
continued until the story was 10 sentences long. Our demo system is available at http://bit.ly/iui-

story—demo.

2.4.2 Computational Model for Suggestions

Our computational model for suggesting a sentence given preceding text is built on a neural language
model. Neural language models have been used for various natural language generation tasks, including
image captioning [[Vinyals et al., 2015]], conversational modeling [Sordoni et al., |2015]], and poetry gen-
eration [[Ghazvininejad et al., 2016]]. To make the generated sentences fluent and coherent in context, our
language model uses contextual information both within and across sentence boundaries.

Neural language models are effective at predicting words that fit well in a context locally, thereby gen-
erating coherent sentences. A sentence-level language model [Mikolov et al., 2010] defines the probability

distribution over the next word, from within a predefined vocabulary, conditioned on the left context (i.e., the

Ynttps://contest.newyorker.com
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context of the generated sentence so far). The language model for our story writing system was trained on
390 adventure novels (about 400 million words) from the Toronto Book Corpus [Zhu et al.|[2015]]. Although
the model generates one word at each step, people writing with the system only see complete generated sen-
tences.

Standard language models only use the left context within a sentence to compute the probability distri-
bution for the next word; they ignore earlier sentences. To overcome this limitation, we adapted a neural
language model that takes account of left context from both the current sentence and the previous sentence

[J1et al.l 2016].

2.5 Slogan Writing System

Slogans present a challenge to writers distinct from that of writing a story: to generate a concise, memorable,
and powerful statement that is representative of the object, organization, or idea it promotes and matches the
intention of the authors. Slogans are used in a variety of settings, ranging from organizing a social movement
to promoting a product. The process of condensing information into a memorable and informative phrase
used to create slogans is paralleled in other tasks, such as writing headlines, titling papers, and naming
products. Therefore, a system that supports slogan writing could likely be extended to related tasks that

prioritize catchy and succinct language.

2.5.1 User Study Task

For the slogan writing task, participants were asked to write a slogan for three distinct scenarios: a food
packaging tool, the movie Heiﬂ, and a social cause that protests animal testing for cosmetic products. The
prompts included descriptions and images, from which the participant had to invent an original slogan. Like
in the story writing case, the task was either done alone or partnered with a machine in the loop. In the MIL
condition, participants used a web interface (see Figure [2.3). Participants in the solo case worked in a blank
Google Doc.

When writing with the web interface, the writer must provide a few keywords and write an initial version

of the slogan (Figure [2.3] section a). The writer can then “pull” machine suggestions at will (Figure [2.3]

*http://www.imdb.com/title/tt1798709/
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Write a few keywords to tell us what your slogan is Machine suggestions:

for (e.g., fight terrorism, tremoloop, etc.):
This is the revision of the system, the slogans of loop.

slogans, creative writing
copy machine suggestion to text editor

Revise your text (you can always resubmit to get according to the plans of the revision, each loop had but one
more suggestions): child.
text revision with machines in the loop copy machine suggestion to text editor

O the revision of loop's slogans and news and weather!
o copy machine suggestion to text editor
History (machine suggestions are in blue): o
O the revision of loop's slogans and news and weather!

according to the plans of the revision, each loop had but
one child.

This is the revision of the system, the slogans of loop.
text revision with machines in the loop

Clear history and restart

Figure 2.3: The MIL slogan writing interface: (a) the person can provide keywords and the slogan, (b) a
button to “pull” suggestions, (c) the current round of suggestions, (d) the history of all slogan submissions
and corresponding suggestions.

DT 1 NNS VBP RBR 1 IN DT NN
Some Human-Al interactions are more profound than a movie .
Some * * are more * than a *

Figure 2.4: A slogan and its resulting skeleton. The top row shows the corresponding part-of-speech tags.
This slogan was written about the movie Her with a machine in the loop.

section b). Based on the writer’s input, the system suggests alternative slogans (Figure 23] section c¢), and
the history of the retrieved suggestions is tracked for future reference (Figure [2.3] section d). The system
provides at most three suggestions in response to each request. The writer’s input is on the left, and machine
suggestions are on the right, reducing the intrusiveness of the suggestions. A demo system is available at

http://tremoloop.com.

2.5.2 Computational Model for Suggestions

We developed a constrained language model that was inspired by the BRAINSUP system of Ozbal et

al. [Ozbal et al., 2013]. First, we extract existing syntactic patterns to improve the grammaticality of the

generated suggestions. Specifically, we start from quotations from Wikiquotesﬁ and replace all content

®https://en.wikiquote.org/wiki/Main_Pagel Ideally, we would use a slogan dataset. Given that there is no pub-
lic slogan database, we believe that quotations and slogans share some similar characteristics, such as memorability and pithiness.
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words with a wildcard symbol. These patterns become skeletons for our generation system. Figure
shows an example; the skeleton is shown at the bottom. Because the skeletons all come from real quo-
tations, their structures are grammatically plausible, as long as the slots are filled with appropriate words.
Which words are appropriate (individually or together) is a matter of linguistic judgment.

Information from the writer’s input (see Figure @ section a) and the extracted skeletons are combined
to generate slogan suggestions. To make sure that generated suggestions contain keywords from the writer’s
input, we randomly sample content words from the input and treat them as target words. We identify
skeletons that have empty slots that match the part-of-speech tags of the target words and choose three
candidate skeletons. Given a skeleton, we follow Ozbal et al.’s approach [Ozbal et al., 2013]] and use beam
search to fill in slots with words that approximately maximize a scoring function. The scoring function gives
high scores if the target words are used to fill in slots. In addition, the scoring function factors in language

model probability scores to encourage grammaticality and a word diversity score to avoid repetition.

2.6 User Study Setup

To explore how people will interact with machine-in-the-loop writing, we had people write with or without
a machine in the loop. We obtained third-party reviews of the final written pieces. This gave us insight into
what types of interactions and suggestions people are interested in and find most useful when writing with a

machine in the loop.

2.6.1 Task Setup

For both the story writing task and slogan writing task, we assigned half of the participants to write with the
machine-in-the-loop system prototype (the MIL condition) and half without it (the solo condition). Half of
the participants in each condition (solo and MIL) were asked to write three stories and the other half wrote
three slogans, based on three different prompts. The order of the prompts was balanced across participants.
In both the solo and MIL tasks, after each story or slogan was complete, the participant completed a survey
consisting of seven-point Likert scale questions about the final piece of writing. Table [2.2]lists the exact
questions for each task under “Writing Survey.” Surveys for both tasks additionally asked how satisfied

participants were with the final piece of writing.
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Story Task  Slogan Task

e Creative? .
Writing Survey Creative?
B Coherent?

Is the final .. Catchy?

roduct:” Entertaining? Relevant?
P Grammatical?

. . . Surprising?
Final Survey Surprising? P . &
B . Creative?

Were the suggested Creative?

Y . Catchy?
sentences: Grammatical?
Relevant?

Table 2.2: Survey questions

After three rounds of writing and evaluation, participants completed a final survey. All participants were
asked a seven-point Likert scale question on how enjoyable they found the writing process. They were then
asked open-response questions on the interface design, the difficulty of the task, and what improvements
could be made to the tool. The solo case participants were also asked to describe any tools that could have
helped their creative process. The MIL participants were additionally asked a four-choice question on how
likely they were to use the system again and Likert scale questions about the quality of the suggestions the
prototype system provided (see the exact questions under “Final Survey” in Table [2.2)), whether they liked
the suggestions they received, and whether they appreciated the suggestions.

After participants completed the three writing tasks and four surveys (one after each writing task and
one final survey), we conducted an open-ended interview about their experience with the task, their creative
writing background, and their thoughts about future improvements and uses for the tool.

Although participant enjoyment and personal perception of their own success are important measures of
the prototypes, we also wanted to know how third-party evaluators perceived the writing done alone versus
with a machine in the loop. Amazon Mechanical Turkers evaluated the writing that participants produced

along the same dimensions as the participants who wrote them (“Writing Survey” in Table [2.2).

2.6.2 Analysis Methods

The first two authors created an interview coding scheme [Lazar, |2017]] based on the Likert scale prompts
and other areas of interest. The first two authors independently coded two interviews, compared coding,
resolved conflicts, and revised the coding scheme. The final codes covered insights on: interface, machine

suggestions, writing process, writing background, collaboration, use cases, and writing prompt. They then
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Condition None Some A Lot

Solo Story 4 2 3
MIL Story 5 4 0
Solo Slogan 3 1 5
MIL Slogan 4 4 1

Table 2.3: Number of participants in each condition with a given level of writing experience.

independently coded four more interviews, one from each of the study conditions. These codings were
compared, and disparities were discussed. The first two authors then each independently coded separate
halves of the remaining interviews, evenly distributed between conditions. The coders then came together

to compile results.

2.6.3 Participant Demographics

We had 36 participants complete the writing tasks, 9 in each of the 4 task categories: solo story writing,
MIL story writing, solo slogan writing, and MIL slogan writing. Participants were compensated with a $20
Amazon gift card. We categorized participant writing experience into none, some, or a lot. Participants with
a lot of experience included professional creative writers and passionate hobbyists who wrote frequently.
Participants with some experience included those that wrote occasionally or had formal creative writing ed-
ucation in their past. Participants with no experience included those who had not done creative writing since
primary school. Table[2.3|shows the breakdown of experience by task condition. Participants were randomly
assigned to conditions regardless of experience; there were more expert writers in the solo conditions than
the MIL conditions, which should be kept in mind when comparing solo and MIL results.

Amazon Mechanical Turkers evaluated the final writing samples, with 9 evaluations collected for each
of the 108 writing samples (3 per participant). Turkers were paid $0.15 for each evaluation they completed.
To qualify, Turkers had to have completed over 1,000 tasks, have over a 95% task acceptance rate, and be

from the United States.

2.6.4 Story Writing Results

Due to differences in the system designs and goals, as described in the above sections, we describe results

for each system separately. The participant IDs indicate task and condition: MST (MIL story writing), SST
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Jim slouched in the comer, feeling sorry for the patient in front of
him.

["This is ridiculous," said Duke.]

"Yesterday [ felt fine, and now you're telling me I'm at death's
door?!"

["We'll take care of Furble tomorrow,”] the doctor said.
"You've named my tumor?!" Duke shrieked.

["Yeah,]" replied the doctor coolly, "we've found that
anthropomorphizing tumors helps people in your position come
to terms with their condition more easily."

Jim watched as Duke's eyes got even wider, and he wondered if it
was because of the doctor's casual tone or the fact that the tumor
had such a ridiculous name as "Furble".

B e e e
"Anyway, we feel that Furble will most likely be gone within a
month," the doctor said.

Jim grew more concerned about Duke's eyes, they seemed
impossibly large now and if he wasn't careful Furble might not be
the man's only medical concern.

["You're joking right], [”] Duke said.

Figure 2.5: Sample story written with the story writing system by participant MST65. The computer
suggestions are in color and brackets; struck out text indicates rejected submissions. (Image prompt: |Cullum
[2005]).

(solo story writing), MSL (MIL slogan writing), and SSL (solo slogan writing).

In this section, we discuss the results from the story writing system. Results from the slogan writing
system can be found in[2.6.5]

We present insights from the story writing system from participants and third-party evaluators. Some
participant insights did not depend on condition, such as enjoyment, interface suggestions, and opinions

about story writing. Other comments from the MIL condition were more focused on the strengths and

weaknesses of the machine suggestions.

Enjoyment

Overall, people found the story writing task fun. Two participants liked that it was a low-stakes, non-
judgmental experience. Participants in both the MIL and the solo condition rated the task as highly enjoyable
(both averaged 6.0)E|

Participants who wrote in the solo condition had higher average satisfaction with their final stories than

"Due to the subjectiveness of evaluating writing and the varied participant background, both the self-evaluations and the Turk
scores highly varied, often covering the full Likert scale (1-7).
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those in the MIL condition (average rating of 5.03 versus 4.59, p:0.27ﬂ and solo condition participants
thought their stories were more creative (5.30 versus 4.30, p=0.01). However, as seen in Figure[2.6] the MIL

condition did have one more positive vote (>5 on the Likert scale) for satisfaction than the solo condition.

When Help is Useful

Of the participants who found the suggestions helpful in directing their stories, three said the suggestions
were most useful early in their story; they were more able to incorporate new elements from the suggestions
before they had an established vision of the story. MST79 said, “By the time I’m hitting sentence 5, 6, 7, 8,
I’ve developed so much of the story in my head already, most of the time suggestions are so far and away
from anything I want to consider.” This is seen in Figure 2.3} earlier suggestions were incorporated, while a
later suggestion was deleted entirely. Five participants liked having the suggestions throughout the writing
process to help if they got writer’s block. One participant thought it would have been helpful toward the end

of his writing to be prompted to start wrapping up the story.

Suggestion Usefulness

When asked what they considered when evaluating the creativity of their final stories, most participants
emphasized unexpectedness or deviation from the obvious as key aspects. In the MIL condition, there were
mixed reactions to the usefulness of the suggestions in enhancing creativity. All participants said that the
suggestions were very random. For eight participants, this meant they disregarded most suggestions, but
two participants said that the randomness of the suggestions inspired them to write sillier stories or that
incorporating those suggestions lead to more odd and creative writing; “when I took the Al into account
and tried to incorporate that, it got a lot more creative because, again, it was just so spontaneous and much
more random than I normally write” (MST65). Eight participants said the suggestions did or could have
influenced the direction of the story. However, six participants said they did not find the suggestions helpful
once they had a clear direction for the story. This is reflected in the ratings participants gave the suggestions;

the mean score of how much participants appreciated the suggestions is 3.78, but there was high variation

8p-values are calculated using independent two-sample ¢-tests. Although we report p-values, we encourage caution in drawing
firm conclusions from these calculations because of the small sample size (27 for each condition in both self-evaluations and
third-party evaluations) and the imbalance across conditions in author expertise.
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between participants, with answers ranging between 2 and 6.

Participants found some elements of the suggestions more helpful than others. One participant liked
using snippets of suggested dialogue, while a different participant found dialogue-heavy suggestions un-
helpful. One participant mentioned taking the tone of the suggestions, and another participant appreciated
a plot suggestion, although they didn’t incorporate it as it would have required more context. Characters
were a divisive element; some appreciated getting suggestions with new character names, while six others
found suggestions that introduced new character names hurt the relevance of the suggestions. Consider the
example in Figure 2.5 Although the character names in early suggestions are all used, a later suggestion
that references “Lance” is deleted as all of the characters in the story have already been introduced. Timing
may also affect the usefulness of new characters because characters are often introduced in the beginning of
a story, as can be seen in the example stories in Table [2.5]

When asked what type of help they would like to receive as they wrote, eight MIL participants men-
tioned the machine could contribute by suggesting plot points, tone, or keywords. One participant from the
solo condition envisioned a system where the computer took the role of a character in the story and provided
dialogue. Other MIL participants appreciated the idea of receiving full sentences, especially if the sugges-
tions had been more relevant. Four participants felt more back-and-forth iterations were needed to treat the
machine as a viable collaborator and would appreciate feedback on their writing, such as encouragement,

agreement, or advice.

Interaction

Three MIL condition participants found the every-other-sentence injection into their workspace disruptive.
Participant MST65 wrote, “The ‘partner’ [MIL system] often made no sense, so it was difficult to incorporate
their responses and often I just deleted the entire suggestion but it was a disruption.” Four participants would
have liked the ability to edit already submitted sentences, especially professional writers who were not able
to follow their normal writing process. However, six participants enjoyed the constrained, non-editable,
sentence-by-sentence structure as it kept them moving forward. Participant SST17 wrote, “Even when I got
stuck, I eventually could tell myself, ‘Just write one sentence!’ and then move on. ... it forced me to keep

moving forward instead of getting bogged down in getting all the details just right and trying to overhaul the
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Use Condition Story Slogan

I’d use it, exactly as it is now. 2 0
I’d use it, but only if the suggestions were better.
I’d use it, but only if the writing set-up changed.
I wouldn’t use it.

WO &~

5
1
3

Table 2.4: Responses to “Would you use this system again?”

whole thing when I didn’t like one little thing.”

Use Cases

Most people who wrote with the story writing system would use it again in some capacity, with the most
frequent response being they would use it again if suggestions were better, as seen in Table 2.4] Of the
people who said they wouldn’t use the system again, one wrote that they might actually use it for fun or
ungraded work, one said they didn’t need help creating story ideas, and the third expressed skepticism at the
general idea of writing technologies.

Of the participants who would use the story writing tool again, two of the participants envisioned “just
for fun” applications, such as a game to play with children or a short, fun activity that pops up on Facebook.
Four participants saw it as a way to practice writing or a low-stake activity to become motivated to write.
Three participants envisioned using the system for outlining, story boarding, or other early idea generation,
while two people indicated interest in using the tool to directly write a final product.

As for types of suggestions that may be useful, three participants wanted editorial feedback on grammar,
syntax, and sentence structure. One participant envisioned feedback from the machine that more directly
influenced the content of the story. When describing experiences with human collaborators, participants said
that back-and-forth iteration was a key component that they wanted machines to mimic. Other characteristics

of good past human collaborators included trust and like-mindedness.

Third-party Evaluations

There was no statistically significant difference in the Amazon Mechanical Turk third-party evaluation rat-
ings between the solo and MIL conditions. For creativity, the average score for the solo condition was 4.87

and was 4.84 for the MIL condition (p=0.88). Story coherence scores had an average of 5.05 for solo and
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Figure 2.6: Slogan writers in the MIL condition were generally more satisfied with their final product than
the solo slogan writers. More MIL story writers were positively satisfied with their final story, but only by
one story.

4.77 for MIL (p=0.21).

It is important to note that most of the third-party scores did not correlate with the scores writers assigned
their own work. The average Turker score and the self-evaluation score had Pearson correlation coefficients
of 0.08, 0.07, and 0.04 for how creative the story was, how entertaining it was, and how much they liked
it, respectively. The correlations for coherence and grammaticality were slightly better (0.31 and 0.41,

respectively) but still weak.

2.6.5 Slogan Writing Results

As with story writing, some topics from the slogan tasks were mentioned by participants regardless of
condition. However, because the solo case participants did not have suggestions nor the interface, MIL

participants provided some unique insights.

Enjoyment

Five participants found writing slogans to be very difficult. One participant said they found it demoralizing
because they felt so bad at it. Two participants expressed that writing something both succinct and informa-
tive was challenging; the top-rated slogans tended to be shorter than the lowest-rated slogans, as seen in the
examples in Table [2.5] Four participants enjoyed the task and found it fun.

Participant self-evaluation of the final slogans was generally higher in the MIL condition than the solo

condition, even though the scores for the slogan suggestions were low. For example, the mean score for final
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slogans from the MIL condition was higher than in the solo case for both satisfaction (5.22 vs. 4.07, p<0.01)

and creativity (4.48 vs. 3.93, p=0.15).

Suggestion Usefulness

Slogan participants in the MIL condition felt the suggestions did not introduce enough novelty. Three
participants expressed frustration with suggestions that had just reorganized their input slogan words. These
suggestions were too close to the original slogan and therefore not creative enough to be helpful. This
frustration is reflected in low average scores for how much participants liked the suggestions (2.00) and
appreciated the suggestions (2.78). Similar to the story writing task, appreciation varied greatly between
participants, with scores ranging from 1 to 6. When participants used the provided suggestions, it was
mainly to incorporate novel, relevant words or structural elements.

Seven MIL condition participants noted they would have preferred words instead of full sentences as
suggestions; the system could act as a thesaurus to bring relevant but creative words and ideas. Participants
also envisioned machine contributions such as searching the web for more information on a product, or
finding similar, popular slogans as seed ideas. One participant found the machine had a different impact,
“it impacted my overall thought process and creativity rather than actual words” (MSL87). Participants
mentioned word play, use of literary devices (like alliteration or puns), cleverness, and catchiness as elements
of creative slogans that they were looking for in suggestions.

Four participants described productive collaborations as bouncing ideas off someone else, building and
iterating on good ideas, and coming to a feeling of “we found it!” Five participants thought the machine
was a good collaborator, “it seemed like kind of having another pair of eyes in the room to give me some
feedback and the fact that it was in real time was great and wouldn’t argue with you over coffee was great”
(MSL87). One participant felt the interaction with the system was not as conducive to enhancing creativity.
One challenge five participants described was that the suggestions were not aware enough of context and
therefore were not working on the same idea, just with the same words. MSL33C said, “they weren’t
understanding my keywords correctly, I think, so I could say something like ‘end animal harm’ and it would
suggest harming animals ... so I don’t think it was quite interpreting my intentions very well.” Three

participants also were interested in non-content-based interactions such as feedback on whether an idea was
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good, reminders if a slogan was too close to an older discarded slogan, or an expression of closure upon

deciding on a final slogan.

Interaction

Two participants liked having the history of suggestions in order to refer back to previous slogans. Another
found the history distracting and wanted to curate the list to only keep good recommendations. For the
physical placement of suggestions, two participants liked that the suggestions were out of the way and not
intrusive. For four others, the suggestions were too far out of the way and required effort to check. These
participants would have preferred a more condensed interface. One participant would have liked the ability
to have more brainstorming space, either as a free form writing space or to iterate on multiple slogans at the

same time.

Use Cases

Like the story writing case, most people who wrote with the slogan writing system would use it again in
some capacity, especially if the suggestions were better (see Table [2.4). The people who said they would
not use the system again wrote that they received suggestions that were too far from what they wanted to
motivate them to use the system again.

The participants who said they would use the system again drew parallels between writing slogans and
tasks such as naming courses or products, writing headlines, and writing titles. One participant said he might
use a system like this to write emails in order to be reminded to be pithy and catchy. One participant did not

think they would use the tool for any regular activities and would just use it for slogans.

Third-party Evaluations

The Amazon Mechanical Turk third-party evaluations rated the slogans written in the MIL condition as
slightly less creative than the slogans from the solo condition, giving an average score of 3.84 and 4.37
(p=0.03), respectively. There was no statistically significant difference in any of the other scores, with
relevance scoring the closest between the solo (average 5.98) and MIL (average 5.93) conditions (p=0.76).

Like in the story case, most of the third-party scores did not correlate with the scores writers assigned
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their own work. The average Turker score and the self-evaluation score had a Pearson correlation coefficient

of 0.13 and 0.10, for how creative the slogan was and how much they liked it, respectively. The correlation

for catchiness and relevance were slightly better (0.39 and 0.22, respectively) but still weak.

Highest-rated

Lowest-rated

Solo Slogan ~ Compassion is Always in Style “Be Beautiful: End Animal Testing! Sign
our petition today to show Neutrogena animal
testing is unnecessary, unkind, and needs to
stop now.”

MIL Slogan  The real animals are the ones who test chemi- “Stop animal research testing now! Studies

cals on living things. confirm ther [sic] is no need for such testing,
and msot [sic] adults are opposed to this prac-
tice.”

Solo Story Norman walked into the doctor’s office just A middle aged male is meeting with a den-
before his last appointment; Norman flicked tist. This gentleman is so stressed that he
his cigarette into the cold, winter night behind  looks like his eyes are popping out of his face.
him as he walked into the building. The pretty This meeting is part of an investigation about
blonde receptionist greeted Norman but Nor-  a crime so that’s why this meeting includes an
man had no time for flirtation or romance; he investigator who looks creepy.
was about to find the murderer of Trystan Lee
and the doctor was key to this plan.

MIL Story The nervous doctor cleared his throat, “Thank  “Hey Docta Don, dis is da kat we wuz talkin’

you...eh-hem...Mr. Collin, for coming into the
office on such short notice.” Craig slicked
back his hair, listening to his wife’s voice
echoing in his head, reminding him that all
of those late night trips to McDonalds would
catch up with his heart eventually. “You
see, we’ve found some...unusual...results from
your recent stress test, and I thought it prudent
to bring you in as soon as possible.”

about last night, whachu wan’ me to do wit
’im?” Fabin said through his cold eyes shaded
by his pitch black sunglasses. He tapped his
finger on the trigger and shook his head, Docta
Don was never happy with how excited Fabin
was to get into trouble; he was a good man,
but followed all orders without ever thinking
things through for himself.

Table 2.5: Highest and lowest rated slogans and stories for a given prompt. Slogans are for an animal rights

cause. Only the first few lines of each story are shown.

2.7 Discussion

We found that people generally enjoyed writing with the help of suggestions and were enthusiastic about the
concept of writing with a “collaborator,” especially once natural language generation capabilities improve.
Though some professional authors hesitated at the idea of using computer-generated suggestions when writ-

ing a final product, participants envisioned the usefulness of this system as a writing warm-up or game and

44



for difficult processes that are often collaborative (naming products or papers, writing headlines, etc.).

Another advantage of writing with a machine in the loop that participants observed was that writing with
these systems allowed them to write in a judgment-free setting. Although collaborative writing is useful,
it can be intimidating for less experienced writers to brainstorm or write with the pressure of a human
collaborator. Writing with a machine in the loop can be a low-cost, easy way to provide new ideas and

support to writers, particularly in the early stages of writing.

For machine-in-the-loop writing systems, we recommend a high level of writer control over the inter-
action. This will allow systems to cater to a wider range of writers and to adapt to changing writer needs
at different points of the writing process. We also recommend carefully considering the interaction design
choices (especially along the characteristics we describe) and how they may affect both the enjoyment of
the task and the quality of the final product. Systems with low intrusiveness and a pull method of interaction
initiation allow people to write more closely to their normal writing process. However, these characteristics
also mean that suggestions are more easily ignored and may never be requested. If the goal is to encourage
interaction with the machine or a more structured interaction, a higher intrusiveness and push method system
may be better. A careful introduction and framing of the system is also necessary to encourage the desired

level of interaction with the machine in the loop.

For story writing and other tasks that expand on a prompt and have an additive interaction structure,
systems may benefit from an interface that supports outlining or non-linear writing. For example, Flower
and Hayes [Flower and Hayes| |[1981]] describe the hierarchical nature of the creative writing process; future
system designs could reflect knowledge about the cognitive processes of writing to better support the writing
process. The slogan writing task, along with other condensing writing tasks that have an iterative structure,

may benefit from an interface that provides more space for brainstorming and drafting slogans.

We recommend using models that strike a balance between generating coherent suggestions and surpris-
ing suggestions. An element of randomness provides new ideas and directions for a writer, but suggestions
too far away from the writer’s ideas may be unhelpful and ignored. We recommend pushing towards surpris-
ing suggestions for tasks that use a pull method of initiation and have a low level of intrusiveness because
when writers decide to initiate a suggestion loop, it generally means they are stuck or at least open to new

ideas. Although surprising suggestions run the risk of being irrelevant, a less intrusive system means unhelp-
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ful suggestions can be easily ignored and minimally interrupt the writing process. Coherence should be a
bigger priority for push method, high-intrusiveness interactions, as high levels of randomness in suggestions
may distract writers.

For the story writing task, we found that participants wanted more coherent suggestions from the
model. For similar tasks, we recommend working towards incorporating more context into the suggestion-
generating models. Characters may be an important aspect of the context to consider, as suggestions with
incorrect pronouns or that lack references to existing characters are difficult to work into a story, and we
recommend more research into character or entity-focused modeling, like Ji et al.|[2017]. Models would
also benefit from the ability to play with the content type of its suggestions, such as choosing to offer lines
of dialogue, action-driven sentences, or descriptive lines.

Models for writing slogans should provide more variety in their suggestions, particularly on a lexical
level, as diverse language is important for an iterative task. Models that can generate related keywords,
synonyms, and alliterative words when given a person’s ideas would be useful for this type of task.

We noted that there is little to no correlation between the ratings that writers gave themselves and the
ratings that Amazon Mechanical Turker workers gave them. This observation echoed the finding inTan et al.
[2014] that it is hard for humans to evaluate the quality of writing. Therefore, machine-in-the-loop writing
systems that aim to improve a writer’s work should measure the system’s success not only as perceived by

the writer but also by third-party evaluators.
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Chapter 3

Story Generation with Entity

Representations as Context

In Chapter [2] we discussed some promising directions for improving language generation models for col-
laborative writing. In this chapter, we propose a model to address one of the weaknesses our user studies in
Chapter [2] exposed: models’ difficulty to refer back to existing characters and existing entities in the text in
a natural way (as illustrated in Figure [2.5)).

The work in this chapter is published in|Clark et al.| [2018al.

3.1 Introduction

In this chapter, we consider the problem of automatically generating narrative text, a challenging problem
at the junction of computational creativity and language technologies [Gervas, 2009]]. We are motivated in
particular by potential applications in personalized education and assistive tools for human authors, though
we believe narrative might also play a role in social conversational agents [Sordoni et al., 2015]].

A notable difference between longstanding work in natural language generation and recent “neural”
models is in the treatment of entities and the words used to refer to them. Particularly in the generation
of narrative text, character-centered generation has been shown important in character dialogue generation

[Walker et al.| 2011; Cavazza and Charles, [2005] and story planning [Cavazza et al.||2002]. Neural models,
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Context All of a sudden, [ If
walked towards [the dragon]s.

Current [Seth]s yelled at [/er]; to get
Sentence back but

Figure 3.1: An example of entity-labeled story data. The brackets indicate which words are part of entity
mentions. Mentions marked with the same number refer to the same entity. The goal is to continue the story
in a coherent way. The gold sentence reads, “Seth yelled at her to get back but she ignored him."

on the other hand, treat mentions as just more words, relying on representation learning to relate the people
in a story through the words alone.

Entities are an important element of narrative text. Centering Theory places entities at the center of
explaining what makes text coherent [Grosz et al., [1995]]. In this chapter, we incorporate entities into neural
text generation models; each entity in a story is given its own vector representation, which is updated as the
story unfolds. These representations are learned specifically to predict words—both mentions of the entity
itself and also the following context. At a given moment in the story, the current representations of the
entities help to predict what happens next.

Consider the example in Figure [3.1] Given the context, the reader expects the subsequent words and
sentences of the passage to track the results of Emily approaching the dragon. Future text should include
references to Emily’s character and the dragon and the result of their interaction. The choice of entity
generated next in the sentence will change what language should follow that mention and will shape and
drive the direction of the story. For this reason, we propose using entity representations as context for
generation.

Of course, entities are not the only context needed for coherent language generation; previously gen-
erated content remains an important source of information. We use a simple, parameter-free method for
combining preceding context with entity context within an end-to-end-trainable neural language generator.

We evaluate our model’s performance through two automatic evaluation tasks. The first is a new mention
generation task inspired by earlier work in referring expression generation [Dale and Reiter, [1995]]. The
second is a sentence selection task inspired by coherence tests due to Barzilay and Lapata [2008]]. Our
model outperforms strong baselines on both tasks.

We further conduct a human evaluation in which our model’s generated sentences are compared to

a strong baseline model. This evaluation elucidates strengths and weaknesses of our model and offers
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guidance for future work on narrative text generation.

3.2 Model Description

We propose an entity-based generation model (ENGEN) that combines three different sources of contextual

information for text generation:

1. The content that has already been generated within the current sentence
2. The content that was generated in the previous sentence

3. The current state of the entities mentioned in the document so far

Each of these types of information is encoded in vector form, following extensive past work on recurrent
neural network (RNN) language models. The first source of context is the familiar hidden state vector
of the RNN; more precisely, our starting point is a sequence-to-sequence model [Sutskever et al., 2014].
Representations of the second and third forms of context are discussed in §3.2.1 and §3.2.2] respectively.

The combination of all three context representations is described in §3.2.3]

3.2.1 Context from Previous Sentence

As noted, our starting point is a sequence-to-sequence model [Sutskever et al., 2014]); the last hidden state
from the previous sentence offers a representation of the preceding context. We add an attention mechanism
[Bahdanau et al., 2015]. Let h;; and h;_1 ; be the LSTM hidden states of sentence ¢ at timestep 7 and the
previous sentence ¢ — 1 at timestep j, where j ranges over the number of words in the previous sentence. To
summarize the contextual information from the previous sentence for predicting the next word at timestep

7 + 1 in sentence ¢, we have

Pt—1,i = Zaijjht_lvj,where (3.1)
J
exp(hi—1,;Wahy ;)

3.2)
> jrexp(hy_1y Wahy ;)

Qij =
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is the attention weight for h;_; ;. Unlike the definition of attention in Bahdanau et al. [2015]], here we use
the bilinear product in [Equation 3.2 to encourage correlation between h;; and h;_1 ; for coherence in text
generation. In §3.2.3] we will combine this with h; ; for predicting the next word; we refer to that model as

S2SA, and it serves as an entity-unaware baseline in our experiments.

3.2.2 Context from Entities

In S2SA, the context of a sentence is (at best) represented by compressing information about the words
that have appeared in previous sentence. Past research has suggested several approaches to capturing other
contextual information. For example, [Lau et al.| [2017] and (Ghosh et al.| [2016] have sought to capture
longer contexts by modeling topics. Recently, Ji et al.| [2017] introduced a language model, ENTITYNLM,
that adds explicit tracking of entities, which have their own representations that are updated as the document
progressesﬂ That model was introduced for analysis tasks, such as language modeling and coreference
resolution, where the texts (and their coreference information) are given, and the model is used to score the
texts to help resolve coreference relationshipsE] ENTITYNLM’s strong performance on language modeling
suggests the potential of distributed entity representations as another source of contextual information for
text generation. Inspired by that work, we maintain the dynamic representation of entities and use them as

contextual information when generating text.

In general, every entity (e.g., EMILY in in a document is assigned a vector representation;
this vector is updated every time the entity is mentioned. This is entirely appropriate for generating narrative
stories in which characters develop and change over long contexts. When we generate text, the model will
have access to the current representation of every participant (i.e., every entity) in the story at that time
(denoted by e; ; for entity ¢ at timestep t).

When choosing which entity is referred to at timestep ¢, there are m + 1 options, where m is the number

of entities tracked in the document so far (the (m + 1)th is for a new, previously unmentioned entity). Given

that a word is part of an entity mention and given the previous hidden state, the probability that the word is

"Because space does not permit a full exposition of all the details of ENTITYNLM, we refer the interested reader to [Ji et al.
[2017].
“The entity prediction task used in their work is relevant to our mention generation task, which will be discussed in
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referring to a given entity ¢ € {1,...,m + 1} is proportional to:

exp(hy_ 1 Wentity€i -1 + Wi £(1)), (3.3)

where W .45, is a weight matrix for predicting the entities and w;lrist f(4) is a term that takes into account
distance features between the current and past entity mentions.

Once an entity is selected, its vector is assigned tO eyrens» Which is used to generate the word wy. If
the model decided the current word should not refer to an entity, then ey, is still used and will be the
representation of the most recently mentioned entity. If the choice is a new, previously unmentioned entity,

then ecypren; 18 initialized with a new embedding randomly generated from a normal distribution:
u~ N(r,o%I), (3.4)

where 0 = 0.01 and 7 is a parameterized embedding that is used to determine whether the next word should
refer to an entity.
Once the word w; has been generated, the entity representation is updated based on the new hidden state

information h;.

3.2.3 Combining Contexts

Our new model merges S2SA and ENTITYNLM. Both provide a representation of context: respectively,
the previous sentence’s representation (p;) and the most salient entity’s representation (¢ ren;). The hidden
state hy_1 is, of course, also available, and is intended to capture local contextual effects. The challenge is
how to combine these representations effectively for text generation.

In this work, for simplicity, we choose a combination function without any extra parameters, and leave
the detailed investigation of paramaterized composition functions as future work. We use a max-pooling
function to form a context vector ¢; with the same dimensionality as h;_; (and of course p;, €current)-
Specifically, at time step ¢, each element of the combined context vector c; is calculated as follows. For
ke{l,..,|cl},

Ct[k?] = maX(htfl[k‘],Pt [k], ecurrent[k’])- (3.5)
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The max pooling technique originates from the design of convolutional neural networks and has been found
useful elsewhere in NLP [Kalchbrenner et al., [2014]. Other alternatives, including average pooling, min
pooling, and element-wise multiplication on all three vectors, were considered in informal preliminary ex-

periments on development data and found less effective than max pooling.

This combined context vector ¢; is used to generate word w; by calculating the probability of each word
type in the vocabulary. We use a class-factored softmax function [[Goodman, 2001} [Baltescu and Blunsom,
20135]]. This choice greatly reduces the runtime of word prediction. In practice, we often find it gives better

performance than standard softmax.

3.2.4 Learning

The training objective is to maximize the log-probability of X:
((6) =log P(X;0) = ) "log P(X;; 6) (3.6)
t

0 denotes all of the model’s parameters. X; represents all decisions at timestep ¢ about the word (whether it
is part of a entity mention, and if so, the entity the mention refers to, the length of the mention, and the word

itself).

These decisions are made by calculating probabilities for each available option using the current state of
the neural network (a vector) and the current vector representations of the entities. Given the probabilities,

the next word is assumed to have been randomly generated by sampling.

While we might consider training the model to maximize the probability of the generated words directly,
treating the entity-related variables as latent, this would create a mismatch between how we train and use
the model. For generation, the model explicitly predicts not just the word, but also the entity information
associated with that word. Training with latent variables is also expensive. For these reasons, we use the
same training method used for ENTITYNLM, which requires training data annotated with mention and

coreference information (entity clusters).
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3.2.5 Variants

In our experiments, we consider the combined model (ENGEN) and two ablations: S2SA and a model
similar to ENTITYNLM. Note that, unlike past work with previous-sentence context, S2S A uses max pool-
ing for h;_; and p; and class-factored softmax; our version of ENTITYNLM also uses max pooling and

class-factored softmax. All of these models are trained in a similar way.

3.3 Implementation Details

The models are implemented using DyNet [Neubig et al.,[2017]] with GPU support. We optimize with SGD,
with a learning rate of A = (0.1. The dimensions of input layer, hidden layer, and entity representation
are fixed at 512 (hyperparameter optimization might lead to better solutions). The input word embeddings
are randomly initialized with the default method in DyNet and updated during training jointly with other
parameters. For class-factored softmax, we use 160 Brown clusters [Brown et al., [1992; [Liang, 2005]]

estimated from the training data.

3.4 Data

We trained all models on 312 adventure books from the Toronto Book Corpus Zhu et al.| [2015]], with
development and test sets of an additional 39 books each. We divided the books into smaller segments,
where each segment includes up to 50 sentences. There are 33,279 segments in the training set, 4,577 in the
dev. set, and 4,037 in the test set. This helps with memory efficiency, allowing us to train the model without
building a recurrent neural network on the entire book.

All the tokens in the data were downcased, and numbers were replaced with a special NUM token. The
vocabulary was selected by replacing the lowest frequency (less than 10) word types with a special UNK
token. There are 43 million tokens, and the vocabulary size is 35,443.

To obtain entity annotations, we used the Stanford CoreNLP system |Clark and Manning| [2016alb],
version 3.8.0. From the coreference resolution results, we noticed that some entity mentions include more
than 70 tokens, which is likely in error. To simplify the problem, we only kept the mentions consisting of

three words or fewer, which covers more than 95% of the mentions in the training data. For mentions of
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model cluster and mention cluster only mention only

1. Reverse order 0.12 0.38 0.15
2. S2SA — — 0.44
3. ENTITYNLM 0.52 0.46 0.54
4. ENGEN 0.53 0.46 0.55

Table 3.1: MAP on the mention generation task. Note that these results can only be compared between
models, not between tasks, as there are a different number of candidates for each of the tasks.

more than three words, we replaced them with their head word, as determined by the Stanford CoreNLP
system. While truncating these mentions sacrifices some information, we believe this preprocessing step is
justifed as it retains most character names and pronouns, an especially important entity type for stories.

Of course, the use of automatic annotations from a coreference system will introduce noise and risks
“confusing” the entity-aware models. The benefit is that we were able to train on a much larger corpus
than any existing coreference dataset (e.g., the CoNLL 2012 English shared task training set has only 1.3
million tokens; [Pradhan et al., 2012). Further, a corpus of books offers language that is much closer to
our intended narrative text generation applications. Our experiments aim to measure some aspects of our
models’ intrinsic correctness, though we emphasize that even if entity information is incorrect at training
time, it may still be helpful.

For all experiments, the same preprocessed dataset and trained models were used. The best models were

selected based on development set log likelihood (Equation 3.6)).

3.5 Experiment: Mention Generation

The goal of our first experiment is to investigate each model’s capacity to mention an entity in context. For
example, in Figure [3.1] Emily and her are both possible mentions of EMILY’s character, but the two cannot
be used interchangeably. Inspired by early work on referring expression generation [Dale and Reiter], [ 1993]]
and recent work on entity prediction [Modi et al.,[2017], we propose a new task we call mention generation.
Given a text and a slot to be filled with an entity mention, a model must choose among all preceding entity
mentions and the correct mention. So if the model was choosing the next entity mention to be generated in
Figure [3.1] it would select between all the previous entity mentions (Emily, the dragon, Seth, and her) and

the correct mention (she).
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cluster and .
cluster only ~ mention only

mention
[ Jit Emily
[the dragon]s *EMILY the dragon
[Seth]s THE DRAGON Seth
[ler]h SETH her
*[shely *she

Figure 3.2: Candidate lists for each of the mention generation tasks. The asterisk (*) indicates the correct
choice.

In our model, each candidate mention is augmented with the index of its entity. Therefore, performing
well on this task requires choosing both the entity and the words used to refer to it; this notion of quality is
our most stringent evaluation measure. It requires the most precision, as it is possible to select the correct

mention but not the correct cluster and vice versa.

Since S2S A does not model entities, we also compare systems on quality of mentions alone (without
entity clusters). For completeness, we include cluster quality for the entity-aware models. Candidate lists

for each task to generate the next mention in the example in Figure [3.1]are shown in Figure[3.2]

The experiment setup does not require manual creation of candidate lists. However, it makes the men-
tion generation task even more challenging, because the size of a candidate list can exceed 100 mention

candidates.

We note that the difficulty of this task increases as we consider mention slots later and later in the
document. The first mention generation choice is a trivial one, with a single candidate that is by definition
correct. As more entity mentions are observed, the number of options will increaseE] To enable aggregation
across contexts of all lengths, we report the mean average precision (MAP) of the correct candidates, where

the language model scores are used to rank candidates.

Baselines Along with the two ablated models (S2SA and ENTITYNLM), we include a “reverse order”
baseline, which ranks mentions by recency (the first element in the ranking is the most recent mention, then

the second-most-recent, and so on).

3Note that the list of candidates may include duplicate entries with the same mention words and cluster. These are collapsed
since they will have the same score under a language model.
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Context All of a sudden, [ 11 walked towards [the dragon]s.

1. [Seth]s yelled at [/1er]; to get back but [s/:¢]; ignored [/im]3.
2. [She]y patted [its head]y and [it]o curled up outside [the cave]s.
3. “I 11, how did [vou]; keep [that dragon]s from attacking [us]e?”

Figure 3.3: A passage’s last sentence of context, and 3 sentences from various points in the next passage.
Results The ranking results of ENGEN and other systems are reported in Table A higher MAP score
implies a better system. We measure the overall performance of all the systems, along with their performance
on selecting the mention only and entity cluster only. Across all the evaluation measures, ENGEN gives the
highest MAP numbers. Recall that S2SA does not have a component for entity prediction, therefore we
only compare it with ENGEN in the mention only case. The difference between line 4 and line 2 on the
mention only column shows the benefit of adding entity representations for text generation. The difference
between lines 3 and 4 shows that local context also gives a small boost. Although the distance between the
current slot and previous entity mention has been shown as a useful feature in coreference resolution [Clark

and Manning|, |2016b]], line 1 shows it is not an effective heuristic for mention generation.

3.6 Experiment: Pairwise Sentence Selection

The sentence selection task is inspired by tests of coherence used to assess text generation components
automatically, without human evaluation [Barzilay and Lapatal 2008]]. It serves as a sanity check, as it was
conducted prior to full generation and human evaluations (§3.7). Since the models under consideration are
generative, they can be used to assign scores to candidate sentences, given a context.

In our version of this task, we provide a model with n —1 = 49 sentences of preceding context, and offer
two choices for the nth (50th) sentence: the actual 50th sentence or a distractor sentence randomly chosen
from the next 50 sentences. A random baseline would achieve 50% accuracy.

Because the distractor comes from the same story (with similar language, characters, and topics) and
relatively nearby (in 2% cases, the very next sentence), this is not a trivial task. Consider the example in
Figure[5.3] All of the sentences share lexical and entity information with the last line of the context. How-
ever, the first sentence immediately follows the context, while the second and third sentences are 10 lines

and 48 lines away from the context, respectively. These entity and lexical similarities make distinguishing
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model mean accuracy  s.d.

1. S2SA 0.546 0.01
2. ENTITYNLM 0.534 0.006
3. ENGEN *0.566 0.008

* signficantly better than lines 1 and 2 with p < 0.05.

Table 3.2: Accuracy in choosing the actual next sentence, given 49 sentences of context, with a distractor
from slightly later in the story. The mean accuracies and standard deviation are calculated across the five
rounds of pairwise sentence selection.

the actual sentence from the random sentence a challenging problem for the model.

To select the sentence, the model scores each of the two candidate sentences based on its probability
on words and all entity-related information as defined in The sentence that receives the
higher probability is chosen. For each of the 4,037 segments of context in the test set, we calculated the
accuracy of each model at distinguishing the gold sentence from a distractor sentence. We ran this pairwise
decision 5 times, each time with a different set of randomly selected candidate sentences and averaged their

performance across all 5 rounds.

Results The accuracy of each of the models is reported in Table The best performance is obtained
by ENGEN, which is significantly better than the other two models (p < 0.05, binomial test). Unlike the
mention generation task, S2SA beats ENTITYNLM at this task; this difference in performance shows the
importance of local context. Although we performed five different rounds random sampling to choose a
sentence from the following segment as the distractor sentence, the standard deviations in Table [3.2] show

the results are generally consistent across rounds, regardless of distractor’s distance from the gold sentence.

3.7 Human Evaluation: Sentence Generation

The task motivating the work in this paper is narrative text generation. As such, evaluation by human
judges of the quality of generated text is the best measure of our methods’ quality. This study simplifies
that evaluation by distilling the judgment down to a forced choice between contextually generated sentences
generated by two different models. We use this task to investigate the strengths and weaknesses of our model
in a downstream application. By asking humans to decide which sentences they prefer (in a given context)

and to explain why, we can analyze where our model is helping and where text generation for stories still
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needs to improve, both with respect to entities and to other aspects of language. Here we control for training

data and assess the benefit of including entity information for generating sentences to continue a story.

We presented Amazon Mechanical Turkersﬂ with a short excerpt from a story and two generated sen-
tences, one generated by ENGEN and one generated by the entity-unaware S2S A. We asked them to “choose

a sentence to continue the story” and to briefly explain why they made the choice they did.

Note that we did not prime Turkers to focus on entities. Rather, the purpose of this experiment was
to examine the performance of the model in a story generation setting and to get feedback on what people
generally notice in generated text, not only with regard to entities. By keeping the task open-ended, we can
better analyze what people value in generated text for stories, and where our model supports that and where

it doesn’t.

We used a subset of 50 randomly selected text segments from the test set described in §6.2.2] However,
for the human evaluation, we only used the final 60 wordf] of the story segments to keep the amount of
reading and context manageable for Turkers. The models had access to the same subset of the context that
the evaluator saw, not all 50 sentences from the original segment as in earlier experiments. For each context,
we randomly sampled a sentence to continue the document, using each of two models: ENGEN and S2SA.
These two models allowed us to see if adding the entity information noticeably improved the quality of the

generation to evaluators.

Initial experiments showed that fluency remains a problem for neural text generation. To reduce the
effect of fluency on Turkers’ judgments, we generated 100 samples for each context/model pair and then
reranked them with a 5-gram language model [Heafield, 2011] that was trained on the same training data.
The two top ranked sentences (one for ENGEN and one for S2SA) were presented in random order and
without reference to the models that generated them.

For each of the 50 contexts, we had 11 Turkers pick a candidate sentence to continue the story passage.
Turkers were paid $0.10 for each evaluation they completed. In total, 93 Turkers completed the task. The
number of passages Turkers completed ranged from 1 to all 50 story segments (with an average of 6.1).

While the qualitative portion of this task would be easy to scale, the qualitative portion is not; we kept the

“We selected workers who had completed over 1,000 tasks, had over a 95% task acceptance rate, and were from the United
States.
>We included the whole sentence that contained the 60th word, so most documents were slightly over 60 words.
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Context ENGEN S2SA

he says that it was supposed to look random , but he it ’s not me . ” he has nothing 10
feels it was planned . i was the target . he ’s not sure , to do with my
but he feels that you might have something to do with life

this , ” cassey said sadly . “he can’tdo that ! ” manny
yelled . “ he ca n’t accuse me with no justification .

he was wearing brown slacks and a tan button-down “ i ’m proud of * what ’s going 4
shirt , with wool slippers . he looked about sixty , a you,” hesaid. on?’

little paunchy , with balding brown hair and a bushy

mustache . ice blue eyes observed alejo keenly , then

drifted over to wara .“ welcome to my home . ” the

man ’s voice was deep and calm .

bearl looked on the scene , and gasped . this was the “ohmygod!" hecouldnotbe- 1
white rock of legend , the rock that had lured him to lieve his eyes

this land . then he stopped . “ look , geron . the white

rock we saw from the sea . ” the struggle was taking

place on the white rock . the monster had his back to

bearl .

Table 3.3: Example generated sentences, for three different contexts. The last column indicates the number
of Turkers who voted for ENGEN’s sentence (out of 11). While entity mentions appear in most of the
generated texts, correct entity mentions are not sufficient to guarantee a win, as seen in the second example.

human evaluation small, running it until reaching saturation.

Results Each pair of sentences was evaluated by 11 Turkers, so each of the passages could receive up to
11 votes for ENGEN. For 27 of the passages, the majority of Turkers (6 or more) chose the sentence from
ENGEN, versus 23 passages that went to the baseline model, S2SA. The scores were close in many cases,
and for several passages, Turkers noted in their explanations that while they were required to choose one
sentence, both would have worked. Examples of the context and sentence pairs that were strongly in favor
of ENGEN, strongly in favor of S2SA, and that received mixed reviews are shown in Table[3.3]

When asked to explain why they selected the sentence they did, a few Turkers attributed their choices
to connections between pronouns in ENGEN’s suggestions to characters mentioned in the story excerpt.
However, a more frequent occurrence was Turkers citing a mismatch in entities as their reason for rejecting
an option. For example, one Turker said they chose ENGEN’s sentence because the S2SA sentence began
with “she.” and there were no female characters in the context.

Interestingly, while pronouns not mentioned in the context were cited as a reason for rejecting candidate
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sentences, new proper noun entity mentions were seen as an asset by some. One Turker chose a S2SA
sentence that referenced “Richard,” a character not present in the context, saying, “I believe including
Richard as a name gives some context of the characters of the story.” This demonstrates the importance of
the ability to generate new entities, in addition to referring back to exisiting entities.

However, due to the open-ended nature of the task, the reasons they cited for selecting sentences ex-
tended far beyond characters and entity mentions. In fact, most of the responses credited other aspects
of stories and language for their choice. Some chose sentences based on their potential to move the plot
forward or because they fit better with “the theme" or “the tone" of the context. Others made decisions
based on whether they thought a sentence of dialogue or a descriptive sentence was more appropriate, or a
statement versus a question. Many made their decisions using deeper knowledge about the story’s context.
For example, in the second story listed in Table one Turker used social knowledge to choose the S2SA
sentence because “the introduction makes the man sound like he is a stranger, so ‘I'm proud of you’ seems
out of place."” In this case, even though the sentence from ENGEN correctly generated pronouns that refer to
entities in the context, the mismatch in the social aspects of the context and ENGEN’s sentence contributed
to 7 out of 11 Turkers choosing the vaguer S2S A sentence.

While neither S2SA nor ENGEN explicitly encodes these types of information, these qualities are im-

portant to human evaluators of generated text and should influence future work on narrative text generation.

3.8 Related Work

Beyond past work already discussed, we note a few additional important areas of research relevant to our

work.

Neural models for text generation Natural language generation is a classic problem in artificial intelli-
gence. Recent use of RNNs [Sutskever et al., 2011]] has reignited interest in this area. Our work provides
an additional way to address the well-known drawback of RNNs, that they use only limited context. This
has been noted as a serious problem in conversational modeling [[Sordoni et al., |2015[] and text generation
with multiple sentences [Lau et al.l 2017]. Recent work on context-aware text generation (or the related

task, language modeling) has studied the possibilities of using different granularity of context. For exam-
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ple, in the scenario of response generation, Sordoni et al.| [2015]] showed a consistent gain by including one
more utterance from context. Similar effects are also observed by adding topical information for language

modeling and generation [Lau et al., 2017]].

Entity-related generation Choosing an appropriate entity and its mention has a big influence on the co-
herence of a text, as studied in Centering Theory [Grosz et al.,[1995]]. Recently, the ENTITYNLM proposed
by Ji et al.| [[2017]] shows that adding entity related information can improve the performance of language
modeling, which potentially provides a method for entity related text generation. We build on ENTITYNLM,
combining entity context with previous-sentence context, and demonstrate the importance of the latter in a
coherence test (§3.6). The max pooling combination we propose is simple but effective. Another line of re-
lated work on recipe generation included special treatment of entities as candidates in generating sentences,
but not as context [Kiddon et al.,|2016]. [Henaff et al.|[2017]] incorporate entities in their EntNet model, but
they do not use coreference information to update specific entity representations as they are mentioned in
the text. Neural Process Networks [Bosselut et al, 2018]] track and update entity representations, but with

the goal of modeling actions and their causal effects on entities.

Mention generation Our novel mention generation task is inspired by both referring expression genera-
tion [[Dale and Reiter, [19935]] and entity prediction [Modi et al.l [2017]. The major difference is that, unlike
referring expression generation, our task includes all the mentions used for entities, including pronouns; we
believe it is a more realistic test of a model’s handling of entities. Krahmer and Van Deemter [2012] give a

comprehensive survey on early work of referring expression generation.

Story generation Work in story generation has incorporated structure and context through event repre-
sentations [Martin et al., [2018]] or semantic representations, like story graphs [Elson and McKeown, 2009;
Rishes et al.,|2017]. In this work, we provide evidence for the value of entity representations as an additional
form of structure, following work by |Walker et al.|[2011]], Cavazza and Charles| [2005]], and |Cavazza et al.

[2002].
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Chapter 4

Paired Suggestions in Collaborative Writing

for Evaluating Generation Models

In this chapter we turn to the challenge of evaluation in natural language generation. In particular, text
generated in an open-ended and collaborative setting can be difficult to evaluate, given its subjective and
unrestricted nature. While the previous chapters explored the benefit of NLG in a collaborative setting for
writers, this chapter looks at how deploying NLG models in collaborative settings can serve as an evaluation

tool for researchers as they develop new generation models.

The work in this chapter is published in|Clark and Smith|[2021]].

4.1 Introduction

Systems that automatically generate text suggestions to human authors have emerged as a new application
of natural language generation models. Evaluating such models, however, is challenging. Typically, writers
rate a single system’s quality after some period of use, for example while authoring an entire story or
poem [e.g., Clark et al.l 2018b; (Ghazvininejad et al., 2017|]. A model’s quality is measured using Likert
scale scores, sometimes combined with additional analysis, like the type or quantity of writer edits [e.g.,

Roemmele and Gordon| 2015} |/Akoury et al.| 2020].

In contrast, a pairwise system evaluation—where evaluators are given two suggestions at the same time

63



{:‘1 It was early morning and |1) Writer
the sun was rising up in the sky. writes a line
of the story
@MODEL 1|| @#MODEL 2 2) 2 models
| was sitting || If you were to generate a
on the couch || come to the suggestion

watching the end, you
\__hews. would have. /| 3) Writer
i ¥ chooses 1

P suggestion
£ ' was sitting on the couch
watchingthe-rews: having a | 4) Writer
— | cup of coffee when I heard a | edits th?
loud noise! suggestion

Figure 4.1: CYOA has a writer write a line of the story alone, and then two models generate suggestions
for the next line. The writer chooses one (in this case, MODEL1), edits it, and then adds it to the story. They
repeat this process 5 times. CYOA collects writers’ preferences between the two models, along with the
human-authored, machine-generated, and human-edited text, to evaluate the models.

and asked to choose between them—would allow researchers to compare generation models directly. Com-
parative evaluations have been shown to produce more reliable and consistent results than Likert-scale rat-
ings [[Callison-Burch et al., 2007 Kiritchenko and Mohammad, [2017]], and they have been used to evaluate
natural language generation systems for translation and dialogue [Otani et al.,|2016; Sedoc et al., [2019].

We propose CHOOSE YOUR OWN ADVENTURE (CYOA), a protocol for pairwise evaluations of collab-
orative writing models, focusing on story generation. Instead of scoring a single model, we compare two
models. At fixed points during the writing process, each generates a suggestion, and writers choose one
to continue their story (see Fig. [6.I). The result is utterance-level feedback on which model’s generated
text writers prefer at that point in the story. Along with the writer’s revisions to the generated suggestions
and comparisons between the generated and human-authored portions of the story, this evidence can help a
researcher answer the following questions about their model:

1. Is my model better at generating story suggestions than a baseline model?

2. How useful are my model’s suggestions?

3. How does my model’s generated text compare to human-authored text?

In this chapter, we show how CYOA can answer these questions and provide insights into story model

behavior, both in cases when the expected differences in text quality are large (e.g., the text is generated
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with two different models; and when they are small (e.g., the text is generated with the same model
but using two different sampling methods; §4.4)).

CYOA allows human and automatic evaluations to be collected simultaneously; we run standard auto-
matic evaluations of text quality on the collaboratively-generated text and get results consistent with previous
analyses of “statically”-generated text. CYOA is useful to both NLG researchers and story writers; writers
report being happy with the stories they write with the system and that the paired suggestions help them
come up with new ideas. We release a template website for CYOA and the evaluation scriptﬂ to support

future story and collaborative writing evaluation work.

4.2 CHOOSE YOUR OWN ADVENTURE

CYOA evaluates a pair of story generation models by having people select and interact with text generated
by each of the models as they write a story. Both models generate suggestions for the writer at the same
point in the story, and the writer must choose between the two suggestions, forcing a pairwise comparison
of the two models. By having multiple people write stories with the two models, we can aggregate their

preferences and interactions with the suggestions and analyze them to provide feedback on the two models.

4.2.1 Writing Setup

To allow the writers control over the story while still encouraging them to use the suggestions, CYOA uses
a turn-taking writing process, with writers alternating between writing by themselves and then receiving
suggestions to continue the story [Swanson and Gordon, 2012; (Clark et al., 2018b]].

The writer begins the story by writing the first sentence alone; an image (Fig. [A.I]in App. [A.T) is
provided as an optional prompt to help them get started. Once the writer submits the writing from their turn,
two models each generate a suggestion to continue the story, which are presented to the writer in random
order. As shown in Fig.[6.1] the writer then chooses which of the suggestions they prefer and edits it as they
wish before adding it to the story. It is then the writer’s turn to write alone again. This process repeats 5

times, at which point the story is finished and submitted.

1github .com/eaclark07/cyoa
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Each “turn” in the story has to be between 20 and 260 characters for it to be submitted to the story. Other
than length, there is no restriction on how writers can edit the suggestions; they can delete the suggestion
entirely or submit it as-is. When editing a computer-generated suggestion, the writer can change their mind
and select the other model’s suggestion instead, but once a writer submits a turn, they cannot go back to edit
it later.

After the finished story is submitted, participants are asked Likert-scale and open-ended questions about
the system and the suggestions they received. We asked participants to indicate on a 5-point Likert scale
(ranging from “Strongly Disagree” to “Strongly Agree”) how much they agreed with the following state-
ments:

* I’m happy with my final story.

* ] felt the system and I were working collaboratively to write the story.

I thought having the suggestions was useful while writing the story.

* The suggestions connected to what had happened in the story so far.

* The suggestions helped me come up with new ideas.
We then provided textboxes for them to write their responses to the following questions:

* What made you choose one suggestion over another?

* What were you looking for in the suggestions?

We chose these questions for this project to capture people’s reactions to the overall writing setup and a
general sense of areas for improving story generation models. However, these questions could be eliminated
or adjusted to fit the evaluation goals of the researcher.

A demo of CYOA is at homes.cs.washington.edu/~eaclark7/multi-model—-demo.

4.2.2 Evaluation Setup

From the writing setup, we collect the generated suggestions from each model, the writers’ preferences
between the two models, and the revisions they make to the generated text. We analyze these sources of
information to answer three questions NLP practitioners have when evaluating their models. There are many
analyses researchers could run with the data gathered from CYOA beyond those listed here; we include some

examples.

66


homes.cs.washington.edu/~eaclark7/multi-model-demo

(Q1) Is my model better at generating story suggestions than a baseline model? CYOA reports how
many of the model’s suggestions people chose to work with vs. the baseline’s suggestions. We further break
this down by the suggestion round (1-5) to see if the writers’ preferences change over the course of the
story.

Another option would be to break down the writers’ preferences by writer attributes, e.g., to analyze the
effect of the author on the stories or desired suggestions [August et al., [2020].

(Q2) How useful are the models’ suggestions? We analyze the revisions writers make to the sugges-
tions to see how much of the generated text they find useful for continuing their story. We use three metrics
to see how much of the original text is preserved after a writer’s revisions. Levenshtein edit distance mea-
sures the number of character insertions, deletions, and substitutions the writers made, and Jaccard similarity
measures the proportion of tokens that are shared between the original and the edited text. User Story Edit
Ratings (USER; |Akoury et al., 2020f] measures similarity by recursively counting the longest contiguous
substrings between the edited and the original text.

These edit-based metrics capture exact matches between the texts, measuring how much of the generated
content makes it to the final story in the strictest sense. However, other metrics could be used if the researcher
is interested in capturing broader notions of similarity, e.g., embedding-based measures like cosine similarity
or BERTScore [Zhang et al.,[2020b].

(Q3) How do the models’ generated texts compare to human-authored text? Pairwise comparison
gives us the models’ relative quality; comparing them to human-authored text gives an idea of their absolute
quality. To do this, we take the parts of the story the writer wrote alone (i.e., the turns without generated
suggestions) and compare it to the generated text. We look at average sentence length (a common proxy for
text complexity in stories; |See et al., 2019; Roemmele et al., [2017)) and distinct-n, a measure of repetition
[Li et al., 2016]. As in|See et al.|[2019], we also look the concreteness of the text’s nouns and verbs, using
the concreteness ratings from Brysbaert et al. [2014]

If the system is being used to evaluate a model that focuses on a specific aspect of stories, e.g., events
or characters, this analysis could be extended to compare how these specific elements are introduced and

referenced in the machine-generated vs. human-authored text.

2github.com/dojoteef/storium-frontend
3Sentence length, concreteness, and distinct-n: \github.com/abisee/story—-generation-eval
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Total | #1 #2 #3 #4 #5
%GPT2 66 |76 70 63 63 57

Table 4.1: % of chosen suggestions that are from GPT2.

4.3 Experiment #1: FUSION vs. GPT2

We first test CYOA with two popular story generation models: (1) FUSION, the fusion model from |Fan et al.
[2018]], which uses a fusion mechanism to combine two convolutional sequence-to-sequence models; and
(2) GPT2, the small GPT2 model [Radford et al., [2019] finetuned on story data and using top-k sampling
[Fan et al., 2018]].

We compare FUSION and GPT2 to see how CYOA can evaluate two models with different underlying
architectures; they are also both common story generation baselines [See et al., 2019; Xu et al., 2020;

Rashkin et al., [2020].

To train the models, we use the WritingPrompts dataset [Fan et al.|[2018]], a collection of writing prompts
from Reddit paired with stories. During the CYOA evaluation, both models generate their suggestions

conditioned on the whole story written so far. (Data and model details in App.[A.2]and[A.3])

We run CYOA on Amazon Mechanical Turk with 105 Turkers to compare the two models. Each Turker
can only complete the task once. Turkers are required to have over 1,000 tasks approved, have an 95%
approval rate, and be from the United States, and they are paid $2.50 for participating in the study. The

study was approved by our instiution’s Institutional Review Board.

We break down our results and discussion by the research questions listed in §4.2.2]

(Q1) Table shows that, of the 525 suggestion pairs, Turkers signiﬁcantlyﬂ preferred the GPT2 sug-
gestions over FUSION, choosing them 65.7% of the time. Breaking it down by suggestion round 1-5, the
writers’ preference for the GPT2 was largest at the beginning of the story and decreased over the course of
the story. To understand why, we look at how writers edited the suggestions and how the generated text

compared to human-authored text.

“Binomial test: p < 0.01.
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ED (l) JS(1) USER(®)

FUSION 37.61 51.13 60.69
GPT2 2949 61.35 71.77

Table 4.2: Edit distance, Jaccard similarity, and USER scores between the edited and the original sugges-
tions.

FUSION GPT2 HUMAN
avg. sent. len. 13.70 10.31 18.86

concrete N 4.04 4.35 4.17
concrete V 2.90 3.10 3.12
distinct-1 0.75 0.53 0.72
distinct-2 0.97 0.70 0.95
distinct-3 1.00 0.76 0.99

Table 4.3: Generated text results for the FUSION and GPT2-generated text, compared to the HUMAN-written
portions of the story.

(Q2) In Table all three edit metrics show that writers used significantly’| more of the accepted GPT2
suggestion text in their story than the accepted FUSION suggestion text. When we break down the scores
by round, we see that this is true regardless of where in writer is in the story (see Table in App.[A.4.1).
Taken with the pairwise results, this points to GPT2 as the better collaborative story generation model.
FUSION, perhaps due to its hierarchical structure, did not generate as many useful suggestions as GPT2 in

the interactive setting.

(Q3) Finally, we look at how the generated text compares to the story text the writers wrote alone. From

Table4.3| we see that GPT2 generates shorter, more concrete, and more repetitive suggestions than FUSION.

Both models generate shorter sentences than people, and GPT2 generates more concrete nouns and verbs
than FUSION, corroborating the analysis of See et al.| [2019]. GPT2 generated the most repetitive text, which
may explain why it is chosen less frequently as the story goes on. FUSION’s sub-human level of repetition
indicates it often fails to refer back to the story context, as illustrated by the low Likert-scale scores for The

suggestions connected to what had happened in the story so far. (Fig. in App.[A.4.2).

>Mann-Whitney U test: p < 0.01.
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Total | #1 #2 #3 #4 #5
% TOP-K 53 [58 53 53 53 49

Table 4.4: % of chosen suggestions that are from TOP-K.

ED () JS(1) USER(T)

NUCLEUS 34.65 53.64 63.64
TOP-K 36.69 50.96 62.18

Table 4.5: Edit distance, Jaccard similarity, and USER scores between the edited and the original sugges-
tions.

4.4 Experiment #2: NUCLEUS vs. TOP-K

Our second experiment compares text generated from GPT2 but now using different sampling strategies:
TOP-K (as in §4.3)) and NUCLEUS sampling [[Holtzman et al., 2020]. (Model details in App. [A.3]) Here we
expect to see narrower differences in the generated text than we did in §4.3] Comparing TOP-K vs. NUCLEUS
focuses on CYOA’s ability to compare models with fine-grained differences. 103 Turkerf] write a story with

the help of suggestions from this pair of models.

(Q1) Table[.4]shows Turkers preferred the TOP-K suggestions over the NUCLEUS suggestions for 53.4%
of the 515 suggestion pairs writers received; as expected, a smaller difference than in §4.3]and not signif-
icant[] Again, the writers’ preference for TOP-K decreased over the course of the story, with NUCLEUS

slightly more popular by the end.

(Q2) In Table {.5] all three metrics show that writers used more of the NUCLEUS-sampled text than the
TOP-K-sampled text, though the difference is not signiﬁcantﬂ Despite writers’ slight preference for TOP-K-
sampled suggestions, when they choose NUCLEUS-sampled suggestions, they preserve more of the generated
text. Table [A.2] (App. [A.4.1) shows that difference is largest at the beginning and end of the story. This

suggests TOP-K’s safer suggestions may be less useful, especially when starting or finishing the task.

SThese are a separate set of Turkers from but subject to the same requirements.
"Binomial test: p = 0.07.
8Mann-Whitney Utest: p = 0.19 (ED), p = 0.23 (JS), and p = 0.27 (USER).
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NUCLEUS TOP-K HUMAN

avg. sent. len. 1276 10.53 19.28
concrete N 4.15 4.34 4.23
concrete V 3.08 3.08 3.11
distinct-1 0.77 0.60 0.72
distinct-2 0.96 0.78 0.96
distinct-3 0.99 0.84 0.99

Table 4.6: Generated text results for the TOP-K and NUCLEUS-generated text, compared to the HUMAN-
written portions of the story.

(Q3) Table 4.6 shows that TOP-K-generated text is shorter, more concrete, and more repetitive than NU-
CLEUS-generated text. NUCLEUS’s text comes closer to human-levels of repetition, consistent with the

findings of Holtzman et al.|[2020] and |Akoury et al.| [2020].

4.5 Writer Feedback

CYOA benefits writers as well as researchers. The results of the writer feedback across both experiments
indicate that writers enjoy the paired-suggestion writing experience, regardless of which models they wrote
with. The Likert-scale responses were particularly positive for I’'m happy with my final story. (FUSION vs.
GPT2: mean = 3.83, NUCLEUS vs. TOP-K: mean = 3.84) and The suggestions helped me come up with new
ideas. (FUSION vs. GPT2: mean = 3.80, NUCLEUS vs. TOP-K: mean = 3.79). This compares favorably to
single-suggestion collaborative story writing systems that use a similar writing process; |Clark et al.|[2018b]
report writers gave a mean score of 3.28|T_;] for happiness with the story they wrote with their collaborative

writing system. Full Likert-scale results are in App.

The positive reactions from participants indicate this format could work well on alternative crowdsourc-
ing platforms, like LabintheWild or launched as an independent writing game, similar to |Akoury et al.

[2020].

?Scoring adjusted to a 5-point scale.

Ywww.labinthewild. org
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4.6 Related Work

Collaborative writing systems have been developed in domains like poetry [|Ghazvininejad et al.l 2017],
slogans [[Clark et al., 2018b], and stories [Roemmele and Gordon, 2015; (Goldfarb-Tarrant et al., 2019
Akoury et al., [2020]. Like Storium [[Akoury et al., 2020]], we focus on the potential to use these systems
as evaluation platforms. However, we suggest using paired suggestions in collaborative writing systems to
directly compare generation models.

ChatEval [Sedoc et al., |2019] collects human evaluations for paired chatbot utterances and |Otani et al.
[2016] for paired translations, but the generated text is static. By having writers interact with dynamically
generated suggestions, collaborative writing systems reward helpful and robust generation models, under-

emphasized attributes in current evaluations [Zellers et al., 2021} [Ethayarajh and Jurafsky, 2020].

4.7 Conclusion

CYOA allows researchers to collect human and automatic evaluations for story generation models in a
single collaborative writing task. The paired suggestions allow direct comparisons between two models, and
automatic-metric comparisons among generated text, its revisions, and the human-authored portions provide
additional insight. We expect CYOA evaluations to accelerate progress on applications for collaborative

writing between humans and machines.
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Chapter 5

Automatic Evaluation for Multi-Sentence

Text

Human evaluation methods like CYOA (Chapter [4) are the most valuable form of evaluation for generation
models, as they point to the usefulness of NLG models in downstream tasks like collaborative story writing.
However, automatic metrics are essential to NLG, particularly in the model development and analysis stages.
In this chapter, we propose and evaluate an automatic metric for long generated texts.

The work in this chapter is published in|Clark et al.|[2019].

5.1 Introduction

While automatic metrics allow faster quality feedback and model development, existing automatic metrics
for evaluating text are problematic. Due to their computational efficiency, metrics based on word-matching
are common, such as ROUGE [Lin, 2004]] for summarization, BLEU [Papineni et al., [2002]] for machine
translation, and METEOR [Banerjee and Lavie, 2005| or CIDER [[Vedantam et al.,2015]] for image captioning.
Nevertheless, these metrics often fail to capture information that has been reworded or reordered from the
reference text, as shown in [Kilickaya et al. [2017]] and Table They have also been found to correlate
weakly with human judgments [Liu et al.| 2016; Novikova et al., [2017].

To avoid these shortcomings, word mover’s distance (WMD; [Kusner et al.,2015) can be used to evaluate

'For readability, we scale ROUGE scores by a factor of 100 and sentence mover’s metrics by a factor of 1000.
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A: |The family is on a picnicj They have funj

37 6.3415.1
S+WMS:
5.13
6.2 7.6 5.5 v 6.1 5.1

B: | The children eat lunch and play in the park.

Figure 5.1: An illustration of S+WMS (a sentence mover similarity metric that uses both word and sentence
embeddings) between two documents. This metric finds the minimal cost of “moving” both the word em-
beddings (orange) and the sentence embeddings (blue) in Document A to those in Document B. An arrow’s
width is the proportion of the embedding’s weight being moved, and its label is the Euclidean distance. Here
we show only the highest weighted connections.

text in a continuous space using pretrained word embeddings instead of relying on exact word matching.
WMD has been used successfully for tasks including image caption evaluation [Kilickaya et al., 2017]],
automatic essay evaluation [Tashu and Horvéth, 2018]], and affect detection [Alshahrani et al.,|2017]]. This
bag-of-embeddings approach is flexible but fails to reflect the grouping of words and ideas, a shortcoming

that becomes more problematic as the length of the document grows.

Reference passage. the only thing crazier than a guy in snowbound massachusetts boxing up the powdery
white stuff and offering it for sale online ? people are actually buying it . for $ 89, self-styled entrepreneur
kyle waring will ship you 6 pounds of boston-area snow in an insulated styrofoam box — enough for 10 to
15 snowballs , he says .

Summary ROUGE-L WMS SMS S+WMS

Human summary. a man in suburban boston is selling snow online 39.30 57.85 99.98 24.06
to customers in warmer states . for $ 89 , he will ship 6 pounds of
snow in an insulated styrofoam box .

Word order. in suburban boston , a man is selling snow online to 31.44 57.85 99.98 24.06
customers in warmer states . he will ship 6 pounds of snow in an (J 20%) =) (=) =)
insulated styrofoam box for $ 89 .

Repetition. a man in suburban boston is selling snow is selling 35.07 57.31 89.40 22.81
snow online to customers in warmer states in warmer states . for $ ( 11%) G4 1% (11%) ({5%)

89, he will ship he will ship 6 pounds 6 pounds of snow in an
insulated styrofoam box in a styrofoam box .

Table 5.1: A comparison of scores for three different summaries for a reference passage (the first lines of a
news article). The human summary has been permuted with its clauses rearranged (Word order) and repeated
(Repetition). Word order changes negatively affect ROUGE-L more than repetition; the other metrics are
unaffected by word order choices but, to varying degrees, penalize repetition.

In this chapter, we modify WMD for evaluating multi-sentence texts by basing the score on sentence em-
beddings (§5.3), giving it access to higher-level representations of the text. We introduce two new metrics:

sentence mover’s similarity (SMS), which relies only on sentence embeddings, and sentence and word
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mover’s similarity (S+WMs), which uses word and sentence embeddings, as in Figure

In §5.4] we find that sentence mover’s similarity metrics significantly improve correlation with human
evaluations over ROUGE-L (the longest common subsequence variant of ROUGE) and WMD when scoring au-
tomatically generated summaries (averaging 3.4 sentences). We also automatically evaluate human-authored
essays (averaging 7.5 sentences) and find smaller but significant gains. We compute sentence mover’s simi-
larity metrics with type-based embeddings and contextual embeddings and find these results hold regardless
of embedding type, with no significant difference caused by the choice of embedding.

Finally, we show in §5.6] that sentence mover’s similarity metrics can also be used when learning to
generate text. Generating summaries using reinforcement learning with sentence mover’s similarity as the
reward results in higher quality summaries than those generated using a ROUGE-L or WMD reward, according

to both automatic metrics and human evaluations.

5.2 Background: Word Mover’s Distance

Earth mover’s distance (EMD, also known as the Wasserstein metric; Rubner et al., [1998)) is a measure of
the distance between two probability distributions. Word mover’s distance (WMD; [Kusner et al., 2015)) is
a discrete version of EMD that evaluates the distance between two sequences (e.g., sentences, paragraphs,
etc.), each represented with relative word frequencies. It combines (1) item similarit on bag-of-word
(BOW) histogram representations of text [Goldberg et al., 2018|] with (2) word embedding similarity.

For any two documents A and B, WMD is defined as the minimum cost of transforming one document
into the other. Each document is represented by the relative frequencies of words it contains, i.e., for the ith
word type,

da,; = count(i)/|A| (5.1

where |A| is the total word count of document A, and dp ; is defined similarly.
Now let the ith word be represented by v; € R™, i.e., an m-length embeddingﬂ allowing us to define

distances between the ith and jth words, denoted A(4, 7). V' is the vocabulary size. We follow Kusner et al.

’The similarity can be defined as cosine, Jaccard, Euclidean, etc.

30ur evaluation scores depend on pretrained word embeddings, which can be type-based or contextual. Our experiments
consider both; see §5.4]and §5.6] When using contextual embeddings, we treat each token as its own type, as each word will have
a different embedding depending on its context.
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[2015]] and use the Euclidean distance A(¢,j) = ||v; — vj||2. The WMD is then the solution to the linear

program:
WMD(4, B) = min 37, 3277, Ti A (i, ) (5.22)
S.t.
Vi, 320 T = dag, (5.2b)
Vi, Y Tiy = dp (5.20)

T cR"™Wisa nonnegative matrix, where each T; ; denotes how much of word 7 (across all its tokens)
in A is assigned to tokens of word j in B, and the constraints ensure the flow of a given word cannot
exceed its weight. Specifically, WMD ensures that the entire outgoing flow from word i equals d4 ;, i.e.,
>_; Ti,j = da,;. Additionally, the amount of incoming flow to word j must match dp ;. i.e., >, T; ; = dp,;.

Following the example of Kilickaya et al.|[2017]], we transform WMD into a similarity (WMS):

WMS(A, B) = exp(—WMD(A, B)) (5.3)

WMS measures two documents’ similarity by minimizing the total distance to move words between two
documents, combining the strengths of BOW and word embedding-based similarity metrics. In Figure
WMS would calculate the cost of moving from Document A to Document B using only the word embeddings,

denoted in orange. WMS is symmetric, and WMS(A, A) = 1 when word embeddings are deterministic.

Empirically, WMD has improved the performance of NLP tasks (see §5.7), specifically sentence-level
tasks, such as image caption generation Kilickaya et al.[[2017] and natural language inference Sulea) [2017]].
However, its cost grows prohibitively as the length of the documents increases, and the BOW approach can
be problematic when documents become large as the relation between sentences is lost. By only measuring
word distances, the metric cannot capture information conveyed by the grouping of words, for which we

need higher-level document representations [Dai et al., [2015; |Wu et al., 2018]].
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-0.10

-0.08
picnic . .

-0.06

fun
-0.04
sent_A1

-0.02
sent_A2 .
-0.00
children eat lunch play park sent_B1

Figure 5.2: The S+WMS T matrix for documents A and B from Figure (with empty rows/columns
removed). Contrarily, WMS’s T matrix only maps between words and has the dimensions of the dashed
region labeled “Words,” and SMS’s maps between sentences in the shape of the dashed region “Sentences.”
Best viewed in color.

5.3 Sentence Mover’s Similarity Metrics

We modify WMS to measure the similarity between two documents using sentence embeddings, which we
call a sentence mover’s similarity approach. We introduce two new metrics: Sentence Mover’s Similarity
(sMsS) and Sentence and Word Mover’s Similarity (S+WMS). SMS replaces the word embeddings in WMS
with sentence embeddings (§5.3.1), while S+WMs combines the two metrics and uses both word and sen-
tence embeddings (. Our code (an extension of an existing WMD implementatimﬁ) and datasets are

publicly availableE|

5.3.1 Sentence Mover’s Similarity

Sentence Mover’s Similarity (SMS) performs the same linear optimization problem in Eq. [5.2a as WMS,
except now each document is represented as a bag of sentence embeddings rather than a bag of word em-
beddings. In Figure[5.1] SMS considers only the sentence embeddings, denoted in blue.

To get the representation of a sentence in a document, we combine the sentence’s word embeddings.
Sentence representations based on averaging or pooling word embeddings perform competitively on tasks
including sentence classification, recognizing textual entailment, and paraphrase detection [Conneau and
Kiela, [2018]]. We use sentence representations that are the average of their word embeddings, as this ap-

proach outperformed pooling methods in preliminary results.

*nttps://github.com/src-d/wnd-relax
*https://github.com/eaclark07/sms
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While in WMS word embeddings are weighted according to their frequency in the document (see Eq.[5.1)),
SMs weights each sentence embedding by the number of words (| A|) it containsE] So a sentence 7 in docu-
ment A will receive a weight of:

dai = il/|4] (5.4)

We solve the same linear program, Eq. by calculating the cumulative distance of moving a document’s
sentences to match another document. Now the vocabulary is the set of sentences in the documents instead

of the words, as in Figure[5.2]

5.3.2 Sentence and Word Mover’s Similarity

Sentence and Word Mover’s Similarity (S+WMS) combines WMS and SMS and represents each document
as a collection of both words and sentences. Each document is now a bag of both word and sentence
embeddings (as seen in Figure [5.1)), where each word embedding is weighted according to its frequency
and each sentence embedding is weighted according to its length. Now the bag of words and sentences

representing document A is normalized by 2| A|, so that:

count(i)/2|Al|, ifiisaword
da; = 5.5

)

li] /2| Al if 7 is a sentence

As in WMS and SMs, the same linear program in Eq. [5.1]is solved, this time calculating the cumulative
distance of moving both a document’s words and sentences to match another document. The vocabulary is
the set of sentences and words in the documents (see Figure[5.2). The sentence embeddings are treated the
same as word embeddings in the optimization; the only difference is their length-based weights.

This means a sentence embedding can be mapped to a word embedding (e.g., “They have fun.” maps to
“play” in Figure [5.1)) or vice versa. It also means that a sentence’s words do not have to move to the same
word or sentence embedding(s) that their sentence moves to (as seen in Figure[5.1); a sentence in document
A could be transported to an embedding in document B and have none of its words moved to the same
embedding. More constraints could be introduced to further control the flow between documents, which we

leave to future work.

SPreliminary results showed count-based sentence weightings performed better than uniform weightings. Other weighting
options, such as frequency-based weighting as done in BERTScore [Zhang et al., [2020b], are a direction for extending this work.
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5.4 Intrinsic Evaluation

To test the performance of the SMS and S+WMS metrics, we first examine their usefulness as evaluation
metrics. (In §5.6] we evaluate their performance as cost functions for an extrinsic task, abstractive summa-

rization.)

We measure the correlations between the scores assigned to texts by various automatic metrics (ROUGE-
L, WMS, SMS, S+WMS) and the scores assigned by human judges. We are interested in multi-sentence
texts, both machine- and human- generated. Therefore, we consider subsets of two corpora that have been
judged by humans: a collection of automatically generated summaries of articles in the CNN/Daily Mail
news dataset (alongside reference summaries; see Section 5.5} [Chaganty et al., 2018; Hermann et al., 2015},
Nallapati et al., [2016) and student essays from the Hewlett Foundation’s Automated Student Assessment

Prize (Appendix [B.2) E] Statistics describing the datasets are in

Because the word and sentence mover’s similarity metrics are based on pretrained representations, we
explore the effect of varying the word embedding method. We present results for two different types of
word embeddings: GloVe embeddings [Pennington et al., |2014f] and ELMo embeddingﬁ [Peters et al.,
2018}, |Gardner et al., 2018[]. We obtain GloVe embeddings, which are type-based, 300-dimensional em-
beddings trained on Common Crawlﬂ using spaCym while the ELMo embeddings are character-based,
1,024-dimensional, contextual embeddings trained on the 1B Word Benchmark [Chelba et al., 2013]. We
use ELMo to embed each sentence, which produces three vectors for each word, one from each layer of the

model. We average the vectors to get a single embedding for each word in the sentence.

All correlations are Spearman correlations [Elliott and Keller, 2014; Kilickaya et al., 2017, and signif-
icance in the improvement between two metrics’ correlations with human judgment is calculated using the

Williams| [[1959] significance testE]

"nttps://www.kaggle.com/c/asap-eas
$https://allennlp.org/elmo
‘nttp://commoncrawl.org/the-data/

10https ://spacy.io/models/en#en_core_web_md
Uhttps://github.com/ygraham/nlp-williams

79


https://www.kaggle.com/c/asap-eas
https://allennlp.org/elmo
http://commoncrawl.org/the-data/
https://spacy.io/models/en#en_core_web_md
https://github.com/ygraham/nlp-williams

Samples Summaries Metric Score

Sample #1  Reference. Freddie Gray, who is black, asked for medical help but was denied during 00-minute ~ Human  0.00
police car ride, eventually paramedics were called. Deputy police commissioner Kevin Davis  ROUGE- | 12.44
conceded their failure. But chief commissioner refuses to resign over the death. Six officers are L
suspended without pay during an investigation.

Hypothesis. Baltimore Police Commissioner Anthony Batts ruled out his resignation despite that ~WMS 21.41
fact that his deputy admitted they should have sought medical attention for Freddie Gray. Six  SQMS 128.91
officers have been suspended with pay as local police and federal authorities investigate. Commis-

sioner Anthony Batts has ruled out the possibility of his resignation. S+WMS 47.89

Sample #2  Reference. Choc on Choc’s chocolates come in three different flavours. The face of each politician ~Human -0.5
is emblazoned on milk Belgium chocolate bars. Cameron’s has blueberries, Clegg is honeycomb  ROUGE- 34.57
and Miliband is raspberry.

L
Hypothesis. UNK lollies on 273 invalid chocolates come in three different flavours. Contains ~WMS 5.08
three different flavours - the colours associated with each leader. David Cameron, Nick Clegg, SMS 51.39
Nick Clegg, Nick Clegg and David Cameron. S+WMS 12.25

Table 5.2: Two examples from the Summaries dataset along with the scores they received (using GloVe)
comparing reference (human summary) to hypothesis (model generated summary). Scores that are in the
top quartile for a given metric are in green and bold. Scores in the bottom quartile are in red and italics.
Human scores range from —1 to 1. Please see for details.

5.5 Summaries Dataset Evaluation

To understand how the sentence mover’s similarity metrics evaluate automatically generated text, we use
the subset of the CNN/Daily Mail dataset for which [Chaganty et al.| [2018] collected human annotations.
Annotators evaluated summaries (generated with four different neural models) on a scale from —1 to 1. We
consider the subset of summaries scored by two or more judges, taking the average to be the summary’s
score. The automatic evaluation metrics score each generated summary’s similarity to the human-authored
reference summary from the CNN/Daily Mail dataset.

Table [5.3] shows each metric’s correlation with the human judgments. SMS correlates best with human
judgments, and both sentence-based metrics outperform ROUGE-L and WMS. We find that the difference
between GloVe and ELMo’s scores is not signiﬁcantpzl Figure shows correlation across the metrics.
Discussion Two examples of generated summaries and their scores are shown in Table [5.2] Because the
scores cannot be directly compared between metrics, we distinguish scores that are in the top quartile for
their metric (i.e., the highest rated) and in the bottom quartile (i.e., the lowest rated).

The first example in Table[5.2]is highly rated by metrics using word and sentence embeddings, but judged
to be a poor summary by ROUGE-L because information is reworded and reordered from the reference. For

example, the phrase “asked for medical help” is worded as “sought medical attention” in the hypothesis

ZWilliams test: p =0.35(sMS) and p = 0.16 (S+WMS)
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Summaries Essays

ROUGE-L 0.117 0.441
GloVe ELMo GloVe ELMo

WMS #0180  **0.160 | 0.429  0.443

SMS *4(0,258 *#*%0.253 | 0457 0451

S+WMS **0.214  **0.204 | *0.488 *0.490

Table 5.3: Spearman correlation of metrics with human evaluations. Asterisks indicate significant improve-
ment over ROUGE-L, with (*) for p < 0.05 and (**) for p < 0.01.

human human human human

rouge | 0.44 rouge

wms | 0.43 H wms

0.46 0.47 | oG

rouge 0.12

wms 0.18

sms 0.26 NULVARNK] sms sms

stwms  0.21 NUGEREVRCL IR ) 0.74 097 0.91 ROl 01495 0.54 1 0.94 0.84 s+wms [\ 06 091 091

human rouge wms sms s+wms human rouge wms sms s+wms human rouge wms sms s+wms human rouge wms sms s+wms

(a) Summaries with GloVe embeddings (b) Summaries with ELMo embeddings (C) Essays with GloVe embeddings (d) Essays with ELMo embeddings

Figure 5.3: Spearman correlation with each metric and human evaluations using GloVe and ELMo embed-
dings on the Summaries and Essays datasets. (Best viewed in color.)

summary. Nevertheless, exact word matching can be important for ensuring factual correctness. While the
generated hypothesis summary states “six officers have been suspended with pay”, the reference states they
were actually “suspended without pay.”

The second example, which was generated with a seq2seq model, was one of the best summaries accord-
ing to ROUGE-L but one of the worst according to SMS and S+WMS. It also received low human judgments,
most likely due to its nonsensical repetitions. While the short, repeated phrases like “three different flavours”
match the reference summary well enough to score well with ROUGE-L, the overall sentence representations

are distant from those in the reference summary, resulting in low SMS and S+WMS scores.

5.6 Extrinsic Evaluation

In addition to automatically evaluating text, we can also use sentence mover’s metrics as rewards while learn-
ing text generation models. To demonstrate this, we train an encoder-decoder model on the CNN/Daily Mail
dataset to generate summaries using reinforcement learning (RL). Instead of maximizing likelihood, policy

gradient RL methods can directly optimize discrete target evaluation metrics that are non-differentiable, such
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as ROUGE [Paulus et al., 2018;|Jaques et al., 2017} |[Pasunuru and Bansal, [2017; Wu et al.,[2016; Celikyilmaz
et al., 2018; [Edunov et al.| 2018]]. Here, we learn policies to maximize WMS/SMS/S+WMS metrics, guid-
ing the model to learn semantic similarities, while policies trained using ROUGE rely only on word n-gram
matches between generated and ground-truth text.
Model We encode the input document using 2-layered bidirectional LSTM networks and a 2-layered LSTM
network for the decoder. We use the attention mechanism [Bahdanau et al., 2015} [See et al., 2017] to force
the decoder model to learn to focus (i.e., attend) on specific parts of the input sequence when decoding,
instead of relying only on the hidden vector of the decoder’s LSTM. We also include pointer networks [[See
et al.,[2017; [Cheng and Lapata, 2016]], which point to elements of the input sequence at each decoding step.
To train our policy-based generator, we use a mixed training objective that jointly optimizes multiple
losses, which we describe below.
MLE Our baseline model uses maximum likelihood training for sequence generation. Given y* ={y{,y5,....y7}

as the ground-truth summary for a given input document d, we compute the loss as:

Lmie = — Yop— logp(yi | vi - yi_1,d) (5.6)

by taking the negative log-likelihood of the target word sequence.

Model Loss w/ Reward Metric ROUGE-1 ROUGE-2 ROUGE-L WMS SMS S+WMS
MLE+Pgen [1] (no reward) 36.44 15.66 33.42 - - -
MLE+Pgen+RL Mixed w/ ROUGE-L [2] 38.01 16.43 35.49 - - -
MLE+Pgen+RL+Intra-Attn Mixed w/ ROUGE-L [3] 39.87 15.82 36.90 - - -
MLE+Pgen (no reward) (re-trained baseline) 36.95 15.56 34.00 13.02  90.05 32.15
MLE+Pgen+RL Mixed w/ ROUGE-L 37.46 16.10 34.39 13.07 8648  31.87
MLE+Pgen+RL Mixed w/ WM$S 38.17 16.52 34.97 14.52 95.68  34.77
MLE+Pgen+RL Mixed w/ SMS 38.52 16.52 35.33 15.15 96.65 35.50
MLE+Pgen+RL Mixed w/ S+WMS 37.20 15.67 34.15 13.32 91.09 32.64

Table 5.4: Evaluation on summarization task when various metrics are used as rewards during learning.
Columns show average score of each model’s generated summaries according to various metrics. Previously
reported results (upper block): [1] MLE training with pointer networks (Pgen) [See et al.,2017] ; [2] Mixed
MLE and RL training with Pgen [Celikyilmaz et al.,[2018]], [3] Mixed MLE and RL training with Pgen and
intra-decoder attention Paulus et al.[[2018]. The lower block reports re-trained baselines and our models
with new metrics. Bold indicates best among the lower block.

Reinforcement Learning (RL) Loss The decoder generates the summary sequence g, which is then com-

pared against the ground truth sequence y* to compute the reward (7). Our model learns using a self-critical
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training approach |[Rennie et al.| [2016], by exploring new sequences and comparing them against the best
greedily decoded sequence. For each training example d, we generate two output sequences: §, which is
sampled from the probability distribution at each time step, p(9; | 91 . . . Yt—1, d), and g, the baseline output,
which is greedily generated by argmax decoding from p(g; | 91 . . . §4—1, d). Our mixed training objective is

then to minimize:

Lre = (r() — r()) S(_y logp(fe | i1 - - - -1, d) (5.7)

It ensures that, with better exploration, the model learns to generate sequences ¢ that receive higher rewards
than the baseline y, increasing the overall reward expectation of the model.

Mixed Loss While training with only MLE loss will learn a better language model, it may not guarantee
better results on discrete performance measures such as WMS and SMS. Similarly, optimizing with only RL
loss using SMS as a reward may increase the reward gathered at the expense of diminished readability and
fluency of the generated summary. A combination of the two objectives can yield improved task specific

scores while maintaining a good language model:
Lyvixep = vLrL + (1 — ) LmLE (5.8)

where -y is a hyperparameter balancing the two objective functions. We pre-train models with MLE loss,
and then continue with the mixed loss.
We train four different models on the CNN/Daily Mail dataset using mixed loss (MLE+RL) with

ROUGE-L, WMS, SMS, and S+WMS as the reward functions. Training details are in[B.4]and [B.5]

5.6.1 Generated Summary Evaluation

We evaluate the generated summaries from each model with ROUGE-L, WMS, SMS, and S+WMS in Table
[5.41 While we include previously reported numbers, we re-trained the mixed loss models using ROUGE-
L and use those as our baseline, as previously trained models should be heavily optimized and use more
complex networks than ours. For fair comparison, we kept the encoder-decoder network type, structure,
hyperparameters, and initialization the same for each model, changing only the reward. We pre-trained an

MLE model (“MLE+Pgen (no reward) (re-trained baseline)” in Table[5.4)) and used it to initialize the mixed
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loss models with different reward functions.

Across all metrics, the models trained using WMS and SMS metrics as the reward outperform models
trained with ROUGE-L as the reward function. S+WMS models lag behind ROUGE-L. The SMS model
outperforms all other models across all metrics on the abstractive summarization task, consistent with SMS’s
performance at evaluating summaries in §5.5]

Table shows summaries generated from each of the mixed loss models.

5.6.2 Human Evaluation

We also run a human evaluation on the generated summaries, which show people prefer the SMS and S+WMS

models’ generated summaries over the ROUGE model’s. Details are in|B.7

5.7 Related Work

Evaluation has been among the most discussed topics of the natural language generation (NLG) research area
Lapata and Barzilay| [2005[]; [Belz and Reiter| [2006]]; [Reiter and Belz| [2006]]; Barzilay and Lapatal [2008]];
Reiter and Belz| [2009]; Reiter| [2011]; [Novikova et al.[[2017]]. There are three main ways to evaluate NLG
methods: (1) automatic metrics to compare NLG texts against reference texts, (2) task-based (extrinsic)
evaluation to measure the impact of a NLG system on a downstream task, and (3) human evaluations, which
ask people to rate generated texts. In this work we introduce new automatic evaluation metrics for long text
generation and evaluation.

Automatic evaluation metrics compare generated text against reference texts using word overlap metrics
such as: BLEU [Papineni et al.|[2002[; ROUGE |[Lin| [2004]; NIST [Doddington| [2002], a version of BLEU; ME-
TEOR |Lavie and Agarwal| [2007]], unigram precision and recall; CIDER |Vedantam et al.|[2015]], the average
n-gram cosine similarity; cosine similarity between the average word embedding; and WMD, which calcu-
lates the word embedding-based “travel cost”. Though all have strengths and weaknesses, ROUGE metrics
(particularly ROUGE-L) are common for multi-sentence text evaluations. Textual metrics that consider spe-
cific qualities in the system outputs, like complexity and diversity, are also used to evaluate NLG systems
[Dusek et al.,|[2019; [Hashimoto et al.,[2019; Sagarkar et al., 2018} |[Purdy et al.| 2018]].

Word mover’s distance has recently been used for NLP tasks like learning word embeddings [Zhang et al.,
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2017; [Wu et al., 2018], textual entailment [Suleal |2017]], document similarity and classification [Kusner
et al, 2015; Huang et al., [2016} |Atasu et al.l 2017, image captioning [Kilickaya et al., [2017]], document
retrieval [Balikas et al.|[2018]], clustering for semantic word-rank Zhang and Wang|[2018]], and as additional
loss for text generation that measures the optimal transport between the generated hypothesis and reference
text|/Chen et al.[[2019]. We investigate WMD for multi-sentence text evaluation and generation and introduce

sentence embedding-based metrics.
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Chapter 6

Human Evaluation of Machine-Generated

Text

Though new metrics like SMS and S+WMs (Chapter [5)) continue to be proposed to match generation models’
improving quality, there is comparatively little research and discussion of human evaluations for NLG,
despite its role as the gold-standard evaluation for most NLG tasks. In this chapter, we turn to human
evaluations of NLG and look at how crowdsourced evaluators read and evaluate text generated from a state-

of-the-art text generation model.

The work in this chapter is published in|Clark et al.| [2021]].

6.1 Introduction

Human-quality text has long been a holy grail for the output of natural language generation (NLG) systems,
serving as an upper bound on their performance. Since we lack a good way of encoding many aspects of
what constitutes human-quality output in an automated method, we often must rely on human evaluation for
our models. Though evaluations with end-users in an applied setting are encouraged Belz and Reiter; [2006]],
in practice, most human evaluations instead ask people to rate generated text’s intrinsic quality [van der Lee
et al.|[2019; Howcroft et al.,[2020]]. Sometimes the generated text is explicitly compared to human-authored

text [e.g., Liu et al.| 2016; [Zellers et al., [2021}; Zhang et al., [2020a], but even when no human-authored text
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Once upon a time, there lived a pirate. He was the sort
of pirate who would rather spend his time chasing away
the sharks swimming around his ship than sail to foreign
potts in search of booty. He was a good pirate, a noble

pirate, an honest pirate. He was a pirate who would

rather be at home with his wife and son than out on a

ship in the middle of the ocean.

that make sense. thoughts.

there were personal no pirate has a home with
description[s] a machine his wife and kids unless
wouldn't understand, [like] ] [ theyre on the ship with him.
wanting to be home with That is utterly
his wife and son. unbelieveable

too natural to be Al repeating itself lots

A human wrote this A machine wrote this

Figure 6.1: Excerpts from human evaluators’ explanations for why they believe a GPT3-generated story
(also excerpted) was written by a human (left) or a machine (right). The evaluators point to a wide range
of text attributes to make their decisions, sometimes using the same aspect of the text to come to opposite
conclusions.

is evaluated, evaluators implicitly compare the generated text to their knowledge of language and norms

within specific domains.

Evaluators are often asked to assess a text holistically, e.g., based on its overall quality, naturalness, or
humanlikeness [[van der Lee et al., [2021} [Howcroft et al., [2020], where the exact evaluation criteria is left
to the discretion of the evaluator. Though other evaluations are broken down along specific dimensions of
text quality (e.g., grammaticality, coherence, etc.), Novikova et al|[2017, [2018]] and (Callison-Burch et al.
[2007]] found that these dimensions are often correlated and may be conflated in some evaluation settings.
This is concerning because, as NLG models improve, evaluators are asked to read longer passages of text
conditioned on large amounts of context. In these cases, fluency-related aspects of quality (i.e., the ones that
don’t require careful reading of the context and meaning of the passage) are the easiest to assess, particularly
in small-batch evaluations with non-expert evaluators where speed is incentivized. This poses a challenge
when collecting human evaluations for state-of-the-art language models, as errors are often content-based
(e.g., factual inaccuracies or inconsistencies with the context) rather than fluency-based [Brown et al., 2020],

so a superficial read may not be sufficient to catch model errors. For accurate assessments of generated
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text, we need human evaluations that are designed to encourage a sufficiently careful reading of the text to
examine these subtler aspects of text quality.

We asked non-expert evaluators to assess the humanlikeness (operationalized as how believably human
an evaluator finds a text) of text generated by current NLG models (GPT2 and GPT3) to test what current
human evaluation practices can reveal about the models’ quality (§6.2). We found that evaluators were
unable to distinguish between GPT3- and human-authored text across story, news, and recipe domains.
However, when we categorized the aspects of text the evaluators used to make their judgments, we found
they primarily focused on the grammar, spelling, and style of the text. The evaluators’ responses also
indicated that they underestimated the quality of text current models are capable of generating (as seen in
Figure [6.1). To our knowledge, this work is the first to evaluate human evaluations of GPT3-generated text
across multiple domains.

We then looked at three different evaluator training methods—providing detailed instructions, annotated
examples, and human-machine paired examples—to test whether we could improve evaluators’ accuracy
(§6.3). While we found including examples in the task increased the set of texts evaluators thought could be
machine-generated and increased their focus on textual content, no training method significantly increased
evaluators’ performance consistently across domains.

Based on our results (discussed in §6.4), we recommend moving away from small-batch evaluations with
little training when collecting human evaluations of NLG models (§6.5). We also encourage practitioners
to consider alternative evaluation frameworks that capture the usefulness of generated text in downstream

settings rather than its humanlikeness.

6.2 How well can untrained evaluators identify machine-generated text?

In our first study, we ask how well untrained evaluators can distinguish between human- and machine-
generated text. This task format, inspired by the Turing| [1950] Test, is used to compare the quality of
machine-generated text to human-authored text and, as models’ fluency improves, to analyze NLG models’
ability to “fool” readers [Ippolito et al.,|2020; Brown et al., 2020].

By asking evaluators to assess the humanlikeness of the text with only minimal instructions (see Figure

[6.2), we observe how well untrained evaluators can detect state-of-the-art machine-generated text and which
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attributes evaluators focus on and think are important for detecting machine-generated text.

6.2.1 The Task

We gave evaluators 5 text passages, some of which were written by people and some generated by a model.

We asked them to rate the text on a 4-point scale [Ippolito et al., 2020]:

1. Definitely human-written
2. Possibly human-written
3. Possibly machine-generated

4. Definitely machine-generated

If they selected option 1, we asked them: “Why did you select this rating?”’ Otherwise, they were asked,

“What would you change to make it seem more human-like?” The interface is shown in Figure[6.2]

Instructions

Please read the following text and answer the questions
below.
Important notes:

« Every text begins with human-authored text, indicated in
bold. ONLY evaluate the text that follows the bold text.
e.g., "This is bolded, human-authored text; do not
evaluate me. This is text that you can evaluate.”

« Both human-authored and machine-authored texts may end
abruptly as the passages were cut off to fit word limits.

Once upon a time, there lived a boy. He was a boy no longer, but
a soldier. He was a soldier no longer, but a warrior. He was a
warrior no longer, but a legend.

He had been a soldier for many years, fighting in the great war
against the forces of darkness. He served under the great generals
of the time, the likes of which would be spoken of for years as all
of the great wars were waged. He fought against the horde. He
fought against the undead. He fought against the forces of hell
itself.

But after years of fighting, he grew weary of it.

* What do you think the source of this text is?

Definitely human-written
Possibly human-written
Possibly machine-generated

@ Definitely machine-generated

You cannot change your answer once you click submit.

* What would you change to make it seem more human-like?

Figure 6.2: The task interface (story domain)
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6.2.2 Data

We considered human- and machine-generated text in three different domains: stories, news articles, and
recipes. In all three cases, we collected 50 human-authored texts in English and generated 50 texts from
both the 175B parameter GPT3 model (also known as Davinci; Brown et al.} 2020ﬂ and GPT2-XL [Radford
et al. 2019]E] Evaluators were assigned to one domain and one model; the texts read by any given evaluator
included some human-authored texts and some texts generated by their assigned model. We only considered
texts 100 words or longer, and after reaching 100 words, all texts were truncated at the end of the next
sentencel’]

To generate text, we used the “three-shot” setting described in Brown et al.|[2020], conditioning the text
on three additional samples of in-domain, human-authored text, which we refer to as the priming texts (all
priming texts are in the supplementary materials and at ark.cs.washington.edu/human_evals_
ACL21). While this setting is not typically how GPT?2 is used in practice, we held this approach constant
to directly compare how model quality changes evaluators’ ability to distinguish between texts. For each
domain, each generated text was conditioned on the same set of priming texts. The texts were delimited with
an (EOS) token and generated using the default GPT3 generation settings (i.e., sampling with temperature

=0.7).

Stories

The human-authored texts came from the Reddit WritingPrompts dataset [Fan et al., 201 S]EI We collected
all the stories that began with Once upon a time (255 stories total) and randomly chose 50 human-authored
stories from this set. For the machine-generated text, we conditioned the models on the three priming texts
and on the phrase Once upon a time. We removed generated stories that directly copied a priming text (with
> 80% overlap) and regenerated those texts (9 instances with GPT2, 2 with GPT3).

This is the most open-ended of the three domains, as the story’s content is virtually unrestricted, and the
only creative domain. It is also the noisiest of the human-authored datasets, as the stories were originally

collected from social media comments with no quality-based filtering.

'beta.openai.com/

Thuggingface.co/gpt2-x1

3Usirlg NLTK; www.nltk.org/
*github.com/pytorch/fairseq/tree/master/examples/stories
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News Articles

We collected 2,111 recent local news articles from 15 different newspapers using Newspaper3kE| (details in
Appendix [C.I). After filtering out articles under 100 words, we manually filtered out articles that weren’t
local news or that referenced the coronavirus pandemic. We randomly chose 50 articles to use as our human-
authored news articles and another 50 to use as prompts for our generation models. We conditioned each
generated text on the headline and first sentence from the prompt articles, along with the three priming texts.

Because the title and the first sentence of a news article often summarize its contents, the generated
content must adhere to the topics they introduce. By using local, recent news, we also limit the models’
ability to copy from their training data. The models seemed to have the most trouble with this dataset
structurally, e.g., generating new headlines without ending the current article or outputting invalid end-of-

file tags.

Recipes

We collected 50 human-authored recipes from the RecipeNLG dataset [Bien et al., [2020], which contains
2,231,142 recipes scraped from the web. We randomly chose an additional 50 recipes and used their titles
and ingredient lists as prompts, appending them to the end of the priming texts.

This is the most closed of the three domains, as the recipe must incorporate the listed ingredients and
result in the dish described by the title. Recipes are typically written in clear commands, leaving little room

for surprising or unexpected text.

6.2.3 Participants

We used Amazon Mechanical Turk (AMT) to collect the text evaluations with non-expert evaluators, com-
monly used in NLG evaluations [van der Lee et al.,|2019]. To have adequate power in our analyses (based
on a power analysis with 5 = 0.8; |Card et al.| [2020), we had 130 different evaluators for each of the 6
task settings (3 domains x 2 models). Each participant evaluated 5 texts each, giving us a total of 780
participants and 3,900 text evaluations.

We paid evaluators US$1.25 for completing the task. Following common best practice on AMT Berinsky

5github .com/codelucas/newspaper
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Overall % %

Model Acc. Domain  Acc. F1 Prec. Recall Kripp. a human  confident
Stories  *0.62 0.60 0.64 0.56 0.10 5523 52.00
GPT2 *0.58 News *0.57 0.52  0.60 0.47 0.09 60.46 51.38
Recipes 0.55 048 0.59 0.40 0.03  65.08 50.31
Stories 048 040 047 0.36 0.03 62.15 47.69
GPT3 0.50 News 0.51 044 054 0.37 0.05 6554 52.46
Recipes 0.50 041 0.50 0.34 0.00 66.15 50.62

Table 6.1: results, broken down by domain and model, along with the F}, precision, and recall at
identifying machine-generated text, Krippendorff’s o, % human-written guesses, and % confident guesses
(i.e., Definitely machine- or human-authored). * indicates the accuracies significantly better than random
(two-sided t-test, for Bonferroni-corrected p < 0.00333).

et al.|[2012], evaluators had to have over a 95% acceptance rate, be in the United States, and have completed
over 1,000 HITs (AMT tasks). We excluded evaluators’ work if their explanations were directly copied
text from the task, did not match their responses, did not follow the instructions, or were short, vague, or
otherwise uninterpretable. Across experiments, 445 participants (18.6%) were rejected and not included in

the §6.2]results (780 approved participants) and §6.3|results (1,170 approved participants).

6.2.4 Results

Overall, evaluators choosing between human and GPT2-generated text correctly identified the author of the
text 57.9% of the timeE] but the evaluators choosing between human- and GPT3-generated text only guessed
correctly 49.9% of the time (Table[6.T)), compared to 50% random chance. While the accuracy of classifying
GPT?2- vs. human-authored text is signiﬁcantlyﬂ different from chance, evaluators’ accuracy distinguishing
GPT3- and human-authored text is not This remains the case regardless of text domain; we failed to find
any evidence that evaluators’ accuracy on any one domain for GPT3 differs from the overall GPT3 accuracy
of ~ 50%@ The story texts saw the biggest drop in evaluator accuracy from GPT2 to GPT3 (62% to 48%,
Cohen’s d = 0.57). The distribution of evaluators’ scores are shown in Appendix [C.2}

In Table [6.1] we see other statistics worsen as well between GPT2 and GPT3: how well evaluators

identified the machine-generated text (£}, precision, and recall), evaluators’ agreement (Krippendorff’s «,

Unless otherwise noted, all analyses binned the responses into 2 categories (human and machine).
Ttsss = 6.58, p < 0.0001

8388 = —0.09, p = 0.93

° ANOVA with Fb 390 = 0.78, p = 0.46
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a measure of annotator agreement that corrects for the probability of random agreement), and the percent of
guesses that the text was human-written (% human). Given that the texts are equally likely to be human- and
machine-written, there are disproportionately many human guesses, making up two thirds of the responses
in the GPT3 experiments. Despite the significantly lower scores, evaluators’ confidence (the percent of

Definitely responses) remains fairly constant across conditions.

6.2.5 Analysis

Taken on its own, the evaluators’ difficulty identifying GPT3-generated text compared to GPT2 points to
the improvement of new NLG models. However, it also points to concerns about extending current human
evaluation methodologies to state-of-the-art text generation. In particular, the evaluators’ explanations reveal
underlying confusion and misconceptions about state-of-the-art NLG.

To better understand what untrained evaluators focused on in the text to make their decisions, the au-
thors annotated 150 random responses from the evaluators who distinguished between human- and GPT3-
generated text (see Appendix [C.3] for annotation details). We divided the text annotation labels into three
categories: form, content, and machine capabilities. Form qualities focus on the format, style, and tone of
the text, while content focuses on the text’s meaning. We also coded for comments that explicitly referenced
people’s perceptions of what types of language machines are capable (or incapable) of generating (machine
capabilities).

We found nearly twice as many comments about the form of the text than the content (form: 47% of
labels, content: 25%). Evaluators in our sample focused most on the spelling, grammar, or punctuation of
the texts (45 out of 150 comments) and the style or tone of the text (24 out of 150 comments). However, these
dimensions of text are unlikely to be helpful in identifying text generated by current models, considering
that GPT3 has already been shown to generate fluent text and to adapt easily to new generation domains
[Brown et al., [2020].

We also found that the reasons evaluators gave for their answers often contradicted each other. The for-
mality of the text, spelling and grammar errors, and clarity were all cited to justify both human and machine
judgments. This was also reflected in the low agreement scores between evaluators, with Krippendorft’s

o =~ (0 across domains.
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Evaluators’ expectations about what NLG models are capable of ranged from thinking their text is
already indistinguishable from human-authored text (“I have no idea if a human wrote anything these days.
No idea at all.”) to doubting machines’ ability to use basic language (‘“Usually Al has terrible grammer [sic]
and messes up.”). But overall we found most evaluators’ beliefs about generated language underestimated

or misunderstood current NLG models, as seen in Appendix [C.4]

6.3 Can we train evaluators to better identify machine-generated text?

Given evaluators’ inability to distinguish GPT3- and human-authored text and their inconsistent reasoning
for their decisions, we investigated whether there were simple ways of improving evaluators’ ability to spot
attributes of GPT3-generated text. Inspired by crowdsourcing research on guiding workers on writing or
other subjective tasks Kim et al.| [2017]]; Mitra et al.| [2015]], we tested three lightweight evaluator-training
methods to see if we could improve people’s ability to identify machine-generated text while maintaining

the short, low-cost nature of the evaluations.

6.3.1 Evaluator Training Methods

We considered 3 evaluator trainings that can be added to the beginning of a human evaluation task, at most
requiring only 3 extra samples of human- and machine-generated text. To test the effectiveness of each type
of training, we re-ran the experiments from §6.2] but this time, we prepended one of three evaluator-training
methods to the evaluation task: an instruction-based training, an example-based training, and a comparison-
based training. Screenshots of the training interfaces are in Appendix the full set of training materials
are in the supplementary materials and at ark .cs.washington.edu/human_evals_ACL21.

Other than the training, the task setup was identical to the GPT3-based tasks in §6.2] We again ran the
task on Amazon Mechanical Turk across three domains (stories, news, and recipes), using the same texts.
As each individual participant was only permitted to complete one set of evaluations, the set of evaluators
who received these trainings was completely disjoint from the set of evaluators from our first study. The
participants were subject to the same restrictions described in §6.2.3] and excluded according the same
criteria; we did not use the trainings to filter out evaluators. For each domain and training method pair, we

had 130 unique evaluators complete the task, giving us 5,850 text annotations from 1,170 evaluators.
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Training with Instructions

To give evaluators a better sense of which parts of the text to pay attention to, we extended the original task
instructions to include dimensions of the text that could be helpful for identifying machine-generated text
(repetition and factuality) and ones that could be misleading (grammar, spelling, and style). We chose these
dimensions based on previous work [Ippolito et al., 2020] and evaluators’ comments in a pilot study (see
Appendix[C.5).

The Instructions training was the simplest of our 3 evaluator training methods. It was general enough
to be applied across the 3 domains but provided little information about the quality and domain of text the
evaluator would be rating. It did not increase the cost of collecting evaluations (US$1.25 per HIT) because
it does not require any extra work on the part of the evaluator, though this also made it the easiest training
to ignore. The instruction-based training is the most prescriptive of the training methods, as the researcher

has to choose the dimensions they want the evaluators to focus on.

Training with Examples

Our Examples training consisted of 3 practice rounds of the actual task: given a text, guess if it is machine-
or human-authored. We collected 3 additional texts in the same manner described in and wrote a
short explanation of which aspects of the text hinted at its source. After an evaluator makes their guess, the
correct answer and explanation are shown. Each domain had its own set of examples and explanations.

By showing examples, this training helps set the evaluators’ expectations about the quality of the human-
and machine-generated text. We paid evaluators more for completing this task (US$1.75 per HIT) to com-
pensate for the extra texts they needed to read. As with the instruction-based training, while pointing out
specific text dimensions can help evaluators focus on important features, it may also restrict their search

space.

Training with Comparison

In the Comparison training, we took the example passages from the Examples training and paired them with
a text from the opposite source (machine or human) that began with the same prompt. We asked evaluators

to guess which of the two texts was the machine-generated one. We then provided the correct answer to the
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evaluator, along with the same explanations used in the Examples training.
This training allows evaluators to directly compare human and machine texts written from the same
prompt. It is also the most expensive training, as it required evaluators to read three more passages than the

Examples training; we paid evaluators US$2.25 per HIT.

. Overall . . % %o
Training Acc. Domain Acc. F1 Prec. Recall Kripp. a human  confident
Stories  0.48 0.40 047 0.36 0.03  62.15 47.69
None 0.50 News 0.51 044 054 0.37 0.05 6554 52.46
Recipes 0.50 0.41 0.50 0.34 0.00 66.15 50.62
Stories  0.50 0.45 0.49 0.42 0.11  57.69 45.54
Instructions 0.52 News 0.56 048 0.55 0.43 0.05 62.77 52.15
Recipes 0.50 041 0.52 0.33 0.07  67.69 49.85
Stories  0.57 0.55 0.58 0.53 0.06  53.69 64.31
Examples *0.55 News 0.53 048 0.52 0.45 0.05 58.00 65.69
Recipes 0.56 0.56 0.61 0.51 0.06 5523 64.00
Stories  0.56 0.56 0.55 0.57 0.07 4846 56.62
Comparison 0.53 News 0.52 051 0.53 0.48 0.08  53.85 50.31
Recipes 0.51 049 0.52 0.46 0.06 54.31 53.54

Table 6.2: results, broken down by domain and training method, along with the F7j, precision, and
recall at identifying machine-generated text, Krippendorff’s o, % human-written guesses, and % confident
guesses (i.e., Definitely machine- or human-authored). “None” training refers to the GPT3 results from §6.2]
* indicates accuracies significantly better than None (no training; two-sided ¢-test, for Bonferroni-corrected
p < 0.00333).

6.3.2 Results

We found that while all 3 training methods improved evaluators’ accuracy at identifying machine- vs.
human-authored text over the no-training accuracy, the Examples training was the only one that showed
significant improvement (see Table EG]

Breaking down the results by domain, however, we find the Examples accuracy did not significantly
increase over the no-training accuracy when considering any of the three domains individually. Even so, the
significant difference in overall performance is mainly contributed by the story domain; when comparing

evaluators’ performance with no training to its Examples training counterpart, we see a change of 0.019 and

"Tykey’s HSD adjusted p < 0.003 for distinguishing between the Examples training and no training, d = 0.25
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Machine
capabilities

None 47.1  24.6 28.3
Examples 32.5 50.0 17.5

Training  Form Content

Table 6.3: % of annotation labels that reference the text’s form and content and the evaluators’ perception
of machines’ capabilities

0.062 mean accuracy in the news and recipe domains, respectively, versus 0.086 on the story domain. This
is perhaps due to the examples helping override the preconception that machines cannot generate “creative”
text.

Across all 3 domains, the Examples and Comparison trainings produced the highest recall and F; scores
for evaluators’ judgments and decreased the percentage of texts they guessed were human-written, which
indicate that evaluators were willing to consider a broader set of texts to be machine-generated than the
evaluators in §6.2] However, despite the trainings and the increased proportion of confident responses,
evaluator agreement remained low across domain and training settings (o < 0.11), and higher agreement

did not correspond to higher accuracy.

6.3.3 Analysis

We again annotated 150 comments along the dimensions listed in Appendix [C.3] divided into form, content,
and machine capabilities categories, this time from evaluators who received the best-performing Examples
training. As shown in Table[6.3] we found that the proportion of form comments dropped in the sample of
evaluators who went through the Examples training, while the proportion of content comments doubled. We
also saw a drop in the number of comments mentioning evaluators’ expectations of machine-generated text.
While this change in focus doesn’t necessarily correspond to correct judgments, content reasons are more

in-line with current NLG model capabilities Brown et al.|[2020].

6.4 Discussion

Overall, none of our three training methods significantly improved evaluators’ ability to detect machine-
generated text reliably across text domains while still maintaining the small-batch nature of Amazon Me-

chanical Turk. This speaks to the improving quality of NLG models, but we also found that untrained
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evaluators mainly focused on the format of the text, deciding if it was human or machine-generated based
on whether the text was grammatically or stylistically correct. This, combined with the high percentage of
human guesses, the low recall scores for the machine guesses, and the evaluators’ comments on their expec-
tations of NLG models, indicates a systematic underestimation by the evaluators of the quality of machine-
generated text. Evaluators who were trained with examples had higher expectations of machine-generated
text and focused more on the text’s content; however, the training was not sufficient to significantly raise
evaluators’ scores across all three domains.

Many of the explanations given by evaluators included references to the text that reflected human at-
tributes or intent that they suspected machines could not generate (e.g., “personal description a machine
wouldn’t understand, [like a pirate] wanting to be home with his wife and son” from Figure [6.1] and the
examples in Appendix [C.4). However, current NLG models are capable of generating text with at least su-
perficial reference to human attributes or intent, as seen in the generated story in Figure[6.1] This assumption
that machines can’t generate text with these aspects of humanlikeness led many evaluators astray, and we
suspect it is one cause of the low accuracy we found.

Crowdsourcing studies dealing only with human-authored texts often include extensive training, quality
checks, or coordination Kittur and Kraut [2008]]; Kim et al.|[2017]]; Bernstein et al.| [2010]. NLG evaluations
usually forego such structures, based, we suspect, on the assumption that evaluating machine-generated text
requires only fluency in the language the text is generated in. Our results suggest otherwise. Evaluators often
mistook machine-generated text as human, citing superficial textual features that machine generation has
surpassed Brown et al.|[2020]. One potential remedy for this is to focus evaluator training on debunking this
misconception. We did see evidence that the increase in accuracy we saw with our Examples training was
associated with fewer explanations mistakenly referencing machine capabilities, even though the training

did not specifically focus on this.

6.5 Recommendations

Based on our findings, if NLG researchers must run human evaluations as small-batch evaluations on Ama-
zon Mechanical Turk or similar platforms, we recommend they train evaluators with examples. This will

help calibrate the evaluators’ expectations of generated text and indicate the careful reading they may need
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to do to properly assess the text’s quality. Our experiments also indicate the importance of confirming with
evaluators why they have made the decisions they have, as the criteria they might implicitly be evaluating
may be mismatched with researchers’ intended criteria. However, other evaluation setups may be more
successful on Amazon Mechanical Turk, such as long-term evaluations with qualified evaluators who have
gone through an extended training (like those in Kittur and Kraut, 2008} Zellers et al.l 2019a)) or third-party
evaluator quality tools (e.g., Positly, used by Brown et al., 2020).

However, given the increasing length of text NLG models can handle and the careful reading needed to
detect many errors in generated text, we encourage NLG researchers to move away from standalone, intrinsic
human evaluation tasks. We found that, by default, our evaluators in this evaluation setting were most likely
to focus on surface-level, fluency-related aspects of quality. We join past work [Belz and Reiter, |2006;
van der Lee et al., 2021]] in recommending a move towards evaluation settings where evaluators are better
motivated to carefully consider the content and usefulness of generated text. For example, TuringAdvice
[Zellers et al., 2021]] asks evaluators to rate NLG models by their ability to generate helpful advice, and
RoFT [Dugan et al 2020]] engages evaluators through a guessing game to determine the boundary between
human- and machine-generated text. Other evaluation methods ask the evaluators to directly interact with the
generated text; for example, Choose Your Own Adventure [[Clark and Smith} 2021]] and Storium [Akoury
et al., 2020] evaluate story generation models by having people write stories with the help of generated
textm We see that GPT3 can successfully mimic human-authored text across several domains, renewing
the importance of evaluations that push beyond surface-level notions of quality and consider whether a text
is helpful in a downstream setting or has attributes that people would want from machine-generated text.

Finally, given the mixed effect we found different trainings can have on evaluators’ performance and
the lack of human evaluation details typically presented in NLG papers [van der Lee et al., 2019; |Howcroft
et al., 2020], we encourage NLG researchers to include details of any instructions and training they gave
evaluators in their publications. This, along with efforts to standardize human evaluation design [Belz et al.,
2020; [Howcroft et al., [2020] and deployment [Khashabi et al., 2021; (Gehrmann et al.| [2021]], will support

future development of evaluator training procedures and the comparison of human evaluation results in

"Note that we initially tried a fourth training condition along these lines, where we asked evaluators to directly interact with the
generated text by rewriting it be more humanlike. We found we were unable to successfully recruit evaluators to complete this task.
The rate of retention was less than 30%, and the rejection rate was over 50%. We found AMT was not a good platform for this type
of task, at least not for the format and the price point we explored in this work.
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future NLG evaluation work.

6.6 Related Work

A subfield of NLG analyzes the role of human evaluations, including discussions of the tradeoffs of hu-
man and automatic evaluations [Belz and Reiter, 2006; [Hashimoto et al., 2019|]. There are critiques and
recommendations for different aspects of human evaluations, like the evaluation design [Novikova et al.,
2018; |[Santhanam and Shaikhl, 2019]], question framing [Schoch et al., 2020]], and evaluation measures like
agreement [Amidei et al., [2018]], as well as analyses of past NLG papers’ human evaluations [van der Lee
et al., 2021} [Howcroft et al., [2020]]. Additionally, crowdsourcing literature has work on effectively using
platforms like Amazon Mechanical Turk [e.g., Daniel et al.l 2018 [Oppenheimer et al., 2009; Weld et al.,
2014; Mitra et al., [2015]). In this work, we focus on the role evaluator training can play for producing better
accuracy at distinguishing human- and machine-generated text, though other quality control methods are
worth exploring.

Previous work has asked evaluators to distinguish between human- and machine-authored text; for ex-
ample, Ippolito et al.|[2020] found that trained evaluators were able to detect open-ended GPT2-L-generated
text 71.4% of the time and |Brown et al.|[2020] found evaluators could guess GPT3-davinci-generated news
articles’ source with 52% accuracy, though these results are not directly comparable to ours due to differ-
ences in the evaluation setup, data, and participants.

Finally, our findings that untrained evaluators are not well equipped to detect machine-generated text
point to the importance of researching the safe deployment of NLG systems. |(Gehrmann et al.| [2019]] pro-
posed visualization techniques to help readers detect generated text, and work like [Zellers et al.| [2019b]],
Ippolito et al.|[2020]], and [Uchendu et al.| [2020]] investigated large language models’ ability to detect gener-

ated text.

6.7 Conclusion

We found that untrained evaluators were unable to distinguish between human- and GPT3-generated text

from three domains. However, we also found that the evaluators focused on surface-level text qualities to
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make these decisions and underestimated current NLG models’ capabilities. We experimented with three
methods for training evaluators, and while example-based trainings led to increases in recall and the amount
of content-based evaluations, they did not lead to significant improvements in accuracy across all domains.
Given that evaluators struggled to distinguish between human- and machine-generated text in this setting,

we should shift how we think about collecting human evaluations for current NLG models.
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Chapter 7

Conclusion

In this dissertation, we’ve discussed the role that NLG models can play in a human-machine writing col-
laboration. In Chapter [2| we saw two “machine-in-the-loop” collaborative writing systems (one for stories
and one for slogans) and discussed directions for improving NLG models for human-machine collaboration.
Chapter [3|explored one such direction: incorporating entity information in the generation model as an addi-
tional form of context. Finally, Chapter ] discussed the evaluation of NLG models for collaborative writing

systems and proposed a method for collecting pairwise judgments of models’ generated text.

We then discussed the use of automatic metrics in NLG evaluations and challenges to evaluation posed
by long generated documents. We introduced “Sentence Mover’s Similarity” metrics to evaluate multi-
sentence text by measuring documents’ similarity based on the distance between their sentence embeddings.
These metrics can also be used as a reward when generating text, and we found this approach outperformed

baseline generation methods according to both human and machine evaluations.

We concluded with an examination of human evaluations in NLG. We found that non-expert judges were
unable to accurately detect GPT3-generated text across three domains (stories, news articles, and recipes).
Moreover, the reasons they gave for their judgments were more focused on the form of the text, rather than
its content. None of the three training methods we experimented with were able to significantly improve the
evaluator accuracy, leading us to recommend directions for collecting human evaluations for state-of-the-art

NLG models.
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Future work

This work begins to answer the challenges described at the beginning of this dissertation, but there are
many interesting research directions remaining, particularly in the face of the rapid improvements currently
being made in NLG. Some examples of promising research areas addressing the challenges described in this

dissertation follow.

Flexible writing support

While in Chapter 2] we saw that some writers appreciated the turn-taking approach to collaborative writing,
others prefer a more flexible writing process. One way to increase writers’ control over the written piece is
to let them request suggestions when they need them. This approach has been used in systems like Storium
[Akoury et al.,[2020] and Creative Help [Roemmele and Gordon, 2015]], but added flexibility for the writer
often presents challenges for system-level model evaluation, as two writers may have completely different
types of interactions. Paired model suggestions (as proposed in Chapter {) would alleviate some of the
evaluation challenges of on-demand writing systems because the models are generating text in the same
context and are evaluated by the same writer. Removing the turn-taking structure would also allow for
nonlinear writing and the use of both backward- and forward-context, as studied in text infilling work like

Donahue et al.| [2020]; Ippolito et al.| [2019].

Automatic evaluation of long generated text

In Chapter [5] we showed how texts can be evaluated at the sentence level rather than the word level. As
the length of text that models can generate continues to grow [Dai et al., [2019} | Zaheer et al.| 2020; Beltagy
et al.| 2020], higher level representations or hierarchical evaluation methods may be better suited to capture
the similarity of long generated texts. Discourse structure and the ordering and location of information may
also be useful for deciding when (and when not) to reward similarity between two long passages. Long

generated texts will also benefit from multi-dimensional analysis and evaluation.
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Interactive text evaluation

As we saw in Chapter|[6] quick evaluator trainings are not sufficient for improving human evaluators’ ability
to detect machine-generated text. Given the evaluators’ preference for judging text based on its form rather
than its content and the increasing length and fluency of generated passages, there is a need for human evalu-
ations that motivate evaluators to carefully read and consider generated text. Interactive evaluation methods
(like Choose Your Own Adventure from Chapter ) encourage evaluators to directly interact with the text,
e.g., via editing. In Choose Your Own Adventure (Chapter [, this is combined with asking evaluators to
use the generated text for an end task (i.e., story writing) to additionally motivate them to consider the text’s
meaning. Another direction for motivating evaluators to carefully read text is through text evaluation games,

like RoFT [Dugan et al., 2020] and Spot the Bot [Deriu et al., 2020].
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Step #2: Choose a suggestion to continue the story.
You can edit it as much as you like before adding it to the story.

One morning, Gerald woke up early. He ran to the window and thew it open.

The sun was shining down on him. He had just
finished his coffee when a knock came from He took his coat and set it aside, then got out
the door. of bed.

Edit Option 1 Edit Option 2

The sun was shining down on him. He had just finished his coffee when a knock came from the door)

n aldecott. The Complete Colleclin of Pictures & Songs, 1887.
Add Line to Story P g

Characters: 97

Figure A.1: The story writing interface. The first box was the first turn of writing (author writing alone). In
this case, Option 1 was generated with NUCLEUS sampling and Option 2 with TOP-K sampling. The writer
has chosen Option 1, which shows up in the text box below and can now be edited before adding it to the
story.

A.1 Writing Interface

A screenshot of the interface is shown in Fig.[AT]

A.2 Data Details

We filter the WritingPrompts dataset to contain the first 500 words of all the stories; we do not use the
prompts. After filtering, the dataset has 56,582 types and 55,785,118 tokens. 1.3% of the data is replaced
with UNK. The original dataset can be found athttps://github.com/pytorch/fairseq/tree/

master/examples/stories.

Because the fusion model was originally trained to map from “prompt” to “story,” we reconfigure the
data and retrain the model to map from “story beginning” to “story end.” To do this, we randomly split the
stories at a newline and make the first portion of the story the “source” and the second portion the “target.”

In cases where there are no newlines within the text, we instead split on a space.
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OVERALL FUSION GPT2
ED{) JS(t) USER() | ED{) JS() USER() |ED() JS() USER()
Total 3227 5785 6797 | 3761 5113  60.69 | 2949 6135 7177
Sugg. #1 2410 6511 7377 | 2576 6209  70.17 | 2357 66.05  74.90
Sugg.#2 2726 6215 7171 | 3419 4809 5779 | 2422 6831  77.81
Sugg. #3 3440 5596  67.09 | 3651 5220 6374 | 33.15 5817  69.06
Sugg. #4 3152 5974  70.89 | 3695 5640 6555 | 2832 6171  74.05
Sugg. #5 4408 4629 5639 | 48.13 4171 5061 | 41.03 4973  60.72

Table A.1: Edit distance (ED), Jaccard similarity (JS), and USER scores between the edited and the original
generated suggestions overall, from FUSION, and from GPT2.

A.3 Model Details

A.3.1 Fusion model

We train the fusion model with the data split in “source” and “target” as described in App. using the set-
tings described at https://github.com/pytorch/fairseq/tree/master/examples/stories.

We pretrain the model for 9 epochs before adding the fusion model and training for 14 epochs.

To generate, we assign an UNK penalty = 10 to suppress UNKs and use top-k sampling with & = 40.

A.3.2 GPT2 model

We finetune small GPT2 model on the WritingPrompts data using the code and settings at https://

github.com/huggingface/transformers. We finetune the model for 3 epochs.

To generate, we use either top-k sampling with k£ = 40 (for GPT2 and TOP-K) or nucleus sampling with

p = 0.9 (for NUCLEUS).

A.4 Results

A.4.1 Edit Results by Suggestion #

The full results, broken down by suggestion #, for edit distance, Jaccard similarity, and USER are in Table

[A.T] (for FUSION vs. GPT2) and Table [A.2] (for NUCLEUS vs. TOP-K).
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OVERALL NUCLEUS TOP-K
ED{) JS(t) USER() |ED{) JS() USER() |ED({) JS(1) USER(M)
Total 3574 5221 6286 | 3465 53.64 63.64 | 36.69 5096 6218
Sugg. #1 3240 5412 6556 | 2698 6137 7131 | 3628 4893 6144
Sugg.#2 37.13 4924 6022 | 37771 4786 5825 | 36.62 5044 = 6195
Sugg. #3 3293 5556 6504 | 3479 5143 6058 | 3131 59.16  68.92
Sugg. #4 3335 5537  66.60 | 3438 5731 6677 | 3245 53.68  66.45
Sugg. #5 4289 4675 5690 | 3823 5128 6224 | 4784 4194 5124

Table A.2: Edit distance (ED), Jaccard similarity (JS), and USER scores between the edited and the original
generated suggestions overall, from NUCLEUS, and from TOP-K.

A.4.2 Likert-Scale Results

As shown in Fig.[A.2] the majority of participant responses are positive about their experience of writing
with the CYOA, regardless of which model pair they were working with. The median score for almost all
questions is 4 (“Agree”).

The one exception is the median response for The suggestions connected to what had happened in the
story so far. for FUSION vs. GPT2 is slightly lower-3 (“Neutral””). As hypothesized in this is likely due

to the higher degree of randomness in the FUSTON-generated text.
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FUSION VS. GPT2 NUCLEUS VS. TOP-K

Happy with story

System and | were
working

Suggestions were
useful

Suggestions
connected to story

Suggestions helped
with new ideas

o

B Strongly disagree [ Disagree Neutral [} Agree [ Strongly agree

Figure A.2: The Likert-scale results for FUSION vs. GPT2 and NUCLEUS vs. TOP-K.

133



134



Chapter B

Appendix Two

135



B.1 Datasets

Summaries and Essays: For the intrinsic tasks in we use two types of human-evaluated texts:
machine-generated summaries and human-authored essays. We follow |Kusner et al.| [2015]] and remove
punctuation and stopwords. (For contextual embeddings, these are removed after the embeddings are ob-

tained.) The details of the subsets we used are in Table [B.]

Summaries  Essays

# documents 2,085 1,088
# tokens 255,609 164,776
# types 12,882 6,381
average length (tokens) 65 151
average length (sent.) 34 7.5

Table B.1: Corpora statistics.

CNN/Daily Mail: CNN/Daily Mail dataset Nallapati et al.| [2017]]; [Hermann et al.| [2015]] is a collection
of online news articles along with multi-sentence summaries. We use the same data splits as in [Nallapati
et al.|[2017]. Earlier work anonymized entities by replacing each named entity with a unique identifier (e.g.,

Dominican Republic—entity15). In this work we used the non-anonymized version.

Stats CNN/DM
Avg. # tokens document 781
Avg. # tokens summary 56
Total # train doc-summ. pair 287,229
Total # validation doc-summ. pair 13,368
Total # test doc-summ. pair 11,490
Input token length 400/800
Output token length 100

Table B.2: Summary statistics of CNN/Daily Mail (CNN/DM) Datasets.

B.2 Essays Dataset Evaluation

To test the metrics on human-authored text, we use a dataset of graded student essays that consists of
responses to standardized test questions for tenth graders. We use a subset of Question #3 from the exam,
which asks the test-taker to synthesize information from a reading passage, where student responses contain

5-15 sentences. Graders assigned the student-authored responses with scores ranging from 0 to 3. For the
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reference essay, we use a top-scoring sample essay, which the graders had access to as a reference while

assigning scores. The full reference essay is in[B.3]

Table[5.3|shows the correlation of each metric with the evaluators’ scores. As in the summarization task,
SMS outperforms both ROUGE-L and WMS. However, in this case, having the sentence representations in
the metric gives the best result, with S+WMS correlating best with human scores, significantly better than
ROUGE-L. This is consistent across embedding type; once again, the choice of embedding does not create a

significant difference between the sentence mover’s metrics

Discussion Aside from the length of the text, the Essays dataset presents the metrics with several challenges
not found in the Summaries dataset. For example, the dataset contains a large number of spelling mistakes,
due to both author misspellings and errors in the transcription process. One essay begins, “The setting of

the story had effected the cycle’s becuse if it was sub earbs he could have stoped any where and got water

EX]

The tone and style of the essay can also vary from the reference essay. (For example, the author of
Sample #3 in ends their essay by reflecting on how they would respond in the protagonist’s place.)
Embedding-based metrics may be more forgiving to deviations in writing style from the reference essay,

such as the use of first person.

While Table[5.3]indicates sentence mover’s similarity metrics significantly improve correlation with hu-
man judgments over standard methods, there is still enough disagreement that we believe automatic metrics
should not replace human evaluations. Rather, they should complement human evaluations as an automatic

proxy that can be used for intermediate evaluation and as a reward signal when learning, as we show in §5.6]

B.3 More Examples

In Table [B.3] we show samples of the summaries that we used to perform intrinsic evaluations in the main

text.

"'Williams test: p = 0.33 (SMS) and p = 0.46 (S+WMS)
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B.4 Extrinsic Model Training Details

We use 128 dimensional bidirectional 2-layered LSTMs for the encoder and 128 unidirectional LSTMs
for the decoder. For both datasets, we limit the input and output vocabulary size to the 30,000 most fre-
quent tokens in the training set. We initialize word embeddings with FastTextE| [Mikolov et al., 2018]|] 300-
dimensional vectors and finetune them during training. For wMS, SMS and S+WMS embeddings, we use the
GloVe word embeddings described in §5.4] We train using Adam with a learning rate of 0.001 for the MLE
models and 1075 for the MLE+RL models. We select the MLE models with the lowest cross-entropy loss
and the MLE+RL models with the highest reward on a sample of validation data to evaluate on the test set.
At test time, we use beam search of width 5 on all our models to generate final predictions. For the Mixed
RL trained models, we initialize the weights with pre-trained MLE model, and we start with v = 0.97 and
gradually increase its value. We train our models for ~25 epochs which took 1-2 days on an NVIDIA V100
GPU machine.

B.S5 Policy Gradient Reinforce Training

Maximum likelihood-based training of sequence generation models poses exposure bias issues since the
model is evaluated by comparing the model to empirical distribution, whereas at test time we use auto-
matic metrics to evaluate the model generated text Ranzato et al. [2015]]. Reinforced based policy gradient
approach is used to address this issue by learning to optimize discrete target evaluation metrics that are non-
differentiable. We use REINFORCE Williams| [1992] to learn a policy pg defined by the model parameters

0 to predict the next action (word). The RL loss function is defined as:

LRr = Egrpy[r(9)] B.1)

where g is the sequence of sampled words. The derivative of the the objective function based on Monte

Carlo sampling yields:

Vo Lrr = —(r(9) — b) Ve logpe(7) (B.2)

https://fasttext.cc/docs/en/english-vectors.html
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The baseline b is a bias estimator and is used for variance reduction in RL training. In this work we use
self-critical training and use the reward obtained from a sequence that is generated by greedily decoding, 7,

as a baseline:

Vo Lrr = —(r(9) — r(¥)) Vo log pe(9) (B.3)

B.6 Sample Generated Summaries

Examples of the generated summaries are in Table [B.4]

B.7 Human Evaluations

We collected human evaluations for 100 summaries generated by the mixed loss models to compare ROUGE-
L as a reward to WMS, SMS, and S+WMS. Amazon Mechanical Turkers chose between two generated
summaries, one from the ROUGE-L model and one from WMS, SMS, or S+WMS. They selected one of
the two summaries based on: (1) non-redundancy, fewer repeated ideas, (2) coherence, clearly expressed
ideas, (3) focus, ideas free of superfluous details, and (4) overall, the summary effectively communicates
the article’s content. These criteria help evaluate the impact of the metrics used as reward.

We randomly selected 100 samples from the CNN/Daily Mail test set and use workers from Amazon
Mechanical Turk as judges to evaluate them on the four criteria (redundancy, focus, coherence, and over-
all). Following DUC (Document Understanding Conferences) style evaluations (https://duc.nist.
gov/), we performed a head-to-head evaluation and randomly showed Turkers two model-generated sum-
maries. We asked the human annotators to rate each summary on the same metrics as before without seeing
the source document or ground truth summaries.

Results We asked human judges to evaluate the output of the mixed loss model trained with a ROUGE-L
reward versus models trained with wMS, SMS, and S+WMS the reward. The results are shown in Table

Human judges significantly prefer summaries produced by models optimized with WMS, SMS, and
S+WMS over ROUGE-L. SMS and S+WMS were preferred over ROUGE-L more often than WMS was. There
is no significant difference between the evaluations of SMS and S+WMS. Among all other metrics, SMS was

rated the highest on the non-redundancy question (69% improvement over the ROUGE-L score), indicating
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that the model learns to generate summaries that contain less repetition between sentences.

While the SMS model’s output was highly-scored by both the automatic and human evaluations, remov-
ing word-level scoring does come with a cost, as seen in the example in Table B.4] The SMS summary
contains a mistake, stating that “priscilla will tie the knot” instead of “serve as a witness”. This issue may
be mitigated by a better encoder for the summarization task and better sentence and word representations.
As future work, we will investigate summarization models with more complex sentence embeddings and

encoder structures (e.g., self-attention models).
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Samples Summaries

Reference. Freddie Gray, who is black, asked for medical help but was denied
during 00-minute police car ride, eventually paramedics were called. Deputy
police commissioner Kevin Davis conceded their failure. But chief commis-
sioner refuses to resign over the death. Six officers are suspended without pay
during an investigation.

Sample #1

Hypothesis. Baltimore Police Commissioner Anthony Batts ruled out his res-
ignation despite that fact that his deputy admitted they should have sought med-
ical attention for Freddie Gray. Six officers have been suspended with pay as
local police and federal authorities investigate. Commissioner Anthony Batts
has ruled out the possibility of his resignation.

Reference. Choc on Choc’s chocolates come in three different flavours.
The face of each politician is emblazoned on milk Belgium chocolate bars.
Cameron’s has blueberries, Clegg is honeycomb and Miliband is raspberry.
Hypothesis. UNK lollies on 273 invalid chocolates come in three different
flavours. Contains three different flavours - the colours associated with each
leader. David Cameron, Nick Clegg, Nick Clegg, Nick Clegg and David
Cameron.

Sample #2

Reference Essay. The setting seems to be as formidable an opponent as the ac-
tual workout. It seems as if everything is against the cyclist, including nature.
As the day progresses, and the cyclist’s journey continues, the setting becomes
harsher and harsher. After passing the first “town”, the “sun was beginning
to beat down.” In need of water, all a cruel pump gives him is “a tarlike sub-
stance.” His sufferings continue, increasingly pummeled by his surroundings
and his thirst for water. If dehydration was not enough, the flat terrain gave way
to “rolling hills”, which would only punish his legs more. Reaching possible
salvation, his hopes are crushed when the “Welch’s Grape Juice Factory” turns
out to be abandoned. All these events are enough to destroy anyone’s spirit.
The cyclist almost gives up hope to accept certain death. He has become fero-
ciously beaten by his very surroundings. It appears as if he is fated to die alone
in the blistering heat. Although he hangs his head in despair, he still continues
on the path of disappointment. In a twist of fate, he encounters a thriving store
where he halts and drinks. Finally encountering his salvation, this particular
setting brings new hope and relief to the cyclist who has finally survives his
trek through nature.

Hypothesis. The features of the setting affect the cyclist alot. The hot sun
beating down on him makes him sweat and makes him thirsty. The bumpy
roods and hills make him work harder. The abandoned places make him lose
hope. If faced with these obstacles I would have been affected in the same way.
As I believe any human would be.

Sample #3

Table B.3: Examples of human generated and model generated summaries from Summaries and Essays
datasets
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Human
Sum-
mary

the 69 - year - old collaborated with nbc ’s today show to launch a contest for an elvis -
obsessed couple to win the ‘ ultimate wedding * . the winning duo will get married in the
brand new elvis presley ’s graceland wedding chapel at the westgate hotel on thursday , april
23 . while she agreed to make an appearance , the woman who wed elvis in 1967 made one
thing clear before unveiling the latest wedding chapel to bear his name : no impersonators .

Model

Generated Summary

ROUGE-

WMS

SMS

S+WMS

priscilla presley will serve as a witness at the first wedding to be held at an all - new chapel of
love in las vegas . the 69 - year - old collaborated with nbc ’s today show to launch a contest
for one elvis - obsessed couple to win the ‘ ultimate wedding ’ . elvis performed more than
830 sold - out shows .

the 69 - year - old collaborated with nbc ’s today show to launch a contest for one elvis -
obsessed couple to win the ‘ ultimate wedding * . the winning duo — announced next monday
— will tie the knot at elvis presley ’s graceland wedding chapel inside the westgate hotel on
thursday , april 23 .

priscilla presley will tie the knot at elvis presley ’s graceland wedding chapel inside the west-
gate hotel on thursday , april 23 . the 69 - year - old collaborated with nbc ’s today show to
launch a contest for one elvis - obsessed couple to win the ‘ ultimate wedding ° .

priscilla presley will serve as a witness at the first wedding to be held at an all - new chapel of
love in las vegas . the 69 - year - old collaborated with nbc ’s today show to launch a contest
for one elvis - obsessed couple to win the  ultimate wedding ’ .

Table B.4: Summaries generated from the mixed MLE+RL loss models with ROUGE-L, WMS, S+WMS, and

SMS metrics as rewards, along with the corresponding human-authored reference summary.

ROUGE-L vs. WMS ROUGE-L vs. SMS ROUGE-L vs. S+WMS
Criteria ROUGE-L WMS = | ROUGE-L SMS = | ROUGE-L S+WMS =
non-redundancy 76 122 102 64 144 92 66 132 102
coherence 102 158 40 83 170 47 83 166 51
focus 99 161 40 79 174 47 84 166 50
overall 108 160 32 85 179 36 84 179 37

Table B.5: Human evaluations on a random subset of 100 summaries. The frequencies from the head-to-
head comparison of models trained with ROUGE-L against WMS/SMS/S+WMS are shown. Each summary
is evaluated by 3 judges (300 summaries per criteria). ‘=" indicates no difference. All improvements are
statistically significance at p < 0.001.

142



Chapter C

Appendix Three

143



C.1 Newspapers

Each newspaper came from a randomly chosen U.S. state and was selected from Wikipedia’s lists of newspa-
pers by state (en.wikipedia.org/wiki/List_of_newspapers_in_the_United_States#
By_state_and_territory). The human-authored news articles and prompts came from the following

states and websites:

e HI: www.westhawaiitoday.com

* CT: www.greenwichtime.com/

* WA:|lwww.vashonbeachcomber.com/
e SD: www.argusleader.com/

e CA:lwww.redding.com/

* MA:www.lowellsun.com/

* NE:|starherald.com/

* VA:dailyprogress.com/

* WV:www.theintermountain.com/
* NM: www.lcsun—news.com/

* LA:lwww.nola.com/

* JA: gctimes.com/

* NY: www.pressconnects.com/

e IN:www.pal-item.com/

* NJ: www.northjersey.com/

C.2 Score Frequencies

The frequency of the scores (out of 5) received by evaluators is shown in Figures (for GPT?2 experiments)

and [C.2] (for GPT3 experiments).
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Figure C.1: Histogram of scores classifying human and GPT2 texts.
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Figure C.2: Histogram of scores classifying human and GPT3 texts.

C.3 Annotation Details

The authors annotated 300 comments (150 from the No Training experiment and 150 from the Examples
experiment). For each experiment, we randomly chose 50 authors from each setting and randomly added 1
of their responses to the annotation set. Each comment was annotated by 2 of the authors. The annotation
labels are shown in Table To create the set of annotation labels, the authors created a candidate list
of labels, annotated a subset of the data collected in the pilot study (Appendix together, then another
subset separately, and finally refined the labels based on feedback from that process. Because evaluators’

responses often contained more than one reason for their choice, comments could receive more than one

label.
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Category Label Description Example
Grammar The spelling and grammar of the I would make the text more grammatical by
Form text, punctuation/formatting issues  adding more punctuation where necassary.
Level of Isthe text simple or does it go more 1 would include more examples and explana-
detail in-depth? tions of the statements. The author need to
elaborate more on the topic.
Genre If the text is the genre/do- written exactly the way a human will tell a story
main/style/formality that the reader
expects, adheres to style norms
Repetition =~ Words/phrases/content repeated it- Repeating “or some would say” seemed very
self unnatural.
Content Factuality The accuracy of the text, whether it  The article lists many facts that make the infor-
describes things that are “true.” mation seem like it was machine-generated.
Consistency How the text relates to the context The subject of the article follows the headline
and other pieces of the text well without repeating it exactly
Common Whether the text “makes sense” Change the “bake in the preheated oven for 20
sense within the world that it is written minutes on top of the stove.” You can’t bake on
top of the stove but to bake in the oven.
Coherence  The structure and coherence of the More cohesion between sentences. Feel
text. Order issues go here. loosely related, but wording is strange.
Machine Writer Speculating about writer’s intent or  The text is thorough and tries to cover all basis
capabili- intent and capabilities (e.g., ability to express of the situation. It is very inclusive and humans
ties expression  emotions) worry about being inclusive not machines.
Null MiscellaneousEverything else too many dialogue-like things, and make it less

Null/Vague

No reasons given, or too vague to
be considered a real reason

gender-dicey.
i selected this rating because it is definitely
written by human

Table C.1: The annotation labels, along with an example of each label. Note that some example sentences
would also be labeled with additional labels. We did not use the Null category in the paper’s analyses.

C.4 Evaluators’ Expectations of Generated Text

Because we asked evaluators whether they thought the text was human- or machine-authored, they often
justified their choices by explaining what types of human language they believed machines could (or could
not) generate. We took note of these comments and annotated for them in our data annotation process (Ap-
pendix[C.3) because they demonstrate the expectations evaluators have for the quality of machine-generated

text. Some example comments shown in Table [C.2]
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Punctuation is perfect as well as the flow of the text. There is also more complex punctuation, such as quotes, that I
think a computer would get wrong.

“fried anyone to a crisp.” That is a human if I’ve ever seen one. a bot or Al is more proper, they wouldn’t write so
casual.

Because it talked about love which robots know nothing about.

Lack of oxford comma. A computer would know better.

The article flows properly, has appropriate English and multiple quotes. This would seem to be more than a bot could
create. How would a bot create random quotes?

This was more of a ramble which humans do, not computers.

There are details and key phrases used in this article that computer generated text would not have in it, such as “came

up short”, “put together a solid drive”, “put up any points”. These are human specific terms and are not generally able
to be programmed into a text program.

This piece quotes the host and I don’t believe Al can interview people yet so this has to be human written.

It has a lot of detail in an emotional description that a machine isn’t capable of giving to its readers.

The way some words are phrased here again shows the human uncertainty, “let the apples marinate for about 30
minutes”. If this was machine-generated, it would most likely just say marinate for 30 minutes.

It seems to know when to use semicolns very well. This could be a human or a really smart computer.

I don’t think Als are capable of writing recipes on their own just yet.

I don’t believe a machine could come up with this level of whimsy or creativity and have it make sense.

I don’t think AI would use the term ‘literally’.

There is a lot of every day language written in this recipe that I couldn’t see a machine possibly replicating.

It adds that she is both nervous and excited whereas a machine wouldn’t care what emotions are involved.

The writer used proper grammar and punctuation. No bot could write this,

I’'m not sure if a computer would get the concept or use the word “your” where the recipe begins with “Start by doing
your prep.”

Table C.2: Example reasons evaluators gave for their decisions that spoke to their beliefs about current
NLG capabilities.

C.5 Pilot Study

Before running the experiments described in the paper, we ran a smaller-scale version with both Amazon
Mechanical Turk (n = 22) and “expert” evaluators (NLP graduate students; n = 11). We asked the evalu-
ators to distinguish between stories authored by humans, GPT2, and GPT3 and to explain their reasoning.
When we coded and analyzed their responses, we found that the most accurate evaluators focused on textual
aspects like repetition and were less likely to mention aspects like style. The AMT evaluators mentioned

grammar and spelling far more frequently than the expert evaluators, who were more likely to mention the
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Instructions

You will be given 5 text excerpts and asked to decide if the text is written by a person (human-authored) or written
by a computer algorithm (machine-authored).

After you make your selection, you will be asked to explain your rating.
Texts may end abruptly as they were cut off to fit word limits.

Every text begins with human-written text, indicated in bold. ONLY evaluate the text that follows the bold text.

Figure C.3: Basic instructions shown to all evaluators.

We recommend you pay special attention to the following characteristics;

« Repetition: Machine-generated text often repeats words or phrases or contains redundant information.
« Factuality: Machine-generated text can contain text that is inaccurate or contradictory.

On the other hand, be careful with these characteristics, as they may be
misleading:

« Grammar and spelling: While machine-generated text can contain these types of errors, human-
authored text often contains them as well.

« Style: Current Al systems can generally mimic style fairly well, so a text that "looks right" or matches
the expected style of the text isn't necessarily human-authored.

Figure C.4: The Instruction training.

repetition, factuality, and commonsense of the passage.

C.6 Training and Instructions

Figure [C.3]| shows the basic instructions that were shown to all evaluators, in both §6.2]and §6.3] regardless
of training or domain. All training information occurred after receiving the basic instructions.
C.6.1 Instruction Training

The training shown to evaluators in the Instruction training condition is shown in Figure [C.4]

C.6.2 Example Training

A screenshot of the Examples and Comparison training is in Figure [C.5] The full set of examples and
annotations used in the Examples and Comparison trainings can be found in the supplementary materials

and at ark.cs.washington.edu/human_evals_ACL21.
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Before starting the task, we will walk you through a quick training.

Example Text

Example: 1/3

Read the two text snippets below. Choose the one you think was written by a MACHINE.

Important notes:

« Every text begins with human-authored text, indicated in bold. ONLY evaluate the text that follows the

bold text.

e.g., "This is bolded, human-authored text; do not evaluate me. This is text that you can evaluate."
« Both human-authored and machine-authored texts may end abruptly as the passages were cut off to fit

word limits.

Once upon a time, there was a man in a place that was not a
place at all.

He didn't know anything of a place or a time or who he was or
what he was doing there. There was just him and the silence.

He sat there for a long time, not knowing what he was doing there.
He thought, thought and thought, but he didn't know what to
think. There was just him and the silence. He tried to speak, but no
sound came from his mouth. He tried to move, but his body would
not move. He sat there, but he didn't know for how long he was
there.

* What do you think the source of this text is?

Definitely human-written
Possibly human-written
Possibly machine-generated

Definitely machine-generated -- Correct Answer

human-authored

Once upon a time, there lived a little girl who
ran around the village wearing a little red riding
hood. Don't ask me what a riding hood is
because | don't even know. From all the pictures
| have seen of the thing, it looks very much like
a cape, with a hood.

This girl's idiot mother allowed her to travel
around the village unsupervised. Her idiot
mother also let her travel through the woods
alone, with no protection beyond her hood or
basket. Not a very smart parent, if you ask me.
This girl can't have been older than ten or
eleven.

machine-authored

Once upon a time, there was a man in a place
that was not a place at all.

He didn't know anything of a place or a time or
who he was or what he was doing there. There
was just him and the silence.

He sat there for a long time, not knowing what
he was doing there. He thought, thought and
thought, but he didn't know what to think. There
was just him and the silence. He tried to speak,
but no sound came from his mouth. He tried to
move, but his body would not move. He sat
there, but he didn't know for how long he was
there.

You cannot change your answer once you click submit.

Explanation Nice! You correctly chose the machine-generated text.

Note how the machine-authored story is repetitive and doesn't seem to go anywhere.

e, show me the next example

Note how the story is repetitive and doesn't seem to go anywhere.

Got it, next question

Figure C.5: The Example training (left) and Comparison training (right) in the story domain. The instruc-
tions are the same for both, except “Choose the one you think was written by a machine.” was in Comparison
only.
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