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When humans interact with each other (e.g., having conversations, sharing stories, etc.), they are able

to reason more deeply about social implications in order to better understand each other and have more

productive interactions. For example, when hearing someone else discuss a personal story, most people are

able to think about the consequences of various events, anticipate the feelings of their conversation partner,

and respond accordingly.

Reasoning about social relationships in text is natural for most people, but is challenging for natural

language processing models, in part because these relationships are often subtle, nuanced, and implicit.

Training models for this type of inference is additionally challenging due to a lack of designated tasks,

resources, and modelling frameworks specifically designed for this type of social commonsense reasoning.

We approach this problem by designing new focused tasks and resources specifically aimed towards

types of social reasoning. We also introduce new modeling frameworks to learn to integrate social inferences

with downstream tasks such as story and dialogue generation.

First, we investigate reasoning about social dynamics of characters and actions within stories. We create

a new benchmark for reasoning about character mental state based on story events. We demonstrate that this

type of reasoning is challenging even for state-of-the-art language understanding models. We also introduce

plot dynamics as part of a new modeling framework for story generation. Our results indicate that tracking



plot state and integrating discourse features are beneficial for writing tighter narratives.

We also explore two types of reasoning about a speaker (e.g., a writer of a piece of text, a conversation

partner, or so on) based on what they have said or written. We present connotation frames, a novel formalism

for measuring connotative relationships implicit in the text that imply the writer’s underlying message. We

create a connotation frames lexicon, which may be useful in tasks like detecting implied stance, bias, or

subtle meaning intended by a writer. Lastly, we investigate reasoning about a speaker in the dialogue setting

by exploring the challenges of creating empathetic responses to a conversation partner. We introduce the

task of empathetic response generation and a new dataset for training dialogue models to generate responses

that are more empathetic and socially aware of a conversation partner’s feelings.
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Chapter 1

Introduction

People are able to reason about social implications behind natural language. This skill allows them to make

inferences about people being discussed in text or even about the writer themselves. For example, most

people can easily identify the relationship between story characters’ mental states and their behavior. This

is a vital skill for both understanding and writing stories. This ability to reason also affects how humans

interact with each other. For example, most people can empathize with a conversation partner and decide

how to respond in a way that acknowledges their feelings.

As natural language processing (NLP) systems are increasingly used in interactive settings, social rea-

soning has become more important in end applications. For example, current dialogue systems such as those

used in virtual assistants are currently only able to respond to direct commands. For instance, if a human

user says “play me study music”, a typical virtual assistant can respond appropriately (perhaps by offering

a study playlist). However, if a use says something a bit more abstract (“I have a test tomorrow”, “I’m

planning to study tonight”, etc.), most systems are unable to perform the multi-hop reasoning required to

infer that it’s still appropriate to offer to play study music. Beyond this single application, if an NLP system

is reading or writing a story, as is common in many natural language understanding and generation tasks,

deeper understanding of the characterization or plot trajectory requires being able to make inferences about

the complex social dynamics between the characters, their actions, and other aspects of the plot.

Despite the significance of designing systems with these capabilities, there is a lack of NLP tasks specifi-

cally focused on investigating how well systems can infer social implications. We address this by introducing

17



several new tasks designed to investigate specific aspects of social commonsense reasoning related to the

dynamics of people and their actions. We also present approaches for integrating this information in models

for downstream tasks such as story generation or dialogue agents.

Previous approaches for modelling commonsense reasoning have looked to create knowledge graphs

(Speer et al., 2017) or axiomatic rules (Gordon and Hobbs, 2017), but it is difficult or impossible to design a

comprehensive set of rules or inferences. While machine learning approaches are a viable alternative, there is

a lack of training resources in this area. Moreover, further analysis and carefully chosen examples (Trichelair

et al., 2019; Davis and Marcus, 2015) shows that some machine learning models for commonsense tasks

are better at detecting spurious correlations or lexical cues than performing generalizable reasoning. We

approach these modelling challenges by designing resources for facilitating training and evaluating neural

reasoning models. We also design new modelling frameworks that integrate social commonsense inference

with NLP systems.

In this dissertation, we present novel work in bridging the gap between current NLP systems and human

reasoning capabilities focused around social commonsense reasoning. First, we investigate modelling social

dynamics within narratives by looking at relationships between mental states and actions. We also extend

this to the problem of story generation where we design a new modelling framework that tracks plot states

as a form of action dynamics. We also investigate what types of inferences can be made about a writer or

speaker based on their utterances. We create a new formalism for connotative language which allows us

to measure underlying writer intent behind a narrative. Lastly, we apply inferences about a speaker to the

specific task of dialogue response generation where models may need to understand the mental state of a

conversation partner to craft a better reply.

1.1 Background

1.1.1 Commonsense Reasoning

Commonsense reasoning has been a key goal of numerous artificial intelligence endeavors (Mccarthy, 1960;

Gunning, 2018; Lenat, 1995; Davis and Marcus, 2015; Levesque, 2017). Many previous works have focused

on creating benchmarks (Levesque, 2011; Sakaguchi et al., 2019; Roemmele et al., 2011; Sap et al., 2019b;

18



Talmor et al., 2019), knowledge graphs (Lenat, 1995; Speer et al., 2017; Sap et al., 2019a; Carlson et al.,

2010), or axiomatic rules (Gordon and Hobbs, 2017). Recent progress in commonsense reasoning tasks has

often used large neural networks. For example, BERT (Devlin et al., 2018) and GPT-2 (Radford et al., 2019)

have been shown to be effective in various commonsense tasks. Similarly, Trinh and Le (2018) used large

pre-trained language models to improve on the Winograd Schema challenge (Levesque, 2011). However,

one limitation with neural approaches is that they typically require substantial training data. Furthermore,

some recent work (Davis and Marcus, 2015; Trichelair et al., 2019) also shows that while large neural

models are able to achieve high performance, they often rely on lexical correlations, and there is still room

for improving on abstract, complex forms of reasoning.

While much of the previous work in commonsense reasoning has focused on physical or taxonomic

knowledge (Speer et al., 2017; Lenat, 1995), we focus instead on social commonsense reasoning, which is

the ability to infer deeper social implications beyond a surface level understanding. Social commonsense

reasoning includes a broad set of reasoning about expectations involving human interactions and behavior.

We focus on how social commonsense reasoning can be applied within natural language domains.

1.1.2 Social Dynamics

We specifically investigate social dynamics, which is a form of reasoning centered around the connection

between people, their relationships with each other, their mental state, and how this relates to their actions

and behavior.

Predicting Mental State

Many related works in NLP have focused on detecting mental state expressed in text, typically looking at

detecting emotion (Duppada et al., 2018; Park et al., 2018; Xu et al., 2018b; Felbo et al., 2017; Mohammad

and Turney, 2013) or predicting sentiment (Liu and Zhang, 2012; Wilson et al., 2005; Wiebe et al., 2005).

Recently, Fu et al. (2019) also designed a new task for predicting intent behind advice, specifically focusing

on the domain of advice-seekers on Reddit.

Reasoning about mental state also includes “theory of mind”, an ability to reason about what others think

or believe, which most people develop during childhood (Korkmaz, 2011; Blijd-Hoogewys et al., 2008;
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Moore, 2013) and is an important component in how we communicate (Apperly, 2010). Nematzadeh et al.

(2018) evaluated theory of mind reasoning skills in QA models, finding that keeping track of inconsistent

beliefs of characters is challenging for models.

Another interesting dimension of modeling mental state is tracking how it changes over time. There

is work in keeping track of entity state (Henaff et al., 2017), though it typically is aimed at more physical

state changes such as in recipes (Kiddon et al., 2016; Bosselut et al., 2018). Many of these works have

shown promising results that keeping track of these physical effects of actions is useful in natural language

understanding and generation.

Predicting Action Dynamics

One long-standing goal in linguistics and NLP is to understand the dynamics of events. Work in identifying

frames (Fillmore, 1982) has focused on creating sets of relations and attributes implied by an event, often

based on social expectations. Script theory (Schank and Abelson, 1975) proposed the idea that there may be

a typical sequence or grouping of expected actions that humans associate with a given event. For example

going to a movie theater might involve first standing in line, buying tickets, and finding seats. Narrative

cloze (Mostafazadeh et al., 2016) is a closely related task in which a story context is used to predict the most

plausible next event. These types of action dynamics are closely related to social understanding because

often they are defined by social expectations or the social consequences of certain actions. Work in narrative

understanding and generation has made this connection by finding logical and coherent event chains, often

through developing plot units (Lehnert, 1981; Goyal et al., 2010a) that relate character mental state to actions

being taken.

1.1.3 Inferring Implicit Relationships

In this dissertation, we build new formalisms for understanding implicit social relationships found in text.

Previous work in linguistics and NLP has covered a range of similar topics. For example, Lakoff (1993)

proposed analysis of metaphors as a means of conveying implicit messages towards audiences. NLP models

have been used to identify implicit subjectivity in text as a function of word choice (Greene and Resnik,

2009) or implicature (Wiebe and Deng, 2014). Work in detecting bias (Recasens et al., 2013; Fan et al.,
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2019b; Da San Martino et al., 2019) has similarly designed methods for detecting subtle cues signifying the

intent of the writer. Work in this area could have downstream consequences for designing approaches for

automatically mitigating bias and identifying propaganda.

1.2 Challenges

One challenge in making social inferences is that they are usually subtly implied in text and therefore require

“reading-between-the-lines”. A related issue is the reporting bias problem (Gordon and Van Durme, 2013)

in which only unusual occurrences are described in text. For example, writers rarely describe a character

breathing because it is taken for granted that this must occur, but less common actions are mentioned more

directly (e.g., according to Gordon and Van Durme (2013) murdering is described almost five times more

than breathing in a large text corpus even though breathing is a much more ubiquitous action). These

challenges make it difficult to find labelled data (or even heuristically-labelled data) for training a large-

scale model.

Additionally, there is a lack of focused tasks available for social inference in the text domain. Many

existing commonsense benchmarks (Talmor et al., 2019) and resources (Lenat, 1995; Speer et al., 2017)

cover a much wider set of commonsense topics that include more physical or world knowledge. There are

also existing NLP tasks where social understanding may be one component of evaluation (for example, a

dialogue system may be judged in part on how engaging it is), but this is rarely the main focus of these tasks.

There is also a need for new models that can perform high-level reasoning. Large pretrained language

models have made recent progress in commonsense reasoning tasks (Devlin et al., 2018; Trinh and Le, 2018;

Radford et al., 2019), but it is difficult to interpret what they are learning. Error analysis (Sap et al., 2019b;

Trichelair et al., 2019) frequently indicates these models rely heavily on lexical patterns rather than deeper

reasoning mechanisms. In order for these models to be able to generalize to out-of-domain data or more

challenging downstream tasks, they need to be enhanced with more high-level reasoning capabilities about

these types of interactions.

Lastly, another key challenge is designing evaluation metrics for models with commonsense reasoning.

Social reasoning usually involves distributional inferences, or rather a prediction about what’s most likely

amongst multiple plausible inferences (de Marneffe et al., 2012). For example, when thinking about what

21



might occur next in a story, there may be multiple plausible next actions with some more likely than others.

Interpretation may also vary depending on culture, personal experiences, and additional context about the

situation. For these reasons, label-based classification accuracy is difficult to use as a metric. For evaluating

open-ended inferences, automatic metrics from text generation literature also has clear limitations. Because

there may be more than one plausible output, many word-overlap-based generation metrics are not the

most appropriate measures of inference accuracy. Additionally, previous work (e.g., Liu et al. (2016)) has

shown that often these automatic generations metrics do not appropriately correlate with human judgments.

Human evaluations may be the closest available proxy for understanding how these systems would work in

“real world” applications. However, these can often be costly to scale up. In this thesis, we approach this

challenge by including a wide array of metrics for each task as a way of characterizing multiple aspects of

model behavior. We generally focus on human evaluations as a method for drawing conclusions but also

explore using automatic metrics for drawing additional insights.

1.3 Approach

We address these challenges in a multi-faceted approach for studying social dynamics in text. First, we

design focused tasks for evaluating how well NLP systems can perform different aspects of social common-

sense reasoning. We also create new resources for facilitating training and evaluation. Lastly, we present

new frameworks for integrating understanding of implicit social dynamics with ML models. Due to the

limitations of automatically evaluating new models, we also draw insights using human judgments obtained

through crowdsourcing.

In this dissertation, we investigate four tasks described in Figure 1.1. These tasks can be grouped

into two themes: First, we explore types of inferences that can be made about the social dynamics of story

characters and plot events. Then, we also investigate challenges related to making inferences about a speaker,

a key part of any collaborative or interactive system.

In Chapter 2, we investigate how well NLP models can understand the mental state of characters based

on story events. We next explore ways of tracking plot dynamics while generating new narratives based

on plot outlines (Chapter 3). Then, in Chapter 4, we design a new formalism for inferring relationships

connoted by a writer. Finally, Chapter 5, we use inferences about the mental state of a speaker to craft
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Figure 1.1: Overview of approach: In this dissertation, we cover four projects related to social common-
sense reasoning.

empathetic responses in a dialogue setting.

1.4 Outline

In Chapter 2, we present a novel dataset for training and evaluating models’ inferences of the naive psy-

chology of story characters. This new resource includes annotations for each character’s motivation and

emotional reaction changes over the course of 15k short commonsense stories. We establish baseline perfor-

mance of machine learning models on two different tasks for predicting mental state changes of characters

and demonstrate that this is a significant challenge for NLP systems.

Next, in Chapter 3, we investigate how to write stories by threading plot events together in a cohesive

way. We present a new transformer model that encodes plot dynamics with state tracking and discourse-

based features. Through comprehensive experiments and analysis, we compare performance of our model

with competitive baselines at writing stories based on plot outlines, demonstrating that our model generally

writes tighter narratives.

In Chapter 4, we focus on more implicit relationships, merely connoted by events and interactions

described in text. We focus on how the choice of verb used to describe an event affects the way in which
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people are portrayed to the audience. We present connotation frames, a new formalism representing four

new types of relationships connoted by verb choice. We annotate a lexicon of verbs and show that machine

learning models can also be used to extend the lexicon. The resulting lexicon can be used for downstream

analysis tasks. We describe analysing implicit stances discussed in a large news corpus as a proof-of-

concept.

Lastly, in Chapter 5, we present empathetic response generation, a new task for evaluating how well

dialogue systems respond to personal stories being shared by a conversation partner. We create a new dataset

of 25k conversations conditioned on emotion prompts. We evaluate how dialogue models can leverage this

data to craft more empathetic replies.
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Chapter 2

Reasoning about Naive Psychology in

Narratives

Humans are able to reason about story characters as they read about them. For example, they can infer how

characters feel over the course of the story and use this information to predict future actions. In this chapter,

we present a new dataset for studying the naive psychology of characters in stories. We collect annotations

of motivations causing story events as well as emotional reactions that are caused by story events. We

also establish baseline performance of machine learning models at the task of predicting mental state. We

demonstrate that this is a challenging open problem for NLP systems with a few promising directions for

future research. This chapter is based on work originally published in Rashkin et al. (2018a).

2.1 Introduction

Understanding a story requires reasoning about the causal links between the events in the story and the

mental states of the characters, even when those relationships are not explicitly stated. As shown by the

commonsense story cloze shared task (Mostafazadeh et al., 2017), this reasoning is remarkably hard for

both statistical and neural machine readers – despite being trivial for humans. This stark performance gap

between humans and machines is not surprising as most powerful language models have been designed to

effectively learn local fluency patterns. Consequently, they generally lack the ability to abstract away from
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surface patterns in text to model more complex implied dynamics, such as intuiting characters’ mental states

or predicting their plausible next actions.

The band instructor told the 
band to start playing.

He often stopped the music 
when players were off-tone.

They grew tired and started 
playing worse after a while.

The instructor was furious 
and threw his chair.

He cancelled practice and 
expected us to perform 

tomorrow.

Instructor Players

E
M

E
M

E
M

E
M

E
M

E
M

E
M

E
M

E
M

E
M

 confident

[esteem] [anger]

need rest

[esteem]

frustrated

angry
afraid

[disgust, fear]

[esteem]

M
EE

M [stability] 

Figure 2.1: A story example with partial anno-
tations for motivations (dashed) and emotional
reactions (solid). Open text explanations are in
black (e.g., “frustrated”) and formal theory la-
bels are in blue with brackets (e.g., “[esteem]”).

To address these challenges, we construct a new an-

notation formalism to densely label commonsense short

stories (Mostafazadeh et al., 2016) in terms of the men-

tal states of the characters. The resulting Story Com-

monsense dataset offers three unique properties. First,

as highlighted in Figure 2.1, the dataset provides a fully-

specified chain of motivations and emotional reactions

for each story character as pre- and post-conditions of

events. Second, the annotations include state changes for

entities even when they are not mentioned directly in a

sentence (e.g., in the fourth sentence in Figure 2.1, play-

ers would feel afraid as a result of the instructor throw-

ing a chair), thereby capturing implied effects unstated in

the story. Finally, the annotations encompass both formal

labels from multiple theories of psychology (Maslow,

1943; Reiss, 2004; Plutchik, 1980) as well as open text descriptions of motivations and emotions, providing

a comprehensive mapping between open text explanations and label categories (e.g., “to spend time with

her son” → Maslow’s category love). Our corpus spans across 15k stories, amounting to 300k low-level

annotations for around 150k character-line pairs.

Using our new corpus, we present baseline performance on two new tasks focusing on mental state

tracking of story characters: categorizing motivations and emotional reactions using theory labels, as well

as describing motivations and emotional reactions using open text. Empirical results demonstrate that exist-

ing neural network models including those with explicit or latent entity representations achieve promising

results.
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Physiological needs

Spiritual
Growth

Esteem

Love/belonging

Stability

Maslow's needs

curiosity, serenity, 
idealism, independence

competition, honor, 
approval, power, status

romance, belonging, 
family, social contact

health, savings, 
order, safety

food, rest

Reiss' motives

sadness

surprise

fear

trust

joy

disgust

anticipation

anger

Plutchik basic emotions

Figure 2.2: Theories of Motivation (Maslow and Reiss) and Emotional Reaction (Plutchik).

2.2 Related Work

Naive Psychology in Stories Previous work in plot units (Lehnert, 1981) developed formalisms for affect

and mental state in story narratives that included motivations and reactions. Inspired by this body of work,

we collect mental state annotations for stories to be used as a new resource in this space.

Similarly, there have been multiple works in reasoning about commonsense stories and discourse (Li

and Jurafsky, 2017; Mostafazadeh et al., 2016) or detecting emotional stimuli in stories (Gui et al., 2017).

We use the commonsense stories from Mostafazadeh et al. (2016) as a resource for annotating both emotions

and motivations for multiple characters.

Modeling Entity State Works in language modeling (Ji et al., 2017; Yang et al., 2016), question answer-

ing (Henaff et al., 2017), and text generation (Kiddon et al., 2016; Bosselut et al., 2018) have shown that

modeling entity state explicitly can boost performance in multiple tasks while providing some interpretabil-

ity for predictions. Tracking entity state is useful for our task, in which we track emotional reactions and

motivations of characters in stories. We use two of these entity models (Henaff et al., 2017; Bosselut et al.,

2018) for investigating how much performance can be improved with explicit entity representations.

2.3 Annotation Framework

In this study, we choose to annotate the simple commonsense stories introduced by Mostafazadeh et al.

(2016). Despite their simplicity, these stories pose a significant challenge to natural language understanding

models (Mostafazadeh et al., 2017). In addition, they depict multiple interactions between story characters,
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(1) Entity 
Resolution

(2a) Action  
Resolution

(2b) Affect 
Resolution

(3a) Motivation 

(3b) Emotional 
Reaction

Character mentions: 
I, me (lines 1,4,5), 
 Cousin (lines 1-5)

Character affect lines: 
I, me: 2-5 

Cousin: 2, 5

Character action lines: 
I, me: 1, 4, 5  

Cousin: 3, 4, 5

Motivation: 
… Line 1, I, me:  

love/family

Emotional Reaction: 
… Line 3, I, me: 

sad/disgusted/angry 

Story:  
(1) I let my cousin stay with me. 
(2) He had nowhere to go. 
(3) However, he was a slob. 
(4) I was about to kick him out. 
(5) When he cooked me a huge 

breakfast, I decided he could 
stay.

Figure 2.3: The annotation pipeline for the fine-grained annotations with an example story.

presenting rich opportunities to reason about character motivations and reactions. Furthermore, there are

more than 98k such stories currently available covering a wide range of everyday scenarios.

In addition to collecting open-text explanations of characters’ motivations and emotions, we use psy-

chology categories from theories of motivation (using Maslow categories with Reiss subcategories (Maslow,

1943; Reiss, 2004)) and emotion (using Plutchik categories (Plutchik, 1980)) as shown in Figure 2.2.

Challenges While there have been a variety of annotated resources developed on the related topics of senti-

ment analysis (Mohammad and Turney, 2013; Deng and Wiebe, 2015), entity tracking (Hoffart et al., 2011;

Weston et al., 2015), and story understanding (Goyal et al., 2010a; Ouyang and McKeown, 2015; Lukin

et al., 2016), our study is the first to annotate the full chains of mental state effects for story characters. This

poses several unique challenges as annotations require (1) interpreting discourse, (2) understanding implicit

causal effects, and (3) understanding formal psychology theory categories. In prior literature, annotations of

this complexity have typically been performed by experts (Deng and Wiebe, 2015; Ouyang and McKeown,

2015). While reliable, these annotations are prohibitively expensive to scale up. Therefore, we introduce

a new annotation framework that pipelines a set of smaller isolated tasks as illustrated in Figure 2.3. All

annotations were collected using crowdsourced workers from Amazon Mechanical Turk.

2.4 Annotation Pipeline

We describe the components and workflow of the full annotation pipeline shown in Figure 2.3. The example

story in the figure is used to illustrate the output of various steps in the pipeline.
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(1) Entity Resolution The first task in the pipeline aims to discover (1) the set of characters Ei in each

story i and (2) the set of sentences Sij in which a specific character j ∈ Ei is explicitly mentioned. For

example, in the story in Figure 2.3, the characters identified by annotators are “I/me” and “My cousin”, who

appear in sentences {1, 4, 5} and {1, 2, 3, 4, 5}, respectively.

We use Sij to control the workflow of later parts of the pipeline by pruning future tasks for sentences

that are not tied to characters. Because Sij is used to prune follow-up tasks, we take a high recall strategy to

include all sentences that at least one annotator selected.

(2a) Action Resolution The next task identifies whether a character j appearing in a sentence k is taking

any action to which a motivation can be attributed. We perform action resolution only for sentences k ∈ Sij .

In the running example, we would want to know that the cousin in line 2 is not doing anything intentional,

allowing us to omit this line in the next pipeline stage (3a) where a character’s motives are annotated.

Description of state (e.g., “Alex is feeling blue”) or passive event participation (e.g., “Alex trips”) are not

considered volitional acts for which the character may have an underlying motive. For each line and story

character pair, we obtain 4 annotations. Because pairs can still be filtered out in the next stage of annotation,

we select a generous threshold where only 2 annotators must vote that an intentional action took place for

the sentence to be used as an input to the motivation annotation task (3a).

(2b) Affect Resolution This task aims to identify all of the sentences where a story character j has an

emotional reaction. Importantly, it is often possible to infer the emotional reaction of a character j even when

the character does not explicitly appear in a sentence k. For instance, in Figure 2.3, we want to annotate

the narrator’s reaction to line 2 even though they are not mentioned because their emotional response is

inferrable. We obtain 4 annotations per character per line. The lines with at least 2 annotators voting are

used as input for the next task: (3b) emotional reaction.

(3a) Motivation We use the output from the action resolution stage (2a) to ask workers to annotate char-

acter motives in lines where they intentionally initiate an event. We provide 3 annotators a line from a story,

the preceding lines, and a specific character. They are asked to produce a free response sentence describing

what causes the character’s behavior in that line and to select the most related Maslow categories and Reiss
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Fine-grained

train dev test
# annotated stories 10000 2500 2500
# characters / story 2.03 2.02 1.82
# char-lines w/ motiv 40154 8762 6831
# char-lines w/ emot 76613 14532 13785

Table 2.1: Annotated data statistics for each dataset

subcategories. In Figure 2.3, an annotator described the motivation of the narrator in line 1 as wanting “to

have company” and then selected the love (Maslow) and family (Reiss) as categorical labels. Because many

annotators are not familiar with motivational theories, we require them to complete a tutorial the first time

they attempt the task.

(3b) Emotional Reaction Simultaneously, we use the output from the affect resolution stage (2b) to ask

workers what the emotional response of a character is immediately following a line in which they are af-

fected. As with the motives, we give 3 annotators a line from a story, its previous context, and a specific

character. We ask them to describe in open text how the character will feel following the event in the

sentence (up to three emotions). As a follow-up, we ask workers to compare their free responses against

Plutchik categories by using 3-point Likert ratings. In Figure 2.3, we include a response for the emotional

reaction of the narrator in line 1. Even though the narrator was not mentioned directly in that line, an anno-

tator recorded that they will react to their cousin being a slob by feeling “annoyed” and selected the Plutchik

categories for sadness, disgust and anger.

2.5 Dataset Statistics and Insights

Cost The tasks corresponding to the theory category assignments are the hardest and most expensive in

the pipeline (∼$4 per story). Therefore, we obtain theory category labels only for a third of our annotated

stories, which we assign to the development and test sets. The training data is annotated with a shortened

pipeline with only open text descriptions of motivations and emotional reactions from two workers (∼$1

per story).
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Label Type PPA KA
% Agree w/

Maj. Lbl

Maslow
Dev .77 .30 0.88

Test .77 .31 0.89

Reiss
Dev .91 .24 0.95

Test .91 .24 0.95

Plutchik
Dev .71 .32 0.84

Test .70 .29 0.83

Table 2.2: Agreement Statistics (PPA = Pairwise
percent agreement of worker responses per bi-
nary category, KA= Krippendorff’s Alpha)

Scale Our dataset includes a total of 300k low-level

annotations for motivation and emotion across 15,000

stories (randomly selected from the ROC story training

set). It covers over 150k character-line pairs, in which

56k character-line pairs have an annotated motivation and

105k have an annotated change in emotion (i.e. a label

other than none). Table 2.1 shows the breakdown across

training, development, and test splits.

Agreements For the categorization sets (Maslow, Reiss

and Plutchik), we compare the performance of annotators

by treating each individual category as a binary label and

averaging the agreement per category. For Plutchik scores, we count ‘moderately associated’ ratings as

agreeing with ‘highly’ associated’ ratings. The percent agreement and Krippendorff’s alpha are shown in

Table 2.2. We also compute the percent agreement between the individual annotations and the majority

labels.1

These scores are difficult to interpret by themselves, however, as annotator agreement in our categoriza-

tion system has a number of properties that are not accounted for by these metrics (disagreement preferences

– joy and trust are closer than joy and anger – that are difficult to quantify in a principled way, hierarchical

categories mapping Reiss subcategories from Maslow categories, skewed category distributions that inflate

PPA and deflate KA scores, and annotators that could select multiple labels for the same examples). To

provide a clearer understanding of agreement within this dataset, we create aggregated confusion matrices

for annotator pairs. First, we sum the counts of combinations of answers between all paired annotations

(excluding none labels). If an annotator selected multiple categories, we split the count uniformly among

the selected categories. We compute NPMI over the total confusion matrix. In Figure 2.4, we show the

NPMI confusion matrix for motivational categories.

In the motivation annotations, we find the highest scores on the diagonal (i.e., Reiss agreement), with

1Majority label for the motivation categories is what was agreed upon by at least two annotators per category. For emotion
categories, we averaged the point-wise ratings and counted a category if the average rating was ≥ 2.
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Figure 2.4: NPMI confusion matrix on motivational categories for all annotator pairs with color scaling for
legibility. The highest values are generally along diagonal or within Maslow categories (outlined in black).
We highlight a few common points of disagreement between thematically similar categories.

most confusions occurring between Reiss motives in the same Maslow category (outlined black in Fig-

ure 2.4). Other disagreements generally involve Reiss subcategories that are thematically similar, such as

serenity (mental relaxation) and rest (physical relaxation). We also perform this analysis for Plutchik cate-

gories, finding high scores along the diagonal with disagreements typically occurring between categories in

a “positive emotion” cluster (joy, trust) or a “negative emotion” cluster (anger, disgust,sadness).

2.6 Tasks

The multiple modes covered by the annotations in this new dataset allow for many new tasks to be explored.

We outline two task types below.

State Classification The primary set of tasks involves categorizing the psychological states of story char-

acters, using one of the label sets (Plutchik, Maslow, or Reiss) collected for the dev and test splits of our

dataset. A model is given a story character and a line from the story (along with optional preceding context

lines) and predicts the motivation or emotional reaction of the character in that line. As discussed in the

challenges section of Chapter 1, one issue in evaluating social commonsense reasoning is that there may be

multiple plausible inferences that can be made. To address this, we frame this task as a multi-label problem.

A binary label is predicted for each of the Maslow needs, Reiss motives or Plutchik categories, respectively.
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Figure 2.5: General model architectures for two new task types

Explanation Generation We can use the open text explanations to train models to describe the psycho-

logical state of a character in free text. These explanations allow for two conditional generation tasks where

the model must generate the words describing the emotional reaction or motivation of the character.

2.7 Baseline Models

The general model architectures for the two tasks are shown in Figure 2.5. We describe each model compo-

nent below. Because the two task use similar encoders, models could be trained separately or in a multi-task

set-up.

A model is given a line from a story xs containing N words {ws0, ws1, . . . , wsN} from vocabulary V , a

character in that story ej ∈ E where E is the set of characters in the story, and (optionally) the preceding

sentences in the story C = {x0 . . . ,xs−1} containing words from vocabulary V . A representation for a

character’s psychological state is encoded as:

he = Encoder(xs,C[ej ]) (2.1)

where C[ej ] corresponds to the concatenated subset of sentences in C where ej appears.
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2.7.1 Encoders

While the end classifier or decoder is different for each task, we use the same set of encoders based on word

embeddings, common neural network architectures, or memory networks to formulate a representation of the

sentence and character, he. Unless specified, he is computed by encoding separate vector representations for

the sentence (xs → hs) and character-specific context (all the preceding sentences mentioning the character,

C[ej ]→ hc) and concatenating these encodings (he = [hc;hs]). We describe the encoders below:

TF-IDF We learn a TD-IDF model on the full training corpus of Mostafazadeh et al. (2016) (excluding

the stories in our dev/test sets). To encode the sentence, we extract TF-IDF features for its words, yielding

vs ∈ RV . A projection and non-linearity is applied to these features to yield hs:

hs = φ(Wsv
s + bs) (2.2)

where Ws ∈ Rd×H . The character vector hc is encoded in the same way on sentences in the context

pertaining to the character.

GloVe We extract pretrained GloVe vectors (Pennington et al., 2014) for each word in V . The word

embeddings are max-pooled, yielding embedding vs ∈ RH , where H is the dimensionality of the GloVe

vectors. Using this max-pooled representation, hs and hc are extracted in the same manner as for TF-IDF

features (Equation 2.2).

CNN We implement a CNN text categorization model using the same configuration as Kim (2014) to

encode the sentence words. A sentence is represented as a matrix, vs ∈ RM×d where each row is a word

embedding xsn for a word wsn ∈ xs.

vs = [xs0, x
s
1, . . . , x

s
N ] (2.3)

hs = CNN(vs) (2.4)

where CNN represents the categorization model from Kim (2014). The character vector hc is encoded in

the same way with a separate CNN.
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LSTM A two-layer bi-LSTM encodes the sentence words and concatenates the final time step hidden

states from both directions to yield hs. The character vector hc is encoded the same way.

REN We use the “tied" recurrent entity network from Henaff et al. (2017). A memory cell m is initialized

for each of the J characters in the story, E = {e0, . . . , eJ}. The REN reads documents one sentence at a

time and updates mj for ej ∈ E after reading each sentence. Unlike the previous encoders, all sentences

of the context C are given to the REN along with the sentence xs. The model learns to distribute encoded

information to the correct memory cells. The representation passed to the downstream model is:

he = {mj}s (2.5)

where {mj}s is the memory vector in the cell corresponding to ej after reading xs.

NPN We also include the neural process network from Bosselut et al. (2018) with “tied" entities, but “un-

tied" actions that are not grounded to particular concepts. The memory is initialized and accessed similarly

as the REN.

2.7.2 Decoders

State Classifier Once the sentence-character encoding he is extracted, the state classifier predicts a binary

label ŷz for every category z ∈ Z where Z is the set of category labels for a particular psychological theory

(e.g., disgust, surprise, etc. in the Plutchik wheel). We use logistic regression as a classifier:

ŷz = σ(Wzh
e + bz) (2.6)

where Wz and bz are a label-specific set of weights and biases for classifying each label z ∈ Z .

Explanation Generator The explanation generator is a single-layer LSTM (Hochreiter and Schmidhu-

ber, 1997) that receives the encoded sentence-character representation he and predicts each word yt in the

explanation using the same method from Sutskever et al. (2014).
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2.7.3 Training Set-up

State Classification The dev set D is split into two portions of 80% (D1) and 20% (D2). D1 is used to

train the classifier and encoder. D2 is used to tune hyperparameters. The model is trained to minimize the

weighted binary cross entropy of predicting a class label yz for each class z:

L =

Z∑
z=1

γzyz log ŷz + (1− γz)(1− yz) log(1− ŷz) (2.7)

where Z is the number of labels in each of the three classifications tasks and γz is defined as:

γz = 1− e−
√
P (yz) (2.8)

where P (yz) is the marginal class probability of a positive label for z in the training set. The γ terms allow

for soft re-weighting of the unbalanced class labels.

Explanation Generation We use the training set of open annotations to train a model to predict ex-

planations. The decoder is trained to minimize the negative loglikelihood of predicting each word in the

explanation of a character’s state:

Lgen = −
T∑
t=1

logP (yt|y0, ..., yt−1,he) (2.9)

where he is the sentence-character representation produced by an encoder from Section 2.7.1.

2.8 Experiments

2.8.1 Metrics

Classification For the state and annotation classification task, we report the micro-averaged precision

(P), recall (R), and F1 score of the Plutchik, Maslow, and Reiss prediction tasks. We report the results of

selecting a label at random in the top two rows of Table 2.3. Note that random is low because the distribution

of positive instances for each category is very uneven: macro-averaged positive class probabilities of 8.2,

1.7, and 9.9% per category for Maslow, Reiss, and Plutchik respectively.
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Generation As discussed in the Chapter 1, automatic evaluations for open-ended generations are limited

and often poorly correlated to human judgment. In this case, because explanations tend to be short sequences

with high levels of synonymy, traditional metrics such as BLEU are particularly inadequate for evaluating

generation quality. Instead of using overlap-based metrics, we investigate performance using vector-based

metrics that are better suited for dealing with synonymous or short answers. We use the vector average and

vector extrema metrics from Liu et al. (2016) using GloVe vectors (Pennington et al., 2014) of generated and

reference words. In the vector average metric, we compare the cosine similarity of the average embedding of

the words in the gold response with the average embedding of the words in the generated output. The vector

extrema measure is calculated similarly with element-wise max operations in place of averaging. While this

metric is not an ideal replacement for human judgment, it allows us to draw some insights about whether

the output is semantically similar to the gold responses. We report results in Table 2.4 on the dev. set and

compare to a baseline that randomly samples an example from the dev. set as a generated sequence.

2.8.2 Ablations

Character-specific Context vs. No Context Our dataset is motivated by the importance of interpreting

story context to categorize emotional reactions and motivations of characters. To test this importance, we

ablate hc, the representation of the context sentences pertaining to the character, as an input to the state

classifier for each encoder (except the REN and NPN). In Table 2.3, this ablation is the first row for each

encoder presented.

Explanation Pretraining Because the state classification and explanation generation tasks use the same

types of encoders, we explore initializing a classification encoder with parameters trained on the generation

task. This may be useful because the large-scale training set only has free text explanations. We pretrain the

CNN, LSTM, REN, and NPN encoders using the explanation generation task to produce emotion or moti-

vation explanations with the training set. We use the parameters from this model to initialize the encoders

when training for the state classification task. In Table 2.3, we denote this extra pre-training step as the

models “+ explanation training”.
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Model
Maslow Reiss Plutchik

P R F1 P R F1 P R F1

Random 7.45 49.99 12.96 1.76 50.02 3.40 10.35 50.00 17.15
Random (Weighted) 8.10 8.89 8.48 2.25 2.40 2.32 12.28 11.79 12.03

TF-IDF 30.10 21.21 24.88 18.40 20.67 19.46 20.05 24.11 21.90
+ Entity Context 29.79 34.56 32.00 20.55 24.81 22.48 22.71 25.24 23.91

GloVe 25.15 29.70 27.24 16.65 18.83 17.67 15.19 30.56 20.29
+ Entity Context 27.02 37.00 31.23 16.99 26.08 20.58 19.47 46.65 27.48

LSTM 24.64 35.30 29.02 19.91 19.76 19.84 20.27 30.37 24.31
+ Entity Context 31.29 33.85 32.52 18.35 27.61 22.05 23.98 31.41 27.20
+ Explanation Training 30.34 40.12 34.55 21.38 28.70 24.51 25.31 33.44 28.81

CNN (Kim, 2014) 26.21 31.09 28.44 20.30 23.24 21.67 21.15 23.36 22.20
+ Entity Context 27.47 41.01 32.09 18.89 31.22 23.54 24.32 30.76 27.16
+ Explanation Training 29.30 44.18 35.23 17.87 37.52 24.21 24.47 38.87 30.04

REN (Henaff et al., 2017) 26.24 42.14 32.34 16.79 22.20 19.12 26.22 33.26 29.32
+ Explanation Training 26.85 44.78 33.57 16.73 26.55 20.53 25.30 37.30 30.15

NPN (Bosselut et al., 2018) 24.27 44.16 31.33 13.13 26.44 17.55 21.98 37.31 27.66
+ Explanation Training 26.60 39.17 31.69 15.75 20.34 17.75 24.33 40.10 30.29

Table 2.3: State Classification Results

2.8.3 Experimental Results

State Classification We show results on the test set for categorizing Maslow, Reiss, and Plutchik states

in Table 2.3. Despite the difficulty of the task, all models outperform the random baseline. Interestingly,

the performance boost from adding entity-specific contextual information (i.e., not ablating hc) indicates

that the models learn to condition on a character’s previous experience to classify its mental state at the

current time step. This effect can be seen in an example story about a man whose flight is cancelled. The

model without context predicts the same emotional reactions for the man, his wife and the pilot, but with

context correctly predicts that the pilot will not have a reaction while predicting that the man and his wife

will feel sad. This analysis indicates that robust context representations may be an important avenue for

future research in this task.

For the CNN, LSTM, REN, and NPN models, we also report results from pretraining encoder parameters

using the free response annotations from the training set. This pretraining offers a clear performance boost

for all models on all three prediction tasks, showing that the parameters of the encoder can be pretrained on

auxiliary tasks providing emotional and motivational state signal.

The best performing models in each task are most effective at predicting Maslow physiological needs,
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Reiss food motives, and Plutchik reactions of joy. The relative ease of predicting motivations related to

food (and physiological needs generally) may be because they involve a more limited and concrete set of

actions such as eating or cooking. This may indicate that there are lexical correlations that these models

are learning, rather than more abstract forms of reasoning. One reason why joy may be easier to predict is

that it is a more frequently appearing class. One direction for future research may be to incorporate external

resources (such as external knowledge graphs (Sap et al., 2019a), in order to increase performance on rarer

classes like disgust.

Model
Motivation Emotion

Avg VE Avg VE

Random 56.02 45.75 40.23 39.98

LSTM 58.48 51.07 52.47 52.30

CNN 57.83 50.75 52.49 52.31

REN 58.83 51.79 53.95 53.79

NPN 57.77 51.77 54.02 53.85

Table 2.4: Vector average and extrema scores
for generation of annotation explanations

Explanation Generation We provide results for the

task of generating explanations of motivations and emo-

tions in Table 2.4 using the vector-based evaluation met-

rics described in Sec. 2.8.1. Because the explanations are

generally emotion or motivation words, the randomly se-

lected explanation can often be close in embedding space

to the reference explanations, making the random base-

line fairly competitive. This may be one limitation of

using vector-based evaluations that future work can im-

prove on. However, even with the limitations of vector-

based evaluations, it is evident that all models outperform

the random baseline on both metrics, indicating that the generated explanations are closer semantically to

the reference annotation. Results indicate that models with entity state tracking may be slightly better at

open-ended explanation generation, so this may be a promising direction for future work.

2.9 Summary

In this chapter, we present a large-scale dataset as a resource for training and evaluating mental state track-

ing of characters in short commonsense stories. This dataset contains over 300k low-level annotations for

character motivations and emotional reactions. We establish baseline performance on this new resource.

Importantly, we show that modeling character-specific context and pretraining on free-response data can
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boost labeling performance. Results demonstrate that this is still a challenging open task. Future work may

be able to improve performance by investigating more robust context representations, including external

resources, or exploring more abstract multi-hop reasoning.
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Chapter 3

Learning to Track Plot Dynamics in Story

Generation

In the previous chapter, we discussed inferences about the dynamics of mental states based on character

interactions in stories. In this chapter, we delve further into the dynamics of story events. We focus on how

plot elements get interwoven together in the context of writing a coherent narrative. For humans, the story

writing process typically begins with an outline containing various plot points that need to be included.

For translating these plot outlines to stories, human writers must think about the most plausible ordering

and how to combine them in a coherent way to tell a tighter story, requiring commonsense reasoning about

social dynamics. We simulate this process by designing a novel transformer model that dynamically tracks

plot state while writing long-form narratives. This chapter is based on work from Rashkin et al. (2020).

3.1 Introduction

Composing a story requires a complex planning process. First, the writer starts with a sketch of what

key characters and events the story will be roughly about. Then, as they unfold the story, the writer must

keep track of the elaborate plot that weaves together the characters and events in a coherent and consistent

narrative.

We study this complex storytelling process by formulating it as the task of outline-conditioned story

41



• big bird's birthday celebration 
• cookie monster eats 
• roller skating rink 
• big birthday cake

     It is Big Bird's birthday, and he goes to the roller 
skating rink with his friends.  
Back at Sesame Street, Maria and Susan take out the big 
birthday cake and leave it on a table.  
Cookie Monster sees the cake, but instead of eating it 
and spoiling the party, he eats a chair and other things all 
over Sesame Street.

     Big Bird and the other skaters return to Sesame Street 
and are shocked at what Cookie Monster ate, though the 
cake is safe.  
Gina and Count Von Count presents the cake to Big Bird.  
It has 548 candles even though Big Bird is 6 years old.  
At the end, when Gina announces the sponsors, Cookie 
Monster eats them along with his cake.

Outline-conditioned Story Generation

ℙ1

ℙ2

Story 
Outline

Plot dynamics
 = paragraph iℙi

Figure 3.1: An outline (input) paired with a story (output) from our Wikiplot training set. Plot elements
from the outline can appear and reappear non-linearly throughout the plot, as shown in plot dynamics graph.
Composing stories from an outline requires keeping track of how outline phrases have been used while
writing.

generation, illustrated in Figure 3.1. Given an outline, a set of phrases describing key characters and events

to appear in a story, the task is to generate a coherent narrative that is consistent with the provided outline.

This task is challenging as the input provides only the rough elements of the plot1. Thus, the model needs

to flesh out how these plot elements will intertwine with each other across different parts of the story. The

flowchart in Figure 3.1 demonstrates an example of a latent plot structure: different key phrases from the

outline appear and re-appear jointly throughout different sentences and paragraphs. Notably, the way that

outline points are interwoven needs to be determined dynamically based on what’s already been composed

while also staying true to the original outline and overall narrative structure.

We present PLOTMACHINES, a novel narrative transformer that simulates the outline-conditioned gen-

eration process described above. Our model learns to transform an outline into a multi-paragraph story

using dynamic memory blocks that keep track of the implicit plot states computed using the outline and

1Here, we define plot as the main sequence of events in the story.
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the story generated thus far. We draw inspiration from prior work in dialogue state tracking (Thomson and

Young, 2010; Lee, 2013; Chao and Lane, 2019), entity tracking (Henaff et al., 2017; Bosselut et al., 2018),

and memory networks (Sukhbaatar et al., 2015) for keeping track of plot states. We also inform our model

with high-level narrative structure using discourse labels so that it can learn different styles of writing corre-

sponding to different parts of the narrative (i.e. beginning, middle, and end). PLOTMACHINES is, to the best

of our knowledge, the first model designed to generate multi-paragraph stories conditioned on outlines and

can be trained end-to-end to learn the latent plot patterns without explicit plot annotations for supervision.

To support research on outline-conditioned generation, we present three new datasets, including both

fiction and non-fiction domains, where multi-paragraph narratives are paired with automatically constructed

outlines using state-of-the-art key phrase extraction. Importantly, our task formulation of outline-conditioned

generation is general and can be applied to various forms of grounded language generation. Comprehen-

sive experiments on these datasets demonstrate that recently introduced state-of-the-art large-scale language

models such as GPT-2 (Radford et al., 2019) and GROVER (Zellers et al., 2019), despite their impressive

generation performance, still struggle to generate coherent narratives that are consistent with input outlines.

Our experiments indicate that dynamic plot state tracking is important for constructing narratives with tighter

and more consistent plots compared to competitive baselines.

3.2 Related Work

State Tracking There is a plethora of work in state tracking for dialogue where memory states are updated

after each utterance (Thomson and Young, 2010; Young et al., 2010; Lee, 2013; Chao and Lane, 2019). Sim-

ilarly, SC-LSTMs (Wen et al., 2015) dynamically updated dialogue act representations as a form of sentence

planning in spoken dialogue generation. Memory and entity networks (Henaff et al., 2017; Sukhbaatar et al.,

2015) and neural checklists (Kiddon et al., 2016) also have used similar methods for tracking entities for

other tasks. In this work, we adapt these techniques for generating stories where we keep track of plot state

that is updated after each paragraph. Our method of decoding paragraphs recurrently also draws on existing

work in hierarchical decoding (Li et al., 2015; Shen et al., 2019), which similarly decodes in multiple levels

of abstraction over paragraphs, sentences, and words.
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Controllable Story Generation There have been a variety of works focusing on generating stories in

plot-controllable or plan-driven ways (e.g. (Riedl and Young, 2010; Fan et al., 2018; Peng et al., 2018;

Jain et al., 2017)). Outline-conditioned generation is complementary to these tasks in that outlines provide

more flexibility than very fine-grained srl-based or event-based plans (Fan et al., 2019a; Martin et al., 2017;

Harrison et al., 2017) and more grounding than coarse-grained prompts (Fan et al., 2018; Xu et al., 2018a)

or five-word storylines (Peng et al., 2018; Yao et al., 2019). Similar to many recent works in this area,

we focus on seq2seq-based approaches, which we implement using transformers. We further expand upon

the modeling for the challenges specific to our task using our approaches for state tracking and applying

discourse structure.

3.3 Task: Outline-Conditioned Generation

We introduce the task of outline-conditioned story generation, which takes a plot outline as input and pro-

duces a long, multi-paragraph story. Similar to planning-based story writing formulations (Porteous and

Cavazza, 2009; Riedl, 2009; Riedl and Young, 2010; Zhou et al., 2018a; Fan et al., 2019a; Pérez y Pérez and

Sharples, 2001), outline-conditioned generation aims to closely mirror the way humans typically write long

documents by interweaving key points.

We formulate the outline as a list of un-ordered bullet points which reflect key words, phrases, or sen-

tences to be integrated in the output narrative. These plot outlines are inspired, in part, by previous work in

short-form story generation tasks that conditioned on storylines (Peng et al., 2018; Yao et al., 2019), which

were defined as an ordered list of exactly five single-word points. We extend this concept to long-form story

generation by defining a plot outline more flexibly as: an un-ordered list of an arbitrary number of multi-

word plot elements. An outline also differs from a writing prompt, such as those found in other controllable

writing tasks (Fan et al., 2018), which are typically more abstract and often just a starting point for a story.

Unlike a prompt, an outline is a list of concrete points that must appear somewhere in the story content.

One challenge in this task is to create stories that have appropriate discourse that are not overly repetitive,

follow a logical order, and have realistic beginnings and endings. A second challenge is for stories to include

the outline in a natural way. For example, it may be appropriate for certain outline points to be mentioned

later on in the story (e.g. the protagonist dying may be more typically at the end of the story).
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Wikiplots
# stories : 130k
avg # pars : 3.1
data-split : 90/5/5

Outline: • the rocky horror picture show • convention attendees includes servants (...)
Story: A criminologist narrates the tale of the newly engaged couple, Brad Majors and Janet Weiss,
who find themselves lost and with a flat tire on a cold and rainy late November evening, somewhere
near Denton in 1974 (...)

WritingPrompts
# stories : 300k
avg # pars : 5.9
data-split : 90/5/5

Outline: • found something protruding • geometric shapes glowing • sister kneel-
ing beside • dead bodies everywhere • darkness overwhelmed • firelight flickering (...)
Story: It was dark and Levi was pretty sure he was lying on his back . There was firelight flickering
off of what was left of a ceiling . He could hear something but it was muffled . He (...)

NYTimes
# stories : 240k
avg # pars : 15.2
data-split : 90/5/5

Outline: • upcoming annual economic summit meeting • take intermediate steps (...)
Article: The long-simmering tensions in Serbia’s province of Kosovo turned violent in recent weeks
and threaten to ignite a wider war in the Balkans. Only a concerted diplomatic effort by the United
States can keep the conflict from escalating. Though he has been attentive to the problem (...)

Table 3.1: Datasets used in the experiments showing the number of stories, the average number of para-
graphs per story, and the split of stories across train/dev/test. We also show excerpts from examples of
outlines paired with a story.

3.4 Data: Outline to Story

We construct three datasets for outline-conditioned generation. We focus on fictitious generation, but also

include the news domain for generalization. We build on existing story datasets for the target narratives,

which we pair with automatically constructed input outlines as described below. We show examples from

each dataset in Table 3.1.

Wikiplots The Wikiplots corpus2 consists of plots of movies, TV shows, and books scraped from Wikipedia.

For our task, we divide stories from the corpus into 90% train, 5% validation and 5% test splits.

WritingPrompts WritingPrompts (Fan et al., 2018) is a story generation dataset, collected from the

/r/WritingPrompts subreddit − a forum where Reddit users compose short stories inspired by other users’

prompts. It contains over 300k human-written (prompt, story) pairs. We use the same train/dev/test split

from the original dataset paper.

NYTimes Unlike the other two datasets, NYTimes (Sandhaus, 2008) contains news articles rather than

fictional stories. We use this dateset to investigate how well our approach generalizes to nonfiction. Due to

concerns over fake news creation (Zellers et al., 2019), we only use this dataset for quantitative exploration

and will not publicly release the models.

2https://github.com/markriedl/WikiPlots
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Outline Extraction Because these datasets do not already have plot outlines to use as input, we extract

lists of plot points using the RAKE (Rapid Automatic Keyword Extraction) algorithm (Rose et al., 2010)3.

RAKE is a domain independent keyword extraction algorithm, which determines key phrases in a document

by analyzing the word frequency and co-occurrence with other words in the text. We filtered key-points with

overlapping n-grams. This is inspired by similar RAKE-based methods for creating storylines (Peng et al.,

2018), but differs in that we extract longer plot points (each of which is 3-8 words) and do not order the

points within the outline. For WritingPrompts and NYTimes, we also use sentences from the prompt and

article abstract as additional sources for outline points.

3.5 PLOTMACHINES

Our approach to this task is to design a model that combines recent success in text generation with transformer-

based architectures (Vaswani et al., 2017) with memory mechanisms that keep track of the plot elements

from the outline as they are used in the story. We also incorporate special discourse features into the mod-

elling to learn a structure over the long multi-paragraph story format.

We introduce PLOTMACHINES (PM), an end-to-end trainable transformer built on top of the GPT

model4 (Radford et al., 2018), as shown in Figure 3.2. Given an outline as input, the model generates

paragraphs, recurrently, while updating a memory matrix M that keeps track of plot elements from the

outline. This paragraph-level generation framework is motivated by human writing styles, in which each

paragraph is a distinct section of related sentences.

At each time step, i, PLOTMACHINES generates a new paragraph Pi:

(Pi, hi,M i) = PM(o, di, hi−1,M i−1) (3.1)

where o is the input outline representation (described in Sec. 3.5.1), di is the discourse representation associ-

ated with paragraph i (Sec. 3.5.2), hi−1 is a vector representation of the preceding story context (Sec. 3.5.3),

and M i−1 is the previous memory (Sec. 3.5.4).
3https://pypi.org/project/rake-nltk/
4We build on top of GPT, though our approach could be used with most transformer-based LMs. In experiments, we also look

at a version of PLOTMACHINES using GPT-2 (Radford et al., 2019) as a base.
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Figure 3.2: PLOTMACHINES: The model generates a paragraph Pi using the memory (M i−1), the previ-
ous paragraph representation (hi−1), the outline representation (o) and discourse representation (di). First,
a gated update mechanism updates the memory using the previous memory and previous paragraph rep-
resentation. Each transformer block includes an extra attention over the current memory matrix M i. The
previous paragraph representation, hi−1, the outline, and discourse tag (e.g. _b_) are also prepended to the
generation as an input sequence (grayed inputs). The output tokens of the generated paragraph are used to
compute hi using a static GPT model.

3.5.1 Outline Representation

The plot outline (i.e. the input to the model) is treated as a sequence of tokens, o, and used as input for the

transformer. We use special _kw_ tokens to delimit each plot point in the outline. The end of the outline

is marked with a special _endkw_ token. We truncate the entire outline to maximum of n tokens. For

example, an outline containing two plot points ({‘strange phone call’, ‘detective’}) is turned into the input

sequence:

strange phone call _kw_ detective _endkw_

3.5.2 Discourse Representation

We posit that there are stylistic differences in how the beginning, middle and end of a story are written. To

maintain these differences, we introduce di, discourse information about whether the i-th paragraph is an
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introduction, body, or conclusion paragraph. We add special tokens _i_, _b_, _c_ for the introduction,

body, and conclusion paragraphs respectively5. The appropriate discourse token is appended to the outline

representation as part of the input sequence.

3.5.3 Preceding Context Representation

With the goal of incorporating previous story context in generating each paragraph, we use hi−1, an em-

bedded representation of the previous paragraph, which is added to the model input. More concretely, hi−1

is computed as the average embedding of output representations of the previous paragraph words (using a

static GPT model). The hi−1 vector is used as an initial input to the transformer architecture, as shown in

Figure 3.2.

3.5.4 Memory Representation

We implement a memory in two parts to address two challenges in outline-conditioned generation. First,

we want to keep track of the portions of outline that have been mentioned. Second, we want to maintain

semantic coherence across the entire story. To address these two challenges, we implement the memory as

consisting of two parts: K, a set of vectors keeping track of outline points, and D, a matrix that stores a

latent topic distribution of what’s been written so far.

Notation: We define d as the embedding size of the transformer model and n as the maximum number of

tokens in the outline. Memory is treated as a Rd×2n matrix which consists of two smaller matrices stacked

together (M = [K;D]). K is a Rd×n representation of outline points and D is a Rd×n representation of the

latent document state. K is initialized with embeddings representing each of the tokens in the outline and

D is randomly initialized. The j-th column of memory at the timestep for paragraph i will be denoted M i
j .

Updating Memory: The memory is updated (top left corner of Fig. 3.2) using hi−1, the average GPT output

representation of the previous paragraph. We use update equations based on those in entity-based models

such as Henaff et al. (2017). Importantly, we use a gating mechanism, g, to allow the model to learn to

5We make the simplifying assumption that the first paragraph is an introduction, the last paragraph is the conclusion paragraph,
and the other paragraphs are all body paragraphs.
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flexibly control how much each cell in memory is updated based on what’s changed in the story, as below:

M̂ i
j = tanh(W1M

i−1
j +W2h

i−1) (3.2)

gij = sigm(W3M
i−1
j +W4h

i−1) (3.3)

M i
j = (1− gij)�M i−1

j + gij � M̂ i
j (3.4)

where all W ’s are matrices of dimension Rd×d.

Transformer Blocks with Memory: Lastly, we must alter the GPT transformer blocks to include the

memory in the language modeling. We augment the transformer blocks to contain two parallel attention

modules, as shown in Figure 3.2. One attention module (on the left in the figure) performs the standard

GPT self-attention using transformer inputs to create queries, keys, and values. The other attention module

uses transformer input to attend over the memory vectors (i.e., using the memory for creating key and value

vectors). The outputs of both attention modules are averaged6 before performing the additive layer-norm.

3.5.5 Training and Decoding

At training time, the model is trained end-to-end on the cross-entropy loss of predicting each paragraph.

Gold representations of previous paragraphs in the story are used to update the memory and compute hi−1.

At decoding time, the model must decode a document starting with the first paragraph and use its own

predictions to compute hi−1 and update the memory. Additionally, at decoding time, we assume a five

paragraph structure (introduction, three body paragraphs, and conclusion) as a pre-set discourse structure to

decode from.

3.6 Experiments

We present experiments comparing PLOTMACHINES with competitive baselines and ablations. In order to

investigate as fully as possible, we first provide automatic metrics targeting different aspects of performance

(i.e. coverage, diversity). We also use quantitative n-gram analysis to study the usage of outlines. However,

6We experimented with a few other variants of implementing multiple attention mechanisms within the transformer blocks, but
found this to be empirically effective.
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recognizing the limitations of these automatic evaluations (discussed in Chapter 1), we also present human

judgments, which are our primary means of analysis. Lastly we discuss some qualitative analysis from

output.

3.6.1 Experimental Set-up

Baselines: We compare with two story generation models that have been used in related conditional story

generation tasks. First, we train a Fusion model, from the original WritingPrompts dataset paper (Fan et al.,

2018), using delimited outlines as a single input in place of a prompt. We also compare with the static

storyline-to-story variant of Plan-and-Write (P&W-Static) from Yao et al. (2019). This LSTM-based model

was originally used for a task in generating five-line stories from keyword-based storylines. We train the

model instead using delimited plot outlines as input.

Additionally, given the recent successes in text generation using large pre-trained LM’s, we compare

with these models, as well. We finetune the large-scale GROVER (Zellers et al., 2019) (equivalent to GPT-2

medium, 345M param), which is a transformer-based pre-trained language model that has been trained for

controllable text generation. We hypothesize that, since this model is trained in a controllable setting, it can

also learn to write stories based off of keyword lists. To finetune GROVER, we give the outline as a delimited

form of metadata with a new outline token. Because this model is significantly larger than PLOTMACHINES

(160M param), we also investigate a 460M parameter variation of PLOTMACHINES that is built on top of

GPT-2 medium (Radford et al., 2019) instead of GPT for fuller comparison.

Unlike our models, we train these baselines with the traditional generation framework - i.e. they model

and generate an entire document conditioned on outlines without generating each paragraph recurrently.

Ablated PLOTMACHINES Models: We also show results on ablated versions of our model. First, we use

the base GPT and GPT2 models, that are fine-tuned similarly to our model but using only outline inputs

(without memory, preceding context, or discourse representations). Second, we investigate the effects of

using the preceding context representation but still excluding memory and discourse tokens (PM-NOMEM-

NODISC). Lastly, we use PM-NOMEM, a model variant that excludes the memory but still uses outline,

discourse, and preceding context representations as input.

Details: We use the HuggingFace implementations of GPT and GPT-2. We finetune all models using
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Wikiplots WritingPrompts New York Times
Model R-1 R-2 R-L R-1 R-2 R-L R-1 R-2 R-L
P&W-Static (Yao et al., 2019) 17.0 3.3 13.6 19.2 3.6 14.4 19.3 4.6 15.6
Fusion (Fan et al., 2018) 22.7 6.0 17.4 14.3 1.7 9.6 23.2 7.2 18.1
GROVER (Zellers et al., 2019) 19.6 5.9 12.5 23.7 5.3 17.2 20.0 5.8 14.2
PLOTMACHINES (GPT) 20.2 5.3 16.0 30.5 5.3 25.4 21.2 5.0 15.5
– base (GPT) (Radford et al., 2018) 13.2 2.0 7.9 22.1 2.7 14.3 13.9 1.6 8.3
PLOTMACHINES (GPT-2) 22.8 6.5 17.5 31.1 6.7 26.1 22.1 6.4 16.5
– PM-NOMEM (GPT-2) 20.5 4.9 15.5 26.6 3.7 23.5 20.0 5.4 14.4
– PM-NOMEM-NODISC (GPT-2) 19.3 1.7 13.9 26.8 4.5 23.2 18.4 3.4 14.2
– base (GPT-2) (Radford et al., 2019) 18.5 3.9 13.3 26.5 4.6 20.5 19.2 4.7 13.6

Table 3.2: ROUGE Results on Wiki, WritingPrompts and NYTimes Datasets. The top block represents
the baseline models on story/article generation, while the bottom blocks include ablations of our PLOTMA-
CHINES models.

ADAM. For generating with our models, we use nucleus sampling with repetition penalties (Holtzman

et al., 2020; Keskar et al., 2019) using p = 90 and θ = 1.5 for GPT and p = 70 and θ = 1.4 for GPT-2

(based on a hyperparameter sweep with validation data). We use a minimum sequence length of 100 bpe

tokens per paragraph and a maximum sequence length of 400, 922 bpe per paragraph for GPT and GPT-2,

respectively. We set n, the maximum number of outline tokens and memory dimensions to 100. We used

the out-of-the-box settings for Grover/Fusion/Plan-and-write from their respective papers and codebases.

3.6.2 Automatic Metrics

In this section, we evaluate performance using different automatic metrics. We compute ROUGE scores

(Lin, 2004) and self-BLEU (Zhu et al., 2018) to follow guidelines from previous work (Shen et al., 2019;

Zhu et al., 2018) showing that a low self-BLEU score together with a large ROUGE score can demonstrate

a model’s ability to generate realistic-looking as well as diverse generations. While these automatic metrics

have limitations and are not enough on their own to evaluate modeling effectiveness, we use them as an

initial investigation before delving into human-based evaluations.

Coverage We compute ROUGE (Lin, 2004) scores with respect to the gold document (Table 3.2).

Results show that the full PLOTMACHINES achieves comparable or higher ROUGE scores on all three

datasets. Both PLOTMACHINES variants (using GPT or GPT-2 as a base) achieve significant improvement

over GROVER (even though GROVER includes more layers and parameters than the model using GPT).

Ablations In the bottom block of Table 3.2, we compare performance of ablated versions of PLOTMA-
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Wikiplots Writing Prompts NY Times
Model AvgL B-2 B-3 B-4 B-5 AvgL B-2 B-3 B-4 B-5 AvgL B-2 B-3 B-4 B-5
Gold Test 330 .74 .50 .29 .15 661 .82 .61 .40 .25 315 .73 .50 .32 .21
Fusion 191 .84 .71 .58 .48 197 .93 .85 .75 .65 171 .89 .80 .70 .60
GPT 909 .77 .47 .25 .11 799 .73 .40 .19 .08 739 .68 .36 .27 .08
GPT-2 910 .60 .26 .10 .03 799 .74 .41 .19 .08 756 .69 .36 .17 .08
GROVER 835 .72 .49 .48 .37 997 .88 .72 .52 .34 719 .79 .57 .38 .25
PLOTMACHINES (GPT) 682 .77 .58 .40 .27 850 .89 .81 .72 .63 537 .85 .69 .53 .40
PLOTMACHINES (GPT-2) 553 .56 .19 .07 .02 799 .83 .56 .30 .14 455 .79 .57 .37 .23

Table 3.3: Automatic Diversity: Average Length of the generated test documents (AvgL) and Self-BLEU n-gram
(B-n) scores on 1000 generated story samples from the test datasets of Wikiplots/WritingPrompts/NYTimes. We also
include the average length and self-BLEU scores of the gold test data. A lower self-BLEU score together with a large
ROUGE (see Table 3.2) score can justify the effectiveness of a model.

CHINES. First, we compare base GPT-2 with PM-NOMEM-NODISC, which differs by including preceding

context representations. We observe that PM-NOMEM-NODISC performs slightly better than GPT-2, em-

phasizing the importance of including context from the previous paragraph. Second, we investigate the im-

pact of discourse structure representations. We compare PM-NOMEM-NODISC, which omits the discourse

token, with PM-NOMEM, which uses the discourse token. As shown in Table 3.2, PM-NOMEM gener-

ally has higher ROUGE scores than PM-NOMEM-NODISC, indicating that the discourse representation is

beneficial to the model. Lastly, we compare PM-NOMEM with the full PLOTMACHINES to determine the

effects of having a memory component. The full model with memory has large improvements in ROUGE

scores over PM-NOMEM, underscoring the importance of the plot state tracking in this task.

Diversity We evaluate the diversity of generated paragraphs from our models using Self-BLEU scores (Zhu

et al., 2018). In Table 3.3, we report the self-BLEU scores (Zhu et al., 2018) along with the average length

of each generated story. Using all the generated documents from a model, we take one generated document

as hypothesis and the others as reference, and calculate BLEU score for every generated document, and

define the average BLEU score to be the self-BLEU of the model. A lower self-BLEU score together with

a large ROUGE score can justify the effectiveness of a model (Shen et al., 2019; Zhu et al., 2018), i.e.,

being able to generate realistic-looking as well as diverse generations across the selected test documents.

For example, the Fusion model achieved relatively high ROUGE scores, but it has generally poor diversity

scores (much higher self-BLEU than all the other models in Table 3.3). On closer examination, it seems that

this model may be achieving high performance in the overlap-based ROUGE scores by producing text that

is more repetitive and generic. In contrast, PLOTMACHINES generally achieves good performance on both
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Exact  
match

Partial  
match

# paragraphs mentioning each outline point
0 1 2 3 4

GOLD 
Fusion
GPT
PM-NoMem
PlotMachines
Grover

Figure 3.3: Number of paragraphs that mention each outline point. In contrast to base GPT and Fusion,
the PLOTMACHINES model with memory has better coverage of outline points, more similarly to the gold
document. GROVER, meanwhile, tends to repeat outline points in more paragraphs (even significantly more
than the gold reference).

ROUGE and diversity scores, with self-BLEU scores that are lower than most other models. Notably, they

often have more similar self-BLEU scores to the actual gold stories, indicating that the language diversity is

more similar to what humans write.

3.6.3 N-gram Based Outline Usage Analysis

We perform additional quantitative analysis to see how many times outline points are included across an

entire document. For fifty stories in the Wikiplots validation set, we compute how many paragraphs mention

each outline point using exact matching or partial matching (in which > 20% of the n-grams in the outline

point also appear in the paragraph). We report the results in Figure 3.3.

Notably, GROVER tends to repeat outline points several times (about twice as much as the actual gold

paragraphs). Similar observations have been made about large pre-trained language models in See et al.

(2019) that the models could be used to follow story prompts very closely but often copied too much com-

pared to human writing.

In contrast, the Fusion model tends to leave out portions of the outline. This may reflect the way Fusion

was originally designed – for use with a task using more abstract prompts as input. The GPT and PM-
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NOMEM models, while more inclusive than Fusion, are also likely to exclude outline points. Our full PM

model is generally more inclusive and more similar to the gold reference than the other models. The gold

story mentions each outline point in around one paragraph on average, indicating that there is an ideal

balance between the more conservative coverage achieved by our model and the over-repetitive coverage of

GROVER.

3.6.4 Human Evaluations

Due to limitations of automatic metrics (Liu et al., 2016), we conduct two human studies to further explore

how generated stories compare along three dimensions: outline utilization, narrative flow, and ordering. We

ask three people7 to rate each generation or pair of generations.

In the first experiment, we run a small study where humans rate pairs of stories for 20 randomly sampled

stories per pair of models. We ask them detailed questions about how the two stories compare across the

three dimensions. To scale up to a larger study, we run a second experiment asking humans to rate much

shorter story excerpts for 100 randomly sampled test set stories per model. In these experiments, we use

stories and excerpts from the Wikiplots test set.
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Figure 3.4: Head-to-head comparison of PLOTMA-
CHINES vs. two other models for full stories.

Full Story Ratings

In this task, we give human raters a pair of stories

generated from the same outlines and ask them to

choose which one is better in different categories

related to outline utilization, narrative flow, and or-

dering. In Figure 3.4, we show how often PLOT-

MACHINES was selected over the other two models

(values above 50% indicate that PLOTMACHINES

was preferred). PLOTMACHINES was selected over

base GPT in all of the categories, demonstrating

that the memory and discourse features are vitally

7using Amazon Mechanical Turk.
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important to improving the base model. Although

humans rated GROVER as using the outline more, this may be a side-effect of our findings in Sec. 3.6.3 that

GROVER tends to over-repeat key points (twice as much as gold). PLOTMACHINES is ranked higher in all

of the questions about narrative flow and ordering.

Excerpt Ratings

Outline Utilization

Model A Model B % Prefer Model A

Random Paragraph

PLOTMACHINES GPT 72%

PLOTMACHINES GROVER 49%

Closest Paragraph

PLOTMACHINES GPT 83%

PLOTMACHINES GROVER 54%

Table 3.4: Humans judge which of two paragraphs
better utilize the outlines (when shown either random
paragraphs or the paragraphs most similar to the out-
line).

Outline Usage We give raters two paragraphs

each generated by different models and ask them to

select which is utilizing the outline better. We per-

form two trials, one with random paragraphs from

each story and one with the paragraph from each

story that has the most n-gram overlap with the out-

line (i.e. the closest).

Results in Table 3.4 show that humans may se-

lect PLOTMACHINES and GROVER comparably in

both set-ups but may have a slight preference to-

wards PLOTMACHINES when looking at the “clos-

est” paragraph from both models. In both set-ups,

humans say that paragraphs from PLOTMACHINES use the outline better than the base GPT model.

Model
Narrative Flow Order

Rep(↓) Tran(↑) Rel(↑) Acc(↑)

GPT 1.39 1.89 2.06 42

GROVER 1.78 3.00 3.29 62

PM 1.64 3.02 3.39 59

Table 3.5: Human evaluations of paragraph excerpts
from GPT, GROVER and PLOTMACHINES (PM) out-
puts.

Narrative Flow In this task, we give raters a gen-

erated paragraph (with the previous paragraph as

context). They are asked to rate on a Likert from 1-5

scale how much the paragraph: (1) repeats content

from the previous paragraph, (2) transitions natu-

rally from the previous paragraph, and (3) stays rel-

evant (on-topic) throughout the paragraph.

In the left side of Table 3.5, we show the aver-

age ratings of each model. Base GPT is the least repetitive between paragraph. However, this may be caused
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by generating unrelated content from one paragraph to the next, as corroborated by the low subscores of the

transitions and relevance. The model rated most repetitive is GROVER, mirroring observations about the

repetitive nature of that model in how it uses key points, discussed in Sec. 3.6.3. The transitions between

two paragraphs are rated similarly highly between GROVER and PLOTMACHINES models. However, PLOT-

MACHINES tends to achieve highest relevancy within paragraphs.

Ordering We give raters a pair of consecutive generated paragraphs in a random order and ask them order

the paragraphs. We compute the accuracy of the majority vote compared to the actual order in the right

side of Table 3.5. Human accuracy for PLOTMACHINES models are approaching 60% accuracy and are

significantly better than the base GPT. GROVER is easiest for humans to re-order (62%). This result differs

slightly from the full story analysis where the humans preferred PLOTMACHINES over GROVER in all of

the ordering-based questions. One possible explanation is that GROVER, which decodes the entire document

token-by-token (rather than decoding each paragraph recurrently) may be better at resolving problems like

coreference between paragraphs. This makes it easier for humans to re-order short excerpts even though they

generally prefer the overall narrative order of PLOTMACHINES due to it having better beginnings, endings,

etc. (as indicated in our full story human study).

3.6.5 Qualitative Analysis

To verify the learned discourse structure, we show examples of introduction and conclusion paragraphs

generated by PLOTMACHINES (Table 3.6). For example, the model often starts stories by setting the scene

(e.g. “In the early 1950s, a nuclear weapons testing continues ....”) and often ends with a definitive closing

action (e.g. “... the film ends with humperdinck and buttercup riding off into the sunset.”). This indicates

that the model is learning the appropriate discourse associated with different types of paragraphs.

3.7 Summary

In this chapter, we discuss plot dynamics in narratives. We present outline-conditioned story generation, a

new task for generating stories from outlines containing key plot elements. We facilitate training for this task

by constructing three datasets with outlines for multi-paragraph stories. In order to better incorporate plot
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Paragraph type Paragraph
intro in the early 1950s, a nuclear weapons testing continues at an underwater hydrogen bomb test site. sci-

entists are concerned that it may be too dangerous to detonate without being detected by radar and
radiation detectors. government sends paleontologist kyohei yamane ( kim kap ) to investigate. he is
killed when his boat explodes while on shore patrol. as evidence describes damage consistent with sab-
otage of oil rigs, they conclude there must have been more than one way inside the facility. meanwhile,
military research has discovered a deep underwater natural habitat alongside others where water can not
be mined for life - saving purposes.

intro the novel is set in a post - apocalyptic future where earth almost uninhabitable, with only one habitable
planet for habitation and an intersolar system police force ( rf ) to maintain order. the story begins when
" cowboy bebop ", who has been living on his homeworld of nepal since he was 12 years old, returns
from space after being stranded by a comet that destroyed most of the interstellar civilization. he finds
himself at home as well as friends among other characters.

conclusion humperdinck arranges for buttercup to get married to a powerful don juan carlos, who is rumored to be
able to control the entire province. humperdinck secretly orders rugen to kidnap buttercup and bring her
to him. rugen succeeds in kidnapping buttercup, but humperdinck kidnaps her anyway. buttercup man-
ages to free herself and flee with humperdinck, but is captured by manuela, who accuses humperdinck
of trying to keep her prisoner. humperdinck swears revenge on manuela and his henchmen, and rescues
buttercup just in time. the pair head north to santa fe, where humperdinck uses his magic powers to heal
buttercup ’s wounds. the couple settle in a small cabin owned by mrs mccluskey, who introduces but-
tercup to mr smith, a blacksmith. humperdinck ’s plan backfires when mr smith is attacked by apache
indians, and humperdinck saves him. the film ends with humperdinck and buttercup riding off into the
sunset .

conclusion stevens and angel eyes sneak into the church hall and steal a bible. stevens opens the book and reads
passages from psalms 118 to 350 bc. stevens closes the book and hands it to angel eyes. angel eyes then
places stevens ’ hand atop the cross and prepares to strike. stevens grabs hold of angel eyes and begs
him to reconsider. stevens pleads with angel eyes to listen to reason. angel eyes makes stevens tell him
why he left the confederacy. stevens tells him that he was betrayed by his mother and sister and that he
needs redemption. stevens then lies and tells angel eyes that he ca n’t forgive him. stevens then walks
away. angel eyes watches him disappear into the night .

Table 3.6: Example introduction and conclusion paragraph generations from PLOTMACHINES using
Wikiplots validation set.

elements, we create PLOTMACHINES which generates paragraphs using a high-level discourse structure

and a dynamic plot memory that keeps track of the outline and story. Quantitative analysis shows that

PLOTMACHINES is effective in composing tighter narratives based on outlines compared to competitive

baselines.
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Chapter 4

Investigating Writer’s Intent with

Connotation Frames

People often convey implicit messages about social relationships through word choice and phrasing. Being

able to understand the underlying connotation of a piece of text is an integral part of understanding the

implicit intent of the writer. In this chapter, we formalize a set of connotation frames based on predicate

word choice. More concretely, the connotation frame of a particular verb predicate defines various implied

relationships towards its semantic arguments. We annotate a set of a thousand verb predicates for nine

types of relations conferred to the agent and theme of the verb. We also demonstrate that using connotation

frames could have applications for tasks requiring nuanced understanding of text. As an example, we show

that large-scale connotative analysis of news text can be used to automatically reveal implied partisan stance

towards specific political issues. This chapter includes work originally published in Rashkin et al. (2016).

4.1 Introduction

People commonly express their opinions through subtle and nuanced language (Thomas et al., 2006; So-

masundaran and Wiebe, 2010). Often, through seemingly objective statements, the writer can influence the

readers’ judgments toward an event and its participants. Even by choosing a particular predicate, the writer

can indicate rich connotative information about the entities that are interacting. For example, through a
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Writer: “Agent violates theme.”
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Figure 4.1: An example connotation frame of “violate” as a set of typed relations: perspective P(x → y), effect
E(x), value V(x), and mental state S(x).

simple statement such as “x violated y”, the writer can convey:

(1) writer’s perspective: the writer is portraying x as an “antagonist” and y as a “victim”, eliciting negative

perspective from readers toward x (i.e., blaming x) and positive perspective toward y (supportive or

sympathetic to y).

(2) entities’ perspective: y most likely feels negatively toward x as a result of being violated.

(3) effect: something bad happened to y.

(4) value: y is something valuable, since it does not make sense to violate something worthless. In other

words, the writer is presupposing y’s positive value as a fact.

(5) mental state: y is most likely unhappy about the outcome.1

Even though the writer might not explicitly state any of the interpretations [1-5] above, the readers will

be able interpret these intentions as a part of their comprehension. In this chapter, we present an empirical

study of how to represent and induce the connotative interpretations that can be drawn from a verb predicate,

as illustrated above.
1To be more precise, y is most likely in a negative mental state assuming it is an entity that can have a mental state.
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We introduce connotation frames as a representation framework to organize the rich dimensions of the

implied sentiment and presupposed facts. Figure 4.1 shows an example of a connotation frame for the

predicate violate. We define four different typed relations: P(x → y) for perspective of x towards y, E(x)

for effect on x, V(x) for value of x, and S(x) for mental state of x. These relationships can all be either

positive (+), neutral (=), or negative (-).

The work outlined in this chapter is novel in its investigation of frames as a representation formalism

for connotative meanings. This contrasts with previous computational studies and resource development

for frame semantics, where the primary focus was almost exclusively on denotational meanings of lan-

guage (Baker et al., 1998; Palmer et al., 2005). However, our formalism draws inspiration from these earlier

works in that we investigate the connection between a word and relevant associations from world knowl-

edge (Fillmore, 1976), which is essential for the readers to interpret many layers of the implied sentiment

and presupposed value judgments.

We also build upon the extensive amount of literature in sentiment analysis (Pang and Lee, 2008; Liu

and Zhang, 2012), especially the recent efforts in implied sentiment analysis (Feng et al., 2013; Greene and

Resnik, 2009), entity-entity sentiment inference (Wiebe and Deng, 2014), opinion role induction (Wiegand

and Ruppenhofer, 2015), and effect analysis (Choi and Wiebe, 2014). However, we are the first to organize

aspects of the connotative information into coherent frames.

To facilitate further study in connotation frames, we introduce a new formalism, model, and annotated

dataset for studying the connotation frames from large-scale natural language data and statistics. We also

discuss data-driven insights into the dynamics among different typed relations within each frame. Finally,

we include an analysis of stance described in news text to show one potential use of connotation frames.

4.2 Related Work

Most prior work on sentiment lexicons focused on the overall polarity of words without taking into account

their semantic arguments (Wilson et al., 2005; Baccianella et al., 2010; Wiebe et al., 2005; Velikovich et al.,

2010; Kaji and Kitsuregawa, 2007; Kamps et al., 2004; Takamura et al., 2005; Adreevskaia and Bergler,

2006). Several recent studies explore more specific and nuanced aspects of sentiment such as connota-

tion (Feng et al., 2013), good and bad effects (Choi and Wiebe, 2014), and evoked sentiment (Mohammad
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and Turney, 2010). Another related line of work is the study of near-synonyms that also investigates the

intention of a word choice with distinction between similar words (Edmonds and Hirst, 2002). Drawing in-

spirations from them, we present connotation frames as a unifying representation framework to encode the

rich dimensions of implied sentiment, presupposed value judgements, and effect evaluation, and propose a

factor graph formulation that captures the interplay among different types of connotation relations.

Goyal et al. (2010a,b) investigated how characters (protagonists, villains, victims) in children’s stories

are affected by certain predicates, which is related to the effect relations encoded in connotation frames.

While Klenner et al. (2014) similarly investigated the relation between the polarity of the verbs and ar-

guments, our work introduces new perspective types and proposes a unified representation and inference

model. Wiegand and Ruppenhofer (2015) also looked at perspective-based relationships induced by verb

predicates with a focus on opinion roles. Building on this concept, our framework also incorporates infor-

mation about the perspectives’ polarities as well as information about other typed relations. There have been

growing interests for modeling framing (Greene and Resnik, 2009; Hasan and Ng, 2013), biased language

(Recasens et al., 2013) and ideology detection (Yano et al., 2010). All these tasks are relatively less studied,

and we hope our connotation frame lexicon will be useful for them.

Sentiment inference rules have been explored by Wiebe and Deng (2014) and Deng and Wiebe (2014).

The focus of their work was on general inference rules that are not predicate-specific. In contrast, our work

focuses on the notion that connotative polarities can be determined directly from the predicate, rather than

partial knowledge of the arguments or the context in which it is being used. In brief, we make a novel

conceptual connection between inferred sentiments and frame semantics, organized as connotation frames,

and present a unified model that integrates different aspects of the connotation frames.

Finally, in a broader sense, what we study as connotation frames draws a connection to schema and script

theory (Schank and Abelson, 1975). Unlike prior work that focused on directly observable actions (Cham-

bers and Jurafsky, 2009; Frermann et al., 2014; Bethard et al., 2008), we focus on implied sentiments that

are framed by predicate verbs.
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Verb Subset of Typed Relations Example Sentences L/R

suffer P(w → agent) = +
P(w → theme) = −
P(agent→ theme) = −

E(agent) = −
V(agent) = +
S(agent) = −

The story begins in Illinois in 1987, when a 17-
year-old girl suffered a botched abortion.

R

guard P(w → agent) = +
P(w → theme) = +
P(agent→ theme) = +

E(theme) = +
V(theme) = +
S(theme) = +

In August, marshals guarded 25 clinics in 18
cities.

L

uphold P(w → theme) = +
P(agent→ theme) = +

E(theme) = +
V(theme) = +

A hearing is scheduled to make a decision on
whether to uphold the clinic’s suspension.

R

Table 4.1: Example typed relations (perspective P(x → y), effect E(x), value V(x), and mental state S(x)), where
w denotes the writer. Not all typed relations are shown due to space constraints. The example sentences demonstrate
the usage of the predicates in left [L] or right [R] leaning news sources.

Verb x’s role P(w→ ·) Left-leaning Sources Right-leaning Sources

accuse
agent - Putin, Progressives, Limbaugh, Gingrich activist, U.S., protestor, Chavez
theme + official, rival, administration, leader Romney, Iran, Gingrich, regime

attack
agent - McCain, Trump, Limbaugh Obama, campaign, Biden, Israel
theme + Gingrich, Obama, policy citizen, Zimmerman

criticize
agent - Ugandans, rival, Romney, Tyson Britain, passage, Obama, Maddow
theme + Obama, Allen, Cameron, Congress Pelosi, Romey, GOP, Republicans

Table 4.2: Media Bias in Connotation Frames: Obama, for example, is portrayed as someone who attacks or criticizes
others by the right-leaning sources, whereas the left-leaning sources portray Obama as the victim of harsh acts like
“attack” and “criticize”.

4.3 Connotation Frame

Given a predicate v, we define a connotation frame F(v) as a collection of typed relations and their polarity

assignments: (i) perspective Pv(xi → xj): whether the predicate v implies directed sentiment from the

entity xi to the entity xj , (ii) value Vv(xi): whether xi is presupposed to be valuable by the predicate v, (iii)

effect Ev(xi): whether the event denoted by the predicate v is good or bad for the entity xi, and (iv) mental

state Sv(xi): the likely mental state of the entity xi as a result of the event. We assume that each typed

relation can have one of the three connotative polarities ∈ {+,−,=}, i.e., positive, negative, or neutral. Our

goal is to focus on the general connotation of the predicate considered out of context. Future work may look

into contextual interpretation of connotation as well.

Table 4.1 shows examples of connotation frame relations for the verbs suffer, guard, and uphold, along

with example sentences. For instance, for the verb suffer, the writer is likely to have a positive perspective

towards the agent (e.g., being supportive or sympathetic toward the “17-year-old girl” in the example shown
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on the right) and a negative perspective towards the theme (e.g., being negative towards ‘botched abortion”).

4.3.1 Data-driven Motivation

Since the meaning of language is ultimately contextual, the exact connotation will vary depending on the

context of each utterance. Nonetheless, there still are common shifts or biases in the connotative polarities,

as we see in data-driven analyses.

First, we looked at words from the Subjectivity Lexicon (Wilson et al., 2005) that are used in the ar-

gument positions of a small selection of predicates in Google Syntactic N-grams (Goldberg and Orwant,

2013). For this analysis, we assumed that the agent is the word in the subject position while the theme is the

word in the object position. We found 64% of the words in the agent role of suffer are positive, and 94% of

the words in the theme role are negative, which is consistent with the polarities of the writer’s perspective

towards these arguments, as shown in Table 4.1. For guard, 57% of the agents and 76% of the themes are

positive, and in the case of uphold, 56% of the agents and 72% of the themes are positive.

We also investigated how media bias can potentially be analyzed through connotation frames. From the

Stream Corpus 2014 dataset (KBA, 2014), we selected all articles from news outlets with known political

biases,2 and compared how they use certain verbs such as “accuse”, “attack”, and “criticize” differently.

We see how the usages compares in light of the P(w → agent) and P(w → theme) relations of the

connotation frames. Table 4.2 shows interesting contrasts. Obama, for example, is frequently portrayed as

someone who attacks or criticizes others according to the right-leaning sources, whereas the left-leaning

sources portray Obama as the victim of harsh acts like “attack” or “criticize”.3 Furthermore, by knowing the

perspective relationships P(w → xi) associated with a predicate, we can make predictions about how the

left-leaning and right-leaning sources feel about specific people or issues. For example, because left-leaning

sources frequently use McCain, Trump, and Limbaugh in the agent position of “attack”, we might predict

that these sources are less likely to be sympathetic towards these entities.

2The articles come from 30 news sources indicated by others as exhibiting liberal or conservative leanings (Mitchell et al., 2014;
Center for Media and Democracy, 2013, 2012; HWC Library, 2011)

3This may mean that even when describing similar events, right and left-learning sources might choose slightly different word-
ings to support their portrayal of Obama.
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Perspective Triad: If argument xi is positive towards xj , and xj is positive towards xk, then we expect xi is also
positive towards xk. Similar dynamics hold for the negative case.

Pw→xi = ¬ (Pw→xj ⊕ Pxi→xj )

Perspective – Effect: If a predicate has a positive effect on one argument, then we expect that the interaction between
the arguments was positive. Similar dynamics hold for the negative case.

Exi = Pxj→xi

Perspective – Value: If argument xi is presupposed as valuable, then we expect that the writer also views xi positively.
Similar dynamics hold for the negative case.

Vxi = Pw→xi

Effect – Mental State: If the predicate has a positive effect on an argument xi, then we expect that xi will gain a
positive mental state. Similar dynamics hold for the negative case.

Sxi = Exi

Table 4.3: Potential Dynamics among Typed Relations: we propose models that parameterize these dynamics using
log-linear models (frame-level model in §3).

4.3.2 Dynamics Between Typed Relations

Given a predicate, the polarity assignments of typed relations are interdependent. For example, if the writer

feels positively towards the agent but negatively towards the theme, then it is likely that the agent and the

theme do not feel positively towards each other. This insight is related to types of implicature investigated

in Wiebe and Deng (2014), but differs in that the polarities are predicate-specific and do not rely on knowl-

edge of prior sentiment towards the arguments, themselves. This and other possible interdependencies are

summarized in Table 4.3. These interdependencies serve as general guidelines of what properties we expect

to depend on one another, especially in the case where the polarities are non-neutral. We will promote these

internal consistencies in our factor graph model (§4.4) as soft constraints.

There also exist other interdependencies that we use to simplify our task. First, the directed sentiments

between the agent and the theme are likely to be reciprocal, or at least do not directly conflict with + and

− simultaneously. This intuition follows from a notion of balance derived by social theory (Heider, 1946).

Therefore, we assume that P(xi → xj) = P(xj → xi) = P(xi ↔ xj), and we only measure for these

binary relationships going in one direction. In addition, we assume the predicted4 perspective from the

reader r to an argument, P(r → x), is likely to be the same as the implied perspective from the writer w to

the same argument, P(w → x). So, we only try to learn the perspective of the writer.

For simplicity, our work only explores verb predicates and focuses on the polarities involving the agent

and the theme roles, which we will refer to as a and t. We assume that these roles are correlated to the

4Surely different readers can and will form varying opinions after reading the same text. Here we concern with the most likely
perspective of the general audience, as a result of reading the text.
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Node Meaning
Perspective of 
Writer towards 

the Agent
Effect on the 

Agent

Value of the 
Agent

Mental State 
of the Agent

Figure 4.2: A factor graph for predicting the polarities of the typed relations that define a connotation frame for a
given verb predicate. The factor graph also includes unary factors (ψemb), which we left out for brevity.

subject and object positions.

4.4 Modeling Connotation Frames

Our task is essentially that of lexicon induction (Akkaya et al., 2009; Feng et al., 2013) in that we want to

predict the connotation frames of previously unseen verbs. For each verb predicate, we infer a connotation

frame composed of 9 relationship aspects that represent: perspective {P(w → t), P(w → a), P(a → t)},

effect {E(t), E(a)}, value {V(t), V(a)}, and mental state {S(t), S(a)} polarities, where w, a, t denote the

writer, the agent, and the theme, respectively.

We propose two models: an aspect-level model that makes the prediction for each typed relation inde-

pendently based on the distributional representation of the context in which the predicate commonly appears

(§4.4.1), and a frame-level model that makes the prediction over the connotation frame collectively in con-

sideration of the dynamics between typed relations (§4.4.2).

4.4.1 Aspect-Level

Our aspect-level model predicts labels for each of these typed relations separately. As input, we use the

300-dimensional dependency-based word embeddings from Levy and Goldberg (2014). For each aspect,

there is a separate MaxEnt (maximum entropy) classifier used to predict the label of that aspect on a given

word-embedding, which is treated as a 300 dimensional input vector to the classifier. The MaxEnt classifiers
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learn their weights using LBFGS on the training data examples with re-weighting of samples to maximize

for the best average F1 score.

4.4.2 Frame-Level

Next we present a factor graph model (Figure 4.2) of the connotation frames that parameterizes the dynamics

between typed relations. Specifically, for each verb predicate, the factor graph contains 9 nodes representing

the different aspects of the connotation frame involving the writer (w), the agent (a), and the theme (t). All

these variables take polarity values from the set {−,=,+}.

We define Yi := {Pwt,Pwa,Pat, Et, Ea,Vt,Va,St,Sa} as the set of relational aspects for the ith verb

predicate. The factor graph for Yi, is illustrated in Figure 4.2, and we describe the factor potentials, ψ, in

detail in the rest of this section. The probability of an assignment of polarities to the nodes in Yi is:

P (Yi) ∝ ψPV(Pwa,Va) ψPV(Pwt,Vt)

ψPE(Pat, Ea) ψPE(Pat, Et)

ψES(Ea,Sa) ψES(Et,St)

ψPT(Pwt,Pwa,Pat)
∏
y∈Yi

ψemb(y)

Embedding Factors We include unary factors on all nodes to represent the results of the aspect-level

classifier. Incorporating this knowledge as factors, as opposed to fixing the variables as observed, affords us

the flexibility of representing noise in the labels as soft evidence. The potential function ψemb is a log-linear

function of a feature vector f, which is a one-hot feature vector representing the polarity of a node (+,−,or

=) according to the aspect-level prediction. For example, with the node representing the value of the theme

(Vt):

ψemb(Vt) = eθVt ·f(Vt)

The potential ψemb is defined similarly for the remaining eight nodes.

Weights θ are learned in a piecewise likelihood manner (Sutton and McCallum, 2009) for each factor
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independently using stochastic gradient descent (SGD) over the training data.

Interdependency Factors We include interdependency factors to promote the properties defined by the

dynamics between relations (§4.3.2). The potentials for Perspective Triad, Perspective-Value, Perspective-

Effect, and Effect-State Relationships (ψPT , ψPV , ψPE, ψES respectively) are all defined using log-linear

functions of one-hot feature vectors that encode the combination of polarities of the neighboring nodes.

Thus the potential ψPT is:

ψPT(Pwt,Pwa,Pat) = eθPT ·f(Pwt,Pwa,Pat)

And we define the potentials for ψPV , ψPE, and ψES for nodes pertaining to the agent as:

ψPV(Pwa,Va) = eθPV,a·f(Pwa,Va)

ψPE(Pat, Ea) = eθPE,a·f(Pat,Ea)

ψES(Ea,Sa) = eθES,a·f(Ea,Sa)

and we define the potentials for the theme nodes similarly. As with the unary seed factors, weights θ are

learned using SGD over training data.

Belief Propagation We use belief propagation to induce the connotation frames of previously unseen

verbs. In the belief propagation algorithm, messages are iteratively passed between the nodes to their neigh-

boring factors. Each message µ, containing a scalar for each value x ∈ {−,=,+}, is defined from each

node v to a neighboring factor f as follows:

µv→f (x) ∝
∏

f∗∈N(v)\a

µf∗→v(x)

and from each factor a to a neighboring node v as:

µf→v ∝
∑

x′,x′v=x

ψ(x′)
∏

v∗∈N(f)\v

µv∗→f (x′v∗)
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Our factor graph does not contain any loops, so we are able to perform exact inference by choosing a root

node and performing message passing from the leaves to the root and back to the leaves. At the conclusion of

message passing, the probability of a specific polarity associated with node v being equal to x is proportional

to
∏
f∈N(v) µf→v(x).

4.5 Experiments

We first describe crowd-sourced annotations (§4.5.1), then present the empirical results of predicting con-

notation frames (§4.5.2), and conclude with qualitative analysis of a large corpus (§4.5.3).

4.5.1 Data and Crowdsourcing

In order to understand how humans interpret connotation frames, we designed an Amazon Mechanical Turk

(AMT) annotation study. We gathered a set of transitive verbs commonly used in the New York Times

corpus (Sandhaus, 2008), selecting the 2400 verbs that are used more than 200 times in the corpus. Of

these, AMT workers annotated the 1000 most frequently used verbs.

Annotation Design In a pilot annotation experiment, we found that annotators have difficulty thinking

about subtle connotative polarities when shown predicates without any context. Therefore, we designed

the AMT task to provide a generic context as follows. We first split each verb predicate into 5 separate

tasks that each gave workers a different generic sentence using the verb. To create generic sentences, we

used Google Syntactic N-grams (Goldberg and Orwant, 2013) to come up with a frequently seen Subject-

Verb-Object tuple which served as a simple three-word sentence with generic arguments.5 For each of the

5 sentences, we asked 3 annotators to answer questions like “How do you think the agent feels about the

event described in this sentence?” In total, each verb has 15 annotations aggregated over 5 different generic

sentences containing the verb.

In order to help the annotators, some of the questions also allowed annotators to choose sentiment using

additional classes for “positive or neutral” or “negative or neutral” for when they were less confident but

still felt like a sentiment might exist. When taking inter-annotator agreement, we count “positive or neutral”

5Because Google Syntactic N-grams only provide dependency types and do not provide semantic roles, we approximate the
agent and theme as the subject and the object respectively.
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as agreeing with either “positive” or “neutral” classes.

Aspect
% Agreement Distribution

Strict NC % + % -

P(w → t) 75.6 95.6 36.6 4.6

P(w → a) 76.1 95.5 47.1 7.9

P(a→ t) 70.4 91.9 45.8 5.0

E(t) 52.3 94.6 50.3 20.24

E(a) 53.5 96.5 45.1 4.7

V(t) 65.2 - 78.64 2.7

V(a) 71.9 - 90.32 1.4

S(t) 79.9 98.0 12.8 14.5

S(a) 70.4 92.5 50.72 8.6

Table 4.4: Label Statistics: % Agreement refers to
pairwise inter-annotator agreement. The strict agree-
ment counts agreement over 3 classes (“positive or
neutral” was counted as agreeing with either + or
neutral), while non-conflicting (NC) agreement also
allows agreements between neutral and -/+ (no direct
conflicts). Distribution shows the final class distribu-
tion of -/+ labels created by averaging annotations.

Annotator agreement Table 4.4 shows agreements and

data statistics. The non-conflicting (NC) agreement only

counts opposite polarities as disagreement.6 From this

study, we can see that non-expert annotators are able to

see these sort of relationships based on their understand-

ing of how language is used. From the NC agreement,

we see that annotators do not frequently choose com-

pletely opposite polarities, indicating that even when they

disagree, their disagreements are based on the degree of

connotations rather than the polarity itself. The average

Krippendorff alpha for all of the questions posed to the

workers is 0.25, indicating stronger than random agree-

ment. Considering the subtlety of the implicit sentiments

that we are asking them to annotate, it is reasonable that

some annotators will pick up on more nuances than oth-

ers. Overall, the percent agreement is encouraging that

the connotative relationships are visible to human anno-

tators.

Aggregating Annotations We aggregated over crowdsourced labels (fifteen annotations per verb) to create

a polarity label for each aspect of a verb.7

Final distributions of the aggregated labels are included in the right-hand columns of Table 4.4. Notably,

the distributions are skewed toward positive and neutral labels. The most skewed connotation frame aspect is

the value V(x) which tends to be positive, especially for the agent argument. This makes some intuitive sense

since, as the agent actively causes the predicate event to occur, they most likely have some intrinsic potential

to be valuable. An example of a verb where the agent was labelled with negative value is “contaminate”.

6Annotators were asked yes/no questions related to Value, so this does not have a corresponding NC agreement score.
7We take the average to obtain scalar value between [−1., 1.] for each aspect of a verb’s connotation frame. For simplicity, we

cutoff the ranges of negative, neutral and positive polarities as [−1,−0.25), [−0.25, 0.25] and (0.25, 1], respectively.
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Aspect Algorithm Acc. Avg F1 Aspect Algorithm Acc. Avg F1

P(w → t)

Majority 56.52 24.07

V(t)

Majority 79.60 29.55
Graph Prop 59.53 50.20 Graph Prop 71.91 35.10
3-nn 62.88 47.93 3-nn 76.25 39.09
Aspect-Level 67.56 56.18 Aspect-Level 75.92 45.45
Frame-Level 67.56 56.18 Frame-Level 76.25 48.13

P(w → a)

Majority 49.83 22.17

V(a)

Majority 89.30 31.45
Graph Prop 52.84 42.93 Graph Prop 84.62 38.82
3-nn 55.18 45.88 3-nn 85.62 38.45
Aspect-Level 60.54 60.72 Aspect-Level 87.96 48.06
Frame-Level 61.87 63.07 Frame-Level 87.96 48.06

P(a→ t)

Majority 49.83 22.17

S(t)

Majority 71.91 27.89
Graph Prop 52.17 46.57 Graph Prop 69.90 55.57
3-nn 56.52 52.94 3-nn 72.91 59.26
Aspect-Level 63.21 61.70 Aspect-Level 81.61 72.85
Frame-Level 63.88 62.56 Frame-Level 81.61 72.85

E(t)

Majority 48.83 21.87

S(a)

Majority 50.84 22.47
Graph Prop 54.85 51.40 Graph Prop 48.83 35.40
3-nn 55.18 51.53 3-nn 54.85 45.51
Aspect-Level 64.21 63.63 Aspect-Level 61.54 53.88
Frame-Level 65.22 64.67 Frame-Level 61.54 53.88

E(a)

Majority 49.83 22.17
Graph Prop 52.17 35.56
3-nn 54.85 42.63
Aspect-Level 62.54 53.82
Frame-Level 63.88 56.81

Table 4.5: Detailed breakdown of results on the development set using accuracy and average F1 over the
three class labels (+,-,=).

In the most generic case, the writer is using “contaminate” to frame the agent as being worthless (and even

harmful) with regards to the other event participants. For example, in the sentence “his touch contaminated

the food,” it is clear that the writer presupposes “his touch” to be of negative value in how it impacts the rest

of the event.

4.5.2 Connotation Frame Prediction

Using the crowdsourced labels, we randomly divide the annotated verbs into training, dev, and held-out test

sets of equal size (300 verbs each). For evaluation we measure average accuracy and F1 score of induced

labels for the 9 different connotation frame relationship types for which we have annotations: P(w → t),

P(w → a), P(a→ t), V(t), V(a), E(t), E(a), S(t), and S(a), where w refers to the writer, a to the agent,

and t to the theme.
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Baselines To show the non-trivial challenge of learning Connotation Frames, we include a simple majority-

class baselines. The MAJORITY classifier assigns each of the 9 relationships the label of the majority of

that relationship type found in the training data. Some of these relationships (in particular, the Value of

agent/theme) have skewed distributions, so we expect this classifier to achieve a much higher accuracy than

random but a much lower overall F1 score.

Additionally, we add a GRAPH PROP baseline that is comparable to algorithms like graph propagation

or label propagation which are often used for (sentiment) lexicon induction (Velikovich et al., 2010). We

use a factor graph with nodes representing the polarity of each typed relation for each verb. Binary factors

connect nodes representing a particular type of relation for two similar verbs (e.g. P(w → t) for verbs

persuade and convince). These binary factors have hand-tuned potentials that are proportional to the cosine

similarity of the verbs’ embeddings, encouraging similar verbs to have the same polarity for the various

relational aspects. We use words in the training data as the seed set and use loopy belief propagation to

propagate polarities from known nodes to the unknown relationships.

Finally, we use a 3-NEAREST NEIGHBOR baseline that labels relationships for a verb based on the

predicate’s 300-dimensional word embedding representation, using the same embeddings as in our aspect-

level. 3-NEAREST NEIGHBOR labels each verb using the polarities of the three closest verbs found in the

training set. The most similar verbs are determined using the cosine similarity between word embeddings.

Algorithm Acc. Avg F1

Graph Prop 58.81 41.46

3-nn 63.71 47.30

Aspect-Level 67.93 53.17

Frame-Level 68.26 53.50

Table 4.6: Performance on the test set.
Results are averaged over the different as-
pects.

Results As shown in Table 4.5, aspect-level and frame-level

models consistently outperform all three baselines — MAJOR-

ITY, 3-NN, GRAPH PROP in the development set across the

different types of relationships. In particular, the improved F1

scores show that these models are able to perform better across

all three classes of labels even in the most skewed cases. The

frame-level model also frequently improves the F1 scores of

the labels from what they were in the aspect-level model. The

summarized comparison of the classifiers’ performance test set

is shown in Table 4.6. As with the development set, aspect-

level and frame-level are both able to outperform the baselines. Furthermore, the frame-level formulation is
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(a) θP(a→t) (b) θPT , P(w → t): −

(c) θPT , P(w → t): = (d) θPT , P(w → t): +

Figure 4.3: Learned weights, θ, of embedding factor for the perspective of agent to theme (4.3a) and the weights the
perspective triad (PT) factor (4.3b-4.3d). Lighter shades are for weights that are more positive, whereas dark blue is
more negative.

able to make improvement over the results of the aspect-level classification, indicating that the modelling of

inter-dependencies between relationships did help correct some of the mistakes made.

One point of interest about the frame-level results is whether the learned weights over the consistency

factors match our initial intuitions about inter-dependencies between relationships. The weights learned in

our algorithm can tell us the degree to which these inter-dependencies are actually found in the annotated

data.

We show the heat maps for some of the learned weights in Figure 4.3. In 4.3a, we show the weights of

one of the embedding factors, and how the node’s polarities are more strongly weighted when they match

the aspect-level output. In the rest of the figure, we show the weights for the other perspective relationships

when P(w → t) is negative (4.3b), neutral (4.3c), and positive (4.3d), respectively. Based on the expected

interdependencies, when P(w → t) : −, the model should favor P(w → a) 6= P(a → t) and when

P(w → t) : +, the model should favor P(w → a) = P(a → t). Our model does, in fact, learn a similar

trend, with slightly higher weights along these two diagonals in the maps 4.3b and 4.3d. Interestingly, when

P(w → t) is neutral, weights slightly prefer for the other two perspectives to resemble one another, but with

highest weights being when other perspectives are also neutral.
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Figure 4.4: Average sentiment of Democrats and Republicans (as agents) to selected nouns (as their themes), aggre-
gated over a large corpus using the learned lexicon (§4.5.2). The line indicates identical sentiments, i.e. Republicans
are more positive towards the nouns that are above the line.

4.5.3 Analysis of a Large News Corpus

Using the connotation frame, we present measured implied sentiment in online journalism.

Data From the Stream Corpus (KBA, 2014), we select 70 million news articles. We extract subject-verb-

object relations for this subset using the direct dependencies between noun phrases and verbs as identified

by the BBN Serif system, obtaining 1.2 billion unique tuples of the form (url,subject,verb,object,count). We

also extract tuples from news articles from the Annotated English Gigaword Corpus (Napoles et al., 2012),

which contains nearly 10 million articles, resulting in an additional 120 million unique tuples.
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Estimating Entity Polarities Using connotation frames, we can also measure entity-to-entity sentiment

at a large scale. Figure 4.4, for example, presents the polarity of entities “Democrats” and “Republicans”

towards a selected set of nouns, by computing the average estimated P(a → t) polarity (using our frame-

level output) over triples where one of these entities appears as part of the phrase in the agent role (e.g.

“Democrats” or “Republican party”). There are some nouns towards which both entities are positive (“busi-

ness”, “constitution”) or negative (“the allegations”,“veto threat”). However, we can also see interesting

examples in which Democrats feel more positively (below the line: “nancy pelosi”, “unions”, “gun control”,

etc.) and ones where Republicans feel more positive (“the pipeline”, “gop leadership”, “budget cuts”, etc.).

Also, both entities are neutral towards “idea” and “the proposal”, which probably owes to the fact that ideas

or proposals can be good or bad for either entity depending on the context.

4.6 Summary

We present a novel formalism of connotative frames that define a set of implied sentiment and presupposed

facts for a predicate. We also empirically explore different methods of inducing and modelling these conno-

tation frames, incorporating the interplay between relations within frames. Our work suggests new research

avenues for using connotation frames in tasks that require deeper understanding of social and political dis-

course. In future work, connotation frames could be used to detect writer’s perspective and extrapolate a

more complex understanding of the intent of a given article. By having more insights about the connotation

of a piece of text, we may be able to automatically detect persuasive language, biased text, or misleading

information.
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Chapter 5

Generating Empathetic Dialogue Responses

In this chapter, we explore social reasoning about a speaker in the specific task of open-domain dialogue.

For humans, typical conversations involve reasoning about our conversation partner and their mental state.

When someone shares a personal story, we know how to reply in a way that acknowledges that person’s

feelings. This is a crucial communicative skill when interacting with others, but it is not built into most

typical dialogue systems. We discuss a new task for evaluating how well state-of-the-art dialogue models

can perform at empathetic response generation. We also present a new conversation dataset and show that

this data can be used to train dialogue models. We find that models trained with this data are judged to

be more empathetic by human raters. This chapter is based on work originally published in Rashkin et al.

(2019).

5.1 Introduction

We explore reasoning over a single entity’s mental state, such as when talking to a conversation partner. One

desirable trait in a dialogue agent is to appropriately respond when an interlocutor is describing personal

experiences, by understanding and acknowledging any implied feelings — a skill we refer to as empathetic

responding. For instance, when the conversation partner shares a personal story like “I finally got promoted

today”, it would be natural to say something that acknowledges their accomplishment like “Congrats! That’s

great!”.

Previous work indicates that this may be an important component for human interactions, showing, for
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Label: Afraid
Situation: Speaker felt this when...
“I’ve been hearing noises around the house at night”
Conversation:
Speaker: I’ve been hearing some strange noises around
the house at night.
Listener: oh no! That’s scary! What do you think it is?
Speaker: I don’t know, that’s what’s making me anxious.
Listener: I’m sorry to hear that. I wish I could help you
figure it out

Label: Proud
Situation: Speaker felt this when...
“I finally got that promotion at work! I have tried
so hard for so long to get it!”
Conversation:
Speaker: I finally got promoted today at work!
Listener: Congrats! That’s great!
Speaker: Thank you! I’ve been trying to get it for
a while now!
Listener: That is quite an accomplishment and
you should be proud!

Figure 5.1: Two examples from EMPATHETICDIALOGUES training set. The first crowdsource worker (the
speaker) is given an emotion label and writes their own description of a situation when they’ve felt that way.
Then, the speaker tells their story in a conversation with a second worker (the listener).

example, that humans are often more efficient when engaging in social talk with each other (Wentzel, 1997;

Levinson et al., 2000; Bickmore and Cassell, 2001; Kim et al., 2004; Fraser et al., 2018) and that people may

attempt to engage automated systems in a similarly social way (Reeves and Nass, 1996; Lee et al., 2010). In

more applied settings, such as call centers for customer or health services, it is important to have dialogue

agents that are able to respond empathetically for better callers’ experiences (Clark et al., 2013).

To facilitate evaluation of a model’s ability to produce empathetic responses, we introduce a new task for

dialogue systems to respond to people discussing situations that cover a wide range of emotions, and EM-

PATHETICDIALOGUES (ED), a novel dataset with about 25k personal dialogues. Each dialogue is grounded

in a specific situation where a speaker was feeling a given emotion, with a listener responding (as in Fig-

ure 5.1). This dataset is larger and contains a more extensive set of emotions than many similar emotion

prediction datasets from other text domains, such as Scherer and Wallbott (1994), Strapparava and Mihalcea

(2007), Mohammad et al. (2018), and Gupta et al. (2017).

Our experiments show that commonly used conversation models trained on internet conversation data

are not rated as very empathetic. We propose two simple ways to leverage our dataset to improve those

models: use utterances from our training data as candidate responses in a retrieval model at inference time,

and fine-tune the model on our task. Finally, we explore whether different ways of combining information

from external predictors can lead to more empathetic responses.

78



5.2 Related Work

Emotion Prediction There is a wide breadth of research in emotion classification tasks (Duppada et al.,

2018; Park et al., 2018; Xu et al., 2018b; Mohammad et al., 2018) that build on deep networks pretrained

on large-scale weakly-labelled data such as emojis (Felbo et al., 2017) or hashtags (Mohammad, 2012),

gathered from public social media content published on Twitter. The SEMEVAL2019 EmoContext challenge

also uses conversation data for detection of three basic emotions (‘happy’, ‘sad’, and ‘angry’) over two turns

of context from Twitter exchanges (Gupta et al., 2017). We focus on personal conversations rather than

using social media data to be closer to a context of a one-on-one conversation.

Another interesting resource is the DAILYDIALOG (DD) dataset (Li et al., 2017), which comprises

about 13k dialogues obtained by crawling educational websites intended for learners of English and also

has emotion label annotations. Many of the dialogues are focused on topics for ESL learners (ordering from

a restaurant, asking for directions, introductions, etc), but only ≈ 5% of the utterances have a label other

than “none” or “happy”. Our task focuses explicitly on conversations about emotionally grounded personal

situations, and considers a richer, evenly distributed set of emotions. We also introduce an explicit single

listener in the conversation who is reacting to the situation being described in an empathetic way, to make

the setting as close as possible to our desired goal of a one-on-one empathetic conversation.

Controllable Language Generation Several other works have focused on controlling the emotional con-

tent of a text response either through a manually specified target (Zhou and Wang, 2018; Zhou et al., 2018b;

Wang and Wan, 2018; Hu et al., 2017) or through a general term to encourage higher levels of affect (Asghar

et al., 2018) or politeness (Niu and Bansal, 2018), with evaluations focused on matching a predetermined

desired emotion. Similar to our work, some of these investigations (Huang et al., 2018) have focused on

generating dialogue utterances for a specific emotion that is chosen manually. Our work focuses on empa-

thetic responses that are appropriate to signals inferred purely from text rather than conveying a pre-specified

emotion.

5.3 Talking about Personal Situations

79



Emotion Most-used 
speaker words

Most-used 
listener words

Surprised got,shocked,really that's,good,nice
Excited going,wait,i'm that's,fun,like
Angry mad,someone,got oh,would,that's
Proud got,happy,really that's,great,good
Sad really,away,get sorry,oh,hear

Annoyed get,work,really that's,oh,get
Grateful really,thankful,i'm that's,good,nice
Lonely alone,friends,i'm i'm,sorry,that's
Afraid scared,i'm,night oh,scary,that's

Terrified scared,night,i'm oh,that's,would
Guilty bad,feel,felt oh,that's,feel

Impressed really,good,got that's,good,like
Disgusted gross,really,saw oh,that's,would

Hopeful i'm,get,really hope,good,that's
Confident going,i'm,really good,that's,great

Furious mad,car,someone oh,that's,get
Anxious i'm,nervous,going oh,good,hope

Anticipating wait,i'm,going sounds,good,hope
Joyful happy,got,i'm that's,good,great

Nostalgic old,back,really good,like,time
Disappointed get,really,work oh,that's,sorry

Prepared ready,i'm,going good,that's,like
Jealous friend,got,get get,that's,oh
Content i'm,life,happy good,that's,great

Devastated got,really,sad sorry,oh,hear
Embarrassed day,work,got oh,that's,i'm

Caring care,really,taking that's,good,nice
Sentimental old,really,time that's,oh,like

Trusting friend,trust,know good,that's,like
Ashamed feel,bad,felt oh,that's,i'm

Apprehensive i'm,nervous,really oh,good,well
Faithful i'm,would,years good,that's,like 1.9%

2.4%
2.5%
2.6%
2.7%
2.7%
2.9%
2.9%
2.9%
3%
3%
3.1%
3.1%
3.1%
3.1%
3.1%
3.1%
3.2%
3.2%
3.2%
3.2%
3.2%
3.2%
3.2%
3.3%
3.3%
3.4%
3.4%
3.5%
3.6%
3.8%

5.1%

Training set 
emotion distrib

Figure 5.2: Distribution of conversation labels within
training set and top 3 content words used by speak-
er/listener per category.

We consider an open-domain one-on-one conversa-

tional setting where two people are discussing a sit-

uation that happened to one of them, related to a

given feeling. We collect around 25k conversations

using the following format.

Emotional Situation Grounding Each conversa-

tion is grounded in a situation, which one partici-

pant writes about based on a given emotion label.

We consider 32 emotion labels, listed in Figure 5.2,

which we chose by aggregating labels from sev-

eral emotion prediction datasets (Scherer and Wall-

bott, 1994; Strapparava and Mihalcea, 2007; Skerry

and Saxe, 2015; Li et al., 2017; Mohammad, 2012).

These emotion labels cover a broad range of posi-

tive and negative emotions. Our goal in providing a

single emotion label is to have a situation strongly

related to (at least) one particular emotional experi-

ence, though we note that some emotions may be very closely related and additional related emotions may

be invoked in a given conversation.

Speaker and Listener The person who wrote the situation description (Speaker) initiates a conversation to

talk about it. The other conversation participant (Listener) is not given information about the prompt. Rather

they must learn about the underlying situation naturally through the conversation with the Speaker. Each

conversation lasts for at least four dialogue turns and at most eight. We include two example conversations

from the training data in Figure 5.1. The models discussed below are tested in the role of Listener responding

to the Speaker. Neither the situation description written by the Speaker nor the emotion label is given to the

models (just as they were not given to the Listener during dialogue collection). For future work, our data

could also be used to generate conversations for the Speaker conditioned on the situation description as an

80



investigation of how people discuss personal stories.

Collection Details We collected crowdsourced dialogues using the ParlAI platform (Miller et al., 2017)

to interact with Amazon Mechanical Turk (MTurk), hiring 810 US workers. A pair of workers are asked

to (i) select an emotion word each and describe a situation when they felt that way, and to (ii) have a

conversation about each of the situations, as outlined below. Each worker had to contribute at least one

situation description and one pair of conversations: one as Speaker about the situation they contributed, and

one as Listener about the situation contributed by another worker. They were allowed to participate in as

many hits as they wanted for the first ∼10k conversations, then we limited the more “frequently active”

workers to a maximum of 100 conversations. The median number of conversations per worker was 8,

while the average was 61 (some workers were more active contributors than others). To ensure quality, we

manually checked random subsets of conversations by our most-frequent workers.

Task Set-up In the first stage of the task, workers are asked to describe in a few sentences a situation based

on a feeling label. We ask the workers to try to keep these descriptions between 1-3 sentences. In the second

stage, two workers are paired and asked to have two short chats with each other. In each chat, one worker

(Speaker) starts a conversation about the situation they previously described, and the other worker (Listener)

responds. Neither can see what the other worker was given as emotion label or the situation description they

submitted, so they must respond to each other’s stories based solely on cues within the conversation. Each

conversation is allowed to be 4-8 utterances long (the average is 4.31 utterances per conversation). The

average utterance length was 15.2 words long.

EMPATHETICDIALOGUES Dataset Statistics The resulting dataset comprises 24,850 conversations about

a situation description, gathered from 810 different participants. We split the conversations into approx-

imately 80% train, 10% validation, and 10% test partitions. To prevent overlap of discussed situations

between partitions, we split the data so that all sets of conversations with the same speaker providing the

initial situation description would be in the same partition. The final train/val/test split was 19533 / 2770 /

2547 conversations, respectively. As shown in Figure 5.2, the distribution of emotion label prompts is close

to evenly distributed, with a few that are selected slightly more/less often.
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5.4 Empathetic Response Generation

This section shows how ED can be used as a benchmark to gauge the ability of a model to respond in an

empathetic way, and as a training resource to make generic chitchat models more empathetic. We also

examine different ways existing models can be combined to produce more empathetic responses. We use

ED dialogues to train and evaluate models in the task of generating conversation responses in the Listener

role. To emulate a normal conversation, the model has access to previous utterances in the dialogue, but

not to the emotion word prompt (e.g., “proud”), nor to the situation description generated by the Speaker.

Given a dialogue context x of n previous conversation utterances concatenated and tokenized as x1, · · · , xm,

followed by a target response ȳ, our models are trained to maximize the likelihood p(ȳ|x) of producing the

target response. We investigate two common settings for dialogue agents: generation-based and retrieval-

based (Lowe et al., 2016) as described in Figure 5.3.

5.4.1 Base Architecture

y* = argmax hx ⋅ hy

x1 x2 . . .x1 x2 . . . y1 y2 . . .
</s> y1 y2 . . .

p(ȳ |x)

hyhx

Context 
Encoder

Context 
Encoder

Candidate 
 Encoder

Transformer 
Decoder

Generation ArchitectureRetrieval Architecture

Figure 5.3: Dialogue generation architectures used in
our experiments. The context of concatenated previ-
ous utterances is tokenized into x1, x2, · · · , and en-
coded into vector hx by the context encoder. Left: In
the retrieval set-up, each candidate y is tokenized into
y1, y2, · · · and encoded into vector hy by the candi-
date encoder. The system outputs the candidate y∗ that
maximizes dot product hx · hy. Right: In the genera-
tion set-up, the encoded context hx is used as input to
the decoder to generate start symbol </s> and tokens
y1, y2, · · · . The model is trained to minimize the neg-
ative log-likelihood of target sequence ȳ conditioned
on context.

We base our models on Transformer networks

(Vaswani et al., 2017), which have proven success-

ful in machine translation and dialogue generation

tasks (Zhang et al., 2018; Mazare et al., 2018).

Retrieval-based In the retrieval-based set-up, the

model is given a large set Y of candidate responses

and picks the “best” one, y∗. We first experiment

with the retrieval Transformer-based architecture

from Yang et al. (2018): two Transformer encoders

separately embedding the context, x, and candi-

dates, y ∈ Y , as hx and hy, respectively. We also

experiment with BERT (Devlin et al., 2018) as a

base architecture to encode candidates and contexts,

using the final hidden vector from BERT as the hx
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or hy encodings. Models in the retrieval set-up choose a candidate utterance according to a softmax on the

dot product: hx ·hy. We minimize the negative log-likelihood of selecting the correct candidate. At training

time, we use all of the utterances from the batch as candidates, with a large batch size of 512 to give the

model more negative examples (except for BERT for which a batch size of 256 was used). At inference

time, we experiment with two sets of candidate utterances for the model to choose from: all of the response

utterances in the ED training set (Y ED) and a million utterances from a dump of 1.7 billion Reddit (R)

conversations (Y R).

Generation In the generation set-up, we use the full Transformer architecture (Vaswani et al., 2017),

consisting of an encoder and a decoder. The Transformer decoder uses the encoder output to predict a

sequence of words y, and is trained to minimize the negative log-likelihood of the target sequence ȳ. At

inference time, we use diverse beam search from Vijayakumar et al. (2016).

Training Details Models are pretrained on predicting replies from a dump of 1.7 billion Reddit conversa-

tions, starting either from scratch for the Transformer architectures, or from the BERTbase model released

by Devlin et al. (2018) for the BERT-based architectures. Pretrained models without any fine-tuning on ED

will be referred to as “Pretrained” hereafter. We limit the maximum number of word tokens in the context

and response to be 100 each. The Transformer networks used in most experiments have the same base archi-

tecture (four layers and six transformer heads) and are trained the same way as in Mazare et al. (2018). For

all models, we keep the version that has the lowest loss on the validation set. For the Transformer models,

we use 300-d word embeddings pretrained on common-crawl data using fastText (Grave et al., 2018), and

for the BERT models, we use 768-d BPE embeddings as pretrained on BooksCorpus and English Wikipedia

(Devlin et al., 2018).

5.4.2 Leveraging the Training Data from ED

A retrieval-based model relies on candidates. ED data was explicitly collected with instructions to be em-

pathetic, in a one-on-one setting, which is not the case of the Reddit conversation data used for pretraining,

and these domain candidates may be better suited to empathetic responding than generic conversation ut-

terances. Thus, we experiment with incorporating ED training candidates into the pool used at inference
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time by pretrained retrieval-based models, with no fine-tuning on ED. For retrieval-based and generation

models, we also experiment with fine-tuning pretrained models to predict the next utterance over ED with

a context window of four previous utterances, which is the average length of a conversation in our dataset.

These models are referred to as “Fine-Tuned” models. This fine-tuning is conducted until convergence for

all architectures except those referred to as “Pretrained”.

5.4.3 Adding Information from External Predictors

Many existing models have been pretrained on supervised tasks that may be relevant to empathetic respond-

ing. We experiment with adding supervised information from two prediction tasks: emotion detection,

which is more closely relevant to our task, and topic detection, which may also be useful in crafting relevant

replies.

Pre-trained 
Emotion Classifier

embarrassed I slipped and…

I slipped and fell on my face

hw

Prepend-k

Encoder

Figure 5.4: Incorporating additional su-
pervised information, here from an emo-
tion classification task. An input sequence
(either a dialogue context or a candidate)
is run through a pre-trained classifier, and
the top output label is prepended to the se-
quence.

Prepending Top Predicted Labels This set-up (Fig. 5.4),

PREPEND, is a very simple way to add supervised information

to data, requires no architecture modification, and can be used

with black-box classifiers. The top predicted label from the

supervised classifier is merely prepended to the beginning of

the token sequence as encoder input, as below:

Original:“I finally got promoted!”

Prepend:“proud I finally got promoted!”

Similar methods have been used for controlling the style

of generated text (e.g. Niu and Bansal (2018)). Here, we use a

fastText model (Joulin et al., 2017) as prediction architecture.

Both the context and the candidates are run through the clas-

sifier and receive prepended labels. Fine-tuning is conducted

similarly as before, but using these modified inputs. We use

two external sources of information. To provide emotion signal, we train a classifier to predict the emotion

label from the description of the situation written by the Speaker before the dialogue for the training set

dialogues of ED (EMOPREPEND). To gauge whether supervision from a more distant task would still be
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Retrieval Retrieval w/ BERT Generation

Model
Candidate

Source
P@1,100

AVG
BLEU

P@1,100
AVG

BLEU
PPL

AVG
BLEU

Pretrained R - 4.10 - 4.26 27.96 5.01
ED 43.25 5.51 49.94 5.97 - -

Fine-Tuned ED 56.90 5.88 65.92 6.21 21.24 6.27
EmoPrepend ED 56.31 5.93 66.04 6.20 24.30 4.36
TopicPrepend ED 56.38 6.00 65.96 6.18 25.40 4.17

Table 5.1: Automatic evaluation metrics on the test set. Pretrained: model pretrained on a dump of
1.7 billion REDDIT conversations (4-layer Transformer architecture, except when specified BERT). Fine-
Tuned: model fine-tuned over the EMPATHETICDIALOGUES training data (Sec. 5.4.2). EmoPrepend, Topic-
Prepend: model incorporating supervised information from an external classifiers, as described in Sec. 5.4.3.
Candidates come from REDDIT (R), EMPATHETICDIALOGUES (ED), or DAILYDIALOG (DD). P@1,100:
precision retrieving the correct test candidate out of 100 test candidates. AVG BLEU: average of BLEU-1,-
2,-3,-4. PPL: perplexity. Bold: best performance for that architecture.

helpful, we also experiment with a classifier trained on the 20-Newsgroup dataset (Joachims, 1996), for

topic classification (TOPICPREPEND).

5.5 Experimental Evaluation

We evaluate the models on their ability to reproduce the Listener’s portion of the conversation (i.e. the

ability to react to someone else’s story). We use both automated metrics and human evaluation to score each

model’s retrievals/generations. Human evaluation is important, as automated metrics don’t always correlate

with human judgments of dialogue quality (Liu et al., 2016), but we provide automated metrics to give a

sense of how well they align with human judgment on this task.

Automated Metrics (Table 5.1) For both retrieval and generation systems, we compute BLEU scores (Pa-

pineni et al., 2002) for the model response, comparing against the gold label (the actual response), following

the practice of earlier work in dialogue generation (Wen et al., 2015; Li et al., 2016a,b). For the generation

systems, we additionally report perplexity of the actual gold response. For the retrieval-based systems, we

further compute p@1,100, the accuracy of the model at choosing the correct response out of a hundred

randomly selected examples in the test set. When we compute p@1,100, the actual response is included
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Model Candidate Empathy Relevance Fluency

Retrieval

Pre-trained R 2.82± 0.12 3.03± 0.13 4.14± 0.10
ED 3.45± 0.12 3.55± 0.13 4.47± 0.08

Fine-tuned ED 3.76± 0.11 3.76± 0.12 4.37± 0.09
EmoPrepend ED 3.44± 0.11 3.70± 0.11 4.40± 0.08
TopicPrepend ED 3.72± 0.12 3.91± 0.11 4.57± 0.07

Retrieval w/ BERT

Pre-trained R 3.06± 0.13 3.29± 0.13 4.20± 0.10
ED 3.43± 0.13 3.49± 0.14 4.37± 0.10

Fine-tuned ED 3.71± 0.12 3.76± 0.12 4.58± 0.06
EmoPrepend ED 3.93± 0.12 3.96± 0.13 4.54± 0.09
TopicPrepend ED 4.03± 0.10 3.98± 0.11 4.65± 0.07

Generation

Pre-trained – 2.31± 0.12 2.21± 0.11 3.89± 0.12
Fine-Tuned – 3.25± 0.12 3.33± 0.12 4.30± 0.09
EmoPrepend – 3.16± 0.12 3.19± 0.13 4.36± 0.09
TopicPrepend – 3.09± 0.13 3.12± 0.13 4.41± 0.08

Gold Response – – 4.19± 0.10 4.55± 0.07 4.68± 0.06

Table 5.2: Human ratings. Fine-tuning on ED and using ED candidates generally improves scores, espe-
cially on Empathy, with minimal retraining. Additional external supervision (Prepend) improves the Empa-
thy and Relevance scores for BERT-based models. Bold: best score for that group. Italics: reference model
for the group.

in the candidates, unlike inference from the retrieval systems for all other metrics, which only uses training

utterances as candidates.

Human Ratings (Table 5.2) We ran crowdsourcing tasks using MTurk. Participants were given a model’s

output for a randomly selected test set example and asked to score different aspects of the model. The rating

task provides a means of comparing aspects of responses, and we ask raters specifically about whether the

response is acknowledging the conversation partner’s feelings. We collected at least 100 ratings per model

and asked about three aspects of performance, all rated on a Likert scale (1: not at all, 3: somewhat, 5: very

much):

Empathy/Sympathy: did the responses show understanding of the feelings of the person talking about

their experience?

Relevance: did the responses seem appropriate to the conversation? Were they on-topic?

Fluency: could you understand the responses? Did the language seem accurate?
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Context Setup Model Cand Generated Response

Someone came
to my door
with a gun the
other day.

Gen Pretrained - I’m not sure if you’re joking or not.
Gen Fine-Tuned - Oh no! What did you do?
Gen EmoPrepend - Oh no! Did you have a weapon?
Gen TopicPrepend - I’m glad to hear that.

My son failed
his exams! Can
you believe it!
I don’t know
what to do!

Ret-BERT Pretrained R Hopefully his mistakes can help you
know what not to do on the tests.

Ret-BERT Pretrained ED Oh no! I ’ m so sorry! I hope you could
pull your grade up!

Ret-BERT Fine-Tuned ED Oh no! Did he not study?
Ret-BERT EmoPrepend ED Im sorry about that! Did your son start

school already?
Ret-BERT TopicPrepend ED Oh no! Does he have the option of tak-

ing it again?

Table 5.3: Examples of model responses. Shading is provided for better legibility.

5.6 Results

Pretrained Models Baseline Pretrained conversation models are rated poorly by humans for empathy

when the candidates are retrieved from Reddit utterances or when a generation model is used (Table 5.2).

Higher ratings with models based on BERT show that larger models may seem more empathetic, but still

remain far from human performance.

Using EMPATHETICDIALOGUES for Candidate Selection Table 5.1 shows that merely using the pool

of candidates from the training set of ED improves the BLEU scores of retrieval models. Using candidates

from our dataset also substantially improves the performance of pre-trained retrieval models on all human

metrics, particularly the Empathy subscore of most interest to us (Table 5.2).

Using EMPATHETICDIALOGUES for Fine-tuning Additionally, fine-tuning to predict conversation re-

sponses on our data improves all automated metrics (Table 5.1). While fine-tuning on ED data improves

performance on predicting the next ED utterance, this may come at the expense of performance when pre-

dicting next utterances in other corpora.
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P @1,100 BLEU

Model DD R DD R

Pretrained 39.04 58.95 6.65 1.43

Fine-Tuned 44.58 56.25 7.14 1.64

Table 5.4: Performance of the retrieval-based
pretrained model and retrieval-based models
fine-tuned on ED data for next utterance pre-
diction in other datasets, with both context and
candidates from the same dataset (R=Reddit,
DD=DailyDialog).

To investigate if this is a problem, we compared au-

tomatic metrics on next utterance prediction with pre-

trained models and models fine-tuned using ED data (for

our retrieval-based Transformer models) when predicting

on the original REDDIT data and DAILYDIALOG (draw-

ing both context and candidates from the corpus that we

test on) with results shown in Table 5.4. Fine-tuning on

ED leads to a performance increase on DAILYDIALOG in

both precision and BLEU. The slight decrease of perfor-

mance on precision of Reddit predictions is not surpris-

ing because the pre-trained model was trained directly using Reddit data. But, the consistent improvement

on DAILYDIALOG is an encouraging sign that improvements from fine-tuning on ED may generalize to

other conversation datasets. This is also encouraging because the style of conversations in DAILYDIALOG

(primarily one-on-one conversations about personal life written for ESL learners) is probably closer to the

personal conversations that our task is trying to capture (rather than social media styles of communicating

that are more likely to be found in Reddit).

In terms of human evaluations, fine-tuning on the ED data also generally improves human ratings on the

ED task, in both retrieval and generation set-ups (Table 5.2).

Augmenting Conversation Models with External Pretrained Classifiers Automated and human eval-

uations suggest that prepending emotion or topic predictions may boost perfomance of the BERT-based

models (but not the smaller models), with Empathy ratings close to approaching human performance. Our

results indicate that further investigation in techniques to add emotion or topic predictors may be a promising

direction for future research.

Resources and Capacity Table 5.5 quantifies resource and parameter usage for several models and set-

ups, including a larger Transformer generation model (5 layers instead of 4) and BERT-based architectures

with substantially more parameters that require longer training. Using ED candidates in pretrained retrieval

models, or fine-tuning pretrained conversation models on ED data makes smaller models perform better than
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Model Params, resources, train examples Emp Rel Fluent

Retrieval

Pretrained-R 84.3M, 2.5 days, 8GPUs, 1.7B 2.8 3.0 4.1
Pretrained-ED same , same, same 3.5 3.6 4.5
Fine-Tuned same , + 0.5 hour, 1 GPU, +22.3k 3.8 3.8 4.4
Pretrained-Bert-R 217M, 13.5 days, 8GPUs , 1.7B 3.1 3.3 4.2
Pretrained-Bert-ED same, same, same 3.4 3.5 4.4
Fine-Tuned-Bert same, +1hour, 8GPUs, +22.3k 3.7 3.8 4.6

Generation

Pretrained 85.1M, 2 days, 32 GPUs, 1.7B 2.3 2.2 3.9
Fine-Tuned same , +1 hour, 1 GPU, +22.3k 3.3 3.3 4.3
Pretrained-Large 86.2M, 2.5 days, 32 GPUs, 1.7B 2.8 3.0 4.0
Fine-Tuned-Large same , +0.5 hour, 1 GPU, +22.3k 3.6 3.6 4.5

Table 5.5: Training resources for different models, with human ratings for empathy (Emp), relevance (Rel)
and fluency (Fluent). Retrieval-based models use reply candidates from the ED training set (ED) or from
Reddit (R). Resource comparisons are relative to the first row of each group. Fine-tuning on ED improves
all scores (except for Fluency in one case) while requiring minimal additional training resources. SEM is
approximately 0.1

larger ones with minimal increase in resource usage.

5.7 Summary

We introduce a new dataset of 25k dialogues grounded in situations prompted by specific emotion labels.

Our experiments show that using this dataset to provide retrieval candidates or fine-tune conversation mod-

els leads to responses that are evaluated as more empathetic. Initial results on this dataset also indicate

that incorporating external knowledge, such as using external predictors of topic or emotion, may improve

slightly on this task. Future work can investigate other methods of incorporating external inferences. In-

sights from learning on this task may be useful in a variety of open-domain dialogue situations or even

in task-oriented dialogues where anticipating a interlocutor’s feelings might help lead to smoother, more

productive conversations.

89





Chapter 6

Conclusion

This dissertation investigates approaches for integrating social commonsense reasoning with NLP systems.

We present new focused tasks and resources for training machine learning models to learn implicit social

implications of text. We also explore new modelling frameworks for integrating social inferences towards

downstream NLP tasks such as story or dialogue generation.

First we investigated approaches for reasoning about social dynamics of narratives, looking at the rela-

tionships between characters and plot events. In Chapter 2, we described the Story Commonsense dataset,

a novel large-scale dataset with mental state annotations of characters in 15k stories. We created a complex

annotation pipeline which allowed us to collect motivation and emotion changes as both psychology cate-

gories and open-text explanations. We designed two tasks for predicting character’s mental state changes

and established baseline performance using commonly used NLP models.

Our results show that this is a challenging task for models. Error analysis indicates that one opportunity

for future work may involve including external knowledge resources to achieve higher performance, par-

ticularly in predicting rare classes. We also showed that context is extremely important to interpretation of

character mental state, indicating the need for robust context representations in this task.

We also explored models for tracking plot dynamics while generating stories (Chapter 3). We designed

a new task for story generation conditioned on an unordered outline of plot elements. This is a complex

task in which a model must interweave plot elements dynamically based on what it’s already written. We

presented PLOTMACHINES, a novel model for writing stories that uses plot state tracking and high-level
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discourse structure to write tighter stories based on outlines.

Next, we explored methods for making inferences about the mental state of the speaker or writer of a

natural language utterance. In Chapter 4, we introduced connotation frames, a new formalism for under-

standing the connotative relations conferred by a predicate to its arguments. We demonstrated that this type

of relation can be learned relatively well using computational methods. We also used the created lexicon for

large-scale news analysis of stance, as an example of one downstream application of connotative informa-

tion. The connotation frames lexicon could be extended for more holistic analysis of writer’s intent in text.

This could have many positive social applications such as creating interactive tools fro media literacy.

Finally, in Chapter 5, we discussed how social inferences about a speaker may be used in conversational

settings. We introduced the task of empathetic response generation, in which a dialogue agent must reply

appropriately to someone’s personal situation. We created EMPATHETICDIALOGUES, a new large scale

dataset of 25k conversations covering a diverse set of emotion labels. We explored how well state-of-the-art

dialogue models can be adapted to this task. We found that leveraging EMPATHETICDIALOGUES, we can

improve the quality of dialogue responses, with humans judging them to be empathetic. We also found

that including predictions from external classifiers of topic or emotion may have positive effects on model

performance, indicating one direction for future work.

6.1 Future Directions

There are still many different opportunities for future research in this area. The tasks described in this

dissertation have been shown to be challenging even for state-of-the-art models. There are also a myriad of

types of social inference tasks that are still unexplored. We conclude by discussing a few possible future

directions.

Modeling with external commonsense resources One possible avenue for future research is to find new

methods for including knowledge from external commonsense resources like CONCEPTNET (Speer et al.,

2017), ATOMIC (Sap et al., 2019a; Rashkin et al., 2018b), or COMET (Bosselut et al., 2019). This presents

a significant challenge because tuples from these resources are often abstract, generic, or out-of-context.

Further research is needed to discover the best way of combining this type of external information with
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additional context information in order to integrate with systems for downstream tasks. Integrating informa-

tion from resources like connotation frames (Chapter 4) may also be beneficial for downstream tasks such

as language modeling where we expect the connotation towards certain entities to be described consistently

across an entire document.

Modeling Character-centric Social Dynamics In Chapter 3, we presented a new transformer architecture

that tracks the states of plot elements from an outline. This architecture can be expanded on for a variety

of tasks. One future direction could be to create memory cells that are more character-focused with update

rules that are explicitly tied to changes in physical or mental state changes (such as those learned from

Chapter 2) that characters undergo throughout a story.

Positive Social Applications Research in this area could have far-reaching implications for designing

NLP systems that are able to collaborate with humans in a more productive and natural way. As discussed

in Chapter 5, using social commonsense reasoning could be beneficial for dialogue agents to produce more

engaging, empathetic, natural conversations. Another positive application of social commonsense reasoning

is in helping improve media literacy by creating models for more robust reasoning about writer’s intent.

Models that generate richer explanations of intent are highly relevant for automatically detecting linguistic

bias and subtle persuasive techniques, such as those present in unreliable news sources and propaganda.
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