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University of California Santa Cruz

Abstract

Modeling Key Narrative Elements for Story Understanding and Generation

Faeze Brahman

Narratives are central to how humans communicate, reason, and make sense of their
experiences. They are a rich source of day-to-day knowledge and contain many social
and moral norms. Therefore, narratives can be used to instill human-like communication,
commonsense knowledge, and reasoning capabilities in machines. Towards this goal,
Artificial Intelligence (AI) and Natural Language Processing (NLP) community, in
particular, have long been interested in understanding and generating narratives. While
understanding and generating narratives are natural for most people, it remains an
elusive goal for Al and NLP systems, in part because it requires an understanding of

key narrative elements and how they evolve and drive the story forward.

In this dissertation, we approach these challenges by designing new tasks as well as
resources specifically aimed toward advancing narrative understanding and generation
models. We propose to model and incorporate narrative elements that contribute to
a good story, such as plot, characters, and emotions. We also introduce new modeling
frameworks to incorporate user specifications in the form of narrative elements into the

generation process.

First, we model the plot of the story via user-provided cue phrases as a narrative
element in an interactive generation framework. We present two content-inducing
approaches based on the Transformer Network (Vaswani et al., 2017) for interactively
incorporating cue phrases when automatically generating stories. Next, we present
to model the evolution of emotions in neural story generation. We develop methods

to generate stories that adhere to desired emotion arcs. We specifically designed two



emotion-consistency rewards in a Reinforcement Learning framework to regularize
the story generation. We then study character(s) as narrative elements. We introduce
a new dataset, LiSCU, and tasks for assessing machines” understanding of characters
which is of utmost importance for understanding narratives. Lastly, we focus on entities
(and not just characters) as a narrative element. We propose a real-world application of
generating narratives about entities grounded in world knowledge. Towards this, we
present a new dataset ENTDEGEN, ranking-based generation models, and an evaluation

metric of factuality.
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Chapter 1

Introduction

Human life is narratively rooted.

Peter L. Berger

In addition to being the primary content of the media we consume daily, and hourly,
narratives play an integral role in human cognition. They are central to reasoning and
sense-making about everyday experiences (Anderson,2015) and allow us to communi-
cate, express emotions, share knowledge, and shape our perspective of the world (McKee,
2003)). For example, when presenting, people use narrative to support their points and
make their speeches more compelling. They provide examples or points of view in a way
that resonates with an audience. Listeners connect with stories emotionally, associating

their feelings with their learning.

By definition, a narrative is a series of related events in a cohesive and logical for-
mat (Prince}|{1973). Narratives are a rich source of day-to-day knowledge and contain
many social and moral norms, making them a great resource to instill human-like com-
munication, commonsense knowledge, and reasoning capabilities in machines. Towards
this goal, artificial intelligence (AI) and natural language processing (NLP) community,

in particular, have for long been interested in understanding, and generating narratives.

There are key narrative elements that contribute to a good story such as plot, characters,

emotions, goals etc. Understanding narratives requires understanding of characters beyond

1



named entities and reasoning about various aspects of characters such as roles, person-
alities, relationships, intents, consequences of actions, etc. (aka social commonsense
inferences) (Piper et al.,[2021). Automatically generating narratives requires composing
a causally related and logically coherent sequence of events involving characters, given
a topic and a set of specifications. To produce a coherent story, an Al system has to have
a lot of world and commonsense knowledge about the social dynamics of characters
and actions and causal relations within stories. When composing a story, human writers
start with a rough sketch of what key events and the main character(s) are involved. As
they unfold the story, they must keep track of these elements while weaving together
the characters, their actions and emotions, and events in a coherent and consistent way.
Despite the significance of explicitly modeling these narrative elements for understanding
and automatically generating stories, there are limited NLP tasks and algorithms focusing
on this topic.

This dissertation explores ways to model and incorporate key narrative elements for
understanding and generating stories. We design new controllable generation frame-
works to incorporate user specifications in the form of narrative elements into the
generation phase. We additionally introduce tasks and resources specifically aimed

towards advancing narrative understanding.

1.1 Dissertation Outline

One important narrative element is the plot. In Chapter [2, we develop an interactive
approach where a user provides the model with plot points in the form of cue phrases
describing actions, entities, or topic words. Cue phrases help the user inform the system
of what they want to happen next, thereby building the plot dynamically. To this end, we
propose content-inducing approaches built on top of Transformer networks (Vaswani
et al.,[2017) to fuse the general decoding and auxiliary cue phrase information through a
hierarchical attention mechanism. This human-computer collaboration is a step towards

building an AI agent that can communicate with and assist humans (e.g., writers,

2



learners with disabilities, and children) in a real-world situation and in an effective,

scalable way.

Apart from the plot, another key element that makes stories relatable and engaging
to readers is the evolution of emotions. Cognitive scientists have pinpointed the central role
of emotions in storytelling and human communication through conversation. Therefore,
in Chapter 3, we propose an emotion-aware story generation task to take into account
the emotional trajectory of the protagonist as a narrative element. Inspired by Prince’s
change-of-state formalization (Prince, 1973), we define an emotion arc describing the
protagonist’s starting, body, and ending emotional states throughout the story. To incor-
porate emotional states as controllable attributes, we designed two Emotion-Consistency
rewards to enforce the desired emotion arcs using Reinforcement Learning while pre-
serving content quality. This ensures the model to have a high-level understanding
of the protagonist’s emotional state through the course of the story while generating

coherent stories.

Characters are another principal narrative elements. Understanding and critically
analyzing characters is an important element of understanding a literary piece. Human
readers build a mental model of characters, understand what they look like, their role
in the literary piece, and assess their psychology, motivations, and consequences of
their behavior. However, building such a deep understanding of characters in narratives
is hard for machine reading systems. The ultimate goal of character comprehension
is to equip machines with these human abilities, which has practical applications in
developing story generation (Riedl and Young, [2010b)) and chatbot systems (Mairesse
and Walker, 2007; Zhang et al., 2018)). To bridge the gap between human and machine
character-centric narrative understanding, in Chapter 4}, we introduce a new dataset
containing about 9.5k literature summaries paired with descriptions of characters that
appear in them. Using this dataset, we propose tasks to investigate neural models” ability
to understand the narrative from the perspective of characters. More specifically, we
introduce a novel textual entailment task linking an anonymized character description

to the literature summaries. We also introduce character description generation, a more

3



challenging task requiring the model to analyze the literary piece from the character
perspective and then generate a coherent description about them. Performing human
assessments on the model outputs shows that there is still much room for improvement
on these tasks.

In Chapter 5, we expand fictional characters to a broader set of entities as narrative
elements. We focus on a real-world application of generating biographical stories about
entities grounded in world knowledge. To this end, we propose a grounded keys-to-text
generation framework, where the user controls the information content using factual and
topical guiding keys. We developed ranking-based models to fetch relevant information
from external knowledge sources and generate the story. To address this task, and assess
our model performance, we also present a new dataset, called ENTDEGEN, and a new
evaluation metric of factuality, called MAFE. While proposed ranking strategies proved
effective in providing relevant information, human evaluations showed that models still
struggle to achieve human-level factuality when generating longer text.

We conclude this thesis with summary of contributions and discussion on future

challenges and directions.



Chapter 2

Interactive Story Generation Via

Content-Inducing

This chapter discusses work originally published in Brahman et al. (2020).

In this chapter, we explored interactive story generation where we model the plot of
the story via user-provided cue phrases as a narrative element. We present two content-
inducing approaches based on the Transformer Network (Vaswani et al., 2017) for
interactively incorporating external knowledge when automatically generating stories.
Here, our external knowledge is in the form of cue phrases provided by the user, but

can readily be replaced with knowledge accessible through other means

2.1 Introduction

Automatic story generation requires composing a coherent and fluent passage of text
about a sequence of events. Prior studies on story generation mostly focused on symbolic
planning (Lebowitz, 1987; Pérez y Pérez and Sharples, [2001; Porteous and Cavazza,
2009; Riedl and Young, [2010a)) or case-based reasoning (Gervas et al.,2005) that heavily
relied on manual knowledge engineering.

Recent state-of-the-art methods for story generation (Martin et al., 2018; Clark et al.,

"For example, the user-provided cues can be replaced by the outputs of an automatic planner. Our
models are flexible enough to work in other setups.



Prompt |John walked into the kitchen. |

Cue phrase dark n

@ It was dark and cold.

@ He turned on the light switch. n
) B
\sz Butthen John smelled something burning.

checked the oven An\
@ He checked the oven to find the smell.

Figure 2.1: Interactive story generation: the user inputs the first sentence of the story
(prompt), and provides guiding cue phrases as the system generates the story one
sentence at a time.

2018a)) are based on sequence-to-sequence models (Sutskever et al.,2014) that generate

a story in one go. In this setting, the user has little control over the generated story.

On the other hand, when humans write, they incrementally edit and refine the text
they produce. Motivated by this, rather than generating the entire story at once, we
explore the problem of interactive story generation. In this setup, a user can provide
the model mid-level sentence abstractions in the form of cue phrases as the story is being
generated. Cue phrases enable the user to inform the system of what they want to
happen next in the story and have more control over what is being generated. To achieve
our goal, this chapter primarily focuses on approaches for smoothly and effectively
incorporating user-provided cues. The schematic in Figure 2.1|illustrates this scenario:
the system generates the story one sentence at a time, and the user guides the content of
the next sentence using cue phrases. We note that the generated sentences need to fit
the context, and also be semantically related to the provided cue phrase.

A fundamental advantage of using this framework as opposed to a fully automated
one is that it can provide an interactive interface for human users to incrementally su-
pervise the generation by giving signals to the model throughout the story generation
process. This human-computer collaboration can result in generating richer and person-

alized stories. In particular, this field of research can be used in addressing the literacy

6



needs of learners with disabilities and enabling children to explore creative writing at
an early age by crafting their own stories.

In this chapter, we present two content-inducing approaches based on the Trans-
former Network (Vaswani et al.,2017) for interactively incorporating external knowledge
when automatically generating stories. Here, our external knowledge is in the form of
cue phrases provided by the user to enable interaction, but can readily be replaced with
knowledge accessible through other mean Specifically, our models fuse information
from the story context and cue phrases through a hierarchical attention mechanism.
The first approach, Cued Writer, employs two independent encoders (for incorporating
context and cue phrases) and an additional attention component to capture the semantic
agreement between the cue phrase and output sentence. The second approach, Relevance
Cued Writer, additionally measures the relatedness between the context and cue phrase
through a context-cue multi-head unit. In both cases, we introduce different attention

units in a single end-to-end neural network.

2.2 Interactive Story Generation

We design models to generate a story one sentence at a time. Given the generated
context so far (as a sequence of tokens) X = {z1,...,zr}, and the cue phrase for the
next sentence ¢ = {cy, ..., ck }, our models generate the tokens of the next sentence of

the story Y = {y1, ..., yamr }. We train the models by minimizing the cross-entropy loss:

M

Ly == log P(y;| X,c,0) 1)
=1

Here, 0 refers to model parameters. Note that when generating the n-th sentence,
the model takes the first n — 1 sentences in the story as the context along with the
user-provided cue phrase.

In the rest of this section, we describe our two novel content-inducing approaches for

For example, the user-provided cues can be replaced by the outputs of an automatic planner. Our
models are flexible enough to work in other setups.
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Figure 2.2: Overall model architecture for Cued Writer and Relevance Cued Writer.

addressing the interactive story generation task: the Cued Writer, and the Relevance Cued
Writer. These models share an overall encoder-decoder based architecture shown in
Figure They adopt a dual encoding approach where two separate but architecturally
similar encoders are used for encoding the context (Context Encoder represented in the
green box) and the cue phrase (Cue Encoder represented in the purple box). Both these
encoders advise the Decoder (represented in the blue box), which in turn generates the
next sentence. The two proposed models use the same encoding mechanism (described

in §[2.2.1)) and differ only in their decoders (described in §[2.2.2)).

2.2.1 Encoder

Our models use the Transformer encoder introduced in (Vaswani et al.,2017)). Here, we
provide a generic description of the encoder architecture followed by the inputs to this
architecture for the Context and Cue Encoders in our models.

Each encoder layer [ contains architecturally identical Encoder Blocks, referred to
as EncBrock (with unique trainable parameters). Figure 2.3|(a) shows an Encoder
Block which consists of a Multi-Head attention and an FEN that applies the following

operations:



Encoder Block

Add & Norm

Feed-Forward

Add & Norm ]4

MultiHead Attention

i

[ Linear Projection ]

__________

——————————

MultiHead
_____________ Y
Q -1 4 query key value
(a) (b)

Figure 2.3: (a) Encoder Block consists of MultiHead and FEN. (b) MultiHead Attention.

(c) Attention Module.

6! = MULTTHEAD(h! 1)

o = LAYERNORM(d' + hl™1)

h' = FFN(o!)

h' = LAYERNORM(A! 4 o)

(2.2a)
(2.2b)
(2.20)

(2.2d)

Where MurtiHEAD represents Multi-Head Attention (described below), FEN is a

feed-forward neural network with ReLU activation (LeCun et al.,2015), and LayERNorm

is a layer normalization (Ba et al., 2016)).

Multi-Head Attention The multi-head attention, shown in Figure 2.3|(b), is similar

to that used in |Vaswani et al. (2017). It is made of multiple Attention heads, shown

in Figure 2.3(c). The Attention head has three types of inputs: the query sequence,

Q € R"a*% the key sequence, K € R™*dk and the value sequence, V' € R™ >k The

attention module takes each token in the query sequence and attends to tokens in the

key sequence using a scaled dot product. The score for each token in the key sequence
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is then multiplied by the corresponding value vector to form a weighted sum:

ATTN(Q, K, V) = softmax (%) 1 (2.3)

For each head, all Q), K, and V are passed through a head-specific projection prior to

the attention being computed. The output of a single head is:
H; = ATTN(QWZ, KWX vy (2.4)
Where W's are head-specific projections. Attention heads H; are then concatenated:
MULTIH(Q, K, V) = [Hy; ...; Hy,[W© (2.5)

W is an output projection. In the encoder, all query, key, and value come from the

previous layer and thus:
MULTIHEAD(h!"!) = MULTIH(A' 1, RI71 BITY) (2.6)

Encoder Input The Encoder Blocks described above form the constituent units of the
Context and Cue Encoders, which process the context and cue phrase respectively. Each
token in the context, x;, and cue phrase, c;, is assigned two kinds of embeddings: token
embeddings indicating the meaning and position embeddings indicating the position of
each token within the sequence. These two are summed to obtain individual input
vectors, X9, and ¢, which are then fed to the first layer of Context and Cue encoders,
respectively. Thereafter, new representations are constructed through layers of encoder

blocks:

X! = ENCBLOCK (X!, X!, X1 (2.7a)

¢t = ENCBLOCK(d, ¢, &) (2.7b)

where [ € [0, L — 1] denotes different layers.
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(a) Cued Writer (b) Rel. Cued Writer

Figure 2.4: Decoder architectures. X and c” are the outputs of the top-layers of the
Context and Cue encoders respectively, and K and V are the corresponding keys and
values.

2.2.2 Content-Inducing Decoders

Cued Writer The main intuition behind our first model, Cued Writer, is that since cue
phrases indicate users” expectations of what they want to see in the next sentence of
the story, they should be used by the model at the time of generation, i.e., in the decoder.

Below, we describe the Cued Writer decoder.

After processing the two types of inputs in the Context and Cue Encoders, the model
includes their final encoded representations (X’ and c”) in the decoder. The decoder
consists of L layers with architecturally identical Decoder Blocks. Each Decoder Block
contains Enc-Dec MultiHead and the Cue MultiHead units (see Figure 2.4(a)),
which let the decoder in focus on the relevant parts of the context and the cue phrase,

respectively.

Given Y as the word-level embedding for the output, our Decoder Block is formu-

lated as:
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Y;jl} = MULTIH(Y!, Y'Y (2.8a)

Yl = MULTIH(Y 1, X5, XF) (2.8b)
Yol = MULTIH(Y [}, ¥, ) (2.8¢)

Eqn. is standard self-attention, which measures the intra-sentence agreement
for the output sentence and corresponds to the Mult iHead unit shown in Figure[2.4{(a).
Eqn. @, describing the Enc-Dec MultiHead unit, measures the agreement between
context and output sentence, where queries come from the decoder Multi-Head unit
(Yserf), and the keys and values come from the top layer of the context encoder (X1).
Similarly, Eqn. captures the agreement between output sentence and cue phrase

through Cue MultiHead unit.

Lastly, we adapt a gating mechanism (Sriram et al.,2017)) to integrate the semantic

representations from both Y. and Y,,.q and pass the resulting output to FFN function:

gt = oMY iYL (2.9a)
Vit = Wa(g" o Y YY) (2.9b)
Y = FEN(YE (2.9¢)

the representation from Y., and Y,,.q are concatenated to learn gates, g. The gated
hidden layers are combined by concatenation and followed by a linear projection with

the weight matrix W5.

Relevance Cued Writer The decoder of Cued Writer described above captures the relat-
edness of the context and the cue phrase to the generated sentence but does not study the
relatedness or relevance of the cue phrase to the context. We incorporate this relevance
in the decoder of our next model, Relevance Cued Writer. Its Decoder Block (shown
in Figure[2.4|(b)) is similar to that of Cued Writer except for two additional units: the

Context-Cue and Relevance MultiHead units. The intuition behind the Context-Cue
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MultiHead unit (Eqn. is to characterize the relevance between the context and
the cue phrase, so as to highlight the effect of words in the cue phrase that are more
relevant to the context thereby promoting topicality and fluency. This relevance is then

provided to the decoder using the Relevance MultiHead unit (Eqn.[2.10b):

X! = MULTIH(X ", &, cb) (2.10a)
Y &4 = MULTIH(Yj;, X8, X, 01 (2.10b)

We fuse the information from all three sources using a gating mechanism and pass the

result to FFN:
gt = oAy YR v 2.11a)
YL = Wa(g o Vit YL VIR (2.11b)
Y = FEN(Y,E (2.11c)

Finally, for both models, a linear transformation and a Softmax function (shown
in Figure is applied to convert the output produced by the stack of decoders to

predicted next-token probabilities:
P(yily<i, X, ¢, 0) = softmax(Y;*W,) (2.12)

where P(y;ly<i, X, ¢, 0) is the likelihood of generating y; given the preceding text (y;),

context and cue, and W), is the token embedding matrix.

2.3 Empirical Evaluation

2.3.1 Dataset

We used the ROCStories corpus (Mostatazadeh et al., 2016) for our experiments. It
contains 98, 161 five-sentence long stories. This corpus has a rich set of causal/temporal

sequence of everyday events. We held out 10% of stories for each validation and test set.
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2.3.2 Baselines

SeQ2SEQ Our first baseline is based on a LSTM sentence-to-sentence generator with
attention (Bahdanau et al.,2015). We concatenate context and cue phrase with a delimiter
token (<$>) before passing it to the encoder.

Dynamic This is the Dynamic model proposed by [Yao et al. (2019) modified to work
in our setting. For a fair comparison, instead of generating a plan, we provide the model
with cue phrases and generate the story one sentence at a time.

Static The Static model (Yao et al.|,2019)) gets all cue phrases at once to generate the
entire story. By design, it has additional access to all, including future, cue phrases.
Vanitea To verify the effectiveness of our content-inducing approaches, we use Vanilla
Transformer as a baseline and concatenate context and cue phrase using a delimiter

token.

2.3.3 Training Details

Cue-phrases for Training and Automatic Evaluation: For training all models, we need
cue phrases, which are, in principle, to be entered by a user. However, to scale model
training, we automatically extracted cue phrases from the target sentences in the training
set using the RAKE algorithm (Rose et al.,2010). Our automatic evaluations were done
on a large-scale, and so we followed a similar approach for extracting cue-phrases.

Cue-phrases for Human Evaluation: In the interest of evaluating the interactive nature

of our models, cue-phrases were provided manually during human evaluations.

2.3.4 Automatic Evaluation

Following previous credible works (Martin et al., 2018} Fan et al.,2018b), we compare
methods using Perplexity and BLEU (Papineni et al.,2002) on the test set. From Table[2.1,
we can see that both our models outperform Dynamic and Sratic by large margins on
perplexity and BLEU scores. The proposed models are also superior to the SeQ25eq and

VanILLA baseline on both measures. Comparing the last two rows, we see an additive
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Models PPL(}) B-1(f) B2(f) B-3(1) GM() Rep-4(l)

DYNAMIC (Yao etal,2019) | 2949 3005 916 459 073 44.36
STATIC (Yao et al.,2019) 2081 3325 964 477 075 26.26

SEQ2SEQ 20.97 33.91 10.01 3.09 0.82 33.23
VANILLA 15.78 40.30 16.09 7.19 0.89 20.87
Cued Writer 14.80 4150 16.72 7.25 0.92 15.08
Rel. Cued Writer 14.66 42.65 17.33 7.59 0.94 16.23

Table 2.1: Automatic evaluation results for Perplexity (PPL), BLEU-1 (B-1), BLEU-2
(B-2), BLEU-3 (B-3), Greedy Matching (GM), and Repetition-4 (Rep-4). Our models
outperform all baselines across all metrics (p < 0.05).
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Figure 2.5: Inter-story (left) and Intra-story (right) repetition scores. The proposed
models have better scores.

gain from modeling the relevance in Rel. Cued Writer.

To evaluate how well the story generation model incorporates the cues, we use an
embedding-based score (GM) that measure the relatedness of the generated story with
cues by greedily matching them with each token in a story based on the cosine similarity
of their word embeddings. We see from the 5th column in Table 2.1 that our models
generate stories that are more related to the cue phrases.

Previous works have shown that neural generation models suffer from repetition
issue; and so we additionally evaluate the models using repetition-4 which measures

the percentage of generated stories that repeat at least one 4-gram (Shao et al., 2019)

and inter- and intra-story repetition scores (Yao et al.,2019). A lower value is better

for these scores. The result of repetition-4 is reported in the last column of Table
The proposed models significantly outperform all baselines, and among the two Cued
Writer is better. Inter and intra repetition scores are depicted in Figure Our two

proposed models are almost comparable on these metrics but they show a general
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superior performance compared to all baselines. In particular, Rel. Cued Writer achieves
a significant performance increase of 16% and 46% on these scores over the stronger

model of Yao et al. (2019)5

2.3.5 Human Evaluation

Automatic metrics cannot evaluate all aspects of open-ended text generation, and so we

also conduct several human evaluations.

Story-level Evaluation In this experiment, we make pairwise comparisons, where both
models are provided the same prompts, and sets of cue phrasesﬁ 3 judges evaluated
100 pairs of stories. Figure[2.6/(a) shows the percentage of preference for our stronger
model, Rel. Cued Writer, over the baselines. Judges prefer our model over all other
baselines. Also, judges preferred Rel. Cued Writer over Cued Writer, which demonstrates

the effectiveness of the additional Context-Cue and Relevance Multi-Head units.

Sentence-level Evaluation We also performed a more fine-grained evaluation of
the models by evaluating generated sentences while the model is generating a story.
Specifically, we provide an (incomplete) story passage and a cue phrase to the two
models to generate the next sentence. We asked human judges to identify which of
the two sentences is better based on their fluency and semantic relevance to (1) the
input (incomplete) story and (2) the cue phrase. We did this experiment for a set of 100
randomly selected stories (400 sentences. 3 different judges evaluated each sentence pair.
Figure2.6](b) shows that the Rel. Cued Writer model was preferred over SeQ2Seq and
VaniILLA in 72% and 64% of the cases, respectively. Comparing the two proposed models,
we again see additive gain by modeling Cue-Context relevance. All improvements are

statistically significant (p < 0.05).

*Note that the result of our SEQ2SEQ baseline is not directly comparable with that of Inc-S2S in (Yao
et al.,[2019), since we included cue phrases as additional input whereas Inc-S2S generate the whole story
conditioned on the title.

4Cue—phrases were extracted automatically to alleviate any biases, then curated manually.
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Figure 2.6: Human evaluations on story-level (left) and sentence-level (right).
2.4 Qualitative Results

Table[2.2]presents examples of stories generated by different models for the same prompt
and cue phrases. We highlight the [ missing | cue phrases, incoherent or unfluent, and
repetitive parts of each story. Note that we did not highlight [missing], if the model
mentions part of the cue phrase or incorporates it semantically. As we observe, all of the
baselines suffered from several issues; however, our novel content inducing approaches
generate more causally related sentences, which fit the given prompt and cue phrases

more naturally.
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I was coughing very badly. | Cue phrases notice blood - emergency room - waited -

Prompt okay
DYNAMIC I'noticed that I had a headache. I went to the doctor. The doctor told me that I had to go to
the doctor. The doctor said I was fine. [waited]
S She noticed a huge blood pressure. She went to the doctor. The doctor told her to stop.
TATIC . .
She waited for a while. [okay]
I noticed blood and noticed blood in the closet. Now I have emergency room for emer-
SEQ2SEQ gency room. I found it and I waited until the next day. I feel guilty and now i don’t have
to do it again. [okay]
VANILLA I noticed blood in the bathroom. I had to go to the emergency room. I waited in the
bathroom for a while. Luckily the doctor was okay.
Cued Writer I noticed blood in my mouth. I had to go to the emergency room. I waited there a few
hours. I felt okay.
I noticed blood on my shirt. I went to the emergency room. I waited for the doctor. He
Rel Cued
. came and I was okay.
Writer
P Harry really wanted to see the new Star Wars movie. | Cue phrases opening day -
rompt . . .
ticket - entire movie - really
D He went to the theater to show up. He bought a ticket. He had a great time. He had a
YNAMIC . . . .
great time. [opening day] [entire movie]
One day, she was in a hurry to get to the theater. she wasn’t sure if she would like to go.
STATIC She was excited to try the new movie. She was so excited to see the movie. [opening day]
[ticket]
The day day was opening day and his family was opening the opening day. Harry had
SEQ2SEQ bought a ticket and the ticket wasn’t very good. The entire movie was very happy. Harry
became very really disappointed.
VANILLA On opening day, Harry was very nervous. He bought a ticket to the theater. He bought
Harry ticket tickets to the theater. He really didn’t like the movie. [entire movie]
Cued Writer On opening day, he went to the theater . He bought a ticket at the theater. The entire movie
was great. He really was excited.
He decided to watch it on opening day. He got to the theater and got a ticket. He watched
Rel Cued . . . .
Writer the entire movie. He was really excited about it.

Table 2.2: Sample stories generated by different models.
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2.5 Related Work

Automatic story generation is a longstanding and challenging problem in Al, with early
work dating back to the 1970s based on symbolic planning (Lebowitz, |1987; Pérez y
Pérez and Sharples, 2001; Porteous and Cavazza, 2009; Riedl and Young), 2010a)) and
case-based reasoning using ontologies (Gervas et al.,[2005). [Li et al. (2013) extended
prior works toward learning domain models (via corpus and/or crowd-sourcing) to

support open story generation about any topic.

With the advent of deep learning there has been a major shift towards using seq2seq
models (Sutskever et al.| 2014; Bahdanau et al., 2015|) for various text generation tasks,
including storytelling (Roemmele, 2016; Jain et al., 2017; Hu et al., 2020). However, these
models often fail to ensure coherence in the generated story. To address this problem,
Clark et al. (2018a) incorporated entities given their vector representations, which get
updated as the story unfolds. Similarly, Liu et al.| (2020) proposed a character-centric
story generation by learning character embeddings directly from the corpus. Fan et al.
(2018b) followed a two-step process to first generate the premise and then condition
on that to generate the story. [Yu et al.| (2020) proposed a multi-pass CVAE to improve

wording diversity and content consistency.

Previous work has explored the potential of creative writing with a machine in
the loop. [Clark et al.| (2018c) found that people generally enjoy collaborating with a
machine. Traditional methods proposed to write stories collaboratively using a case-
based reasoning architecture (Swanson and Gordon, 2012). Recent work (Roemmele
and Gordon, 2015)) extended this to find relevant suggestions for the next sentence in a
story from a large corpus. Unlike us, these approaches explore the value of and tools for

interaction rather than designing methods for incorporating user input into the model.

Another line of research decomposes story generation into two steps: story plot
planning and plot-to-surface generation. Previous work produces story-plans based on
sequences of events (Martin et al., 2018} Tambwekar et al., 2019; Ammanabrolu et al.,

2020)), critical phrases (Xu et al.,[2018) or both events and entities (Fan et al., 2019). [Yao
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et al| (2019) model the story-plan as a sequence of keywords. They proposed Static
and Dynamic paradigms that generate a story based on these story-plans. Goldfarb-
Tarrant et al. (2019) adopted the static model proposed inYao et al.| (2019) to supervise

story-writing.

2.6 Summary

We explored interactive story generation by modeling the plot of the story via cue
phrases as a narrative element. We presented two content-inducing approaches that
take user-provided inputs as the story progresses and effectively incorporate them in
the generated text. Results show that our methods outperform competitive baselines

along various evaluation axes and yield better stories.
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Chapter 3

Modeling Emotional Development

for Emotion-Aware Storytelling

This chapter discusses work originally published in Brahman and Chaturvedi (2020).

Since emotions and their evolution play a central role in creating a captivating story,
in this chapter, we propose to use the evolution of emotions as a narrative element for the
task of emotion-aware storytelling. We design methods to generate stories that adhere
to given story titles and desired emotion arcs for the protagonist. Inspired by Prince’s
change-of-state formalization (Prince,|1973]), we define the emotion arc as a sequence of
three basic emotions (anger, fear, joy, sadness (Jack et al.,[2014)), and neutral) that describe
the starting, body, and ending emotional states of the protagonist. Our models include
Emotion Supervision (EmoSup) and two Emotion-Reinforced (EmoRL) models. The
EmoRL models use special rewards (Ec-Em and Ec-CLr) designed to regularize the story

generation process through reinforcement learning.

3.1 Introduction

Cognitive scientists have pinpointed the central role of emotions in storytelling (Parkin+
son and Manstead) (1993} Hogan, 2011)). Early automatic storytelling systems based on
symbolic planning also showed that addressing character emotions for plot construction

resulted in more diverse and interesting stories (Theune et al.,[2004; |Pérez y Pérez, 2007;
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Title (input): Raw burger

Emotion arc (input): joy — anger — sadness

Story (output): Tom went to a burger place with his friends. He ordered a burger. When he got it ,
he noticed that it was raw. Tom yelled at the waiter for it being raw. He was really disappointed.

Figure 3.1: An example story generated by our model for a given title and emotion arc
of the protagonist. Story segments are highlighted with the emotions the protagonist
(Tom) experiences.

Méndez et al., 2016). However, these studies were rule-based and limited to small-scale
data. The advent of deep learning has shifted computational storytelling efforts to-
wards neural methods (Martin et al., 2018} |Yao et al.,2019). However, despite the broad
recognition of its importance, neural story generation methods have not explored the

modeling of emotional trajectory.

In this chapter, we present the first study to take into account the emotional trajectory
of the protagonist in neural story generation. Research in cognitive science has shown
that while comprehending narratives, readers closely monitor the protagonist’s emo-
tional states (Komeda and Kusumi, 2006; Gernsbacher et al.,[1992). However, emotions
experienced by the protagonist might differ from the general emotions expressed in the
story. For example, the general emotion of “My boss was very angry and decided to fire me.”
is anger, but the narrator’s emotional reaction would be to feel upset. At any pointin a
story, we represent the protagonist’s emotions using a set of basic emotions. The theory
of basic emotions is well-accepted in psychology, but there is little consensus about
the precise number of basic emotions. Plutchik| (1982) proposed 8 primary emotions,
and Ekman| (1992) first proposed 7 and then changed to 6 basic emotions. Following
recent theories (Jack et al., 2014; Gu et al., 2016)), we choose anger, fear, joy, and sadness,
to describe the protagonist’s emotions. We additionally include neutral to account for

cases with no strong emotions. We refer to these 5 emotions as basic emotions.
Moreover, emotions evolve within a narrative. For modeling the evolving emotions

of the protagonist, we define an emotion arc for a story. Our definition is inspired by

Prince’s change-of-state formalization (Prince,|[1973), which asserts that stories are about

change. According to this theory, a story has three components: a starting state; an
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ending state; and events that translate the starting into the ending state. Motivated by
this, we define the emotion arc as a sequence of three basic emotions that describe the
starting, body, and ending emotional states of the protagonist.

Given a story title and the emotion arc of the protagonist as inputs, our goal is to
generate a story about the title that adheres to the given emotion arc. Fig.[3.1/shows an
example story generated by our model, where the protagonist’s emotion evolves from
joy to anger and then sadness.

To address this problem, we present three models based on GPT-2 (Radford et al.,
2019) that incorporate the protagonist’s emotion arc as a controllable attribute while
preserving content quality: an Emotion Supervision (EmoSup), and two Emotion-
Reinforced (EmoRL) models based on reinforcement learning. The EmoRL models
use two Emotion-Consistency rewards, Ec-Em and Ec-Crr. Ec-Em uses semantically
enhanced emotion matching to encourage the model to adhere to the given emotion
arc. It infers the protagonist’s emotions in the generated stories using Commonsense
Transformers, COMET (Bosselut et al., 2019). Ec-Crr achieves the same goal using a
classifier to infer the protagonist’s emotions.

In the absence of a training corpus of stories labeled with the protagonist’s emotions,
we automatically annotate a large-scale story corpus using COMET. Our automatic and
manual evaluations show that our models can not only express the desired emotion arcs

but also produce fluent and coherent stories.

3.2 Emotion-Aware Storytelling

We formulate the emotion-aware storytelling task as follows: given a story title as a
sequence of tokens t={t1, t2, ..., t, }, and an emotion arc for the protagonist as a sequence
of basic emotions a={ej, ez, €3}, the task is to generate a story as a sequence of tokens
y={v1,v2, ..., yn } that adheres to the title and emotion arc.

In the rest of the chapter, we first explain how our models can track the protagonist’s

emotional trajectory (§3.2.1)). We then provide an introduction to our base storytelling
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model (§3.2.2), which is used as the backbone of our three proposed models (§3.2.3/and
§3.2.4).

3.2.1 Tracking Protagonist’s Emotions

In this work, we define the protagonist as the most frequently occurring character in a
narrative (Morrow)[1985). Our two rewards for the EmoRL models (§3.2.4) need to
track the protagonist’s emotions to guide the generation. For this, we obtain his/her
emotions at various stages in the story using one of the following two approaches:
Commonsense Transformer Our Ec-Em reward uses a commonsense knowledge model
to reason about the implicit emotional states of the protagonist. We use COMET (Bosselut
etal,2019), a knowledge base construction model trained on ATOMIC if-then knowledge
triples (Sap et al.,[2019). It contains information about everyday events and their causes
and effects. Given an event and a relation, COMET can generate commonsense inferences
about the relation (e.g,”if X pays Y a compliment, then Y feels flattered”). For tracking
emotions, we use relations xReact and oReact that correspond to emotional reactions
to events (more details on this in §3.3.1)).

Emotion Classifier Our Ec-CLr reward captures the protagonist’s emotions using an
emotion classifier. For this, we adapt the pre-trained BERT};q, for multi-label classi-
fication over 5 basic emotions: anger, fear, joy, sadness, and neutral. Following (Devlin
et al.,2019), we use a fully-connected layer over the final hidden representation corre-
sponding to the special classification token ( [CLS] ). We train this classifier in two steps.
First, we train this classifier on a human-annotated dataset for emotion identification
in tweets (Mohammad et al., 2018), we then further fine-tune the classifier on story
training data that is automatically annotated with the protagonist’s emotions using the
pipeline described in §3.3.1. To evaluate the classifier, we collect manual annotations
for the protagonist’s emotions on Amazon Mechanical Turk for a subset of 50 randomly
selected stories (250 sentences) from our story corpus. Each sentence was annotated by 3
judges. Workers agreed with our emotion classifier 70% of the time (random agreement

would be 20%). See Appendix|A.2.2|for more details about these annotations.
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Figure 3.2: Transformer block architecture (left) and emotion-reinforced storytelling
framework (right)

3.2.2 Transformer-based Storytelling Model

Our models are built upon a base storytelling model that can generate a story consistent
with a given prompt (e.g., title). We choose GPT-2 (medium) (Radford et al.,[2019)
because our initial experiments demonstrated that it outperforms other state-of-the-art
story generation models, in general. GPT-2 uses multiple Transformer blocks of multi-
head self-attention and fully connected layers (described in chapter 2/land shown in the
left box in Fig.[3.2). Since it was trained on a broad range of domains, we fine-tune it on

a dataset of stories by minimizing the conditional log-likelihood:

m-+n
Ly =—Y_ logp(yily<it)
p(yily<i,t) = softmax(hy W) (3.1)

hi = block(h'1),1 € [1, L]

hi =W+ P
where m and n denote the number of tokens in the title and story respectively. Al is the
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[-th layer’s output at the i-th position computed through transformer block with the
masked multi-head self attention mechanism, and h? is a summation of token embedding

W; and position embedding P; for the i-th token. y.; indicates left context.

3.2.3 Emotion Supervision (EmoSup) Model

The underlying idea behind our Emotion Supervision (EmoSup) model is to provide
the emotion arc as an additional input similar to conditional training (Fan et al., 2018a;
Kikuchi etal.,2016). Specifically, each title has the corresponding emotion arc prepended
at the beginning, separated by a delimiter token (<$>). This way, emotion arcs receive
special treatment (Kobus et al.,2017)), since they are propagated to all of the story and

the model learns to maximize p(y;|y<, t, a).

3.2.4 Emotion-Reinforced (EmoRL) Models

The emotion arc guides the generation in EmoSup as an initial input. However, we want
to continually supervise the model during the generation process. This motivates us to
use a reinforcement learning framework. Here, we propose two Emotion Consistency
rewards, Ec-Em and Ec-CLr, which optimize adherence to the desired emotion arc.

Ec-Em Reward This reward quantifies the alignment of the emotion arc of the gener-
ated story to the desired arc using the commonsense knowledge model, COMET. For an
N-sentence-long generated story, we use COMET to obtain the protagonist’s emotional re-
action for each sentence, resulting in a sequence of emotion-phrases a/={g1, g2, ..., g N
We then define the reward as a modified Levenshtein distance (Levenshtein, 1966)
between the generated reactions a¥ and the desired emotion arc a*={e;, ez, e3}. This
modification allows only two operations: (1) Deletion of an emotion-phrase (in a?),
and (2) Replacement of an emotion-phrase with a basic emotion at a cost proportional to
semantic similarity between the two (e.g., happy to help and joy). Semantic similarities are

computed using cosine similarity between the averaged GloVe embeddings (Pennington

I N=5 for our dataset. Also, COMET’s outputs, g;s, are phrases representing emotional reactions. Details
on obtaining emotional reactions during training are provided in Appendix
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et al.,2014)). The reward is defined as:

Tem = lev(a?,a™) (3.2)

where lev denotes the modified Levenshtein distance. We refer to the model that uses
this reward as Rr-Em.

Ec-Crr Reward This reward infers the protagonist’s emotions in a given text using our
emotion classifier (§3.2.1). We first divide the generated story into segments: beginning,
body, and endin Then, for each segment, we use the classifier to obtain the probability
of the desired emotion. The reward is defined as the probabilities of the desired emotions

averaged across the segments:

k
1 *
rag =g > " pat(ef|z;) (3.3)
Jj=1

where k is the number of tokens in the emotion arc (here, k=3), and €] denotes the
desired emotion for j-th segment x;. We refer to the model that uses this reward as
Ri-Crr.

Policy Gradient For training, we use the REINFORCE algorithm (Williams, [1992) to
learn a generation policy py of the storytelling model with parameters 6. Here, the model
generates a sample story y° from the model’s output distribution, and the goal is to

minimize the negative expected reward, which is approximated by:
k+m+n

Lr=—(r(y") —r®) Y logpa(yilyL;) (34)

i=k+m
We follow the self-critical training approach (Rennie et al.,2017), and take the reward
of the greedily decoded story y as the baseline reward (r(§)). This ensures that with
better exploration, the model learns to generate stories y* with higher rewards than
the baseline y. However, optimizing only with the RL loss mentioned above using

the emotion-consistency rewards may increase the expected rewards, but at the cost of

fluency and readability of the generated story. Therefore, we optimize the following

2We generate 5-sentence long stories similar to our training corpus and segment them into the beginning,
body, and ending in 1:3:1 ratio.
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mixed loss (Paulus et al., 2018)):

Lynized = YLre + (1 —v)Lumr (3.5)

where 7 is a hyper-parameter balancing the two loss functions. Our emotion-reinforced

storytelling framework is depicted in Fig.

3.3 Experimental Setup

3.3.1 Dataset and Annotation Pipeline

We use the ROCStories corpus (Mostafazadeh et al.,2016) for our experiments. It contains
98, 162 five-sentence stories, designed to have a clear beginning and ending, thus making
it a good choice for our emotion-aware storytelling task. We held out 10% of the stories

each for validation and test sets, respectively.

For training our models, we need

Iris hired a babysitter for her daughter. She planned on going on a
date with her husband. Iris waited for the sitter to show. Ultimately
the sitter never showed up. As a result Iris had to stay home.

stories annotated with emotion arcs

of the protagonists. We annotated

Character mentions:
Iris, she, her (sentences 1,2, 3, 5)

the stories in our dataset automati-
cally using the multi-step annotation
pipeline shown in Fig. Instep 1,
we identify all characters and their
mentions in a story using coreference
resolution. In step 2, we identify the
character with the most mentions as

the protagonist (e.g., ‘Iris” who is men-

(1) Coreference
Resolution

(2) Protagonist
Identification

(3) Protagonist’s
Role Identification

(4) Generate
Emotion Reaction

(5) Segmentation

(6) Map to Basic
Emotions via NRC

-.» Babysitter, sitter (sentences 1, 3,4)
Daughter (sentence 1)
Husband (sentence 2)
Character with the most mentions:
Iris
Protagonist’s roles:
--» Agent (sentences 1,2, 3,5)
Other (sentence 4)

Protagonist’s emotional reactions:
--» 1: satisfied (0.4)
2: anxious (0.5), 3: anxious (0.4), 4: annoyed (0.6)
5: sad (0.4)
Story-segments:
--» Beginning: satisfied
Body: annoyed
End: sad
--» Emotion arc:
Jjoy 2 anger 2 sadness

>

Figure 3.3: Annotation pipeline for emotion arc.
tioned in 4 sentences). Then, in step 3,

in each sentence of the story, we identify the protagonist’s role as Agent or Other using its
dependency parse. The protagonist is an Agent if he/she is the subject of the main verb

in the sentence and Other otherwise (e.g., Iris’s role is Other in sentence 4 and Agent in
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all other sentences). Next, in step 4, we obtain the emotional reaction of the protagonist
in each sentence using COMET. Given a context, ¢, and relation type, r, COMET can yield
the emotional reaction of the Agent (r=xReact) and Others (r=oReact). Depending
on the protagonist’s role in the sentence, we use the appropriate relation to get his/her
emotional reaction, g, and COMET’s confidence in the prediction, ¢,. In sentences with-
out an explicit mention of the protagonist, his/her role is assigned as Other, and we use
oReact since the event in that sentence will affect all characters of the story, including

the protagonist (e.g., sentence 4 in Fig. 3.3)).

Step 4 gives the protagonist’s emotions for each sentence of the story, but the emotion
arc has to represent them for the three segments: beginning, body, and end. The stories in
our corpus are 5-sentence long, and following previous work on this corpus (Chaturvedi
et al.,[2017b)), we segment them in 1:3:1 ratio. For the protagonist’s emotion in the body
(middle 3 sentences), we take the emotion of the sentence in which COMET was most

confident (e.g., ‘annoyed’ for the body of the running example in Step 5).

Note that since COMET’s outputs, gs, are open-ended emotion-phrases, in step 6, we
need to map these phrases to one of the 5 basic emotions using NRC Affect Intensity Lexi-
con (Mohammad, [2018)). The lexicon is a list of words with their real-valued intensities
for 4 non-neutral basic emotions. We represent the likelihood of g getting mapped to
each of the basic emotions, e, as score.(e). For mapping, we first tokenize, lemmatize,
and filter stop words from g. Then we find exact matches of ¢’s tokens to words in the
lexicon (along with the match-intensities). For each match, we increase scoreg4(e) by the
match-intensities. Finally, g is mapped to the basic emotion with the maximum score.

An emotion-phrase with no matching tokens is mapped to neutral.

3.3.2 Implementation Details

We follow the training and inference settings of medium-size GPT-2 as in Radford et al.
(2019) (for completion, we provide full details in Appendix|A.1.2). Our models are

implemented with the Texar toolkit/Hu et al. (2019)).
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3.3.3 Evaluation Measures

Automatic We adopt several automatic measures to evaluate the generated stories both
on content quality and emotion faithfulness.

For evaluating the content quality, we use the following measures: (1) Perplexity as
an indicator of fluency. A smaller value is bette (2) BLEU, which is based on n-gram
overlaps (Papineni et al., 2002). Following Guan et al. (2020), since BLEU scores become
extremely low for large n, we used n=1, 2. (3) Distinct-n (with n=1, 2, 3) measure the
percentage of unique n-grams ([Li et al.}, 2016). A high ratio indicates a high level of
lexical diversity. (4) Repetition-4 is the percentage of generated stories that repeat at
least one 4-gram (Shao et al.,[2019). A high value indicates redundancy in the generated
text.

For evaluating the emotion faithfulness of a generated story, we adapt lexical mea-
sures (1) Seg-word and (2) Arc-word (Song et al.,[2019)). Given a desired emotion arc
for a story, Seg-word is the percentage of the story’s segments that contain emotion
words corresponding to desired emotion. Correspondingly, Arc-word for a story is a
binary score indicating if all of its segments contain emotion words corresponding to
the desired emotions. We also define (3) Seg-acc and (4) Arc-acc for a generated story.
Seg-acc for the story is the fraction of generated segments for which the emotion (as
determined by the emotion classifier) exactly matches the desired emotion. Similarly,
Arc-acc for a story is a binary score indicating if its emotion arc (as determined by the
emotion classifier) exactly matches the desired emotion arc. We also use the reward
functions, (5) Ec-CrF and (6) Ec-EM, to score a generated story. For all these measures,
we report averaged scores across all stories generated by a model.

We also conduct a manual evaluation of generated stories using Amazon Mechanical
Turk. Workers are asked to evaluate pair of stories on a 0-3 scale (3 being very good)
from two different perspectives: (1) content quality to indicate whether a story is fluent,

logically coherent, and on-topic (related to the given title), and (2) emotion faithfulness

*For comparison, we compute word-level perplexity for GPT-2 based models. That is, we normalize the
total negative log probability by the number of word-level tokens, not the number of BPE tokens.
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Models PPL (J) BLEU-1(1) BLEU-2({) Dist-1(f) Dist-2(f) Dist-3 (1) Repet-4(})

Fusion + Emo 24.02 21.10 2.61 66.18 90.88 96.91 23.30
Plan&Write + Emo  17.43 22.46 3.03 66.32 90.47 95.59 28.61
PPLM-3 - 20.36 2.37 71.37 93.90 98.19 13.36
PPLM-5 - 20.61 247 71.47 93.99 98.21 14.02
GpT1-2 + FT* 12.16 22.68 3.10 7293 94.24 98.28 12.10
EmoSup 11.10 22.70 3.23 71.44 93.75 98.10 13.94
RL-EM 11.98 22.52 3.15 73.32 94.76 98.56 10.09
RL-CLF 11.31 22.78 3.26 71.16 93.65 98.05 13.34

Table 3.1: Automatic evaluation results for content quality. RL-CLF and RL-EM out-
perform all baselines for BLEU and diversity /repetition scores respectively (p < 0.05).
*GPT-2+FT is not provided with emotion arc.

to assess whether it follows the desired emotion arc for the protagonist. Workers were
also asked to indicate their overall preference by choosing the better story of the two
while considering both aspects, or indicate that they are of equal quality. More details

about evaluation measures are provided in Appendix

3.3.4 Emotion-Aware Storytelling Results

Baselines We use the following baselines in our experiments: (1) Gpr-2+FT, our base
GPT-2 model fine-tuned on the ROC stories corpus, for which emotion arcs are not
provided as inputs; (2) Fusion+Emo and (3) Plan&Write+Emo, which are two of the
strongest storytelling baselines; and (4) PPLM (Dathathri et al.| 2020) which can be
extended to accept emotion arcs for controlling story generation. PPLM-3 and PPLM-5
indicate 3 and 5 iterations respectively.

Automatic Evaluation For automatic evaluation, we used the titles and automatically
extracted emotion arcs of the stories in our test set as input.

The evaluation results on content quality are shown in Table Interestingly, even
though the proposed models only aim to control emotion arc, they outperform Gpr-2+FT
on perplexity indicating better fluency. Among the proposed models, EmoSup obtains
the best perplexity score mainly because that is what its loss function optimizes (as
opposed to the mixed loss in EmoRL models). Overall, all of our proposed models
outperform all baselines. In particular, Ri.-Crr has the highest BLEU scores, and RL-Em

has the highest diversity and lowest repetition scores. All improvements over baselines
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Models Arc-word Seg-word Arc-acc Seg-acc EC-CLF EcC-EM

Fusion + Emo 6.32 38.89 29.89 62.59 60.06 73.59
Plan&Write + Emo 5.61 32.98 26.38 60.99 58.13 72.46
PPLM-3 7.11 36.10 23.97  57.01 56.02 73.19
PPLM-5 7.74 37.64 27.30 60.60 59.51 74.43
GPT-2 + FT* 4.46 33.28 1732 48.69 47.93 69.00
EmoSup 7.33 40.86 31.25 64.26 62.88 74.10
RL-EM 8.85 43.77 33.56 65.13 63.93 76.59
RL-CLF 10.14 45.42 37.58 68.90 67.55 75.87

Table 3.2: Automatic evaluation for emotion faithfulness. For emotion faithfulness,
RL-CLF outperforms all baselines (p < 0.05). *indicates absence of emotion arc as input.

Specific Criteria Overall Preference

Content Quality Emotion Faithfulness Better / Worse / Tie (%)

RL-CLF vs. RL-EM +0.15 +0.20 52.33 / 38.00 / 9.66
RL-CLF vs. GPT-2+FT +0.25 +0.76 60.00 / 22.00 / 18.00
RL-CLF vs. EmoSup +0.14 +0.28 50.33 / 34.00 / 15.66
RL-CLF vs. PPLM-5 +0.34 +0.48 61.00 / 25.66 / 13.33

Table 3.3: Manual evaluation results. For each criteria, we report the average improve-
ments RL-CLF is preferred over other methods (p < 0.05).

are statistically significant (approximate randomization (Noreen,[1989), p < 0.05).

The evaluation results on emotion faithfulness are shown in Table We see that,
as expected, all models outperform Gpr-2+FT, which is not provided the emotion arcs as
inputs. Our proposed models also achieve significant improvements over all baselines
(app. randomization, p < 0.05). In particular, R.-CLr achieves the best performance on
almost all measures.

These results indicate that while all proposed models can control the emotion arc of
generated stories, RL-CLF achieves a good balance between both content and emotion
quality.

Manual Evaluation Since concerns have been raised about automatic evaluation of
language generation, we also conduct a manual evaluation. For this, we randomly
sampled titles and emotion arcs of 100 instances from our test set, and generated stories
using the models being evaluated. We compared five models, and so overall, there were
500 stories. We conduct pairwise comparisons of generated stories, and each pair was

evaluated by 3 judges. Table [3.3|reports the average improvements as well as absolute
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Title: fire injuries

joy - sad- | My friends and I went camping this sum-
ness -joy | mer. We got in my van and went to the
woods. We decided to light a campfire.
While driving around , our tire popped
and the fire started. We had to call the fire

department for help and they were able to

put out the fire.
sadness - | The fire department was called to a house
sadness - | in the woods. The house was engulfed in
joy flames. There were two people inside. One

person was taken to the hospital by air
ambulance. Luckily, the other person was
treated for non-life threatening injuries.

Title: dance
fear - joy - | Kelly was worried about her dance recital.
joy She had practiced her dance for weeks. She
decided to try out for the school’s dance
team. Kelly was nervous but knew she
could do well. She was so excited she gave
her best impression!

sadness - | I was very depressed. I went to a dance
joy -joy class with a friend of mine. We tried out
some different moves. We got stuck danc-
ing for a long time. The next day I tried
out some new moves and got a standing
ovation.

Table 3.4: For a given title, our model can generate different stories for different emotion
arcs. Story segments with corresponding emotions are highlighted.

scores for content quality and emotional faithfulness (evaluated independently) and
also the overall preference of the judges. We first compare our two EmoRL models
(Row 1). We see that RL-CLr improves over Ri-Em on both emotion faithfulness and
content quality. Overall, it is judged to be better than Ri-Em 52.33% of the time and
worse in only 38.00% cases. We then compare the better of the two, RL-CLF, with the
uncontrolled Gper-2+FT (Row 2). We see that on average, RL-CLF model is not only
better at adhering to the emotion arc by +0.76 points but also generates better content
(improvement of +0.25 points) and its stories are preferred 60% of the times by humans.
We observe similar results for comparison with EmoSup and PPLM-5. All improvements

are statistically significant (app. randomization, p < 0.05).

Case Study Since the proposed models can generate stories conditioned on the protago-
nist’s emotion arc, they can be used to unfold a story in diverse situations for a given title.

We demonstrate this capability in Table It shows two examples where for the same
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title, our model (RL-Crr here) can generate stories that follow different emotion arcs for

the protagonists. We provide more qualitative examples in Appendix Figure|A.4

3.4 Related Works

Early story generation systems relied on symbolic planning (Lebowitz, [1987; Pérez y:
Pérez and Sharples, 2001; Porteous and Cavazzal [2009; Riedl and Young, 2010al) or case-
based reasoning (Gervas et al., 2005). Although these systems could ensure long-term
coherence, they could only operate in predefined domains and required manual engi-
neering. These problems have been somewhat alleviated by recent seq2seq storytelling
models (Roemmele, 2016; [Jain et al., 2017), some of which are based on intermediate
representations (Martin et al., 2018; Xu et al.,|2018; [Fan et al., 2018c¢; Yao et al., 2019; |[Fan
et al., 2019)).

Recent approaches have also used large-scale language models (LMs) based on
Transformers (Vaswani et al.,2017), such as GPT-2 (Radford et al.,2019)). Being trained
on large amounts of data, these models can generate highly fluent text and find ap-
plications in story generation (Qin et al., 2019; Guan et al., 2020) and dialogue sys-
tems (Budzianowski and Vuli¢, 2019;|Wolf et al., 2019b)). However, they lack the ability
to dictate any auxiliary objective for the generated text, such as expressing specific
attributes.

To address this, approaches such as conditional training or weighted decoding have
been proposed to control different properties of the generated text such as sentiment,
tense, speaker style, and length (Kikuchi et al., 2016; Hu et al., 2017;/Ghazvininejad et al.,
2017; Wang et al.,|2017; Fan et al., 2018a)). Tambwekar et al. (2019) use reinforcement
learning for generating goal-driven story plots, which are sequences of event tuples.
Dathathri et al. (2020) propose PPLM, which uses an attribute classifier to steer text
generation without further training the LM.

More closely related to our work is generating automatic responses with a specific

sentiment or emotion (Zhou et al., 2018; Huang et al., 2018;Zhou and Wang, 2018; Song
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et al., 2019). Modeling characters (Bamman et al. (2013a), Bamman et al. (2014a), Vala
et al. (2015), [Iyyer et al| (2016), Kim and Klinger| (2019a)), Krishnan and Eisenstein
(2015a)) inter alia) and sentiment trajectory (Chaturvedi et al.| (2017b),|Chen et al. (2019)
inter alin) has been shown to be useful for story understanding, in general. However,
there are limited works on incorporating characters or sentiment for story generation.
Previous work model characters but not sentiment (Clark et al., 2018b;|Liu et al., 2020)).
Weber et al.| (2020) is a contemporary and unpublished work that incorporates senti-
ment while “filling in” a narrative. Peng et al. (2018) and |Luo et al.| (2019) control the
overall sentiment for story ending generation. These works are limited to coarse-grained
sentiments and/or only target the ending sentence. Instead, we model the emotional
trajectory of the protagonist as the story progresses, which is more central to storytelling

than the overall sentiment.

3.5 Summary

In this chapter, we proposed an emotion-aware story generation task for modeling
the evolution of emotions in stories. To this goal, we designed two emotion-consistency
rewards using a commonsense transformer and an emotion classifier. Experiments
demonstrated that our approach improved both content quality and emotion faithfulness
of the generated stories. This work is a step towards future research directions on
planning emotional trajectory while generating stories. Using commonsense inferences
about the effect of the events on emotional states of various characters of the story has
the potential of generating more coherent, realistic, and engaging stories. In this work,
we focused only on the protagonist, but future works can explore modeling motivations,

goals, achievements, and emotional trajectory of all characters.
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Chapter 4

Character-centric Narrative

Understanding

This chapter discusses work originally published in Brahman et al.|(2021).

In the previous two chapters, we focused on the problem of automatic story genera-
tion while adding controllability and modeling key narrative elements such as plot and
emotional development.

Character(s) are another principal narrative element whose actions, traits, and moti-
vations determine the flow of the plot. When reading a literary piece, readers often make
inferences about various characters’ roles, personalities, relationships, intents, actions,
etc., which are well aligned with the psychological and literary theories about the theory
of mind (ToM). While humans can readily draw upon their past experiences to build
such a character-centric view of the narrative, understanding characters in narratives can
be a challenging task for machines. To bridge the gap between human and machine
character-centric narrative understanding, in this chapter, we introduce a new dataset

and tasks to encourage progress in the field of character-centric NLP models.

4.1 Introduction

Previous works in literary analysis have discussed that the development of the plot and

the main character(s) are among the most important components that contribute to a
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good piece of fiction (Kennedy and Gioia, 1983;/Card,[1999). In particular, character(s) are
central to narratives since their motivations, traits, and actions determine the flow of the
plot. Hense, understanding characters has been widely recognized as key to understanding
stories, by psychology, literary and education 028 research (Bower and Morrow, 1990;
Curie, 2009; |Dymock, 2007).

In Computational Narratives, prior work has exploited the potential of character-
centric natural language understanding (Chambers, 2013;|Chaturvedi et al., 2017a; Chu
et al.,[2018; Zhang et al., 2019). However, these works are limited to only understanding

certain aspects of characters and do not do an in-depth and systematic study.

To facilitate character-centric narrative

understanding, we present Li SCU —a new

The plantation's Cajun work boss, Beau Baton, has been murdered
just before the novel begins. Candy Marshall, the partial owner and
general overseer of the plantation, discovers Beau's dead body
outside of Mathu's house. Candy believes that Mathu killed Beau, but
as Mathu is virtually her foster father she wants to make every effort to
protect him. [...]

With numerous men and guns at the crime scene, Candy believes that
the local Sheriff will not be able to solve the crime. Miss Merle spreads
Candy's plan through the community. Within a few hours, eighteen
men have gathered at Mathu's house. [...]

The Sheriff still believes that Mathu murdered Beau, but can do
nothing so everyone just waits to see if Fix Bauton and a lynch mob
will show up. Beau Bauton's brother, Gil, is a star football player on the
Louisiana State University team who plays closely with a black

dataset in English, of literary pieces and
their summaries paired with descriptions

of characters that appear in them. These

halfback named Cal. When Gil learns of his brother's murder, he treats
Cal coldly. [...]

descriptions analyze the narrative from

Character name

Masked character description
The man suspected of killing

the perspective of the character highlight-

Beau Baton because Beau was X il
k\\led’aitgide ofh[MASKh]‘s h;usi @ Miss Merle
. . . o . Lo d the t t
ing their salient attributes, their role and Character descripfion e i MASK] o rerorsd! o

Mathu is the only black man in the and respected by all of the

novel who has shown the strength to

characters in the novel, including I [X) Lou Dimes

1 1 stand up to local whites. He is an old Candy and the Sheriff Mapes.
COI'ItI'lbuthI'I tO the development Of the man living on the Marshall Plantation: Candy ador@s [MASK] because @ Charlie
Mathu has been a foster father to his [MASK] basically raised her. The
foster daughter, Candy Marshall, and other blacks have admired [X] Mapes

narrative’s plot.

has raised her since she was a child.
When Beau Baton's body is found, he
is presumed to have killed him.

[MASK]'s wilingness to stand up
to_local blacks and all want to
help [MASK].

Character Description generation

Character Identification

Using this dataset, we devise two new

Figure 4.1: An illustration of the proposed
dataset and the two tasks: Character Descrip-
tion Generation and Character Identification.

tasks: (1) a Character Identification task
to identify the character’s name from an
anonymized character description given
the literature summary; and (2) a Character Description Generation task to generate the
description for a given character of a literature summary. Our primary task, Character
Description Generation, is related, but not identical to summarization. There are two
main differences. Summarization typically has a one-to-one correspondence between
documents and summaries, and focuses on copying (either extractively or abstractively)

important content from the documents to create the summaries. On the other hand, char-
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acter descriptions are analysis, not merely summaries, of narratives from the character’s
point of view. They are created by abstracting out the low-level content of the narrative
instead of simply identifying and paraphrasing important details. They describe events,
roles, relationships, and salient attributes of the character that can be inferred from the
narrative and might not be directly stated in the text. In particular, if the narrative de-
scribes several events where a character helps the protagonist, the character description
will not simply mention all those events, but will instead describe the character as a
helpful person (attribute) and a good friend of the protagonist (role). For example, in
Figure[d.1, “Mathu is virtually her foster father.” in summary is expressed as “Candy adores
Mathu because he basically raised her.” in the character description. Thus, the Character
Description Generation task, provides a unique opportunity for NLP systems to learn to

abstract and model long-range dependency instead of simply extracting information.

Apart from this novel abstraction task, the dataset also poses another challenge for
NLP systems by requiring them to process long documents. The average number of
tokens in our summaries are which is beyond the comfort level of most existing systems.
Understanding long narratives and modeling long contexts are new frontiers for NLP
research (Roy et al.,2021a; Fan et al., 2021) and L1 SCU pushes us in this direction. To
further facilitate research in this direction, we also release a small dataset where the

goal is to read the entire literary piece and generate character descriptions.

We explore the ability of the modern neural models on both tasks. We demonstrate
through experiments that although existing models can identify characters reasonably
well in masked descriptions, there is still a scope for improvement considering human
accuracy on this task. Also, while existing models can generate fluent and logically
self-consistent text, they are not always faithful to the literature summaries and fail to
capture salient details about the characters. Lastly, we conduct qualitative analysis to

provide insights to future works.
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4.2 The LiSCU Dataset

We now describe our Literature Summary and Character Understanding (LiSCU)
dataset. LiSCU is a dataset of literature summaries paired with descriptions of characters
that appear in the summaries. Figure 4.1|shows an example of our dataset.

Next, we describe the data collection pipeline for LiscU (§4.2.1)), followed by details
on the reproducibility of the data collection process (§4.2.2)).

4.2.1 Data Collection and Filtering

We collected L1 SCU from various online study guides such as shmo op LitCharts
SparkNotesf|and c1iffsNotesf!| These sources contain educational material to
help students study for their literature classes. These study guides include summaries
of various literary pieces as well as descriptions of characters that appear in them.
These literature summaries and character descriptions were written by literary experts,
typically teachers, and are of high pedagogical quality.

We used Scrapy,’|a free and open-source web-crawling framework to crawl these
study guides. Our initial crawl resulted in a set of 1, 774 literature summaries and 25, 525
character descriptions. These included all characters mentioned in the literary pieces.
However, not all characters, especially those that played a minor role in the literary piece,
appeared in the corresponding literature summaries. Since our task involves making
inferences about characters from the literature summaries, we filtered out the characters
which do not appear in the summaries or their names or the descriptions had very little
overlap with the literature summaries. This is done to mitigate the reference divergence
issue (Kryscinski et al.,2019; Maynez et al.,2020) and ensure that the literature summary
has enough information about the character to generate the description. For this, we

define the “information overlap” between two pieces of text A and B, IO(B||A), as the

"https://www.shmoop.com/study-guides/literature
Zhttps://www.litcharts.com
Snttps://www.sparknotes.com/lit/
‘nttps://www.cliffsnotes.com/literature
Shttps://scrapy.org/
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# unique books 1,220

# literature summaries 1,708
# characters 9,499
# characters with accompanying full book 2,052
# unique books with full-text 204
avg. # characters per summary 5.56
min. # characters per summary 1
max. # characters per summary 38
avg. summary length (in tokens) 1,022.32
avg. # sentences in summary 48.82
avg. character description length (in tokens) | 184.57
avg. # sentences in description 8.56
# characters in Train set 7,600
# characters in Test set 957
# characters in Validation set 942

Table 4.1: Statistics of the 1L.i SCU dataset.

ratio of the length of the longest overlapping word sub-sequence between A and 5,
over the length of Aﬁ Note that this information overlap measure is not symmetric
and intuitively measures how much information about A is present in B. We used the
information overlap measure to filter our dataset as follows. If the information overlap
of the literature summary with the character name, 7O (literature summary || character
name), is less than 0.6, then we consider that the character is not prominently mentioned
in the literature summary and we remove that character from our dataset. Similarly, if
the information overlap between the character description and the literature summary;
I0(literature summary || character description), is less than 0.2, then we consider the
character description generation less feasible and we remove that data point from our
dataset/’|

However, during these filtering steps, we did not want to remove the most important
characters of the narrative. The online study guides list characters in decreasing order of

their importance in the literary piece. For example, narrators, protagonists, antagonists,

®Technically this is the same as Rouge-L precision
"These thresholds were chosen by experimenting with different values and manually analyzing the
quality of (a subset of) the data.
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etc., are always described first. Leveraging this ordering, we always retained the top 3
characters of the literary piece in our dataset.

After the filtering process, our final dataset consists of 1, 708 literature summaries
and 9, 499 character descriptions in total. This set was split into train (80%), test (10%),
and validation (10%) sets. The data splits were created to avoid any data-leakages — each
literary piece and all of its character descriptions were consistently part of only one of
the train, test and validation sets. Table shows the statistics of the final dataset. The

dataset also contains the full-text of the books for 2,052 of the character descriptions.

4.2.2 Dataset Reproducibility

LiSCU is drawn from various study guides on the web. While we do not have the
rights to directly redistribute this dataset, to allow other researchers to replicate the
LiSCU dataset and compare to our work, we provide a simple scrip to recreate LiSCU
from a particular time-stamped version of these study guides on Wayback Machine, a
time-stamped digital archive of the web. Our script ensures that others will be able to

recreate the same train, test and validation splits.

4.3 LiScU Task Definitions

We introduce two new tasks on the L1 SCU dataset:(i) Character Identification (ii) Character

Description Generation.

4.3.1 Character Identification

The Character Identification task requires models to identify the character in an anonymized
character description. Given a summary S, a candidate list of characters that appear in
the literature summary C = {c1, ¢2, ..., ¢4 }, and an anonymized character description

DC*

o skeqr the goal in this task is to identify the name of the character ¢* described in the

8https://github.com/huangmengl23/1lit_char_ data_wayback
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anonymized character description. We anonymize character descriptions by masking

out all mentions of the character c* in the original description D*.

4.3.2 Character Description Generation

The character description generation task tests the ability of NLP models to critically analyze
the narrative from the perspective of characters and generate coherent and insightful
character descriptions. Formally, given a literature summary, S, and a character name,
¢, the goal in this task is to generate the character’s description, D¢. Generating the
character description necessitates understanding and analyzing every salient information

about the character in the literature summary.

4.3.3 Human Assessment of LLiSCU

In order to verify the tractability of these two tasks as well as assessing the quality of
the collected 1iscU dataset, we conducted a set of human evaluations on Amazon
Mechanical Turk. We run our human assessment on the full test set of LiSCU.
Assessing the Character Identification task: In the first human assessment, we showed
annotators the literature summaries, anonymized character descriptions , and a list of
character names (plus one randomly sampled character from the literary piece). The
descriptions were anonymized by replacing all mentions of the corresponding character
names with blanksﬂ For each anonymized character description, we asked 3 judges to
identify which character it is describing by choosing from the list of choices. The judges
also had the option of saying that they are unable to identify the character given the
literature summary and the anonymized character description.

Assessing the Character Description Generation task: In the second human assess-
ment, the judges are shown the same summary along with the original de-anonymized
character descriptions. For each character description, 3 judges were asked to evaluate

the quality of the description by answering the following two questions:

"We identified mentions of a character in the summary by using a coreference system (Joshi et al.,
2019bja) as well as by matching the first name or the full name of the character.
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Figure 4.2: Human assessment of the feasibility of the character description generation
task.

1. Fact coverage: Specify how much of the information about the specific character in
the corresponding “character description” is present in the summary (either explicitly
or implicitly). Answer choices included: a) almost all of the information, b) most of the
information, c) some of the information, d) little or none of the information, and e) character

does not appear in the summary at all.

2. Task difficulty: Given the summary, how easy is it to write the character description
on a Likert scale of 0-4 (0 being too difficult, 4 being too easy)? If in the previous
question the judges found that some of the information in the character description
was not present in the summary, they are asked to disregard that while answering this
question. In other words, they only need to consider the information in the character
description which is explicitly or implicitly mentioned in the summary.

We recruited 200 crowd-workers who were located in the US, UK, or CA, and had a
98% approval rate for at least 5, 000 previous annotations. We collected each annotation
from 3 workers and use majority vote in our assessments. In the Appendix [B.1, we
describe several steps we took to alleviate limitations of using crowd-sourcing and
ensure high quality annotations. Screenshots of our AMT experiments are provided in
the Appendix Figure

For the first assessment on identifying characters, the human accuracy was 91.80%

(Fleiss” Kappa (Landis and Koch,[1977)) x = 0.79), indicating the feasibility of the task.
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For the second assessment of fact coverage and task difficulty, we summarize the
result in Figure[#.2] The top chart (‘Fact Coverage’) shows that around 75% of the of
the literature summaries contain reasonable amount of information about the character
represented in the corresponding character description. The bottom chart (‘Task Diffi-
culty”) shows that more than 90% of the times, the human judges considered the task of
writing the character descriptions from the literature summaries not too difficult

These results verify the feasibility of understanding and drawing reasonable infer-
ences about characters in the literature summaries from the L1 SCU dataset. Next, we

describe models and establish baseline performances on the two proposed tasks.

4.4 Character Identification

We present two approaches to address this task: (1) solving it as a multiple-choice
classification problem, and (2) using a generative classifier that generates, instead of
identifying, the character name, as shown in Figure

In the multiple-choice approach, we use the standard setup introduced in BERT

(Devlin et al., 2019) where the text from ¢;, D¢*

o skeq and S (with custom prefix tokens)

are concatenated as input, and the [CLS] token is projected to a final logit. We apply a
Softmax function to the logits to obtain the scores for each c;. For training practicalities,
we limit the number of choices to 4 during training (using the earliest window of choices
which include the correct one). During inference, we can generate the logits for all the
answer choices since they are independent before the final Softmax.

To establish a baseline performance, we experiment with finetuning RoBERTa (Liu
et al.,2019a)), and ALBERT (Lan et al.,2020) which have been shown to perform well in
several classification tasks. However, both these models cannot process inputs longer

than 512 tokens and the concatenated inputs are generally much longer. So we also

OThere is a natural label bias in the annotations: most of the responses fell into few categories. In this
case, standard inter-annotator agreement statistics are not reliable (the well-known paradoxes of kappa
(Feinstein and Cicchetti, [1990)). Thus, we simply report a pairwise agreement (i.e., how often do two
judges agree on the answer for the same question) of 0.71 and 0.64 for ‘fact coverage” and ‘task difficulty’,
respectively.
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text-to-text format.

Figure 4.3: Approaches for Character Identification.

tried Longformer (Beltagy et al., 2020), a BERT-like model with an attention mechanism
designed to scale linearly with sequence length, thus allowing the model to encode
longer documents. However, despite trying various hyperparameters, Longformer was

not able to match the scores in our experiments.

Our second approach, a generative classifier, is inspired by [Raftel et al.| (2020a) who
studied transfer learning by converting NLP problems into a text-to-text format. The
generative classifier addresses the character identification problem by directly generating
the character name ¢, given all character names (answer choices), the masked character
description, and the summary (see Figure [4.3). During inference, we compute the
model’s probability of each of the answer choices, and output the one with the highest
probability.

We use this procedure to train several strong baselines built on top of the following

pre-trained transformer-based models: BART (Lewis et al.,[2019), T5 (Raffel et al.,[2020a)),

and Longformer (Beltagy et al., 2020)).

Implementation Details. The RoBERTa and ALBERT multiple-choice classifiers were
trained for 6 epochs, initial learning rate 1e-5 (ADAM optimizer), batch size 16. The
generative classifier using BART was trained for 5 epochs, initial learning rate 5e-6, batch
size 8. We used the Transformer package (Wolf et al., 2019al) for training. The T5 model

was trained for 12 epochs on a TPU using the default parameters from the T5 repository
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Model Description Setup Accuracy (%)

Random Guess - 18.70
RoBERTa-Large (Liu et al.;[2019a) partial 77.84
ALBERT-XXL (Lan et al.,2020) partial 83.33
T5-11B (Raffel et al.,|2020b) partial 80.16
BART-Large (Lewis et al., 2019) partial 74.89
Longformer (Beltagy et al.}[2020) partial 71.10
BART-Large (Lewis et al.,[2019) full 78.58
Longformer (Beltagy et al.,[2020) full 74.78
Human Performance = 91.80

Table 4.2: Accuracy for the Character Identification. The “partial” description setup used a
truncated description (50 words) to allow including more of the summary.

(learning rate le-3 with AdaFactor, batch size 8)]"'| We truncate the summaries (and

descriptions) to satisfy model-specific maximum input length.

Results. Table 4.2|shows the accuracies of different baselines. The highest accuracy
is achieved by ALBERT-XXL (83.33%) followed by T5-11B (80.16%). Although both
ALBERT and T5 were given partial character descriptions, their specific pre-training
loss and larger number of parameters (for T5-11B) lead to superior performance over
other baselines. We observe that there is still a significant difference between the hu-
man performance (91.80%) and the best model performance (83.33%) on the character

identification task, warranting future work on this direction.

4.5 Character Description Generation

We present several strong baselines for generating character descriptions by fine-tuning
pre-trained transformer-based language models (LM) (Vaswani et al., 2017)). We study
two types of models: (1) a standard left-to-right LM, namely GPT2-L (Radford et al.,
2019) which is trained with LM objective to predict the next word; and (2) two encoder-
decoder models, namely BAR (Lewis et al.,|2019) and Longformer (Beltagy et al.,

Mhttps://github.com/google-research/text—to-text-transfer—transformer
12We use the bart-large-xsum as initial weights as our task can benefit from the summarization capability.
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2020) which initialize the state of the Transformer by reading the input, and learn to
generate the output.

One of the challenges of the proposed task is the length of the summaries, which
might exceed the maximum allowable length for most existing pre-trained models. To
overcome this, we either: (1) simply truncate the literature summary at the end, or (2)
only keep sentences from the literature summary that have a mention of the character of
interest. For the latter, we use a coreference resolution model, SpanBERT (Joshi et al.,
2019b,a), to identify character mentions within a summary. This results in a modified
dataset of character-specific literature summaries paired with character descriptions.
In addition to these two approaches, we also fine-tune Longformer (Beltagy et al.,
2020) with original full-length literature summary. Longformer leverages an efficient
encoding mechanism to avoid the quadratic memory growth and has been previously
explored for NLU tasks (encoder-only). We integrate this approach into the pre-trained
encoder-decoder BART model to encode inputs longer than its maximum token limit.
All the models take [name] ¢ [sum] S [desc] asinputand generate the character
description D€ as output.

Experiment with Full Literary Pieces. We also run an experiment on a subset of our
data with accompanying full-text of the literary pieces. Since it is infeasible to use the full
texts as input given the memory constraints of current models, we coarsely select spans of
the full-text beginning 50 tokens before, and 50 tokens after the occurrence of character’s
name. We use a Longformer model where the input is simply the concatenation of
the selected spans. Due to the small size of the this subset, we perform a 5-fold cross
validation starting from a pre-trained model fine-tuned on summary-description pairs
Implementation Details. We use the Transformer library (Wolf et al., 2019a). Each
baseline was trained for 5 epochs with effective batch size of 8, and initial learning rate

of 5e-6. We use the maximum input length of 1024 for GPT2, and 2048 for BART|'°|and

Bhttps://github.com/allenai/longformer. We initialize parameters of Longformer with the
same pre-trained BART.

Pre-training data do not contain instances of this subset.

BART originally accepts inputs of maximum 1024 BPE-tokens. We extend this to 2048 by adjusting its
positional embeddings.
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Model BLEU ROUGE-1 ROUGE-2 ROUGE-L BERT-F1

Length Truncated Input
GPT2-L 0.67 19.25 3.50 17.51 77.71
BART-L 1.38 24.93 5.42 21.99 84.54
Longformer 1.05 21.47 4.66 19.37 84.64
Coref Truncated Input
GPT2-L 0.58 18.69 3.15 16.91 78.46
BART-L 0.96 21.33 4.66 19.04 84.26
Longformer 0.98 21.18 4.40 19.13 84.59
Full Length Input
Longformer 1.14 21.79 4.88 19.60 84.72

Table 4.3: Automatic evaluation results for Character Description Generation. BART-
L achieved the best BLEU and ROUGE scores while Longformer performed best on
BERTScore.

the variant of Longformer with truncated input. For experiment with original books,
we use 16, 384 which is the maximum allowable input length for Longformer. During

inference, we use beam search decoding with 5 beams.

4.5.1 Automatic Evaluation

Following previous works, we use several standard, widely used automatic evaluation
metrics. We use BLEU-4 (Papineni et al., 2002) that measures overlap of n-gram up to
n = 4, ROUGE-n (n=1,2), and ROUGE-L F-1 scores (Lin, 2004) However, recent
works (Novikova et al.,2017;Wang et al.,2018) have raised concerns on the usage of these
metrics as they fail to capture paraphrases and conceptual information. To overcome
these issues, we additionally include a model-based metric, BERTScore (Zhang et al.,
2020b)), which measures the cosine similarity between contextualized embeddings of
the gold and generated outputs

The result of the automatic evaluation is presented in Table[4.3, According to the table,

BART-L consistently achieves the best performance across BLEU and ROUGE scores.

!*Note that we did not include perplexity score as it is not comparable across LM-based and encoder-
decoder models.
7We use the code athhttps://github.com/Tiiiger/bert_score
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Figure 4.4: Breakdown results for BART-L on subsets with annotated fact coverage as
all/most/some/little. Results for other baselines are provided in Appendix.

However, Longformer achieves a slightly better BERTScore. Both BART and Longformer
outperform GPT2 in general. This can be in part because BART and Longformer can
handle longer context, and are initially pre-trained on a combination of books and
Wikipedia data and further fine-tuned on summarization tasks, while GPT2 is pre-
trained on WebText only

Models perform relatively better in the length truncation setups than in the coref-
erence truncation. We posit that this is because a lot of the key points about major
characters are likely to appear earlier in the book summary (favoring length truncation).
Also, there might be errors introduced by the coreference resolution model itself.

In order to have a better insight into the models” performance with respect to varying
level of task feasibility, in Figure[4.4, we additionally report the breakdown of the results

/aari

for BART-L on separate subsets with “almost all”, “most”, “some”, “little or none” of
the information about the character (refer to Fact Coverage in §4.3.3). As expected, we
observe a consistent decline in the performance with lower amount of fact coverage.
Results for other baselines are reported in Table B.1|of the Appendix.

In Table we compare the models when using selected spans from the original

¥While these models could have had access to the original book text, they do not have access to the
character descriptions (our outputs) during pre-training. So, this information should not principally change
any of our empirical conclusions.
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Model BLEU R-1/R-2/R-L  BERT-F1

Longformer (w/ Books) 073 17.61 /3.60/16.15 84.33
Longformer (w/ Summaries) 1.00 19.46/4.33/17.74 84.77

Table 4.4: Automatic evaluation results for models using full-text of books vs. literature
summaries.

literary piece as the input vs. literature summaries as the input. We observe a decline
in performance when we used the full text. This reveals that even though the literary
pieces contain all the character information, this information is scattered which makes
it harder for the model to identify important facts about the character. Using full texts
also requires encoders which are better at understanding dialog, first-person narratives
and different writing styles of the authors. We invite the community to consider this

challenging but important problem.

4.5.2 Human Evaluation

To better evaluate the quality of the generated character descriptions, we conduct a
human evaluation on 100 test pairs of literature summaries and character descriptions
generated by the BART-L model on Amazon Mechanical Turk Given a literature sum-
mary and multiple generated character descriptions (shown one by one), the workers
were asked to rate each generated description on a Likert scale of 1 —5 (1 being the worst,
and 5 being the best) according to the following criteria: (1) Grammatical correctness
to indicate if the generated description is grammatically correct, (2) Logical correctness
to indicate whether the generated description is logically meaningful and coherent, (3)
Faithfulness of the generated description with respect to the given summary (a faithful
character description will not mention facts which are irrelevant to the character and/or
not stated in the summary), (4) Centrality to evaluate whether the description captures
important details and key facts about the character, and finally (5) the Overall score
considering all the four criteria listed above. We provide a screenshot of the experiment

in Figure[B.2of the Appendix.

“Here we are evaluating 4 character descriptions per summary, for the total of 25 literature summaries.
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Table 4.5: Percentage of different ratings from human evaluation of generated descrip-

tions (1=worst, 5=best).

Figure [4.5| presents the results of this
human evaluation. We observe that the
generated descriptions show a reasonable
level of grammatical (4.43) and logical cor-
rectness (3.94). However, they lack be-
hind when it comes to faithfulness (3.11)
and centrality (3.10). We also report the
distribution of ratings in Table These
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Figure 4.5: Human evaluation of generated

character descriptions. While the descrip-

results indicate that solving this task re-

quires designing better models of character-centric analysis of narrative.

tions are grammatically correct and logically
coherent, they often misrepresent or miss
important details about the character.

Here, we do a qualitative analysis for the Character Description Generation task. In

our human evaluation of the generated character descriptions (§4.5.2), we additionally

provided a questionnaire to collect in-depth feedback from crowd-workers on the type of

errors the BART-L model made when generating character descriptions from the given

literature summaries. The questionnaire asked “What details about the character does

the given character description miss or describe inaccurately. Note that the description

is supposed to describe only the important details and not necessarily all of them.” The

workers were asked to select all the applicable choices among the following error types:

1. Events: The character description misses or misrepresents some main event(s)

that the character is involved in.

2. Role: The character’s role in the narrative (e.g., protagonist, antagonist, etc.) is

52



important but is not included or misrepresented in the character description.

3. Relationships: The character’s relationship with other characters is important

(e.g., the protagonist’s wife) but is not included or misrepresented in the character

description.

4. Personal characteristics: The character’s personal characteristics (e.g., age, eth-

nicity, personality, etc.) are important for the narrative but are not included or

misrepresented in the character description.

5. Behavioral characteristics: The character’s motivation, desires, and behavior are

important but are not included or misrepresented in the character description.

6. No major error: None of the above. The character description captures most of

the important details about the character.

We also provided an optional text box for them to type in other details that are missing

or misrepresented but not listed above.

The result of this analysis is shown in
Table We can see that the generated
descriptions make fewer mistakes in captur-
ing personality-related attributes (12.33%) and
more mistakes in representing important events
involving the characters (46%). They also some-
times omit or misrepresent roles (24%), rela-
tionships (25%), and behavioral characteristics
(22%) of the characters. This indicates factors
that future systems should consider improving

upon when addressing this task.

Error Type Percentage
Events 46.00
Role 24.33
Relationships 25.00
Personal characteristics 12.33
Behavioral characteristics 22.33
No major error 27.67

Table 4.6: Error Analysis: proportion
of generated descriptions with differ-

ent error types.

We provide qualitative examples of the generated character descriptions along with

the errors they made (as pointed out by the turkers) in Table More examples with

input literature summaries are provided in Tables[B.2]to[B.5]of the Appendix.
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Generated Character Descriptions Comments

Book title: The Three Sisters
Character name: Vershinin

Generated Character Description: Vershinin is one of the most interest- | According to the sum-
ing characters in Three Sisters. He’s a young officer in the Russian army, | mary “Masha”, the
and he’s got a lot of time on his hands. But that doesn’t stop him from | middle sister, is the
having an affair with Irina, the youngest sister, who falls in love with him | one who has an af-
because she’s attracted to his philosophical ideas about the meaning of | fair with the officer
life. Vershinin, and not the
youngest sister, Irina.

Book title: The Sun Also Rises
Character name: Pedro Romero

Generated Character Description: Pedro Romero is a young Spanish | The description cap-
bull-fighter who is in love with Lady Brett Ashley, a beautiful British | tures most of the im-
divorcee. He’s a talented and talented young man, and, despite the fact | portant details about
that he is only twenty-five years old, he has the potential to be one of the | the character.

best bullfighters in Pamplona. Jake feels terrible for introducing him to
Brett, fearing that it has corrupted him.

Table 4.7: Examples of generated descriptions. Words in red correspond to hallucinated
or missing content, and words in green correspond to faithful information. The input
literature summaries are provided in the Appendix.

4.6 Related Works

The field of computational narrative understanding studies how to algorithmically

represent, understand, and generate stories. Early computational studies on narratives

had focused on learning procedural scripts and event sequences (Schank and Abelson,

1977; Manshadi et al., 2008; Regneri et al.,2010), narrative chains or schemas (Chambers|

land Jurafsky), 2008, 2009), and plot units (Goyal et al., 2010; McIntyre and Lapata, 2010;

Elsner, 2012).

Computational linguists have also worked on character-centric modelling of narra-

tives (Chambers,2013). The character-centric perspective aims to understand characters

— their personas, roles, goals, relationships, emotions, etc. Previous works have proposed

methods to detect characters and infer latent personas in movie plot summaries and fic-

tional novels (Bamman et al.,[2013b, 2014b; Vala et al., 2015} [Flekova and Gurevych,2015),

model inter-character relationships (Iyyer et al., 2016; Srivastava et al., 2016; Chaturvedi|

et al., 2017a; Kim and Klinger, 2019b)), and emotions (Brahman and Chaturvedi, 2020]).
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Earlier works have also considered constructing social networks of characters (Agar{
wal et al.,[2014)) from novels (Elson et al., 2010; [Elsner, 2012)) and films (Krishnan and
Eisenstein, 2015b)).

Another line of work related to ours is on summarization of novels (Mihalcea and
Ceylan|2007). This work built a dataset of novel-summary pairs and used unsupervised
summarization models such as TextRank (Mihalcea and Tarau, 2004) and MEAD (Radev,
2001). Instead of summarizing full novels, Ladhak et al. (2020) proposed a content-
selection approach to create a gold-standard set of extractive summaries by aligning
chapter sentences with abstractive summary sentences.

In a more related work, Zhang et al.| (2019) collected a dataset of fictional stories
along with author-written summaries. They proposed an extractive ranking and a
classification approach to select a subset of salient attributes from a list of candidate
attributes (extracted from the story) that describe a character’s personality. While this
work presented a collection of personality-related phrases as a potential summary for the
actual novel, our dataset contains literature summaries and character descriptions, and
we aim to generate natural language texts that analyze the narrative from the perspective

of the characters. Such an analysis is more in-depth than a collection of phrases.

4.7 Summary

Character(s) are principle narrative elements, and comprehending them has been widely
recognized as key to understanding narratives. Human readers build a mental model of
characters, understand what they look like, their role in the literary piece, and assess their
psychology, motivations, and consequences of their behavior. However, building such
a deep understanding of fictional characters in narratives is hard for machine reading
systems. To encourage progress in character-centric understanding of narratives, we
present LiSCU, a dataset of literature summaries paired with descriptions of characters
that appear in them. We use LiSCU to propose two tasks that explore the ability of the

modern neural models to understand the narrative from the perspective of characters.
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Performing human assessments on the model outputs show that there is still much room

for improvement on these tasks.
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Chapter 5

Entity Descriptor with Guiding Keys

In the previous chapter, we studied characters as the elements important for understand-
ing narratives and proposed to generate character descriptions grounded in fictional
stories. In this chapter, motivated by the Centering theory (Grosz et al.,[1995), we study
entities (and not just characters) as the narrative element. Specifically, we propose a real-
world application of generating narratives about entities grounded in world knowledge.
Towards this, we present a new dataset ENTDEGEN, ranking-based generation models

for this task, and an evaluation metric for factual correctness MAFE.

5.1 Introduction

Entities and entity knowledge have been shown to play a crucial role in many NLP
applications including open-domain question answering (Xu et al.,2016;Das et al.,2017),
summarization (Amplayo et al.,2018), contextualized knowledge representations (Peters
et al.,[2019), and dialogue and narrative generation (Wu et al., 2021} Clark et al.,2018b)).

In this chapter, we propose a new entity description generation task which is an
instance of grounded keys-to-text generation. Given an entity name, a wishlist of keys
(without the actual values) along with a set of short grounding passages, the task is to
generate a factual description about that entity. The wishlist of keys acts as guiding keys

to control the knowledge and facts the model should generate. An example is shown in
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Barack Obama __ Family & Personal Life

4 TOF':C“L Kejs: Obama was born on August 4, 1961, at Kapiolani Medical Center for
hospital, city, territorial entity, law firm | Women and Children in Honolulu, Hawaii. He was born to an American
| mother and a Kenyan father. His mother, Ann Dunham (1942-1995), was

Factual Keys: . - .
born in Wichita, Kansas; [...] In June 1989, Obama met Michelle
birth date, birth place, parents, spouse Robinson when he was employed as a summer associate at the Chicago
law firm of Sidley Austin. [...] They began dating later that summer,

Grounding P = . .
rouncing rassages E became engaged in 1991, and were married on October 3, 1992.

Figure 5.1: An example from ENTDEGEN dataset and entity description generation task.
Given a set of topical and factual keys, along with multiple grounding passages, the
task is to generate an entity description. Corresponding knowledge are underlined.

Figure[5.1, where the task is to generate a paragraph about “Barack Obama”, in particular
about his family and personal life. Potential factual keys in this example are “birth date,
birthplace, parents, spouse, children”, etc. The task also enables a finer-grained control
over the types of entities to be included in the output via topical keys such as “hospital,
city, law firm” for the example in Figure Finally, pertinent information about the
entities needs to be fetched from the set of grounding passages which are short snippets
of text.

Entity description generation can be utilized in voice search where the retrieved
knowledge needs to be converted into text and read to the user. This task also has
applications in other Al systems when used to verbalize knowledge for pre-trained
language model (PLM) training (Ma et al., 2021), or incorporating knowledge entity as
additional input to models for Commonsense QA (Xu et al.|[2021]).

Our proposed task differs from similar existing tasks, such as data-to-text genera-
tion (Cheng et al., 2020; Puduppully et al.} 2019) in that, we presume keys but not values
are given. This is a more realistic setting as knowledge about entities are time-dependent
and changing constantly, and so have to be fetched on the fly. Our proposed task also
differs from the prompt-to-text generation, where only the entity is given as prompt.
Prompt-based methods are open-ended, and their lack of controllability leads to an
output that does not meet the user’s needs. They are also prone to hallucination due to
not being grounded enough in factual knowledge.

To facilitate research on grounded keys-to-text generation task, we introduce a large-

scale and challenging dataset, called ENTDEGEN, with about 375K instances. The grounded,
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factual and long-form nature of the task brings a new challenge, i.e., generating paragraph-
level text which is faithful to some sources of knowledge based on the provided guiding
keys. To address this challenge, we propose ENTDEscripTOR equipped with strong ranker
to help the model focus on passages that are both relevant to the keys and complementary.
We propose two rankers. Our contrastive dense ranker is based on embedding-based
retrieval systems trained in a contrastive framework. Our autoregressive ranker generates
a sequence of passage indices autoregressivly by modeling the probability of each
passage conditioned on previously generated passages. This ranker is shown to achieve
the strongest performance by modeling the joint probability of passages.

The factual aspect of generation also calls for a new evaluation metric. Inspired by
recent fact-based evaluation for summarization, we propose an automatic metric, called
MAFE, to evaluate different aspects of grounded text quality, including relevance and

consistency.

5.2 Task: Entity Description Generation

Given an entity e, title ¢, a set of factual KK/ = {k{, k{, ...kl }and topical K = {k!, kb, ..., k. }
keys, and grounding passages P = {p1, p2, ..., pn }, the goal is to generate a text h with

respect to the provided keys (see Figure[5.1)).

5.3 Dataset: ENTDEGEN

Our dataset collection strategy is motivated by the WikiTasLeT dataset (Chen et al.,
2021) and is based on Wikipedia. Each Wikipedia article A,, is composed of multiple
sections § = {s1, S, ..., S, }. For example, a typical Wikipedia article about a football
player may contain section about “Introduction”, “Early Life”, “Club Career”, and
“International Career”. The title of the Wikipedia article is the entity whose description
is to be generated and each section form the reference description r. We perform the
following steps for each section s; in a Wikipedia article to obtain: factual keys, topical

keys, and grounding passages.
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Factual Keys. For obtaining factual keys, we align key-value pairs in infobox and
Wikidata with each section s;. For this, we We took a distant-supervision approach
to estimate the alignment score of each key-value pair with the section using seman-
tic similarity and lexical precision. For semantic similarity, we compute the precision
component of BERT-Score (Zhang et al., 2020b) between the section text and the con-
catenation of key-value pair (key + value). A high value indicates that the key-value
pair is semantically relevant to that section. We also measure the ROUGE-L precision
score (Lin, 2004) between the section text with respect to the concatenation of key-value
pair. For each instance in our dataset, we select keys whose key-value BERT-Score is
greater than 0.82, and ROUGE-L score is greater than 0.25

Topical Keys. For obtaining topical keys, we first find all hyperlinked articles Ay,
appearing in the section. We then use the value of the “instance of” or “subclass of”
tuple in the Wikidata table of Ay, as the set of topical keys for section s;. For example, the
hyperlinked Kapiolani Medical Center for Women and Children in Figure 5.1]is an instance
of hospital according to its Wikidata table. So it will be turned into a topical key hospital.

Grounding Passages. For obtaining grounding
Species

passages, we use the documents in the WikiSum Event pese
1.30% evice

0.42%

dataset (Liu et al.,|2018). The documents are cited Bos—— Others

2.55%
. . . . . Organization ‘
references in the Wikipedia article obtained by Com- 9.04%

monCrawl or web pages returned by Google Search. blace

20.73% Person

Each instance in our data has 40 grounding passages. 57 03%

Note that our dataset is distantly supervised, and
Figure 5.2: ENTDEGEN Entity
these passages may not always contain all the facts pomain Distribution.
regarding the keys. To enhance the quality of our
dataset, we filter out entities for which the average Bert-Score recall of key-value pairs

against the grounding passages is lower than O.SZH

Basic statistics of ENTDEGEN is provided in Table.1} Figure 5.2|depicts the diversity

!These threshold values are selected empirically from BERT-Score € {0.80, 0.82,0.84, 0.86} and ROUGE-
L € {0.20,0.25,0.30}.
2Similarly, this value is chosen empirically from BERT-Score € {0.80,0.82,0.84,0.86}
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Train Dev Test

Instances 267,453 2,500 2,497
Avg. Output Len. (token) 11637 125.56 124.10
Avg. Passage Len. (token)  59.98 60.13  60.25
Avg. Top. Keys 4.14 4.15 4.30
Avg. Fac. Keys 6.04 6.13 6.17

Table 5.1: ENTDEGEN Dataset Statistics.

of entity domains in ENTDEGEN while still a large portion of it is Person (character). We
associate each entity in our dataset with a domain such as Person, Place, Organization,

Event, etc. using DBPedia knowledge-base (Lehmann et al., 2015)).

5.4 MAFE: Multi-Aspect Factuality Evaluation

To safely deploy models trained on this task in real-world scenarios, it is crucial to
evaluate the factuality of the generated texts. Inspired by recent fact-based evaluation in
abstractive summarization (Scialom et al., 2019; Durmus et al., 2020; |Wang et al.,|2020)),
we propose to assess the factuality of generation through question answering (QA).
We evaluate factuality of a generated description h with respect to (i) factual triples (e,
k, v) which are constructed from the entity e, each factual key k and its value f°, and
(ii) reference (gold) description r. In our QA based Multi-Aspect Factualy Evaluation
(MAFE), questions are generated from spans in the reference and factual triples (recall),
or the generated output (precision), and are automatically answered using the output,
or reference-factual triples. Then, the similarity between the predicted answer and
the gold answer is used to compute recall and precision. Our evaluation framework
is illustrated in Figure[5.3|which accounts for both relevance (recall) and consistency
(precision):

Recall (h — r) evaluates the generated output & on recalling information from the
factual triples (e, k, v) AND reference r. For this, we generate questions that have gold

answers in factual triples and reference using a Question Generation (QG) module, and

3This resembles the (s, 7, 0) in the Knowledge Bases, e.g., (Barack Obama, place of birth,
Hawaii) .

61



Recall Precision
—

= =\ . )
I, =V\\ I/\\ ,/Output\\

!
ll?eferencel . (e, k, v) /’ \ \W/ /

/

~ - S 52 \l’
.. oo

ar Qky = -— l q .
e -=~ = o
\ -—
,/Output\\ ,“Output N \\ /\
—»

~ € - i 4——-' \
l\ o /: s, Feference/l———} l\ (e, k v) I
\W\_/ aga aga ~~-- ~__~- Yga aga \\_//
— N — — X 0 —
Ref Answer Gold Value Output Output
&l v Answer Answer
D» o Crmax ) "
L Recall L Precision

Figure 5.3: MAFE Evaluation Framework consisting of Question Generation (QG),
Question Answering (QA) and Answer Matching (AM) components.

obtain answers to these questions from generated output h using a Question Answering
(QA) module. We define recall as the average scores of these answers when compared
to the gold answers (computed by an Answer Matching (AM) module).

Precision (r — h) measures the amount of information in the generated output & that
is consistent with factual triples (e, k, v) OR reference r. For this, we generate questions
from output and obtain answers from factual triples and reference. We define precision
as the maximum score between answers predicted from factual triples and referenceﬁ

Next, we describe the 3 modules of the evaluation framework.

5.4.1 Question Generation

Given a sentence s and an answer a, we train a QG model to generate a question g,
modeling Py, (q|s, a). For evaluating a generated output, we gather a set of answer spans
a by extracting all name entities and noun phrases from each sentence s (of reference or
output) using spaCy. For generating questions from factual triples, we linearize them

by concatenating their constituent elements and consider the value v as the answer

“We use maximum because a fact contained in the model’s output should either be precise w.r.t knowl-
edge triples or the reference, but not necessarily both.
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a. For example, we form “Barack Obama place of birth hawaii” from (Barack Obama,
place of birth, Hawaii). Following (Durmus et al,2020), our QG model is a

BART model fine-tuned on (s, a, q) triples annotated by Demszky et al. (2018]).

5.4.2 Question Answering

Given a question ¢, and a context ¢, the QA model gives the probability of an answer q,
modeling Py, (alq, ¢). For evaluating a generated output, given a question ¢ generated
by the QG model from the reference and factual triples, or the output, the QA model
answers it using the output, or reference and factual triples (as context c), respectively.
For answering questions using factual triples as context, we concatenate all the linearized
triples into a single piece of text. Our QA model is an ALBERT-XL model (Lan et al.,
2020) fine-tuned on SQUAD2.0 (Rajpurkar et al., 2018]). SQUAD?2.0 support identifying
unanswerable questions which is crucial since not all answers are contained within a

given context c.

5.4.3 Answer Matching

The common approach to assess the answers given by a QA model (compared to gold
answers) is to use Fl-score, which is based on exact matching of n-grams. We argue
that is problematic in our case when correct answers are lexically different. For example,
Sport: “professional wrestling” can be realized as “She is a wrestler [...]”. The Fl-score
does not capture these lexically varied but correct answers. Therefore, we propose
using an NLI model to compare the similarity of two answers. Given the generated
question ¢ from the reference, to compare the reference (gold) answer and the predicted
answer, we concatenate each answer with the question separately to form the premise
and hypothesis for the NLI model. For example, for the question “What sport did Mr.
Kenny Jay play?”, we pass the following to the NLI model:

Premise: What sport did Mr. Kenny Jay play? professional wrestling

Hypothesis: What sport did Mr. Kenny Jay play? wrestler

We give the predicted answer a score of 1 if the NLI model predicts entailment, and a
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Query Encoder Reference Encoder

Mini-Batch of Queries Mini-Batch of References

Annunziata Rees-Mogg, Introduction keys: occupation - party - nationality -+ Annunziata Mary Rees-Mogg is a British politician -+

George Fowler Hastings, Family and legacy keys: award received - father --- [+— Hastings was born on 28 November 1814, the second son of Hans -

BERT

Linear Layer
19Ke7] reaury

Ob River, Human use keys: tributaries right - country - origin of the watercourse [<— The Ob provides irrigation, drinking water, hydroelectric energy, and--

(a)

Fusion-in-Decoder

Fooo

I
Passages
g question: Annunziata Rees-Mogg, keys: occupation - parents - party - nationality ‘- index: 1 context: .—':

question: Annunziata Rees-Mogg, keys: occupation - parents - party - nationality -+ index: 2 context: @—n
: 1

. 1

question: Annunziata Rees-Mogg, keys: occupation - parents - party - nationality -+ index: N context: t\
1

(®)

Generate passage
indices autoregressivly

Figure 5.4: Two proposed passage rankers: (a) Contrastive Dense (b) Autoregressive.

score of 0 if it predicts contradiction. For neutral, we compute the BERTScore (Zhang
et al.,[2020b)) comparing the contextualized representations of the two answers. For the
NLI model, we use RoBERTa (Liu et al.|, 2019b)) fine-tuned on MNLI (Williams et al.,
2018)).

5.5 ENTDESCRIPTOR

The EnTDESscriPTOR model needs to fetch relevant passages (source of knowledge) on
the fly to generate a factual description. For this, we equip our ENTDEscripTOR model
with a Passage Ranker (§5.5.1)). Given the entity, keys and a set of ranked passages, the
Descriptor Generator (§5.5.2)) then generates an entity description.

5.5.1 Passage Ranker

Each instance in our dataset is accompanied by a set of candidate grounding passages.
However, not all passages contain useful knowledge about certain aspects of an entity;,
i.e., the provided factual and topical keys. We, therefore, introduce a ranking stage where
we rank the grounding passages P given the entity, title, and a set of keys as query g.
The ranker outputs top-k passages {p1, ..., pr} C P, which are then used to ground the
Descriptor Generator. Below, we describe two baseline rankers, namely ROUGE-2 and

tf-idf rankers, and two proposed rankers, namely contrastive dense and autoregressive
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rankers.

ROUGE-2 (oracle). This ranker ranks passages according to their ROUGE-2 recall
against the reference. This is akin to oracle ranking as we use information in the reference

to do the ranking.
Tf-idf. This ranker ranks passages using their tf-idf score following (Liu et al.,2018)).

Contrastive Dense. This ranker learns and then compares dense representations of
queries and passages using contrastive training. We train a dense ranker (shown in
Figure 5.4|(a)) which is inspired by recent embedding-based retrieval systems such
as REALM (Guu et al.,[2020), and DPR (Karpukhin et al., 2020). We follow a distant
supervision approach (Jernite, 2020) by using the reference descriptions r instead of the
gold passages as supervision signal. For each instance, we form a query ¢; by concate-
nating the entity, title and the set of keys. We thus construct a dataset of (g;, r;) pairs
and use a bi-encoder architecture to project queries and references to 128-d embedding
space. We use a contrastive framework with in-batch negatives where the idea is to push
encoded vector of a query closer to its corresponding reference vector, but away from
other reference vectors in the batch. Formally, we optimize the following Cross-Entropy

loss with in-batch negatives:

L= Y g exp(qi-Ti) 5.1)

= Y eplain)

where q; and r; are encoded query and reference vectors, and mB denotes the mini-
Batch. We use mini-batches of 1024, and initialize the encoders with distilled-BERT (Turc
et al.,[2019; Devlin et al., 2019). Two projection layers are then learned for queries and
references. Once the ranker is trained, we use the reference encoder to encode each
grounding passage p; and score them based on their dot product similarity w.r.t vector
representation of query q;. We then use the top-k passages as input to Descriptor
Generator.

Autoregressive. In the previous ranker, passages are scored independently according to

their relevance to the input query q. However, an ideal ranker should select relevant
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yet diverse passages. To achieve this goal, we develop an autoregressive ranker with an
encoder-decoder architecture (shown in Figure[5.4[(b)) where the encoder process the
entire set of passages P, and the decoder generates a sequence of k passage indices. The
autoregressive nature enables modeling the joint probability of passages P(p1, ..., pn|q)-
Similar text-to-index framework showed promising results for sentence ordering (Basu
Roy Chowdhury et al., 2021). To enable encoding the entire set of passages (in our
case 40), we use the Fusion-in-Decoder (FiD) architecture following [zacard and Grave
(2021)).

The FiD architecture takes the input query (concatenation of entity, title and set of
keys) as well as each individual passage independently as inputs to its encoders. The
query is concatenated with each passage and its positional index using special tokens:
question: [Entity] e [Title] t [Keys] K/ + K! index: i context: p;. The
encoders output hidden representations h; € RE*4 for each individual passage p;, where
L, and d are input length and hidden dimension, respectively. The concatenation of
encoders’ representations H = [hy;...; hn] € REV*? is passed to decoder which in turn
generates a sequence of passage indices {i1, ...i; }. The corresponding top-k passages
{p1,..., pi} are then used to ground the Descriptor Generator. All encoders and decoder
are initialized with pre-trained T5 (Raffel et al.,[2020c). This ranker is trained using the

silver sequence of passage indices obtained by ROUGE-2 (oracle) ranker.

5.5.2 Descriptor Generator

Extractive. We build an extractive baseline using QG and QA models. For this, we
convert an entity name and each factual key in our input into a natural language question
using a seq2seq model. We then use a strong extractive QA model, namely ALBERT-XL
fine-tuned on SQUAD2.0, to answer these questions using all grounding passages as the
context Finally, we concatenate all sentences from the groundings which contained
the most confident answers as our final output.

Abstractive. We build strong abstractive baselines by fine-tuning several transformer-

SEach grounding passage is passed separately.
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based PLMs. This include encoder-decoder models, namely BART-Large (Lewis et al.,
2020a)), T5-large (Raffel et al.,2020c), and PEGASUS (Zhang et al.,2020a)). All baselines
take inputs in the form of [Entity] e [Title] ¢ [Keys] K! + Kt [docs] PF and
generate the entity description.

Note that during training our generation models, we use the top-10 grounding

passages obtained by oracle ROUGE-2 rankerﬁ Implementation details are provided in

Appendix

5.6 Experiments

5.6.1 Automatic Evaluation

We use several widely used automatic metrics like BLEU (Papineni et al., 2002), and
ROUGE-L (Lin, 2004). We also use PARENT (Dhingra et al., 2019) that considers
similarity of generation to both data (in our case factual triples) and the reference. Lastly,
we use BERTScore (Zhang et al., 2020b) which computes alignment between BERT

representations of reference and generated output.

5.6.2 Evaluation of MAFE

We propose a metric for evaluating factuality, MAFE. To evaluate MAFE as a metric,
we compute its correlation with human judgments of factuality. We take a random
set of 297 BART-L generated outputs using different rankers. The instances include
diverse set of entity domains (see Figure[C.1in Appendix). We collect human judgments
of factuality on this subset using Amazon Mechanical Turk (AMT). Three annotators
judged the recall-oriented and precision-oriented factuality of each generated paragraph.
For evaluating recall-oriented factuality, we present each sentence of the reference one
at a time and ask annotators how well the sentence is supported by the content in the

generated paragraph. The annotators have to choose from a Likert scale of 1-5 (1 being

Using the passages obtained from other rankers during training degrades the performance.
"We use the co-occurrence version which is recommended when paraphrasing is involved between
data and text.
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Metric BLEU R-L PAR BERT-S MAFE
Corr. 48.00 56.75 40.80 56.76 60.14

Table 5.2: Paragraph-level Pearson correlation coefficient between automatic metrics
and human judgement of factuality. All correlations are significant at p < 0.001.

very badly supported, 5 being very well supported) We also present each factual
triple one at a time and ask annotators if it is supported by the content in the generated
paragraph. ﬂ For evaluating precision-oriented factuality, we switch references and
factual triples with generated paragraphs, i.e., we show the generated paragraphs one
sentence at a time and ask how well the sentence is supported by the reference and
all factual triples. We then average scores across all sentences. See Appendix [C.2.2)for
details and screenshots of annotation layout.

To account for recall and precision oriented values, we measure correlations between

human judgment F1 (272575 ) with MAFE-F1 and other automatic metrics. Accord-
ing to Table MAFE shows a higher correlation with the human judgment than
other metrics. Hence, we include MAFE in our experiments to gauge the factuality of

generations.

5.6.3 Results

Performance of Different Baselines. Table [5.3|reports the performance of different
baselines for the task of entity description generation. According to the results, Extractive
performs poorly compared to other abstractive baselines. This is mainly because it lacks
the narrative flow required for a coherent output. Comparing all abstractive baselines,
when they are given oracle groundings (defined in §5.5.1]), shows that BART outperforms
T5 and PEGASUS in general on all n-gram overlap-based, PARENT, as well as BERTScore
metrics[10]

8We find the Likert scale to be more suitable than binary decision because each sentence might contain
multiple facts.

“Factual triples are presented in the form of e (k; v). E.g. Henry Stanton (placeofburial; West Point) which
is read as “The place of burial of Henry Stanton is West Point.”

OUni/ bi-gram overlap (R-1,R-2) are reported in Table@ of Appendix.
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Model +Ranker BLEU ROUGE-L PARENT BERT-Score MAFE
Recall Precision
Extractive 2.94 19.85 14.22 82.44 19.01 18.91
T5-Large 541 15.09 20.58 84.25 17.65 17.38
+Tf-idf 5.50 26.70 21.42 84.53 17.68 18.35
+Contrastive Dense | 6.89 28.14 22.44 84.92 19.00 19.66
+Autoregressive 7.24 28.64 23.45 84.96 19.48 19.97
tRouge? (oracle) | 856 3084 2597 8541 | 2099 2201
BART-L 7.03 30.82 23.57 86.10 17.43 23.13
+Tf-idf 6.97 31.14 23.96 86.23 17.45 24.02
+Contrastive Dense | 8.25 32.46 24.67 86.48 18.55 26.00
+Autoregressive 8.69 32.97 25.40 86.58 19.11 26.71
tRouge? (oracle) | 982 3487 2725 8701 | 2028 2932
PEGASUS 6.49 27.11 22.88 83.65 15.34 22.72
+Tf-idf 6.34 27.25 22.68 83.74 14.79 23.72
+Contrastive Dense | 7.99 28.94 24.10 84.43 16.40 24.70
+Autoregressive 8.55 29.75 25.38 84.54 17.16 25.34
Rouge (oracle) | 1005 3171 2772 8497 | 1807 2673

Table 5.3: BLEU, ROUGE-L, PARENT, BERT-Score, and MAFE scores for different
unranked models, as well with adding different rankers. Models consistently perform
better when using autoregressive ranker.

When comparing baselines with respect to factuality using our MAFE metric, we
see that BART in general generates paragraphs that are significantly more consistent
(precise) with respect to factual triples and reference. Whereas, T5 is slightly better at
content-selection (measured by recall).

Performance of Different Rankers. We now investigate the effect of different rankers
on generation performance. For this, we compare baselines using different rankers (see
Table5.3)). All models perform better when they are given top-k ranked groundings
than their Unranked baselines. For all generation models, the proposed contrastive
and autoregressive rankers significantly outperform the tf-idf baseline ranker. This
is because tf-idf ranker only finds passages that feature sparse words from the input
query and fails to capture semantic similarities. Moreover, by predicting a sequence of

passages each conditioned on the previously selected passages in the autoregressive
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Ranker Recall@5 Recall@10

Tt-idf 32.02 42.35
Contrastive Dense 36.62 45.90
Autoregressive 44.67 52.08

Table 5.4: Recall@k (%) for different rankers w.r.t oracle ranking.

ranker, the generation model gains further improvements over the strong contrastive
dense ranker.We also measure Recall@k score for different rankers with respect to the
oracle ranking using ROUGE-2. The score indicates the proportion of oracle passages
(obtained y ROUGE-2 method) that is found in the top-k predicted passages by any
of the rankers. Results are shown in Table 5.4/ where we observe that autoregressive

outperforms the other two rankers.

5.6.4 Human Evaluation

Factuality (r <+ h). We evaluate the factuality of generated paragraphs using human
annotators. We randomly sample 100 datapoints from the test set and evaluate para-
graphs generated by BART-L using four rankers: tf-idf, contrastive dense, autoregressive
and ROUGE-2 (oracle) (a total of 400 generation examples). We ask 3 judges from AMT
to evaluate the recall-oriented and precision-oriented factual correctness of each sample
generation. We use the same annotation layout described for evaluating MAFE metric
(correlation analysis; §5.6.1]). More details can be found in Appendix|[C.2.2.

Table[5.5 shows that human annotators consistently rate the factuality of paragraphs
generated using autoregressive ranker higher than those generated using contrastive
dense ranker and lower than Oracle ranker. The result is consistent with our proposed
metric as well.

Faithfulness (P* — h). We also evaluate whether the generated outputs are faithful to

the top-k grounding passages For this, we randomly sample 100 data points from the

""Here, we are evaluating faithfulness wrt input groundings. Thus, we use the same set of groundings
(by fixing the ranker to be autoregressive) and evaluate different underlying LM.
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Ranker Recall Precision

Tt-idf 48.95 43.36
Contrastive Dense ~ 51.98 57.50
Autoregressive 56.76 58.41

Rouge? (oracle) 58.92 62.00

Table 5.5: Human evaluation of factuality (recall- and precision-oriented in %) for
BART-L generated paragraphs using different rankers.

T5-Large BART-L PEGASUS

Human Rating 4.17 3.53 3.83

Table 5.6: Human evaluation of faithfulness of different baselines w.r.t grounding
passages. Scores are on a scale of 1 (very poor) to 5 (very high).

test set and ask 3 annotators from AMT to evaluate the faithfulness of generated outputs
using different baselines on a scale of 1-5. Following our previous annotation layout,
we show one sentence at a time and then average scores across all sentences. Table

shows that T5 generates more faithful paragraphs compared to other baselines.

5.6.5 Ablation Studies

Here, we discuss different ablations where we remove/add certain information from/to
the input and investigate its effect on the performance. We experiment with settings
where there are no groundings, no keys, no factual keys, no topical keys, values w/o groundings,
and values w/ groundings.

Table [5.7|shows the results for the BART-L baseline with the autoregressive ranker.
As expected, the model performance degrades the most w.r.t all metrics when the
grounding passages are removed from the input. This setting is similar to the prompt-
to-text generation, where the model mostly relies on its parametric knowledge and is
prone to hallucination. Removing all the keys from the input is detrimental in recalling

important information, as shown from the MAFE-R score. We also observe that ablating
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MAFE

Ablated Inputs R-L BERT-S
Recall Precision

Grounding Passages

no groundings 25.44 84.80 8.87  13.01
Keys

no keys 30.34 8595 1799 27.12

no factual keys 3192 86.35 1821 27.14

no topical keys 31.67 8633 19.13 28.15

Orig. Task Input 3297 8658 19.11 26.71

Values & Grounding Passages
values w/o groundings 28.82 8590  19.30  25.97
values w/ groundings 33.61 86.70  21.77  29.40

Table 5.7: Ablation study: Best results are in bold. The gray section is when values are
assumed to be at hand, and akin to oracle experiment.

factual keys hurts the relevance of the generated paragraph (i.e., Recall) w.r.t its reference
more, whereas ablating topical keys hurts the n-gram overlapping metric (R-L). This is
because factual keys are essential to make a good content selection and be rewarded by
MAFE metric, whereas topical keys mostly appear verbatim in the output. Lastly, having
the gold values for the corresponding keys without the grounding passages cannot
beat the performance with the original inputs. In particular, although the model can
recover more information (i.e. better recall), not being grounded causes it to generate
less consistent information (i.e. lower precision). When accompanied with groundings,

the model achieves the best performance, emphasizing the importance of grounding.

5.7 Related Work

Natural Language Generation. Several data-to-text problems have been proposed with
various input formats like Knowledge Graphs (Koncel-Kedziorski et al.| 2019;|Cheng
etal,2020), Abstract Meaning Representations (Flanigan et al.,2016; Ribeiro et al.,2019)),
tables and tree structured semantic frames (Bao et al.,2018;/Chen et al.,2020; Parikh et al.,

2020; Chen et al., 2021; Nan et al., 2021), and Resource Description Framework (Gardent
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et al 2017).

Towards a more controlled generation task, ToI'To (Parikh et al.,[2020) was introduced
for an open-domain table-to-text generation where only some of the cells are selected
as the input. However, ToI'To and most existing datasets such as WikiBio (Lebret
et al.,[2016) and LogicNLG (Chen et al., 2020) focus on generating single sentences.
Although generating long-form text is becoming a new frontier for NLP research (Roy
et al., 2021b; Brahman et al., 2021), not many datasets and tasks have been proposed
to explore this direction. Available datasets such as RoToWIre (Wiseman et al.,[2017)
or MLB (Puduppully et al., 2019) are either small-scale or on single domain (e.g.,
Sports). Unlike prior works, we propose a controllable long-form entity description
generation task that covers multiple domains and categories, including people, location,

organization, event, etc.

Recently, Chen et al. (2021) presented the WikiTasLET dataset for long-form text
generation from multiple tables and meta data. In a more natural setting, our ENTDEGEN
dataset uses factual and topical keys as guidance but still leaves a considerable amount
of content selection from grounding passages to be done by the model. Our proposed
grounded keys-to-text generation framework is generic and can easily be applied to
other scenarios where the candidate set of grounding passages can be obtained via a

simple internet search. This enable having access to the most up-to-date knowledge.

Factual Consistency Evaluation. Evaluating factual consistency of machine-gener-

ated outputs has gained growing attention in recent years. New approaches have
been proposed mainly for tasks like abstractive summarization and machine transla-
tion (Zhang et al., 2020b; Sellam et al., 2020; Durmus et al.,|2020). Some of these metrics
are QA based and have been used to measure common information between docu-
ments/reference and summaries (Eyal et al., 2019; Scialom et al., 2019; Wang et al., 2020).

Our proposed metric, MAFE, is inspired by these works.

73



5.8 Summary

This chapter studied entities as narrative elements and proposed a practical controllable
task of generating narratives about entities grounded in world knowledge. We construct
a large-scale dataset ENTDEGEN to facilitate research on this task. We proposed ranking-
based models and an evaluation metric to gauge the factual correctness of generated
narratives. Experiments showed the effectiveness of the proposed rankers to fetch
relevant information required to generate a factual narrative. Human evaluations showed
that ENTDEGEN poses a challenge to state-of-the-art models in terms of achieving human-
level factuality in long-form generation. Our proposed dataset and task can also foster
further research in the recently emerging retrieval augmented generations models (Lewis
et al., 2020b; Zhang et al., 2021; Shuster et al., 2021) — where the retriever and generator

components are trained end-to-end.
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Chapter 6

Conclusion

In this chapter, we summarize our contributions and conclude with a discussion on

future challenges and directions.

6.1 Contributions

In this dissertation, we investigated methods for advancing narrative understanding and
generation by modeling key narrative elements that contribute to a good story. We designed
new tasks and resources as well as modeling frameworks for efficient incorporation of
narrative elements into the understanding and generation process.

We begin by taking cue phrases such as actions, entities or topic words as narrative
elements resembling a plot (outline). We explored the problem of interactive storytelling,
which leverages human and computer collaboration for creative language generation. To
address this task, we presented two content-inducing approaches that take user-provided
inputs as the story progresses and effectively incorporate them in the generated text.
This human-computer collaboration is a step towards building an Al agent which can
communicate with and assist humans (e.g., writers, learners with disabilities, and
children) in a real-world situation and in an effective, scalable way.

In the following chapter, we proposed an emotion-aware story generation task for

modeling the evolution of emotions in stories. To this end, we designed two emotion-
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consistency rewards using a commonsense transformer (Bosselut et al.,2019) and an
emotion classifier to regularize the story generation through reinforcement learning.
Experiments demonstrated that our approach improved both content quality and emo-
tion faithfulness of the generated stories. However, the various assumptions and choices
made in this work and the specific characteristics of the dataset we chose can introduce
biases and errors. For example, our approach uses COMET, a discourse-agnostic model,
for separately extracting emotional reactions for each sentence. This may fail to maintain
emotional consistency with the rest of the narrative. Such sources of errors and biases
need further systematic investigation. Moreover, future models can use and improve
upon contextualized discourse-aware commonsense inferences for extracting emotional

reactions (Gabriel et al., [2021)).

Next, we studied character(s) as key elements necessary for understanding narrative.
To bridge the gap between human and machine character-centric narrative understand-
ing, we introduced a new dataset containing about 9.5k literature summaries paired
with descriptions of characters that appear in them. Using this dataset, we proposed
tasks, namely Character Identification and Character Description Generation grounded on
narrative summaries to investigate neural models” ability in understanding the narrative
from the perspective of characters. Through several experiments and thorough analyses,
we demonstrated that current state-of-the-art models are not up to the task of narrative

understanding on the character level and leave plenty of room for improvements.

Finally, under a broader definition, we use entities (and not just characters) as
narrative elements and explored generating narratives about them grounded in world
knowledge. We proposed a grounded keys-to-text generation framework, where the
user controls the information content using factual and topical guiding keys. To enable
real-world application, the pertinent information to generate factual narratives is then
fetched from a set of groundings (knowledge sources) using ranking-based models.
We constructed a large-scale dataset ENTDEGEN to facilitate research on this task and
presented an evaluation metric to assess the factual correctness. While proposed ranking

strategies proved effective in providing relevant information, human evaluations showed
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that models still struggle to achieve human-level factuality when generating longer text.

6.2 Future Directions

While this dissertation explored several approaches, our investigations shed light on
several shortcomings and interesting future directions. Below, we discuss a few possible

future directions:

Modeling Narrative Elements and their Evolution In this dissertation, we took several
approaches towards modeling some of the narrative elements, which future work could
explore further by explicitly modeling other narrative elements during generation. For
example, modeling characters’ roles, goals, and relationships with others and how they
evolve and drive the story forward as well as the setting and theme of the story can
be plausible directions. Moreover, we primarily focused on generating short stories.
Moving to longer stories, we need to revise a lot of assumptions and focus more on
paragraph-level modeling rather than a sentence/segment-level analysis. Inspired by
how human writers keep track of the relations between entities and events, one can
equip generators with a reader model that mentalizes and reasons about events and
entities with explicit memory that gets updated as the story progresses.

Besides the development of the plot and characters, a good story should be engag-
ing and have creative language. Reversals are surprises (change in directions) that
affect storylines and give stories complexity. Understanding reversals and incorporating
them while automatically generating stories enhance the stories” interestingness. Includ-
ing figurative language and involving the reader via descriptive language (triggering
five senses) are other fundamental tools that can be leveraged and incorporated into

generation models.

Character-centric and Socially-aware NLP Models Current NLP models make an

oversimplifying assumption that language is about ‘content’, aka what is said However,

!This only works in information-driven tasks such as QA.
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according to linguistic theories language is about who says what to whom, in what context,
and for what goal (Grice,[1975; Halliday and tian MIM Matthiessen| [2013). Therefore,
interpreting and modeling these social factors of language (and the way they are used
to convey social meaning) are essential to achieve human-level competence (Hovy and
Yang, 2021). For instance, the implicit meaning of a content should be interpreted by
considering speaker’s or receiver’s identity and their relationship. Taking “I see you have
every season of Sex and the City on DVD” as an example, it might imply different meaning
depending on the relationship between speakers. If it’s the parent of the person, it can
imply: “I don’t approve you of watching this show, you should get rid of those.”, or if it's a
friend, it implies: “I wish I had those. Can I borrow them sometime?”. Current NLU and

NLG models lack such commonsense of sociolinguistic competence.

Towards addressing these issues, we need to keep distilling knowledge and ex-
panding symbolic (social) knowledge bases that can be used by machines to develop
meaningful character-centric representations. Narratives which are rich in social and
general knowledge can provide a great resource for knowledge acquisition and knowl-
edge base construction. While there have been many formalisms created focusing on
inferential knowledge (Sap et al.,2019), social and moral norms (Forbes et al., 2020),
and social biases (Sap et al.,[2020), there are still other aspects of social worlds that
models should be aware of. For example, Al systems should understand acceptable
behavior in different interpersonal relationships. Creating resources containing this
type of knowledge enables studying how different interpersonal relationships impact
interactions between people. While high-quality human-authored knowledge bases
are too expensive to scale, recent large pre-trained language models offers a promising
direction on automatic knowledge base construction using few-shot or prompt-based
methods (Brown et al., 2020} |Liu et al., 2021)). And finally, it is essential to design new

tasks that require character-centric reasoning and Theory of Mind (ToM) (Baron-Cohen,

1997) P

Theory of mind is the knowledge of epistemic mental states that humans use to describe, predict, and
explain behavior.

78



Commonsense Knowledge Grounding Our experiments with several state-of-the-art
natural generation models showed that they generate texts that are often self-contradictory
when they are inconsistent w.r.t their previous context or inconsistent w.r.t to facts and
commonsense knowledge. For example, in a persona-guided dialogue, when being a
vegetarian is given as persona, generating an answer like “I went to a steak house with my
friend.” is contradicting the fact that vegetarians do not each meat and steak is a kind of
meat. Another known issue is generating implicit toxic and biased language targeting
particular demographics. Many such issues can be due to insufficient knowledge ground-
ing and lack of commonsense. A promising direction could rely on recently emerging
Retrieval Augmented Generation (RAG) techniques (Lewis et al., 2020b; Shuster et al.,
2021) to enrich the generation models with ‘background stories” which are related to
the context. Another possible avenue for future research is to develop new and efficient

ways to incorporate external knowledge sources into generation models.
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Chapter A

Emotion-Aware Storytelling

Supplementary

A1 Training and Experiment Setup

A.11 Obtaining Emotion Reactions During RL-EM Training

During self-critical training, for each training instance, two stories are generated: y*
which is sampled from the model’s probability distribution, and g which is greedily
decoded. Then for each sampled or greedy story, the value of the reward is computed.
For computing the Ec-EmM reward, we need to identify and track the protagonist and
obtain his/her emotional reactions for each sentence of the sampled or greedy story.
This requires identifying the protagonist and determining his/her role, Agent or Other,
in every sentence so that the appropriate argument for COMET (xReact or oReact)
can be chosen. In principle, this can be done using the annotation pipeline described
in §4.1 of the main paper. However, doing this is computationally prohibitive during
training as the pipeline requires running dependency parsing for each sentence and
coreference resolution for every sampled or greedy story. To this end, upon analyzing
our corpus and some generated stories, we devised several heuristics that approximate

the tasks (i.e. identifying protagonists and their roles) with high accuracy. We describe

81



these heuristics below.

For identifying the protagonist, we use the following heuristics. The first heuristic
is based on the observation that if the narrator features in a story, the story primarily
focuses on the narrator and his/her experiences, thus making him/her the protagonist.
So our first heuristic is that if first person pronouns (I, We) appear in the story, they
are considered the protagonist. Our second heuristic is based on the observation that
the protagonist is usually introduced fairly early in the story. Especially, in our case,
where the stories are 5-sentence long, the protagonist appears mostly in the first couple
of sentences of the story. With this in mind, we define the first noun that appears in a
lexicon of common protagonists as the protagonist of the story. This lexicon consists
of terms for Male_Char, Female_Char, Social_Group, Generic_People, and the
NLTK name corpus. Example of these terms are shown in Table This also let’s us
identify the gender of the protagonist (using the lexicon category that the protagonist
belongs to) and hence the pronouns that will be used in the following sentences to refer
to the protagonist. This combination of protagonist’s mentions and pronouns lets us

track him/her throughout the story.

For identifying the role of the protagonist, if the first noun that occurs in a sentence
matches the protagonist or his/her corresponding pronoun, we assume that the pro-
tagonist’s role is Agent, otherwise the role is Other. Depending on this role, we use
xReact or oReact when obtaining protagonist’s emotional reaction in that sentence

using COMET.

Male_Char husband, father, dad, dady, brother, grandpa, granddad, son, nephew, man, boy, boyfriend

Female_Char wife, mother, mom, momy; sister, grandma, grandmom, niece, daughter, nana, woman, girl, girlfriend

Social Group family, parents, grandparents, children, kids, couple, friends, boys, girls, band

Generic_Peopleousin, friend, fiance, boss, manager, assistant, doctor, nurse

Table A.1: Predefined terms used for tracking the protagonist.
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A.1.2 Training Hyper-parameters

Our proposed models follow the setting of medium-sized GPT-2|[Radford et al.| (2019)
(345 million parameters) that used a 24-layer decoder-only transformer, 1024-dimensional
hidden states, and 16 attention heads. The stories are encoded using BPE with vocabu-
lary size of 50, 257. We set the maximum sequence length to 128 tokens, as it is large
enough to contain complete stories and additional inputs. We use Adam optimiza-
tion Kingma and Ba| (2014) with an initial learning rate of 10~ and minibatch of size
4. For stability, we first pre-train the models with teacher forcing until convergence,
then fine-tune them with the mixed loss. Hyper-parameter v = 0.97 is tuned manually
on the validation set. All models were trained until there was no improvement on the
validation set performance. We use a NVIDIA GTX 1080 Ti GPU machine to train our
models. At inference time, we generate stories using top-k sampling scheme Fan et al.
(2018c) with k=40 and a softmax temperature of 0.7.

For generating commonsense inferences about the protagonist’s emotions using
COMET, we use greedy decoding algorithm since it has been shown to have superior

performance as evaluated by humans Bosselut et al.| (2019)).

A.1.3 Evaluation Measures

In this section we provide details about the automatic and manual measures used to
evaluate our models.

Automatic To compute Arc-word and Seg-word measures, we use NRC Affect Intensity
Lexicon Mohammad (2018)). This lexicon contains words with corresponding emotion-
intensities for different basic emotions. To find emotionally expressive words in a given
piece of text (e.g., a story segment), we create a dictionary of words with emotion
intensity higher than 0.5 for each of our basic emotions.

Manual During the manual evaluation, we conducted pairwise comparison of the
models on Amazon Mechanical Turk (AMT). To ensure high quality of evaluation, we

selected turkers that had an approval rate greater than 97%, had at least 1, 000 approved
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Instru ns (Click to collapse)

Task Description

This page shows you two short stories created by robots. The robots were provided a topic and an emotional trajectory and were asked to write a story
about the topic that adheres to the given emotional trajectory. Emotional trajectory consists of a sequence of three emotions and describes the main
character's emotion from the beginning to the end of the story. The emotions can be "joy", "sadness", "fear", "anger" or "neutral". We provide an example
of topic, emotional trajectory and two stories below. The main character(s) of the first story is(are) "Harvey and his family", and for the second story is
"John".

You need to carefully read the two stories and:

(1) Rate each story on a 0-3 scale (3 being very good, and 0 being very bad) with respect to the following criteria. Note that you need to evaluate
these two criteria independently:

e Content Quality: In the process of evaluating content quality, you should consider whether the story is fluent, grammatically correct, and logically
coherent with proper inter-sentence temporal order. A good story flows well, makes sense, is mostly grammatically correct, and is related to the
given topic. A bad story has repetitive content, doesn't make sense, or has grammatical errors.

Emotion Faithfulness: In the process of evaluating emotion faithfulness, you should consider how well the story fits the provided emotional
trajectory. For example, an emotional trajectory of "joy - joy - sadness" means that the story should start with the main character feeling joy; he/she
should continue feeling joy as the story progresses; and as the story ends the main character should feel sad. While evaluating, you should consider
the emotional reaction as a result of the situation or event mentioned in the sentence(s) of the story. For example, "John became a lawyer." would
result in a sense of accomplishment or pride for John which means that he would feel "joy". Note that "John became a lawyer" and "John is happy to
become a lawyer" both express "joy" to equivalent degree. Please evaluate only based on emotion and do not consider fluency or coherence
for this part.

0

(2) Compare the two stories and make a judgment about their overall quality by choosing which of the two stories is better considering content as
well as emotional trajectory. Although we provide an "equal" option (indicating both stories are of comparable overall quality), and sometimes none of
the stories are perfect, we strongly encourage you to choose the better story from the two whenever possible.

Notes:

e Sometimes, you might be able to think of a more interesting story for a given topic and emotional trajectory than the ones shown. However, while
judging, if the story seems logical, fluent and gr ly correct, pl don't lize it.

An Example

Topic: Coast storm

Emotional Trajectory: joy - joy - sadness

First rate the stories based on the two criteria, and then choose which story is overall better.
Stories Content Quality Emotion Faithfulness Overall Preference

Story 1: Harvey and his family saved up money for a vacation.

After a year of saving , Harvey made plans to go to the coast.

Harvey and his family drove to their hotel location. When they 3 3
arrived , the family was greeted by constant rain. It rained so hard ,

the family had to go home. O
Story 1: Story 2: Equal:
Story 2: It was raining and John was feeling sad. He decided to go
to the beach with his friend. John called his friends, but none of
them were available. He was disappointed. He stayed at home for
the rest of the day.

Response for overall Preference:

Although both stories are fluent and coherent, the first story (Story 1) reflects emotional trajectory better.

Figure A.1: An screenshot of manual evaluation on AMT.

HITS, and were located in the U.S. For each pairwise annotation, we showed the inputs
(title and emotion arc) and two stories generated using the two models being compared.
In order to avoid biases, we randomly shuffled the order in which the stories from
the two models were shown to the turkers. We provided instructions to the turkers
explaining the annotations and also provided examples. Following this process, each
pair of stories was annotated by three turkers. Figure shows a screenshot of our

setup on AMT.
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Models Domain Accuracy Mico F1 Macro F1

(Jaccard)
Meisheri and Dey (2018) tweets  0.582 0.694 0.534
Baziotis et al. (2018) tweets  0.595 0.709 0.542
Kant et al.|(2019) tweets  0.577 0.690 0.561
BERT )¢ (Ours) tweets  0.595 0.708 0.522
BERT 4 (0urs) stories  0.617 0.650 0.557

Table A.2: Emotion classification results on the tweets dataset (upper block), and the
automatically annotated story corpus (lower block).

A.2 Supplementary Results

A.2.1 Emotion Classification

Our Ec-Crr reward captures the protagonist’s emotions using our emotion classifier. In
this section we provide details about its evaluation.

We first evaluate the classifier on the tweets corpus Mohammad et al. (2018) by
comparing it with several strong baselines [Kant et al. (2019). For this comparison, we
trained all models on the training set of the corpora and tested them on a held-out test set.
The models were evaluated using Jaccard Index based accuracy, and Micro and Macro
F1 scores. This evaluation set-up (train-validation-test splits and choice of evaluation
metrics) is as suggested in the challenge that provided the corpus (SemEval Task1:E-c
challenge). The results of this comparison is shown in the top half of Table[A.2, We can
see that our emotion classifier, BERT}, is superior or competitive with other models.

The results reported above show that the model performs well for emotion classi-
fication in tweets. However, our goal is to design a model that can be used to track
protagonist’s emotions in stories. As described in the main paper, we further fine-tuned
this classifier on our automatically annotated story corpora (described in the paper
in §3.3.1). We also evaluated the classifier on a held-out portion of this story corpora
consisting of about 1, 201 stories (6,005 sentences in total). The results are reported in
the last row of Table The classifier achieves a (Jaccard Index) accuracy of 61.75%

and micro and macro F1 scores of 0.650 and 0.557 respectively. Note that this is different

'https://competitions.codalab.org/competitions/17751
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from the evaluation reported in the paper, which was conducted on a subset of stories

annotated by humans.

A.2.2 Manual Annotation for Protagonist’s Emotions

As described in the paper (§3.2.1), the

. o ® joy
emotion classifier was also evaluated on

® neutral
a subset of 50 randomly selected stories ® sadness

fear

(250 sentences) manually annotated for @ anger

the emotions experienced by their pro-

tagonists. This annotation was done on

Amazon Mechanical Turk. To ensure good
Figure A.2: Label distribution of human an-

quality of the annotations, we selected notated set.

turkers who had an approval rate greater

than 97%, had at least 1,000 approved HITS, and were located in the U.S. The Fleiss

kappa (inter-annotator agreement) was also moderate (x = 0.55). We also analyzed the

annotations to identify major sources of disagreements between the turkers. We found

that most disagreements occurred between neutral and joy; and also between sadness and

anger. The overall label distribution for this human annotated set is shown in Figure[A.2.

A.2.3 Emotional-Aware Storytelling

We also compare various models on the most common emotion arcs in our corpus.
Figure[A.3/shows the Arc-acc of various models on the 10 most common arcs. We can see
that all models perform very well on “joy — joy — joy” as compared to other emotion
arcs. This is because this is the most common emotion arc (34% of the training data)
in our corpus, which results in availability of significant number of training examples
for this arc. Nevertheless, for all arcs, RL-CLF consistently outperforms all other models
indicating a better control over the desired emotion arc.

Supplementary qualitative examples We provide more qualitative examples in Fig-

ure In the figure we show stories generated by our model for a given title and
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Figure A.3: Arc-acc of various models on the 10 most common arcs in our corpus.
RL-CLF outperforms other models for almost all arcs.

emotion arc for the protagonist.



Title: A new outfit

Emotion arc: joy — joy — joy

Story: Sara went to the mall. She wanted to find something cute to wear. She noticed a beautiful
red dress she liked. Sara bought the dress. She was happy that she found something nice.

Title: Wedding

Emotion arc: joy — anger — joy

Story: Ben is getting married. He is having fun. Suddenly , Ben gets into a huge fight with a guy.
Ben gets out of the wedding early. Ben is so happy to have his wedding over.

Title: Study

Emotion arc: fear — fear — sadness

Story: Tina was so nervous for her big exam. She did not study at all. She was so afraid she
would fail. She ended up failing. Tina felt very sad.

Title: The big storm

Emotion arc: joy — joy — sadness

Story: It was a beautiful day in the city. The sky was clear and the weather was mild. The school
was hosting an evening celebration. A big storm rolled through and the students were worried.
The storm destroyed all the decorations and ruined the party.

Title: Delayed flight

Emotion arc: joy — anger — sadness

Story: Tom was going on a vacation. He decided to go to Florida. Unfortunately his flight was
delayed. He was so frustrated he called his airline. His airline cancelled his flight.

Title: The new pet

Emotion arc: fiéliffal — joy — joy

Story: Saiiwasiwalkinglarotna jthemeighborhood] She saw a cute little dog. She decided to
take him home. He got along well with everyone. Sam was glad to have a companion.

Title: Larry practice yoga

Emotion arc: fear — joy — joy

Story: Larry has always felt nervous about yoga. He has tried many times to practice but has
never gotten the hang of it. He decides to take a yoga class at his local yoga studio. He is amazed
by the benefits and feels confident about his yoga practice. Larry is happy he learned to enjoy

yoga.

Figure A.4: Qualitative examples of generated stories given a title and an emotion arc.
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Chapter B
LiSCU Supplementary

B.1 Collecting Annotations from Crowd Workers

To alleviate the limitations of crowd-sourcing and ensure high quality of annotations, we
took several steps. First, we conducted a pilot annotation exercise where we (authors)
assessed the feasibility of the proposed task on a subset (250 instances) of the data. This
pilot annotation helped us set up the task on AMT in a way that would make the task
feasible for turkers (e.g. by asking clear concise questions). Second, we designed our
setup to avoid annotator fatigue by asking them to read the summary context once and
answer questions about all characters in that summary. Third, we ran a few experiments
on AMT (before annotating the entire set) where we also included a ‘comment’ section
for turkers to allow them to bring up issues or ambiguities in our setup. We then
manually analyzed the results and modified the tasks based on the comments. Finally,
after annotating the entire set, we computed inter-annotator agreement as a way to ensure
trust in the annotation quality. We found reasonable agreements between annotators as
reported in Footnote 10 of the paper. We would also like to mention that we received
several comments from the annotators that they found the task very interesting and

enjoyable.
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90



Generated Description Comments

Book title: The Three Sisters
Character name: Vershinin

Summary: Three Sisters mainly follows the story of-wait for it-three | According to the sum-
sisters: Olga, Masha, and Irina Prozorov. They live with their brother, | mary “Masha”, the
Andrey, in a big house on the edge of a small Russian town. The towns- | middle sister, is the
people are kinda backward and boring compared to their educated and | one who has an af-
culture-lovin’ family, so this set of sibs is not too fond of the town to | fair with the officer
begin with. Believe it or not, the only halfway interesting people around | Vershinin, and not the
are the guys in the military. Basically, the Prozorov kids are worldly, | youngest sister, Irina.
well-educated army brats. And being in the army in Tsarist Russia pretty
much meant you were in with the aristocracy and, once you got through
the fighting stuff, probably developed a taste for the finer things in life. So
ever since the family moved from Moscow eleven years prior (with their
father, now dead), the sisters have obsessed over the dream of moving
back to the big city. But guess what? It’s not happening. Olga, the eldest,
is a spinster schoolteacher and eventually becomes a headmistress living
with her elderly maid. Masha, the middle sister, is married to another
schoolteacher, Kulygin, whom she despises for his small-mindedness.
She has an affair with the officer Vershinin because he’s given to just the
sort of philosophizing that really starts her engines. And guess what
happens: the affair ends in heartbreak. Poor Irina, the youngest, has
fanciful ideas about the value of work, but soon realizes that, in reality,
work sucks the life out of her. She’s also in love with the idea of love, but
doesn’t get to experience it. Finally she comes around to saying "yes"
to Baron Tuzenbach, a friendly but ugly man who’s been after her for
years. On the day they’re leaving to get married, he gets shot in a duel.
Bummer. Andrey, the brother, gives up his intellectual dreams to pursue
a town girl, Natasha. They marry, have kids, and little by little she takes
over the estate. At the end of the play, the upper-class Prozorovs are
pretty much evicted from their own house, while Natasha, a symbol
of the working class, is on the rise. Allegory, much? For anyone not
already reaching for the history books, this was just a few years before
the Bolshevik Revolution of 1917-and you better believe smart Ruskies
like Chekhov could already sense some storms on the horizon.

Generated Character Description: Vershinin is one of the most interest-
ing characters in Three Sisters. He’s a young officer in the Russian army,
and he’s got a lot of time on his hands. But that doesn’t stop him from
having an affair with Irina, the youngest sister, who falls in love with him
because she’s attracted to his philosophical ideas about the meaning of
life.

Table B.2: Qualitative example 1 for the generated descriptions. Words in red cor-
respond to hallucinated or missing content, words in green correspond to faithful
information.
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Generated Description Comments

Book title: The Sun Also Rises
Character name: Pedro Romero

Summary: Jake Barnes and his expatriate friends live in the topsy-turvy, | The description cap-
hedonistic (sensual and self-indulgent) world of post-World War I Paris. | tures most of the im-
There, they occasionally work, but spend most of their time partying, | portant details about
drinking, and arguing. From Jake’s perspective, we meet the cast of | the character.
characters that populates his story: the most important among them
are Robert Cohn, a weak-willed, down-on-his-luck Princeton grad and
unsuccessful writer, and Lady Brett Ashley, an exciting, beautiful, and
unpredictable British divorcee. Although Jake and Brett are actually in
love, they aren’t together, presumably because a mysterious war wound
has rendered Jake impotent. Cohn falls in love with Brett (as everyone
does) and, despite the fact that she’s not terribly impressed with him,
she secretly goes on a trip with him to the Spanish resort town of San
Sebastian. Cohn is infatuated with Brett-he’s completely smitten. We're
talking truly, madly, deeply in smit. Unfortunately for Cohn (and for
everyone, for that matter), Brett is engaged to a wealthy, charming, and
utterly inept drunkard named Mike. Jake’s whimsical friend Bill returns
to Paris from a trip and a plan is born: everyone agrees to decamp to
Spain for some fishing and the running of the bulls in Pamplona. On
their brief fishing trip, Bill and Jake have a splendid time communing
with nature and with each other, but the relaxation quickly comes to an
end. They return to civilization and meet up with Brett, Mike, and Cohn
in Pamplona for a weeklong orgy of bullfights, alcohol, and high drama.
Jake has a true passion (aficion) for bullfighting, but everyone else is
simply there to have a good time. Brett begins a scandalous affair with
a passionate and talented young bull-fighter, Pedro Romero. Jake feels
terrible for many reasons—among them is the fear that he has corrupted
Romero in some way by introducing him to Brett. Cohn’s thwarted
infatuation with Brett leads to arguments with everyone and, finally, he
beats the unfortunate Romero to a bloody pulp. As the fiesta winds down,
everyone leaves Pamplona in various states of anxiety, depression and
frustration.Jake heads to San Sebastian, where he intends to decompress
alone for a while. Unfortunately, desperate telegrams from Brett arrive
immediately. He goes to her in Madrid, where she is alone, having sent
Romero away. For the first time, we see Brett truly vulnerable, afraid,
and guilty. The future looks just as bleak-Jake and Brett agree again that,
even though they love each other, they can’t be together.

Generated Character Description: Pedro Romero is a young Spanish
bull-fighter who is in love with Lady Brett Ashley, a beautiful British
divorcee. He’s a talented and talented young man, and, despite the fact
that he is only twenty-five years old, he has the potential to be one of the
best bullfighters in Pamplona. Jake feels terrible for introducing him to
Brett, fearing that it has corrupted him.

Table B.3: Qualitative example 2 for the generated descriptions. Words in red corre-
spond to hallucinated or missing content, and words in green correspond to faithful
information.
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Generated Description

Comments

Book title: The Waves
Character name: Neville

Summary: The story begins by introducing us to the novel’s six (yup,
you read that right) narrators, Bernard, Neville, Louis, Jinny, Susan, and
Rhoda, who meet as children in a nursery. During this phase of the novel,
we learn a lot about the characters’ personalities and their relationships
to each other. After looking on as our new friends get embroiled in some
kid-level dramas (e.g., trouble in math class and unrequited crushes), the
six children head off to their respective boarding schools. At that time,
the boys meet Percival, whom everyone seems to revere (and Neville
falls in love with). The protagonists then all graduate and proceed into
their adult careers (with a stop at university along the way, for some).
At some point in there, Percival becomes friends with the girls as well,
though we’re not sure when that actually occurs. The narrators’ paths
diverge quite a bit as the novel progresses. After enduring a stint in a
Swiss school, Susan returns to her beloved hometown, gets married, and
starts having babies. Meanwhile, Bernard apparently moves to Waterloo
(that’s not entirely clear, but Woolf drops some clues to that effect), and
we’re not entirely sure what he does there, other than shave and make
up stories about pedestrians. Meanwhile, Rhoda, Louis, Neville, and
Jinny go to live in London, and their life paths are all over the map:
Louis works for a shipping company, Jinny is a socialite, and Neville is a
classics professor (we don’t learn Rhoda’s profession). Midway through
the book, the friends meet up for dinner in London to see Percival off
before he leaves to work in India, at which point Bernard announces that
he is getting married. An unspecified amount of time later, Percival falls
from his horse in India and dies, and our narrators are devastated. The
death occurs just as Bernard’s son is born, creating some serious cognitive
dissonance for poor Bernard. The characters then struggle with aging
and reflect upon the progress of their lives and adulthood. Toward the
end, they all meet up at Hampton Court and experience the aches and
pains that come when old friends reconnect after a long time has passed.
The novel ends with Bernard talking to an apparent stranger, attempting
to sum up the lives of the six narrators (i.e., the events of the novel) and
work out his philosophies of language and lifeand that’s why the last
chapter is fifty pages long. He reflects upon his lifelong struggle to turn
his phrasemaking into something meaningful and, despite the major ups
and downs he’s experienced along the way, he resolves to keep on trying.
Generated Character Description: Neville is one of the six narrators.
He’s a classics professor at Oxford University and, like the other five,
he’s also a classicist. We don’t learn a whole lot about Neville, other than
the fact that he falls in love with Percival, which makes him a bit of an
oddball. In fact, we're not even sure what he does in his spare time away
from Oxford.

The model halluci-
nated some details

such as being a
professor at Oxford
University while

the summary only
mentions: He lives
in London and is
a classics professor.
Also, phrases such
as “We don’t learn a
whole lot about” ap-
pears quite frequently
in the generated
descriptions.

Table B.4: Qualitative example 3 for the generated descriptions. Words in red cor-
respond to hallucinated or missing content, words in green correspond to faithful
information, and underline corresponds to generic repetitive content.
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Generated Description

Comments

Book title: Travels with Charley
Character name: Charley the Dog

Summary: Because he’s feeling pretty out of touch with his own country—and
he’s considered a great American author and all that-John Steinbeck decides
to take a road trip around the U.S. to check it out and get a sense of where
Americans and their hometowns are at in 1960. To get all prepped, he commis-
sions a souped-up truck with a little house on the back that he can live in when
he isn’t crashing at hotels. He calls the truck "Rocinante" after Don Quixote’s
horse—clever, huh? When he’s all set (and after a small run-in with a hurricane
just before he was supposed to leave), he and Charley (his French poodle) hit
the road. He starts out by driving over into Connecticut from his home in Long
Island (with some assists from ferries, natch) and then heads north into New
England. Along the way, he meets a pretty colorful group of characters and
learns about their ways of life and their perspectives on the country and its poli-
tics. Also, he kind of takes the temperature of regional "temperaments" along the
way. Then he comes back down out of New England and heads west, crossing
through New York. He tries to cut through Canada, but he gets into a kerfuffle
at the border because Charley doesn’t have his proof of rabies vaccination, so
he has to turn around. Steinbeck then passes through the Midwest, continuing
to offer his reflections and thoughts about the people and places he encounters
along the way. When he gets to Chicago, he puts Charley in a kennel and enjoys
a couple of days with his wife, who flew out to meet him. He doesn’t give
us details of their time together, though. After that brief interlude, he heads
further west into Minnesota and Wisconsin. He hits bad traffic and gets lost
around the Twin Cities, and he’s charmed by Wisconsin and its dells. He also
visits Sauk Centre, the birthplace of author Sinclair Lewis. [...] Then, he heads
to Washington. Along the way, Charley ends up getting sick with a bladder
problem, and Steinbeck tries to get him some help from a vet in Spokane. The
doc isn’t actually super-helpful, though. Still, they get the problem resolved
enough that they can continue driving. Heading to Seattle, Steinbeck finds the
place changed a lot from the last time he was there (and not for the better, sadly).
Then he heads into Oregon, where his tire blows out. Through the kindness of a
dude at the one service station open in that area on a Sunday, though, he gets
some new heavy-duty tires and is on his way pretty quickly. Then he heads
south through California, visiting Salinas (his hometown) on the way. [...] After
that little break, Steinbeck goes to Louisiana so he can see for himself what’s
going on there in terms of racial tensions (which appear to be pretty high). There
was a well-known protest going on: two African American children had been
admitted to a New Orleans school, and lots of people had a huge problem with
that fact. So, some women known as the Cheerleaders basically stood outside
every morning to scream at these poor children as they headed into school.
Steinbeck went to get a firsthand look at this spectacle and was, as you might
imagine, disgusted. He then headed back home, finally deciding he was "done"
with the journey somewhere in Virginia.

Generated Character Description: When we first meet Charley, he’s a French
poodle. He’s Steinbeck’s pet and his companion for most of the road trip, and
we get to see him grow up a bit. In fact, we see a lot of him in the book, from
the time he first meets him until he gets to Chicago. We also get a glimpse of
his personality as a character in his own right, when he tells us, “He was a
good-natured, loving dog” (1.2.1).

The description
never mention
anything about
the Charley’s
health struggles
as appeared in
the summary we
have: “Along the
way, Charley ends
up getting sick
with a bladder
problem, and
Steinbeck  tries
to get him some
help from a vet
in Spokane. The
doc isn’t actually
super-helpful,
though.”

Table B.5: Qualitative example 4 for the generated descriptions. words in green corre-
spond to faithful information, and underline corresponds to generic repetitive content.
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Instructions (Click to collapse)

Task Description

In this page, you will be given a book summary along with short descriptions about 4 characters of the book. For each character, you need to do the
following 2 tasks:

* Task 1 - In the short character description, all names and mentions of the character (see Notes for more details) are anonymized (replaced with
blanks). You need to read the summary and the anonymized character description, then identify which character the description is about by
choosing from a list of 5 characters (1 extra character choice).

* Task 2 - You will see the full version of the character description this time (character’s name and mentions are not anonymized). Read the character
description again and evaluate the quality of the character description by answering the following 2 questions:

o How much of the information about the specific character in the corresponding character description is present in the book summary either
explicitly or im, itly? Note that "implicit" information can be inferred from the book summary but not directly stated. For example, "Candy
adores Mathu because he basically raised her." in character description is implicitly mentioned as "Mathu is virtually her foster father." in the
book summary.

Given the book summary, how easy is it to write the character description? If in the previous question you found that some of the information in
the character description was not present in the summary, please disregard that while answering this question. In other words, while answering

o

For each character, Task 2 will appear after you submit the answer for Task 1.

Notes:

* Make sure you read BOTH the book sumamry and character descriptions carefully, since it will increase the accuracy of the response.
* Character’s name and mentions include the following cases:

Full Name of Character(s)

First Name of Character(s)

Nickname/Alias of Character(s), e.g., Captain America

Pronouns, e.g., He, She

Possessive Pronouns, e.g., His, Her

Noun Phrases that show the relationship of the character(s) with others, e.g., Jeff's Wife

© 000 00

Summary Example

Three Weeks with My Brother is two stories in one. On the surface, it tells of a trip around the world that Nicholas Sparks takes with his brother
Micah. Three Weeks with My Brother begins on the day that Nicholas Sparks receives the flier in the mail and ends with the brothers returning
home. In between, Nicholas Sparks recounts the sights, sounds, and spectacles of various countries and continents, taking the reader on the
journey with him. But Three Weeks with My Brother is more than just a travelogue. The text is the memoir of a successful author who
seemingly is living the American Dream. Yet unbeknownst to most of his readers, he has also lived the American Tragedy. The story follows two
brothers and their journey to becoming the best husbands, fathers, sons, brothers, and friends that they can be. Three Weeks with My Brother
is a no-holds-barred memoir that shares the good, the bad, and the ugly that made Nicholas Sparks the man he is today.

Task 1 Example

Character Description (anonymized):

Co-author and narrative voice of the memoir. Three Weeks with My Brother is both the story of a trip takes with brother,
Micah, as well as the story of his immediate family as grows up, marries, and has children of own.

Based on the summary and the character description, answer the following question:

Which character among the following does the description refer to?
A. (O Micah Sparks
B.(D Dana Sparks
C. (%) Nicholas Sparks
D.0O Bob
E. (O unable to identify character

Task 2 Example

Character Description (full version):

Co-author and narrative voice of the memoir. Three Weeks with My Brother is both the story of a trip he takes with his brother, Micah, as well
as the story of his immediate family as he grows up, marries, and has children of his own.

Based on the summary and the character description, answer the following question:

How much of the information about the specific character in the corresponding character description is present in the summary (either explicitly
or implicitly)?

A.(2) almost all information

B.(D most of the information

€. some of the information

D.O little or none

E.() character does not appear in the summary at all

Explanation: The correct answer is "almost all information" since in the given character description, it is mentioned "the story of his immediate
family as he grows up, marries, and has children of his own" and same information is implicitly present in the book summary when it says: "The
story follows two brothers and their journey to becoming_the best husbands, fathers, sons, brothers, and etc.

Given the summary, how easy is it to write the character description? If in the previous question you found that some of the information in the
character description was not present in the summary, please disregard that while answering this question. In other words, please only consider
the information in the character description which is explicitly or implicitly mentioned in the summary.

o 0] ©] ©)
Too Difficult Somewhat Difficult Medium Somewhat Easy Too Easy

Figure B.1: An illustration of human assessment on AMT.
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Instructions (Click to collapse)

Task Description

In this page, you will be given a book summary along with short descriptions about 4 characters of the book. For each character, you need to answer 6
questions that help us to measure how good these descriptions are. The first 4 questions ask you to measure the following 4 quality metrics on a scale of
1 to 5 with 1 being the lowest quality and 5 being the highest quality:

1. Grammatical Correctness (Q1) - A grammatical character description will mostly follow correct English grammar

2. Logical Correctness (Q2) - A logically coherent character description might be grammatically incorrect but will be able to convey the intended
meaning as a whole and will make sense
3. Faithfulness (Q3) - A faithful character description will not mention facts, which are irrelevant to the character and/or not stated in the summary
4. Coverage of Key Facts (Q4a) - Whether the character description captures all the key facts about the character in the summary.
Question 4b asks you to provide what details/fact i in the summary are missing from the descriptions. Please select all that apply.

Question 5 asks you to measure the overall quality of the descriptions by considering all 4 quality metrics describe above on a scale of 1 to 5 with 1
being the lowest quality and 5 being the highest quality.

Notes:

« Make sure you read BOTH the sumamry and descriptions carefully, since it will increase the accuracy of the response.

Example

Summary:

Three Weeks with My Brother is two stories in one. On the surface, it tells of a trip around the world that Nicholas Sparks takes with his brother
Micah. Three Weeks with My Brother begins on the day that Nicholas Sparks receives the flier in the mail and ends with the brothers returning
home. In between, Nicholas Sparks recounts the sights, sounds, and spectacles of various countries and continents, taking the reader on the
journey with him. But Three Weeks with My Brother is more than just a travelogue. The text is the memoir of a successful author who
seemingly is living the American Dream. Yet unbeknownst to most of his readers, he has also lived the American Tragedy. The story follows two
brothers and their journey to becoming the best husbands, fathers, sons, brothers, and friends that they can be. Three Weeks with My Brother
is a no-holds-barred memoir that shares the good, the bad, and the ugly that made Nicholas Sparks the man he is today.

Description:

Nicholas Sparks
Co-author and narrative voice of the memoir. Three Weeks with My Brother is both the story of a trip he takes with his brother, Micah, as well
as the story of his immediate family as he grows up, marries, and has children of his own.

Based on the summary and the description, answer the following question:

Q1: Is the character description grammatical?

Please answer it on a scale of 1 to 5 with 1 being "not grammatical at all" and 5 being_"very grammati . A grammatical character description
will mostly follow correct English grammar. Note that text can be grammatically correct but nonsensical. For example, "Where did the spoon
take off?" should be rated as 5 for this question because it is grammatically correct.

O O o O
1 2 3 4 5

Q2: Is the character description logically and ?

Please answer it on a scale of 1 to 5 with 1 being_"not logically meaningful or coherent at all" and 5 being_"very logically meaningful and
coherent". A logically coherent character description might be grammatically incorrect but will be able to convey the intended meaning as a
whole and will make sense. For example, "John and Mary goes to the market."” should be rated as 5 for this question because it conveys the
intended meaning.

o o o O
1 2 3 4 5

Q3: Is the character description faithful to the given summary?
Please answer it on a scale of 1 to 5 with 1 bein ot faithful at all" and 5 being_"very faithful". A faithful character description will not mention
facts, which are irrelevant to the character and/or not stated in the summary.

o [©) [©] o

1 2 3 4 5

Q4a: Does the character description capture all the key facts about this character in the summary?

Please answer it on a scale of 1 to 5 with 1 being "none of the key facts" and 5 being "all of the key facts". These could include (but not
restricted to) main events that the character is involved in, the charactera€™s role in the narrative, and his/her relationship with other key
characters.

o o o o
1 2 3 4 5

Q4b: What details about the character does the above character description miss or describe incorrectly? (Select all that apply)
Note that the description is supposed to describe only the important details and not necessarily all of them.

The character description misses/misrepresents some main event(s) that the character is involved in

The character's role in the narrative (e.g., protagonist, antagonist, etc.) is important but is not included or misrepresented in the
character description

The character's relationship with other characters in the narrative is important (e.g., the protagonist's wife) but is not included or
misrepresented in the character description

The character's personal characteristics (e.g. age, ethnicity, size, personality type, etc.) are important for the narrative but are not
included or misrepresented in the character description

The character's motivation, desires, needs, and behavior are important but are not included or misrepresented in the character
description

7 None of the above. The character description captures most of the important details about the character

Other key points that are missing or misrepresented but not listed above

Q5: Considering all four criteria listed above (question 1 - 4) how would you rate the overall quality of this character's
description?
Please answer it on a scale of 1 to 5 with 1 being "not good at all" and 5 being "very good".

0] [©) [©] o

1 2 3 4 5

Figure B.2: An illustration of human evaluation for generated character description.
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Chapter C

ENTDESCRIPTOR Supplementary

C.1 Implementation Details

Baselines. Top-10 grounding passages were used to train and test all baselines. We
use the Transformer library Wolf et al. (2019a). Each baseline was trained for 3 epochs
with effective batch size of 8, and initial learning rate of 5e-6 for T5 and BART, and 1e-4
for PEGASUS. We use the maximum input length of 512 tokens. During inference, we
use beam search decoding with 5 beams, and repetition penalty of 1.2. Note that we
use the BART-L model finetuned on XSUM dataset as our initial weights. Similarly, we
use google’s PEGASUS model finetuned on XSUM. The experiments are conducted in
PyTorch framework using Quadro RTX 6000 GPU.

Rankers. The contrastive dense ranker was trained for 10 epochs with 2e-4 learning
rate. The autoregressive ranker was trained for total of 30,000 steps with learning rate
and weight decay of 1e-5 and 0.01, respectively. Rankers were trained using 4x Nvidia

V100 GPU machines, each with 32G memory.

Question Generation in MAFE. The question generation module (QG) in MAFE

evaluation metric, generates questions using beam search decoding with 10 beams.
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Model Ranker R-1 R-2 R-L
Extractive-QA | n/a 2237 628 19.85
Unranked 28.74 1031 26.8
Tf-idf 2949 1054 26.70
T5-Large Contrastive Dense | 30.92 12.19 28.14
Autoregressive 3145 1259 28.64

| Rouge2 (oracle) | 3375 1484 3084
Unranked 33.52 14.39 30.82
Tf-idf 34.00 1454 31.14
BART-L Contrastive Dense | 35.26 16.04 32.46
Autoregressive 35.80 16.62 32.97

| Rouge2 (oracle) | 37.72 1857 3487
Unranked 29.23 1246 27.11
Tf-idf 2943 12.38 27.25
PEGASUS Contrastive Dense | 31.21 14.16 28.94
Autoregressive 32.03 1490 29.75

| Rouge2 (oracle) | 3401 1708 3171

Table C.1: Results (ROUGE; |Lin (2004)).
C.2 Experimental Results

C.2.1 Automatic Evaluation

We report all ROUGE-1 (unigram overlap), ROUGE-2 (bigram overlap) and ROUGE-L
(longest matching sequence) scores in Table

C.2.2 Human Evaluations

We restricted the pool of workers to those who were located in the US, or CA, and had a
95% approval rate for at least 1,000 previous annotations. We use a pay rate of $15 per
hour approximately based on our estimation of time needed to complete the task.

We depict our annotation layouts for evaluating precision-oriented and recall-oriented

(both w.r.t reference and factual triples) factuality in Figure[C.2,[C.3, and [C.4. Likert

scale of 1-5 and binary scores (supported/not supported) are used when evaluating

recall w.r.t references, and factual triples, respectively. These scores are then normalized
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and averaged to obtain the final recall-oriented score.

99



In this task, you will read a on the left, and a series of a4 Cil4- one at a time on the right.

The task is to evaluate S5 EIilSe on whether they are factually correct given the content of the ERVzel %, In other words, if the sentences are supported by
the content in the source box.

A sentence is NOT supported if it contains information that is absent or can not be implied from the source box or contracting them.

The source box also contains set of facts in the form of entity (attribute; value). For example, Barack Obama (placeofbirth; Hawaii) means Barack Obama was
born in Hawaii. Or Henry Stanton Burton (placeofburial; West Point, New York) is read as Henry Stanton is buried in West Point, New York.

To evaluate sentences, you need to choose from the following options:
* Very well supported= All parts of the sentence are supported by the source box.
* Well supported= Most parts of the sentence are supported by the source box.
* Mediocrely supported= Some parts of the sentence are supported by the source box.
« Badly supported= Most parts of the sentence are NOT supported by the source box.
* Very badly supported= All parts of the sentence are NOT supported by the source box.

NOTES:

« Verifying a will i require facts from different parts of the source box, so read the entire source box carefully.

« If the sentence directly copies the content in the source box, you should mark it as "Very well supported". If the sentence does not make sense, you
should mark it as "Very badly supported".

« All parts of the sentence must be stated or implied by the source box to be considered correct. For example, if the sentence mentions “a 15-year-
old girl” but the source only says “a young girl”, the fact that she is 15 is NOT supported.

« Avoid using general knowledge, and check if the sentence is consistent with the source box only.

* The source box is the same for all sentences in a HIT.

Example 1: (click to hide)
Source Box Sentence 1

Henry Stanton Burton was born on May 9, 1819 at West Point , New
York , where his father was employed as a sutler . Appointed from
Vermont , Burton graduated from the United States Military Academy
at West Point on July 1, 1839 and was appointed 2nd Lieutenant ,
3rd U.S . Artillery Regiment . From 1839 to 1842 , he served in the
Florida Indian War and on November 11 , 1839 was promoted 1st
Lieutenant . From 1843 to 1846 he was assistant instructor of infan

Henry Stanton Burton was born at West Point, New York on May 9,

1819.

and artillery tactics at West Point .

* Henry Stanton Burton (allegiance; United States of America)
« Henry Stanton Burton (placeofburial; West Point, New York)
« Henry Stanton Burton (birth place; West Point, New York)

¢ Henry Stanton Burton (birth date; May 9, 1819)

How well is the sentence supported by the source box?

© Very well supported Well supported Mediocrely supported Badly supported Very badly supported

Explanation
This example is annotated as 'Very well supported' because it mentions 3 facts: (i) Henry Stanton Burton was born in West Point, (i) West Point is in NY; and (jii)
Henry Stanton Burton was born on May 9, 1819. All these 3 facts are mentioned in the source box.

Figure C.2: An illustration of human evaluation of precision-oriented factuality. Gener-
ated paragraphs are presented one sentence at a time and are evaluated on how well
they are supported by the references.
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In this task, you will read a on the left, and a series of one at a time on the right. Note that the source box is the same for all sentences.

The task is to evaluate on whether the facts mentioned in them are present in the . In other words, if the sentences are supported by the
content in the source box.

A sentence is NOT supported if it contains information that is absent or can not be implied from the source box or contracting them.

To evaluate sentences, you need to choose from the following options:
« Very well supported= All parts of the sentence are supported by the source box.
« Well supported= Most parts of the sentence are supported by the source box.
« Mediocrely supported= Some parts of the sentence are supported by the source box.
« Badly supported= Most parts of the sentence are NOT supported by the source box.
« Very badly supported= All parts of the sentence are NOT supported by the source box.

NOTES:
o Verifying a will i require ining facts from different parts of the source box, so read the entire source box carefully.
« If the sentence directly copies the content in the source box, you should mark it as supported. If the sentence does not make sense, you should mark it
as not supported.
« All parts of the sentence must be stated or implied by the source box to be considered correct. For example, if the sentence mentions “a 15-year-
old girl” but the source only says “a young girl”, the fact that she is 15 is NOT supported.
« Avoid using general knowledge, and check if the sentence is consistent with the source box only.

Example 1: (click to show)

Example 2: (click to hide)
Source Box Sentence 2

Henry Stanton Burton was born on May 9 , 1819 at West Point , New Burton graduated from the Military Academy on July 1, 1845.
York , where his father was employed as a sutler . Appointed from
Vermont , Burton graduated from the United States Military Academy

at West Point on July 1, 1839 and was appointed 2nd Lieutenant ,

3rd U.S . Artillery Regiment . From 1839 to 1842 , he served in the
Florida Indian War and on November 11 , 1839 was promoted 1st
Lieutenant . From 1843 to 1846 he was assistant instructor of infant
and artillery tactics at West Point .

How well is the sentence supported by the source box?

Very well supported < Well supported Mediocrely supported Badly supported Very badly supported

Explanation
This example is annotated as 'well supported' because out of 2 facts, 1 of them was supported. The place of graduation is supported but the year "1845" is not
supported and contradicts "1839" stated in the source box.

Figure C.3: An illustration of human evaluation of recall-oriented factuality w.r.t refer-
ence. References are presented one sentence at a time and are evaluated on how well
they are supported by the generated paragraphs.
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In this task, you will read a on the left, and a series of facts one at a time on the right. The facts are in the form of entity (attribute; value).

For example, Barack Obama (placeofbirth; Hawaii) means the place of birth of Barack Obama is Hawaii. Or Henry Stanton Burton (placeofburial; West Point,
New York) is read as Henry Stanton is buried in West Point, New York.

The task is to determine whether the facts are stated in the given paragraph or can be implied by the paragraph. A fact is not supported by the paragraph if i
is not stated in or cannot be implied by the paragraph.

NOTES:
¢ The paragraph is the same for all the facts in this HIT.
« Avoid using general knowledge, and check if the sentence is consistent with the paragraph only.
« Verifying a fact will til require bining facts from different parts of the given paragraph, so read the entire source box carefully.

¢ The paragraph is the same for all sentences in a HIT.

Example: (click to hide)
Paragraph Fact

Henry Stanton Burton was born on May 9, 1819 at West Point , New Henry Stanton Burton (serviceyears; 1839 - 1869)
York , where his father was employed as a sutler . Appointed from

Vermont , Burton graduated from the United States Military Academy

at West Point on July 1, 1839 and was appointed 2nd Lieutenant ,

3rd U.S . Artillery Regiment . From 1839 to 1842 , he served in the
Florida Indian War and on November 11 , 1839 was promoted 1st
Lieutenant . From 1843 to 1846 he was assistant instructor of infantry
and artillery tactics at West Point .

Is the fact stated in the paragraph or can be implied from the paragraph?
Yes No

Explanation:The answer to this example is '‘No' because according to the paragraph the years of services of Henry Stanton Burton is from 1839 to 1846.

Figure C.4: An illustration of human evaluation of recall-oriented factuality w.r.t factual
triples. Factual triples are presented one at a time and are evaluated on whether they

are supported by the generated paragraphs or not.
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