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Understanding and generating summaries of conversational speech and text are crucial for various ap-
plications such as virtual assistants, customer service calls, sales calls, and doctor-patient consultations.
Transcribed human-human dialogues often lack explicit structure, making them time-consuming to read and
challenging to skim for essential information. This thesis explores the use of natural language processing
(NLP) techniques to automatically summarize two-party conversations, improving the efficiency of under-
standing large volumes of dialogue data. We address the limitations of existing summarization methods
by proposing innovative approaches aimed at improving performance and reducing the cost of transformer
models.

We introduce two primary types of summarization tasks: corpus-level and conversation-level. Corpus-
level summarization aims to provide an overview of speaker behaviors across multiple dialogues by using a
graph-based approach, which simplifies the understanding and summarizing of large dialogue corpora. This
method highlights common and distinct subdialogues, and can potentially aid in the refinement of agent
training and the enhancement of call center analytics. On the other hand, conversation-level summarization
focuses on individual dialogues, producing structured summaries that capture essential details for follow-up
interactions. These summaries are particularly useful in domains such as customer service and healthcare,
where accurate and efficient information extraction is critical.

To address the challenges of summarizing large and complex dialogues, we propose new modeling algo-



rithms and a data collection framework. We enhance transformer models by incorporating additional struc-
tured information derived from dialogue graphs and expert-designed schemas, improving both performance
and efficiency. Furthermore, we demonstrate that smaller encoder-decoder models can outperform larger
decoder-only models in specialized domains, offering faster inference speeds and comparable performance.
Our human-language model collaborative data synthesis framework also increases annotation efficiency and
reduces costs, particularly for proprietary data. Through these contributions, this thesis advances the field

of conversational Al, providing more effective and efficient methods for summarizing dialogues.
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Chapter 1

Introduction

A wide variety of applications for language understanding and generation involve conversational speech
and text, including human-machine dialogue systems such as virtual assistants [[13]] and question-answering
agents [114]], and human-human dialogues such as customer service calls, sales calls, doctor-patient con-
sultation [[121]. Transcribed human-human spoken dialogues can be time-consuming to read because there
is less explicitly structure text compared to written documents, making it harder for humans to skim and to
capture important information from them. Therefore, there is interest in automatically summarizing conver-

sations using natural language processing (NLP).

Previous research in summarization has predominantly concentrated on abstractive 62, 36, 166], extrac-
tive [[129, [71], and information extraction (e.g., form-filling extraction) approaches for single or multiple
documents or dialogues. Abstractive summarization generates new sentences that represent the core ideas
of the original text, while extractive summarization selects and combines key sentences or phrases directly
from the source text to create a summary. Form-filling information extraction extracts key information based
on an expert-designed schema, usually presented as short phrases. In this thesis, we diverge from prior cat-
egories by exploring summarization tasks from different perspectives, specifically focusing on corpus-level
summarization and conversation-level summarization. Corpus-level summarization aims to produce a set
of summaries that describe different kinds of dialogues in an entire dialogue corpus, offering a compre-
hensive overview of speaker behaviors across various conversations within the corpus. On the other hand,

conversation-level summarization targets individual dialogues, making it particularly useful for extracting
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Agreement / Action
(Get Credit Card info)

Greeting /
Verification

Restating solved
issues / Appreciation

Understanding
Problems & Providing
Solution (Billing)

Can't access account

Figure 1.1: An example of simplified graph for corpus-level summarization.

concise notes for follow-up interactions or decisions. The extracted information can be presented as either
a short phrase extracted from the dialogues for particular slots, or a full sentence or paragraph description
for a specific section. These summarization tasks aim to address the impracticality of reading through large
volumes of spontaneous conversations, making it a critical topic in NLP. We discuss more details of these
two types of summarization tasks in the following two paragraphs.

Corpus-level summarization aims to condense information from a large volume of dialogues to under-
stand the underlying speaker behavior via a summary graph. By summarizing this information into a graph,
it can support call center analytics, which can refine agent training, enhance service quality, and improve
automatic systems. Ultimately, this leads to increased customer satisfaction and reduced costs through im-
proved efficiency, all without the need to read through numerous conversations. To present the corpus-level
summary, we can view a customer service call as a sequence of subtask-oriented subdialogues derived from
a summary graph. Each subdialogue consists of a series of speaker turns that collectively fulfill a functional
purpose, including opening/greeting, user identification, problem description, problem-solving, issue re-
statement, and closing/thank you. Motivated by the desire for simplicity and ease in distinguishing between
calls, we use a graph to summarize a corpus of dialogues. We use to illustrate a simplified graph
derived from our private call center dataset (CALL CENTER) for corpus-level summarization. In this sum-
mary graph, each node represents a subdialogue, and each edge represents a transition between subdialogues.
This graph illustrates the shared (e.g., greeting, verification, and closing) and distinct (e.g., understanding a

problem, problem-solving solutions for billing issues, credit card information gathering, and account access

20



issues) underlying subdialogues between different calls within the corpus. The advantage of using a graph
is that paths can share common prefixes, indicating that the involved speakers have the same subgoal in
two different types of conversations. Afterward, these paths may diverge at certain points and merge back
into another subdialogue (e.g., question/solution restatement or closing). The primary differences between
the two types of calls can act as key indicators and be used for call analytics. For example, in a customer
service call, an agent and a user typically greet each other followed by user verification. After this, the user
will describe the specific problem they are experiencing. At this point, the conversation diverges based on
the individual issues raised. Once these issues are resolved, the conversation converges again in the closing

stage, where the agent and user exchange farewells and thanks.

On the other hand, conversation-level summarization focuses on providing a concise and structured sum-
mary for a single conversation. The structured summary is particularly useful for “information-gathering”
dialogues. The predefined structure (e.g., a schema for auto insurance claim calls or for clinical notes in
doctor-patient dialogues) enables the summaries to capture the desired information from a conversation for
a follow-up interactions or actions. For example, in a car accident claim call, an agent must collect necessary
details (e.g., location, vehicle make/model, traffic condition) for the claim and assist a caller in articulating
the circumstances of the accident to determine liability. Typically, this extracted information adheres to a
structured schema defined by in-domain experts and can be presented as a concise tabular summary of an ac-
cident. An adjuster can review the form to determine liability in accidents without going through everything
from the entire conversation. In a medical scenario, during clinical visits, physicians are tasked with multiple
responsibilities, including reviewing patient records, inquiring about symptoms, conveying test results, and
documenting the encounter. Managing these tasks can be challenging, particularly when physicians must
see multiple patients daily. An automatic summarization system could reduce the burden of documentation,

enabling physicians to concentrate on patient care, attentive listening, and accurate diagnosis.

Recently, pretrained language models (LMs) have demonstrated impressive performance on a variety
of NLP tasks [25] [65] 83 [11, [74} 157, [85]. These models have achieved great success but they have some
limitations for these conversational summarization tasks. For corpus-level summarization, while current
transformer models in NLP primarily generate text, our approach generates a graph. This graph represen-

tation of a dialogue corpus, with nodes describing states, offers a clearer overview of the entire corpus. It
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highlights how subdialogues transition, which subdialogues are shared, and which are distinct, compared to
using text alone. Second, it is challenging for a transformer model to summarize an entire dialogue corpus
due to the input length limitation. The maximum input length remains constrained in transformer models,
which can only process a limited number of tokens due to the quadratic memory explosion and the use of
predefined fixed-length positional embeddings. While there has been some research aimed at mitigating
the long input issues, e.g., memory-efficient attention mechanisms [[7} [1]] and relative position embeddings
[96,144], processing an entire corpus in a single pass remains impractical. In the context of conversation-level
summarization, there are two primary challenges. Again, the large size and the complexity of the attention
mechanisms of transformers necessitate significant hardware resources. This requirement can render them
impractical in resource-constrained environments, such as small businesses with limited budgets or applica-
tions on lower-powered devices such as smartphones. Therefore, there is a critical need for optimizations
that enhance the computational efficiency of transformer models in these scenarios. In addition, finetuning
transformers with domain-specific data hinges on the availability of high-quality, annotated datasets, which
are often costly and time-consuming to develop. This is particularly challenging for proprietary data, which
often requires specialized in-house and expensive expertise. Given these obstacles to using transformers in
both corpus-level and conversation-level summarization tasks, we propose two new modeling algorithms

and a new data collection framework to mitigate the aforementioned three challenges.

1.1 Contributions

We summarize the main contributions in this thesis to deal with the challenges of corpus-level and conversation-

level summarization tasks.

* We focus on challenging and less explored dialogue domains, including telecommunications service
call center dialogues and auto insurance claim call center dialogues, to summarize these conversa-
tions for humans to use in more efficient ways via corpus-level summarization and conversation-level

summarization.

* We introduce a new task, corpus-level dialogue summarization, which uses a graph to serve as an

interpretable corpus-level summary. This graph reduces the burden of reading a large volume of
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conversations for humans to analyze the unlabeled dialogue data. Therefore, the graph increases the
efficiency of understanding the entire corpus and facilitates the extraction of useful information, such

as good negotiation strategies from good salesmen or efficient strategies of experienced agents.

Inspired by dialogue state tracking, we propose using the dialogue state at the final turn as a conversation-
level summary for summarizing an auto-claim call. This structured summary provides comprehensive
information, capturing the essential details needed to determine fault and compensation in a car ac-
cident without the need to read the entire dialogue. This resulting summary can potentially increases

the efficiency of claim processing.

Instead of solely relying on raw text input for transformer models, we incorporate additional structured
information to enhance task performance and efficiency. We use two types of structure: the latent
structure of input dialogues and the expert-designed structure of output summaries. The input latent
structure is derived from a corpus-level summary graph, where each dialogue is represented as a path
on this graph, creating a sequence of subdialogue states. This structure is used as an additional feature
to improve encoder-only hierarchical transformers. Moreover, the expert-designed output structure,
such as section titles in medical notes or domain-slot names in task-oriented dialogues, divides a
main task into smaller, simpler subtasks. This subtasking enables encoder-decoder transformers to
share encoded input and process each subtask output in parallel, leading to more efficient transformer

decoding.

We demonstrate that current larger decoder-only transformer models (e.g., LLaMA, LLaMA?2, Chat-
GPT, GPT-4, etc.) are not always the best solution for all NLP tasks, especially when finetuning a
transformer model in complex and specialized domains. In this thesis, we demonstrate that smaller
encoder-decoder models can outperform these large decoder-only models, offering better or compa-
rable performance and significantly faster inference speeds in specific domains such as dialogue state

tracking and summarization.

We observe that using only these decoder-only transformer models cannot achieve human-level per-
formance in auto-claim summarization tasks both in data synthesis and annotation. The best perfor-

mance is obtained when human correction is incorporated into the data synthesis process to correct
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the models’ annotations.

Our view is that transformer models can perform more effectively and efficiently on conversational Al
tasks when we design components or frameworks that consider additional structure of dialogue tasks or
human knowledge. Our methods not only provide more effective ways to enhance transformer performance
on conversational Al tasks but also enhance the efficiency of transformer models in terms of the data inter-

pretability, data annotation cost and model inference speed.

1.2 Dissertation Overview

In we provide background knowledge on the computational models that we build on this work.
First, we describe transformer models and a general overview of recent related work on transformer models
for NLP. Then, conversational Al tasks discussed in this thesis are reviewed in terms of types of conversa-
tions, applications of conversation understanding and summarization, and the current language and speech
processing technology in these applications. We also discuss the limitations of the existing work on conver-
sational understanding and summarization tasks.

[Chapter 3|introduces an unsupervised structure learning algorithm to learn latent dialogue structure from
a corpus of dialogues where structure is represented via a hidden Markov model (HMM). The algorithm
provides an unsupervised way to learn the latent structure from unlabeled dialogues and generate additional
features for transformer models to boost the performance on predictive downstream conversational Al tasks.
The resulting summary graph renders an efficient way to understand the underlying dialogue structure of
the entire corpus for humans, mitigating the manual effort of reading dialogue transcripts individually. We
evaluate our structure learning algorithm on conversation-level prediction tasks using two public datasets,
including negotiation dialogues and problem-solving dialogues, as well as on one proprietary call center
dialogue dataset.

In[chapter 4] we use introduce a new decoding configuration for structured summaries and boost the ef-
ficiency of encoder-decoder transformer decoding. The output structure is defined by domain experts, such
as the schema in task-oriented dialogues and the eletronic health forms in clinical conversations. The output

structure allows us to divide a main task into into multiple smaller and simpler subtasks. Encoder-decoder
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transformer models hence encode a single input conversation once and share the key-value cache of the
input conversation across multiple subtasks, and decode the all subtasks in parallel. We assess the inference
efficiency using two dialogue datasets: one for task-oriented dialogues and the other for doctor-patient dia-
logues. Additionally, we demonstrate that the proposed configuration is effective not only in summarization
tasks but also in the medical question-answering domain. In addition to measuring actual speed-up, we also
provide the detailed algorithm analysis of the transformer decoding to support our experimental results.

In[chapter 5] we enhance the performance of finetuned encoder-decoder transformer models on the auto
insurance claim call center dialogues via a collaborative human-LM framework for data synthesis to emulate
the lengthy and complex human-human dialogues. This framework allows us to boost the performance of
finetuned models on real data without accessing the real data to generate synthetic data. We incorporate
these synthesized dialogues with real dialogues to finetune a transformer model for a conversation-level
summarization task on real dialogues, thereby enhancing the model’s performance, particularly on rare or
unseen slots. In controlled experiments, we also compare training with our human-in-the-loop-synthesized
data vs. fully automatically LM-generated data and find that collaborating humans adds value both in the
generation and annotation stages.

Finally, in we conclude this thesis by summarizing the approaches, the developed algorithms
and the framework, and our experimental findings. After that, impacts of this thesis and future directions for

extending work with enhancing transformer models on conversational Al tasks are discussed.
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Chapter 2

Background

In this chapter, we provide a background knowledge of transformer models, conversational Al tasks used in
this thesis, and the limitations of the prior work. In we review the general architecture of trans-
former models and three different model variants, i.e., encoder-only, decoder-only, and encoder-decoder
transformer models. Encoder-only models are used for the proposed unsupervised structure learning algo-
rithm for corpus-level summarization and the conversation-level predictive tasks in The decoder-

only and encoder-decoder tasks are used in conversation-level summarization tasks, such as dialogue state

tracking, medical dialogue summarization, dialogue information extraction in [chapter 4] and [chapter 5| In

we introduce the common approaches for pretraining and finetuning adopted in this thesis. Af-
ter that, an overview of hidden Markov models (HMMs) with discrete observation sequences for language

processing is provided in[section 2.3] HMMs are used in structure learning for corpus-level summarization

in|chapter 3| In|section 2.4] we introduce the conversational Al tasks used in this thesis for our proposed two

algorithms (THETA and P1D) and the framework (DIALGEN). Finally, we introduce the current limitations

of the transformer models on these summarization tasks.

2.1 Transformer Models

In this section, we first review the general mathematical framework of transformers, which will be relevant

to the algorithm discussion in Chapter 4, and then describe three different architectures used in this thesis.
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2.1.1 Neural Attention

The concept of neural attention, first proposed by [15]], serves as an effective method to handle representations
of varying lengths. This function operates by processing a query vector along with a sequence of distinct
pairs of key and value vectors. The resulting output vector is formulated through a weighted sum of the
value vectors, where the attention weights are determined by comparing the similarity between the query

vector and the key vectors.

Multi-head Attention

The multihead attention in transformer models [105] consists of multiple neural attention heads. These
attention heads compute the contextualized output Z in parallel. Usually, the key and value vectors have the
dimension d/h, where d is the dimension of input and output vectors and £ is the number of attention heads.

The query head vectors QQ can be obtained by projecting the input vectors N,

N = (77,1, e ,n|N‘) S R‘NIXd

Q = XW9 e RINIxd

where W& € R%*? is the linear projection for the query. Similarly, the key and value matrices are computed

by projecting another input vectors M,

M = (ml,. . ,m|M‘) S R‘M‘Xd
K = MWE ¢ rMixd

V =MWV ¢ RMIxd

where d is the hidden size; W5 € R%*? and WV € R%*4 are the linear projection matrices.

Given the projected matrices for queries (Q), keys (K), and values (V), the scaled dot-product attention

mechanism can be expressed as follows:

KT
Attention(Q, K, V) = softmax <Q> AY

Va/h
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QK" computes the dot product between each query and all keys, resulting in a matrix of scores. \/d/ih is
a scaling factor, used to stabilize the gradients during learning. softmax is applied to each row of the scaled
scores, converting them into attention scores that sum to 1.

More specifically, we use the self-attention of the TS5 model as an example, where the relative position
information between token 4 and j is provided by an inductive bias b;_;. The similarity score between n;

and m; can be denoted as follows,

1

Vd/h

where the term b;_; introduces a relative positional bias, which is used to learn the relative encoding in T5.

(niWQ)(ijK)T + bj_i,

Q5 =

After that, we apply softmax function on the scores associated with the token ¢ and use these normalized

scores and value matrix V to obtain the weighed output o; at the position ¢,
0; = softmax(a;1, a42, . . ., Qi) V.

Then, the matrix of the weighted outputs O = (01,...,0,) € RINIXd i projected by a linear matrix

WO e R¥*4 to obtain the final attention output
Z = OW©? ¢ RINIXd,

In the self-attention mechanism, the query, key, value are projected from the same input matrix; there-
fore, N is equivalent M. On the other hand, in the case of cross-attention, the variable N originates from
the current step in the decoder, while K and V is sourced from the key-value cache of the encoder’s final

layer.

2.1.2 Transformer Architectures

Transformers have become a fundamental model in the field of natural language processing (NLP), dra-
matically transforming how machines comprehend and produce human language. Compared to a recurrent

neural network, which summarizes work history in a single vector at each time step, transformers are pri-
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marily characterized by their reliance on the attention mechanism to weigh the importance all words in a
sentence. In the following paragraphs, we provide a description of the three main types of transformer mod-
els: encoder-only, decoder-only, and encoder-decoder models. These models tend to be used in different

NLP tasks.

Encoder-only Transformer Models

Encoder-only transformer models are designed to process input sequences and produce a continuous repre-
sentation of the input that captures contextual relationships between words. The encoder-only transformer
models are widely used for sentence representation or classification tasks, such as sentence classification,
language understanding, and named entity recognition. The key mechanism at play is bi-directional self-
attention in the encoder. This allows each word to attend to all other words in the input sequence, thereby
understanding the context around each word. The self-attention mechanism enables the model to dynami-
cally weigh the relevance of each word in a sentence relative to all other words, enhancing the model’s ability
to capture contextualized language representation. Popular examples of encoder-only models include BERT

[25]] and its derivatives like RoBERTa [65]].

Decoder-Only Transformer Models

Decoder-only transformer models are primarily used for generative tasks such as text completion and lan-
guage modeling. The fundamental mechanism governing these models is causal self-attention, also known
as auto-regressive attention. In causal self-attention, each word can only attend to previously generated
words in the sequence. This limitation guarantees that the generation of each subsequent word is solely
based on its predecessors, effectively preventing information leakage during text generation. Such models
are excellent at producing coherent and contextually appropriate continuations of text, making them ideal for
applications like chat-bots and creative writing aids, but they can also be used in any task involving output

text. Examples of decoder-only transformer models include GPT [82, 183} [74] and LLaMA [101} [102].

Encoder-Decoder Transformer Models
Encoder-decoder transformer models combine the functionalities of both encoder-only and decoder-only

models to handle tasks that involve both understanding an input sequence and producing an output sequence.
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These tasks typically include machine translation, summarization, and question answering. In encoder-
decoder models, the encoder first processes the input sequence to create a context-rich representation. This
representation is then passed to the decoder, which generates the output sequence. The decoder attends not
only to the output it has already produced via self-attention but also to the encoder’s output through cross-
attention. This dual attention mechanism allows the decoder to adapt its outputs based on both the content
it has generated and the input provided by the encoder. The well-known examples of encoder-decoder
transformer models are T5 [[85] and BARTI[57]].

Both decoder-only and encoder-decoder models excel in generative tasks, each offering distinct advan-
tages depending on the scenarios. Recent research [109] indicates that scaling up decoder-only transformer
models enhances in-context learning, which is particularly useful when labeled data is limited, thereby im-
proving generalization to unseen domains. However, these larger decoder-only models come with higher
computational costs and may perform worse than smaller, specialized encoder-decoder transformer models
[S5]].

Each of these transformer architectures plays a important role in the field of NLP, leveraging the atten-
tion mechanism to perform a wide range of language understanding and generation tasks with remarkable

improvement.

2.2 Transformer Pretraining and Finetuning

In this section, we first introduce the common approaches for pretraining transformer models. In
we adopt domain-adaptive pretraining to train a BERT model on individual datasets, aiming to achieve better
representations for speaker turn embeddings. Although we do not apply in-domain adaptive pretraining for
decoder-only and encoder-decoder models, we outline the common training practices to highlight the dif-

ferences between them and encoder-only transformers. For finetuning, we introduce the objective functions

for classification tasks used in and generation tasks used in [chapter 4] and [chapter 3]

2.2.1 Pretraining

There are many different pretraining methods for each transformer architecture, including encoder-only,

decoder-only, and encoder-decoder models. In this section, we use BERT, GPT, and TS5 as examples to
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illustrate these methods.

Pretraining for Encoder-only Transformer Models
We use bidirectional encoder representations from transformers (BERT) as an example. BERT is pretrained
using a bidirectional approach to understand the context of a word from both its left and right sides. Its

primary pretraining tasks are masked language modeling (MLM) and next sentence prediction (NSP).

Masked Language Modeling (MLM). In MLM, random words in the input sentence are masked, and the
model learns to predict these masked words. Given a sentence X = (x1,x2,...,Z,), we randomly mask

some tokens to form Xp,sked. The objective is to minimize the loss function:

Lvim = — Z log P(x; | Xmasked)s
ieM

where M is the set of masked token positions.

Next Sentence Prediction (NSP). NSP involves predicting whether two given sentences follow each other

in the text. For a pair of sentences (A, B), the objective is to minimize the binary classification loss:

Lnsp = — log P(isNextSentence | A, B) — log P(isNotNextSentence | A, B)

Pretraining for Decoder-only Transformer Models
Generative pretrained transformer (GPT) is a decoder-only transformer and is pretrained using an autore-
gressive approach, where the model learns to predict the next token in a sequence. The primary pretraining

task is language modeling (LM).

Language Modeling (LM). In LM, given a sequence of tokens X = (z1,z9,...,x,), the model learns
to predict the next token x;;1 based on the previous tokens (x1,x2,...,2¢). The objective is to minimize

the negative log-likelihood:

n
Lua = Y log Plaer | 21,23,
t=1
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Pretraining for Encoder-decoder Transformer Models
Text-to-text transfer transformer (T5) is an encoder-decoder transforms all NLP tasks into a text-to-text
format, using text sequences for both input and output. Its pretraining objective, similar to BERT’s MLM,

is designed as a text generation task aimed at reconstructing a corrupted document.

Corrupted Document Reconstruction. T5 uses a denoising objective where a portion of the input se-
quence is corrupted, and the model learns to reconstruct the original sequence. Given an input sequence X

and a corrupted version X ormupt, the objective is to minimize the reconstruction loss:

£T5 = - logP(X ‘ Xcorrupt)-

In summary, BERT focuses on bidirectional context through MLM and NSP, GPT leverages an autore-
gressive LM approach for next-token prediction, and T5 unifies all tasks into a text-to-text format with
a denoising objective. These pretraining methods are used to better initialize model parameters via self-
supervised learning without labeled data and have been proven to be useful when the pretrained models are

finetuned on downstream tasks.

2.2.2 Transformer Finetuning

After pretraining, transformer models are commonly finetuned on specific downstream tasks to adapt them
to various applications. Finetuning involves training the pretrained model on a smaller, task-specific dataset.
Below, we discuss finetuning strategies for these models, focusing on classification tasks for encoder-only

and both classification and generation tasks for decoder-only and encoder-decoder models.

Finetuning Encoder-only Model for Classification

In we use BERT as a backbone to initialize our hierachical BERT model. BERT is often
finetuned for classification tasks using the special [CLS] token. During pretraining, the [CLS] token is
added at the beginning of every input sequence, and its corresponding output representation is used for

classification.

33



Given an input sequence X = ([CLS],x1,Z2,...,Z, [SEP]), the output representation of the [CLS]

token h 15 is fed into a classifier to predict the class label. The classification loss is minimized as follows:

Eclassiﬁcation = - logp(y ’ h[CLS] )7

where y is the true class label.
Common classification tasks for finetuning BERT include document topic classification, successful call

prediction, extractive-based question answering, sentiment detection and spam detection, etc.

Finetuning Decoder-only and Encoder-decoder Models for Generation and Classification

In [chapter 4] and |chapter 5| we use LLaMA?2 and TS5 are primarily finetuned for generation and classi-

fication tasks. These generative models can also be used as a classifier if labeled data, proper instructions,

and post-processing are given.

Generation Task. For generation tasks, LLaMA2 and TS5 are finetuned to produce a sequence of tokens
based on the given input. The objective is to minimize the negative log-likelihood of the target sequence

Y = (y1,v2,--.,Ym) given the input sequence X:

m
»Cgeneration = - Zlog P(yt ‘ X,y1,92,. .. ’yt—l)
t=1

Common generation tasks for finetuning LLaMA?2 and TS include machine translation, generation-based

question answering, summarization, story generation, dialogue systems, and code generation, etc.

Classification Task. For classification tasks, both LLaMA?2 and TS5 can be fine-tuned by providing the
model with labeled data, appropriate instructions, and post-processing. In LLaMA?2, a classification token
or prompt can be added to the input sequence, and the model’s output is used to predict the class label.
Similarly, T5 can be finetuned by framing the classification task as a text-to-text problem, where the input
is a description of the task and input data and the output is the predicted class label. The objective function

is the same as generation task.
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In summary, while BERT is typically finetuned for classification tasks using the [CLS] token, LLaMA?2
and TS are versatile and can be finetuned for both generation and classification tasks, depending on the nature

of the labeled data and the instructions provided.

2.3 Hidden Markov Models

An hidden Markov models (HMM) is a classifcal statistical tool for modeling time series data where the
states of the process are not directly observable but can be inferred through observable events. They were
popular for early work on unsupervised learning of continuous speech recognition, part-of-speech tags, and
other tasks where the goal is to infer hidden discrete state from observable sequences. An HMM assumes the
unobserved state sequence is a Markov process and each hidden state produces an observation that depends
only on that state. The sequence of these observations gives clues about the sequence of hidden states.
Observations may be discrete-valued or continuous. In this work, we will use discrete observations. Let
st € {1,..., N} be the state at time ¢ € {1,...,7'}, and the observation be ¢; € {1,..., K}.

An N-state HMM is characterized by three sets of parameters:

Initial state probability (7)
An initial state probability, 7(s1), is a K-dimension vector, indicating how likely it is that the model will

start in any given state.

Emission probability (1)

These define the probability (an N x K matrix) of observing a particular symbol (c;) from a hidden state
(s¢), denoted as 1(c; | s¢). For example, in the context of POS tagging, this might represent the probability
that a noun will generate a particular word. For example, the probability that a noun will generate the word
“cat” can be written as

p(c = cat | s; = noun).

Transition probability ()
A transition probability indicates the likelihood of moving from one state (s¢) to another state (s¢y1). In

POS tagging, this could model the probability of transitioning from one POS tag to another. The transition
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probability is an N x N matrix and can be denoted as y(s¢+1 | s¢). The topology of the state space can be
represented with a graph corresponding to non-zero values of 7 and .

In this thesis, we use an HMM to model the hidden dialogue state sequence S = (si,...,s7) given
the observed sequence C' = (cy, ..., cr) with the sequence length 7. The state S; can be thought of as a
subtask or subtopic in a dialogue. The observation ¢ is a discrete representation of a user turn (automatically
learned) that is intended to capture speaker intent, which can be thought of as a fine-grained dialogue act.
An HMM is a statistical model that characterizes an observation sequence C' in terms of a discrete, latent

(hidden) Markov state sequence S,

P(C)=)_P(C,S)

all §
= w(s1) [ [ nleels)v(sealse),
all S t=1

where s741 is a dummy stopping state.

Given a specified topology—defining the structure of a hidden Markov model (HMM), including the
number of hidden states, the initial emission probabilities, and the initial transition probabilities between
these states—the parameters will be learned using the Expectation-Maximization (EM) algorithm [72]]. The
Viterbi algorithm [28]] can then be applied to find the most likely state sequence during inference. We will

discuss more details of how to automatically learn the topology given a dialogue corpus in

2.4 Conversational AI Tasks

In this thesis, we explore various conversational Al challenges, specifically focusing on two types of sum-
marization tasks: corpus-level and conversation-level summarization. We use three datasets for our experi-
ments, including a public negotiation dataset, a public customer service dataset, and private call center data
from a U.S. telecommunications company. Due to the lack of available gold summary labels, which are

impractical to obtain in real-world settings, we instead leverage the derived latent dialogue structure from

the graph as additional features for predictive tasks at the conversational level. In[chapter 4| and |chapter 5|

we focus on conversation-level summarization tasks such as dialogue state tracking (DST), medical dia-
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logue summarization, and the information extraction from auto insurance claim calls. We categorize both
dialogue state tracking and dialogue information extraction as conversation-level summarization tasks, since
the dialogue state represents as a tabular summary of user needs up to the current interaction, while dialogue
information extraction serves as a tabular summary of the entire conversation. Unlike DST, the information
extracted from each turn is collected to create a summary of the call rather than to generate a virtual agent’s
response or make an API call. In addition, the summary includes entities that are associated with attributes
(slots) and values. To evaluate models on this IE task, we introduce entity-centric scoring methods that
allow partial matching of multiple and descriptive values.

In the following paragraphs, we introduce the different types of dialogues in the thesis and their evalua-

tion metrics.

Negotiation Dialogues

Negotiation dialogues involve two parties trying to come to agreement on terms of a transaction, contract,
policy, etc. In this thesis, we look at dialogues proposed in He et al. [39] involving transactions or agree-
ments, often focusing on price negotiation for goods. The dialogues involve different strategies like per-
suading the other party by highlighting the quality of an item. By analyzing and summarizing patterns
and strategies across multiple negotiations, one can extract insights into what constitutes a compelling sales
strategy, thereby enabling sellers or buyers to enhance their negotiation skills and effectiveness in future in-
teractions. For evaluation, this thesis builds on prior research [39] by using the “sale price ratio” to measure

the success of a seller. A higher ratio indicates that a seller sold the product at a better price.

Customer Service Dialogues

Customer service dialogues are structured conversations between a customer and a service agent, focused on
resolving issues, addressing inquiries, or offering support. These dialogues are goal-oriented and often fol-
low specific protocols, covering a range of types from problem-solving dialogues to information-gathering
dialogues. Analyzing and summarizing these interactions are essential for refining agent training, improv-
ing dialogue system design, boosting customer satisfaction, and streamlining the process for any necessary
follow-up actions. In this thesis, we focus on three different datasets for customer service dialogues, includ-

ing one public dataset, action-based conversations dataset (ABCD) [[15], and two private datasets, call center
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dialogues from an US telecommunications company (CALL CENTER) [[67] and call center dialogues from a

car insurance company (AIC) [68].

The ABCD and CALL CENTER datasets are chosen for corpus-level graph-based summarization aimed
at improving agent training by distinguishing between effective and ineffective dialogues. We assess the
quality of the resulting graphs used to generate corpus-level graph-based summaries by incorporating the
state sequence as an additional feature for predictive tasks, such as failure call prediction and call type
classification. Further details will be discussed in The auto insurance dataset (AIC) is used for
conversation-level summarization to automate the claims process, which helps in saving time for subsequent
actions and facilitates fault determination. We evaluate this task by calculating the F-measure scores for all

required information. More comprehensive details of the task and evaluation metric will be provided in

Task-oriented Dialogues

Task-oriented dialogues [111} [110, [13]] in NLP are designed to accomplish specific tasks such as booking
tickets or scheduling appointments following a predefined schema associated with a database. This schema
plays a critical role in structuring the dialogue, guiding it toward the efficient collection of user requests.
A popular task in task-oriented dialogues is dialogue state tracking, where the system maintains a state of
the conversation based on past interactions, where the state consists of values of all slots in the ontology.
This dialogue state acts as a dynamic summary that helps the system understand the current context and user
requirements. Using this summary, the agent can either call the appropriate API to fulfill the user’s requests
or ask additional questions to clarify the user’s needs, thereby enhancing the system’s ability to respond

accurately and effectively.

Multiple evaluation metrics have been used for assessing system performance. Joint goal accuracy
(JGA) is a primary metric that measures the system’s ability to accurately predict the entire set of slot values
at each turn of a dialogue including null values. This metric is stringent as it requires correct predictions
across all goal aspects to be considered successful. Turn-level belief (TLB) accuracy assesses the system’s

capability to extract an user’s intentions at a particular turn.

38



Medical Dialogues

Medical dialogues occur between a patient and a provider, such as a physician. During these exchanges,
patients generally present their symptoms, medical history, and concerns, while physicians pose specific
questions, perform assessments, and offer treatment recommendations. This thesis centers on one specific
application: distilling a dialogue into a structured summary that contains all essential information discussed
under the format of electronic health record (EHR) notes. Automated summarization can facilitate the effec-
tive documentation of patient interactions and supports ongoing care continuity. We use the data proposed
by Yim et al. [121].

The evaluation typically involves comparing the automatically generated summaries against a human-
written reference summary. In prior work, the method for evaluating the quality of these summaries is using
the ROUGE metric [61]]. ROUGE measures the overlap of n-grams, word sequences, and word pairs between
the automated summary and the reference summaries. It includes different variants such as ROUGE-N

(which compares n-grams), ROUGE-L (which focuses on the longest common subsequence).

2.5 Limitations of Related Work of Transformer Models

High Cost of Encoding and Generating Long Sequences

Transformer models, particularly those developed based on the foundational architecture introduced by
Vaswani et al. [105]], encounter a significant challenge related to the length of input data. The self-attention
mechanism inherent in these models causes the computational complexity to increase quadratically with
the length of the sequence. This results in high computational costs and substantial memory requirements
when dealing with long sequences. Such challenges are particularly evident in tasks that involve translating
or summarizing lengthy documents/dialogues. To mitigate the issue, researchers have innovated attention
mechanisms that conserve memory, such as the Performer [17] and the Linformer [[107], which simplify
the attention mechanism to make its computational demand scale linearly with the length of the input, thus
easing both computational and memory burdens. Although the prior advancements have focused on ad-
dressing these length constraints, the challenges are still acute when dealing with real-world data, such as
lengthy dialogues from call centers that may last over an hour. These extended conversations result in very

long input sequences that increase the computational difficulties. In we address the challenge of
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input length constraints by using an encoder-only hierarchical transformer model. In[chapter 4] we leverage
the expert-designed structure to divide the output sequence into multiple smaller and simpler subtasks and

reduce the burden of duplicate encoding of long input sequence by sharing the common input.

Limitation of Generating Corpus-Level Summaries

Current transformer models in NLP excel at generating text. However, using text alone may not be the
most efficient way to distinguish between types of dialogues within an entire corpus. This inefficiency
arises because different types of dialogues may share common subdialogues, such as greetings, verification,
and closings in goal-oriented dialogues, while diverging in other subdialogues, such as problem-solving for
billing or user account access issues. Conversely, a graph can better represent these characteristics. Each
node in the graph represents a specific type of subdialogue, and the edges represent transitions between
subdialogues. Each path in the graph can represent a specific type of dialogue. The shared common subdi-
alogues (nodes) can be reused across different types of dialogues (paths), clearly illustrating the differences
between dialogue types. Additionally, the aforementioned limitation of input length in transformer models
makes it impractical for them to process entire dialogues to generate corpus-level summaries. In
we address the challenge of generating corpus-level graph-based summaries by integrating representations
produced by an encoder-only transformer model to generate a graph via an unsupervised structure learning

algorithm.

Considering Raw Text Only without Leveraging Structured Information.

Most current studies on transformers handle input and output dialogue tasks as raw, flattened text, overlook-
ing the advantages of utilizing structured information in either the input or output text. However, incor-
porating structure into transformers can significantly enhance their performance and efficiency. Typically,
work on conversational systems treats dialogues as linear sequences of text, akin to written text. This thesis
explores unsupervised learning strategies for integrating structured information into a state-of-the-art hier-
archical transformer-based text model. Moreover, the decoding phase of transformers has relatively low op-
eration intensity compared to the training phase. During decoding, only one token is generated at a time, yet
all projection matrices and the key-value cache must be loaded into memory to compute a single new token,

leading to slower response times and lower throughput in real-time applications. The data in conversation-
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level summarization task comes with structured output. This expert-designed structure can break down a
complex task into smaller, more manageable subtasks, referred to as “decomposable tasks.” For example,
dialogue state tracking can be seen as a summary of the user’s needs up to the current turn, with the output
dialogue state divided based on schema structure, such as slot names. In the medical domain, a patient’s
electronic health record is often organized into sections like subjective, objective exam/results, plan, and
assessment. Currently, popular methods either treat all subtasks in an example as a large text chunk, re-

quiring the model to generate all output at once, or contextualize each subtask and input dialogue/document

separately, leading to duplicate input encoding and inefficiency. In|chapter 3|and [chapter 4] we discuss how

to leverage latent input dialogue structure and expert-designed output structure to enhance transformer task

performance and its efficiency.

High Costs of Data Annotation for Conversation-level Summarization in Private Dialogues

The scarcity of high-quality annotated data is particularly evident in domains involving private human-
human interactions, such as call center dialogues. These interactions are inherently private and sensitive,
leading to significant restrictions on the availability of these natural problem-solving dialogues for public
research purposes. Moreover, even when private datasets are available, the cost of annotation is prohibitively
high. Specialized in-house expertise is required to ensure the accuracy and relevance of annotations, further
exacerbating already limited training resources.

To reduce data collection costs, researchers have explored the use of language models (LMs) to generate
synthetic training data [63, (108,16, 59, 4]]. Synthesized data can target long-tail phenomena [[18 127,123, 140]
and allow for public release of data that closely emulates real-world privacy-constrained domains, such as
the medical domain [78]. Although LMs can follow instructions to generate text that closely resembles
human writing, there can be challenges to ensure that the data are diverse and not too simplistic [99, 63]]. In
addition, they still suffer from incoherence and consistency issues [19, 26]. To mitigate the shortcomings
of LMs, human-LM collaboration can offer a robust solution, leveraging the strengths of both humans and
machines [95] [103]. In we discuss our approach, a human-LM collaborative framework that
leverages a layperson and an LM to synthesize more realistic dialogues that improve the performance of the

downstream models on real-world call center data.

41






Chapter 3

Dialogue Latent Structure Learning

3.1 Introduction

Increasingly, language understanding applications involve conversational speech and text. Much attention
has recently been directed at human-agent dialogue systems, including virtual assistants, interactive prob-
lem solving, and information seeking tasks (e.g., conversational question answering). However, automatic
understanding of human-human conversations is also of interest for problems such as call-center analytics,
conversation outcome prediction, meeting summarization, and human-agent interaction involving multiple
people. The focus of this chapter is on summarizing the human-human conversations at the corpus level
and providing a graph-based summary of dialogue structures. The resulting structure is leveraged to extract
additional turn-level features to enhance the performance of encoder-only transformer models on predictive

tasks.

Like written documents, goal-oriented conversations tend to have ordered structure (openings, context
setting, problem solving, etc.). However, in human-human conversations (both text and speech), participant
roles factor into the structure, and the structure is less rigid due to the need to accommodate miscommunica-
tions and varying objectives. Yet, most work on conversational systems treats dialogues like written text, i.e.,
the dialogue history is a linear sequence of text. In this paper, we explore unsupervised learning strategies

for adding structural information to a state-of-the-art hierarchical encoder-only transformer model.

Linguistic analysis of conversations often involves associating speaker utterances with dialogue acts
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(DAs), e.g., question, statement, backchannel, clarification, etc. [47, 20], and segmenting the conversation
into nested subsequences of participant turns that reflect a common topic or conversational goal [34]]. Past
studies have explored using such structure, particularly DAs, to improve automated human-agent dialogues.
Here, we use hierarchical structure (both turn-level DA labels and sub-dialogue states) to improve classifi-
cation of human-human conversations. Specifically, we introduce Three-stream Hierarchical Transformer
(THETA), which integrates transformer representations of the DA and sub-dialogue state sequences into a hi-
erarchical transformer (HET) [92,[76] operating on the original text. In addition to improving performance,
the use of discrete structural cues in classification can support conversation analysis. For example, we can
identify sales strategies that are more likely to lead to a successful outcome or use the sub-dialogue state

sequence to summarize frequently visited states in unsuccessful interactions.

Since hand-annotation of structure can be costly and inventories vary across tasks, there is substantial
interest in unsupervised learning of structure for specific task domains. Here, the approach to structure
learning involves two steps. First, we use a clustering algorithm to learn a mapping of utterance embeddings
to discrete categories, which serve as an unsupervised version of DAs. Each conversation is then represented
by the discrete sequence of cluster identifiers (IDs) associated with the sequence of utterances. Using the
collection of discretized conversations, we automatically learn the topology of a latent finite-state model
over these sequences, i.e., a hidden Markov model (HMM), using a greedy state-splitting algorithm that
maximizes the likelihood of the sequence data without requiring any annotations. The states of the HMM
correspond to different sub-dialogues that may be associated with specific topics, strategies or subtasks. The
sub-dialogue structure of a new conversation is identified by finding the most likely state sequence given

that discretized utterance sequence.

In this chapter, the learned structure is assessed in experiments on three conversation-level classifica-
tion tasks: i) buyer/seller negotiation outcomes on CRAIGSLISTBARGAIN [39]], ii) conversation category
in the Action-based Conversations Dataset (ABCD) [[15]], and iii) client callback prediction in a private call
center corpus. In each task, we find that a combination of both utterance-level category and sub-dialogue
state information lead to improved performance. Further, we use automatically generated descriptions of
the clusters and sub-dialogue states to provide an interpretable view of the finite-state topology and a sum-

marized view of a conversation. Anecdotally, we find that this structure lends insights into how participant
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Figure 3.1: Overview of THETA conversation encoding. The text of each utterance text is encoded by
BERT, and a 1-layer transformer further contextualizes utterance embeddings to generate the text vector U.
For structure, utterances are mapped to K-means dialogue acts (DAs), which are input to an HMM to decode
sub-dialogue states. 1-layer transformers are applied to sequences of DAs and sub-dialogue states, yielding
cluster vector C and state vector S. The concatenation of U, C and S is fed into a linear layer to obtain the
structure-enhanced vector for the predictive task. For simplicity, Emb. and Trans. stand for embedding and
transformer, respectively.

strategies (state paths) are associated with different conversation outcomes.

The contributions of this work are as follows. First, we introduce a simple unsupervised approach to
learn a hierarchical representation of conversation structure that includes turn-level labels and sub-dialogue
segmentation, accounting for participant role. Using the three conversation-level classification tasks, we
demonstrate that integrating the structural information into a state-of-the-art hierarchical transformer con-
sistently improves performance. Lastly, we show how the discrete representation of structure combined
with automatic summarization can provide a mechanism for interpreting what the model is learning or for
conversation summarization and analytics.

This chapter contains material that was originally published in the previous work [67]. I was the main
contributor of this work, and Yushi Hu helped with setting up unsupervised summarization for HMM graphs.

We discussed and wrote the paper with the other collaborators throughout the project.

3.2 Method

As shown in THETA represents the sequence of turns in a conversation using: i) a hierarchical

encoder-only transformer (HET) operating on a turn-segmented word sequence, ii) an encoder-only trans-
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former operating on a sequence of turn-level DAs, and iii) a separate encoder-only transformer operating
on a sequence of sub-dialogue states derived from the DAs. The conversation-level vectors produced by
the three transformers are concatenated and used in a final task-specific layer for conversation classification
tasks. At the time of this work, the HET alone was the state-of-the-art model for conversation-level tasks.
The DA and sub-dialogue states comprise the structural information that enhances the HET for improving
performance of the end task. In addition, the discrete nature of the structure representation provides a mech-
anism for analyzing the conversation classes via summarization of utterances associated with the DA labels

or sub-dialogue states.

3.2.1 Model Components

Definitions

More formally, each dialogue consists of a sequence of words (or tokens) X = [z1,...,z7] associated
with T' customer/agent (or seller/buyer) utterances, where x; is the subsequence of words associated with
the tth utteranceE] The word sequence is decorated with three special tokens: [CLS], [PTY] and [SEP],
where [PTY] indicates the utterance speaker role ([AGT] for agent/seller and [USR] for customer/buyer).
The word sequence X is mapped to two sequences of utterance-level embeddings UY = [uf,..., u}],
v € {HET,pA}. The vector u}'ET is output from the last layer of the HET that is used to derive the
text-based conversation-level vector U. The vector uP* is the output of a separate transformer, which is
then mapped to a DA category ¢; to produce the sequence C' = [cy, ..., cr]. The sequence C is associated
with a hidden subdialogue sequence that is represented using the HMM state sequence S = [sq,..., S7].
Additional transformers derive conversation-level vectors C and S from C and S, respectively. THETA
enhances the conversation representation by concatenating U, C and S together for input to a task-specific

layer.

Hierarchical Encoder-only Transformer
The hierarchical encoder-only transformer [[76] has been shown to be useful for classifying long documents
(like customer support conversations), which exceed the length limits placed on encoder-only transformer

models due to the quadratic complexity of the self-attention module. At a high level, two encoder-only

"'We use the term “utterance” although some conversations involve text-based interactions.
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transformer blocks, a lower utterance encoder-only transformer and an upper conversation encoder-only
transformer are stacked together for encoding dialogues. Here, the utterance-level encoder-only transformer
first encodes utterances into utterance embeddings, one for each utterance. In this case, the first contextual-
ized token embedding as the utterance embedding, which corresponds to the sentence-level [CLS] token.
The sequence of utterance embeddings augmented with a conversation-level [CLS] token are then fed as
inputs to another one-layer conversation-level transformer to further contextualize the vector sequence. We

use the output vector associated with the conversation-level [CLS] token as the conversation representation.

Dialogue Act Sequence Module

To obtain the DA labels, we first derive an utterance embedding uy* by mean pooling the final layer of
the BERT transformerE] The resulting embedding is mapped to a DA class ¢; using a vector quantization
(VQ) approach: K-means clustering is used to learn the classes, and vectors are labeled at inference time by
minimizing the Euclidean distance to cluster means. The number of clusters is treated as a hyperparameter of
the overall model. We apply K-means clustering separately for utterances from the two different participant
roles, so the DA index reflects the role. This simple approach is motivated by prior work on unsupervised
learning of DA categories [12]], which showed that K-means clustering gives a performance that is only

slightly worse than HMM-based learning.

In linguistic analyses, a turn can contain a sequence of DAs. Our work assigns a single DA to a user
turn, as in other work using unsupervised learning as well as the negotiation data set that we report results
on. Since the prior work often uses “dialogue act” for turn-level labels, we have chosen to use the DA term
here, acknowledging the abuse of terminology. For complex tasks like the call center data (and other data
with real users), the turns will involve multiple dialogue acts, in which case a large number of clusters is

useful.

Sub-Dialogue Sequence Module
The DA sequence C' is input to a hidden Markov model (HMM) to derive the sub-dialogue structure. An

HMM is a statistical model that characterizes an observation sequence C' in terms of a discrete, latent

>We also experimented with using the [CLS] token, but mean pooling gave better results.

47



(hidden) Markov state sequence S,

all S
T
= w(s1) [ [ nleels)v(seralse),
all S t=1

where 7, 1, and ~ are start-state, observation, and transition distributions, respectively. sy is a dummy
stopping state. The HMM is used to decode the hidden sub-dialogue state sequence S, which provides a
segmentation of the conversation into different stages or sub-tasks in problem solving or negotiation. The

HMM topology and parameters are derived using unsupervised learning as described in the next section.

3.2.2 Sub-Dialogue Structure Learning

_wy

X
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(a) Before split. (b) Temporal split. (¢) Contextual split.

Figure 3.2: The design of two split methods. The dark-blue state is chosen to be split. The white state
is the end node. The light-blue state is the new state after split. Transitions to other states are omitted for
simplicity.

Given a specified topology, inference and training algorithms for HMMs are well established [72]]; the
Viterbi algorithm gives the most likely state sequence, and the Expectation-Maximization (EM) algorithm is
used for parameter estimation. To automatically learn the HMM topology, we apply a greedy state splitting
algorithm [75]], which learns a left-to-right topology by constraining states to inherit the transition constraints
of their parent. The standard objective is maximum likelihood of the DA sequence, which is unsupervised
with respect to the conversation-level task.

Topology learning is outlined in Algorithm [I] The initial model has a 3-state left-to-right topology, ini-
tialized (assuming 15% of utterances in first state, 70% of utterances in the second state, 15% utterances in

the final state). All states are initialized with a transition to the end state. The parameters are updated itera-
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Algorithm 1 State-splitting Algorithm for Topology Learning
Input : n: number of splits. 7;: topology after ¢ split.
Initialization: Run the EM algorithm on 3-state initial topology 9.
for: =1tondo
Select state s € 7,1 to split based on max entropy of observation distribution 7,_1(c|s)
Apply temporal split and get new topology 7; ¢
Apply contextual split and get new topology 7; .
Run the EM algorithm on 7; ; and 7; .
Select the topology with higher likelihood as 7;

tively until the improvement is lower than a fixed threshold or the iteration count exceeds some number. At
each iteration, the state with the highest entropy of emission probability is chosen to be split. The topology
can change into two new configurations corresponding to temporal and contextual splits (Figure [3.2)). The
EM algorithm is applied again on each configuration and the topology that leads to the higher likelihood
is chosen. Transitions with probability below a threshold (1 x 10~%) are pruned. We iteratively conduct
the splitting until the total number of states reaches the desired value (a hyperparameter). In the previous
study [75]], the HMMs used continuous observation distributions. The splitting approach described below

was designed for discrete distributions.

Temporal split

The temporal split provides more detailed sequential structure along a path. Figure [3.2b|shows the result of
a temporal split on the selected state (dark-blue) in Figure The light-blue node is the new child state
that inherits the observation distribution and all incoming edges (e.g., w) ﬂ and the associated transition
probabilities of the dark-blue state. The incoming edges are removed from the dark-blue node. The light-
blue node also inherits all outgoing edges of the dark-blue node but the outgoing edges are not removed
from the dark-blue node. A new edge y is added from the light blue state to the dark-blue state. To ensure

the sum of outgoing node is one, the probabilities of the edges y and z are initialized as p,. /2.

Contextual split
The contextual split allows for alternate sub-dialogue paths. |[Figure 3.2c| illustrates the contextual split

applied on the dark-blue state. The light-blue state inherits everything but the observation distribution of

3The other states in the graph are not shown in the picture for simplicity.
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dark-blue state. All the incoming and outgoing edges are copied. The outgoing edges inherit the transition
probabilities p, = p,. The incoming edge probabilities will come from the same state, SO P,y = Py = P /2.
With the aim of modeling different types of paths, when copying the observation probabilities to the light-
blue state, we omit the top emission probability of the dark-blue node and set it to 0 and normalize the rest

of probabilities.

3.2.3 Pre-Training and End-Task Training

Both for initializing the HET and for deriving the DAs, we use the encoder-only transformer, BERT model
[25], for encoding individual utterances u;, pre-trained using masked language modeling and next-sentence
prediction. Due to the style differences of dialogue data vs. written text, we apply domain-adaptive pretrain-
ing (DAPT) [138] to adapt BERT for dialogue applications. As shown later (section 3.4)), adapting BERT
with DAPT provides substantial improvement in terms of predictive power as well as optimization stability.
For the HET alone, supervised training involves learning the weights of the final task-level linear layer, the
utterance-level transformer, and the word-level transformer.

For THETA, supervised training involves learning the weights of the cluster- and state-level transformers,
in addition to all updates associated with the HET component described above. The cluster sequences are
obtained using the word-level transformer with DAPT and the associated cluster mapping obtained from
unsupervised learning, i.e., without task-level finetuning. Similarly, there are no task-level supervision

updates to the parameters associated with the HMM that is used to derive the state sequence.

3.3 Datasets and Evaluation Metrics.

We use three datasets with conversation-level classification tasks to evaluate our model. The data statistics

are summarized in[Table 3.1

CRAIGSLISTBARGAIN
The work by He et al. [39] presents a public negotiation dataset where buyers and sellers negotiate the
prices of items on sale. In each conversation, the buyer has a target price in mind and attempts to reach

an agreement with the seller. The negotiation scenarios are sourced from https://craigslist.com,
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CRAIGSLIST CALL

BARGAIN ABCD CENTER
train set # dialogues 4828 8034 711310
dev. set # dialogues 561 1004 95540
test set # dialogues 567 1004 142560
# turns / dialogue 9.2 22.1 71.6
# tokens / turn 15.5 9.2 16.3
# tokens / dialogue 142.6 2025  1167.1

Table 3.1: Data statistics of the datasets.

including a product description, optional product photos, and the listing price. The buyer is given a private
target price that is strictly lower than the listing price. The data was collected on the Amazon Mechanical
Turk (AMT) platform, where two Turkers role-played with each other. The seller aims to maximize profit,
while the buyer tries to purchase the product at a price close to their private target price. Following previous
work [131} 46], we use the same list of 14 handcrafted utterance DAs and the 5-class sale-to-list price ratio
labels provided in their code base. The 14 handcrafted utterance DAs are used as comparison to evaluate
if our unsupervised version of DAs is learning good representations. Classification of sale-to-list price
ratio is used as the downstream task, with accuracy as the evaluation criterion. We follow all original data

preprocessing scripts for CRAIGSLISTBARGAINﬂ

ABCD

The work [[15]] is a public customer support dataset that is introduced to study customer service dialogues.
In each conversation, an agent follows guidelines to help a customer solve their issue. Conversations are
categorized with flows and subflows. Flows are broad categories, such as shipping issue, account access, or
purchase dispute. Subflows comprise 96 fine-grained labels, for example, shipping status question, recover
password, or invalid promotion code. Each conversation is annotated with a flow and a subflow. We use
classification of the subflows as our conversation-level task. Macro and micro F1 scores are used to reflect

the performance of imbalanced subflow classes. We follow all original data preprocessing scripts for AB CDE}

*nttps://github.com/rishabhjoshi/DialoGraph_ICLR21,
*https://github.com/asappresearch/abcd.
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CALL CENTER

The dataset is a private collection of customer service conversations. Phone calls are automatically tran-
scribed and private user information is anonymized. Conversations are annotated with a binary indicator as
to whether or not there will be a callback within two days. (Such callbacks are an indicator that the problem
was not solved in the call.) For the task of callback prediction, we measure area under the ROC curve (ROC

AUC).

3.4 Experimental Results

3.4.1 Implementation Details & Experimental Setup

We pretrain and finetune on BERT [25]] downloaded from Huggingface Transformers [1 ISﬂ and use the
uncased base model of BERT in most of our experiments. To feed lengthy conversations to the model, we
employ gradient checkpoint and DeepSpeed [87], a deep learning optimization library, to reduce GPU
memory usage and accelerate the training process.

The details of the model hyperparameters are as follows. 1-layer and 2-head transformers with 300
hidden size are applied to encode sequences of utterance-level embeddings in text view and sequences of
clusters and states in structure view. Thus, the total number of parameters of our best system THETA,
including base model of BERT and 3 one-layer transformers, is about 113M. Models are selected by the
best score on the development set for each dataset.

For in-domain adaptation pretraining (DAPT), we use dynamic whole-word masking (WWM) on 128-
token segments for each dataset and use 5 x 1075 as learning rate and 5000 steps for CRAIGSLISTBARGAIN
and ABCD and 30000 steps for CALL CENTER. 0.1 epochs are used as warm-up steps with linear learning
rate decay. Gradient accumulation and PyTorch [79] distributed data parallel GPU training are applied to
achieve the equivalent training batch size 4096.

For finetuning, we set 1 x 10> as the learning rates, 4 epochs in total and 0.1 epochs for warm-up
steps with linear decay. The equivalent training batch size is 16 during finetuning. Besides, the layer-wise

learning rate decay is utilized to stabilize the training results; the rates are from 0.7,0.8,0.9 and the 0.9

®https://github.com/huggingface/transformers
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leads to the best performance. For the rest of the training hyperparameters, we follow the default values in
HuggingFace’s training script.

For K-means, weuse Faiss [45ﬂ with GPU to speed up clustering process for large private corpus. For
HMMs, we develop our splitting algorithm via Pomegranate [93]E] a Python package that implements
fast and flexible probabilistic models, to build our topology learning algorithm. The predefined numbers of
clusters (numbers of DAs) vary for different datasets. The size of the HMM state space are chosen separately
for each dataset based on development set performance. To compare with handcrafted DAs provided in
CRAIGSLISTBARGAIN, we define number of clusters k = 14 for each party. For customer service domain,
we set k = 60 for ABCD and £ = 120 for CALL CENTER. For all datasets, we try the number of states from
5 to 20 and find the best numbers of states are 8, 12, and 12 for CRAIGSLISTBARGAIN, ABCD, and CALL
CENTER, respectively. Each training run takes at most 2 hours on 2 Nvidia GeForce RTX 2080Ti GPUs
for CRAIGSLISTBARGAIN and ABCD and 54 hours on 8 GPUs on CALL CENTER. All models are saved
based on the best performance on the development sets. For each experiment on CRAIGSLISTBARGAIN and
ABCD, we conduct 15 random runs and report the median and standard deviation. Due to the computation
limitations and the size of corpus, we only conduct a single run for CALL CENTER for each experiment
setting. The total number of GPU hours for all experiments, including different runs with random seeds, is

1536 hours approximately.

3.4.2 Comparison Systems

We use the hierarchical encoder-only transformer (HET) as a baseline for all datasets in comparison to
THETA. For CRAIGSLISTBARGAIN, we also include three additional baselines from two works [131), 146]]

that employ the DAs extracted by heuristic methods; our systems use K-means to obtain primitive DAs.

FST-enhanced hierarchical encoder-decoder model (FeHED)
FeHED [131]] uses an RNN-based sequence-to-sequence model with finite-state transducers for encoding

sequences of strategies and DAs.

"nttps://github.com/facebookresearch/faiss
$https://github.com/jmschrei/pomegranate

53


https://github.com/facebookresearch/faiss
https://github.com/jmschrei/pomegranate

Hierarchical encoder-decoder (HED) + RNN or transformer
HED encodes dialogue utterances with a transformer (initialized from pretrained BERT), and the decoder
generates the next response. An RNN or transformer encodes strategies and DAs. HED + RNN is based on

the dialogue manager of He et al. [39]; Joshi et al. [46] replace the RNN with a transformer.
DIALOGRAPH [46]
The state-of-the-art HED-based model on CRAIGSLISTBARGAIN dataset leverages graph attention networks

(GAT) [106] to encode strategies and DAs.

3.4.3 Prediction Results

Model % Acc.
FeHED 42.3
HED + RNN 47.9
HED + transformer 53.7
DIALOGRAPH 53.1
HET 54.1+24
THETA 66.1+ 10

Table 3.2: Results on the test set of CRAIGSLISTBARGAIN in accuracy. For models studied in this paper
(lower part), the median number is reported with standard deviation calculated based on 15 random runs.

Performance on Negotiation Dialogues

[Table 3.2Jreports the results of different systems on the test set of CRAIGSLISTBARGAIN dataset. All models
are based on the BERT-base model. HET with only text outperforms the state-of-the-art DTALOGRAPH
which leverages a graph-based representation of conversation structure. This verifies our hypothesis that
DAPT with target data indeed improves BERT for dialogue tasks. Compared with HET, THETA achieves
better prediction accuracy and smaller variance, which suggests that integrating the structure view helps
stabilize training with different random seeds. THETA provides a 24.5% relative gain in accuracy over
DIALOGRAPH, setting a new state of the art. This further validates the advantage of our learned conversation

structure for a predictive task.
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ABCD CALL CENTER

Fl1
Model Micro Macro Weighted ROC AUC
HET 52.2 254 45.7 69.6
THETA  62.8 39.1 59.9 71.3

Table 3.3: Results on the test sets of ABCD and CALL CENTER datasets.

Performance on Customer Support Domain
Similar to the results on the negotiation dialogue domain, shows that conversation structure effec-

tively enhances the performance in the customer service domain, ABCD and CALL CENTER.

CRAIGSLISTBARGAIN ABCD CALL CENTER
F1
Model Accuracy Micro Macro Weighted ROC AUC
HET w/o DAPT 48.0 15.4 4.2 9.4 68.4
HET 50.3 52.2 26.9 46.3 71.2
THETA (cluster only) 60.2 59.8 353 55.7 72.2
THETA (state only) 51.7 58.8 32.8 54.1 72.1
THETA 61.3 62.6 38.6 59.5 72.8

Table 3.4: Ablation on the development sets of CRAIGSLISTBARGAIN, ABCD and CALL CENTER datasets.
All models with structure are statistically better than HET. THETA is better (p < 0.01) than the cluster-only
alternative except for the CALL CENTER.

Ablation
reports the results of ablating different components of THETA on the validation sets of all datasets.
The first rows show that DAPT is useful on all tasks particularly for ABCD with its skewed class distribution.
We also observe that THETA consistently achieves the best performance over all tasks. The cluster-based DA
sequence provides more information than the sub-dialogue states, but incorporating all three views together
leads to the best performance. Statistical significance is tested using bootstrap resampling [27, [8]].

Prior work [[131},146] on CRAIGSLISTBARGAIN use domain knowledge in rule-based annotation of DAs.
To assess the use of K-means clusters for learning DAs, we also trained an HMM using the provided DAs.

The resulting model obtained 66.5% accuracy on the test data, which is not significantly different the 66.1%
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results obtained using K-means (cf. Table[3.2)).

3.5 Interpretation and Analysis

In this subsection, we leverage automatic summarization of clusters and states to derive insights into the
learned conversation structure, both for interpretability of the model and for applications such as conversa-
tion analytics and summarization. To achieve better interpretation, we use unsupervised summarization for
generating human-readable summaries for different clusters and states to augment the learned corpus-level
topology graph for analyzing dialogue patterns. As an example, we analyze fine-grained components from
the learned topology, i.e., most frequent paths and individual state n-grams, to investigate their associations

with different dialogue characteristics.

3.5.1 Topology Graph with Summary

Our hierarchical conversation structure produces a human-readable HMM topology graph for each dialogue
corpus. Such human-readable topology graph helps reader comprehend the overall content of large amount
of unlabeled conversation transcripts. It also provides a tool for interpreting the effects of common dialog
patterns. For example, we can discover the conversational state leads to successful negotiations in trades
or effective strategies experienced agents employ in customer support. We apply graph-based unsupervised
summarization [10} 94| over utterances in each state (decoupling participant roles) and in each cluster. On

CRAIGSLISTBARGAIN and ABCD, this leads to more than 3x reduction in conversation length.

buyer: hi i am interested
seller: hi how are you interested ?

S1

buyer: how about its condition ?

S2 seller: it s in great condition .

buyer: i can do <price>. i can pick it up

3 . . :
S seller: that s too low. i can go with <price>

buyer: i can do <price>. <offer>

83 seller: the lowest i can do is <price>

buyer: that s a deal. i can do that

S6 seller: great. that s a deal

buyer: <accept>
seller: <accept>

S8

Figure 3.3: The 8-state topology graph on CRAIGSLISTBARGAIN dataset. The thicker edges indicate higher
levels of negotiation success; in contrast, the thinner edges represent lower levels. The detailed topology

graph with all cluster and state summaries is in
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State Topology Graph and Path Analysis in Negotiation Dialogues (CRAIGSLISTBARGAIN)

is the simplified graph of For easier reading, we start from explaining the simpli-
fied graph and only show the state summary. We shows the detailed graph with cluster and state summaries
in

The simplified graph shows the 8-state topology graph of CRAIGSLISTBARGAIN with se-
lected state summaries. Based on the summaries, it is easy to see that S1 and S8 capture opening and
closing DAs, respectively, while S5 and S6 correspond to different negotiation strategies. We also find that
conversations with shorter paths are likely to involve a less experienced seller or lower buyer interest, e.g.,
92% conversations with path S1-S2-S8 lead to under listing sells. On the other hand, sellers that say offers

are too low are more likely get better prices, e.g., 91% conversations with path S1-52-S3-S5-57-S8.

shows the detailed graph with both cluster and sub-dialogue state summaries. For each sub-
dialogue state, we add the cluster summaries with top 3 emission probabilites and the sub-dialogue state

summaries for the buyer and the seller. The thickness of edges indicates the levels of negotiation success

and the edges with probabilities lower than 0.01 are pruned for simplicity.

Party Utterance Cluster Summary State Summary
. <! . 9 p 9

Agent  Welcome to Acr.neBrdnds‘ How can I h.elp you? How can I help you? A: How can I help you today?

Customer Hello, I would like to change my shipping details - K
I want to check my shipping C: I want to check my order.
as they have changed recently due to a move

Agent I would be happy to help you with that I can help you with that

Agent Is there an outstanding order? How long have you been waiting?

Agent  Or is this just an update to your account? I have pulled up your account.
Customer  Yes my order id is 4870952797 My order/account ID is

Agent  What is your name please? What is your name?
Customer Crystal Minh <name> A: Can I have your account/order?

Agent  What is the shipping status of the order? What is the shipping status? C: My account/order is
Customer In Transit In store/ In transit

Agent Next I need to validate your purchase.

. . I need your name
I will need your username and email.

Customer c¢minh948, cminh948 @email.com <email>

Agent Thank you Thank you

? ?

Agent and the new address please? Can you tell me ? A: Can T have the address?
Customer 9756 Primrose Street Newark, MI 85971 <address> C: My address is

Agent  All taken care of! Your order has been updated

P 1 av? 1 e?

Agent Is there anythmg else today? Anyt’hmg else? A: Anything else T can help?

Customer Thank you that is all That’s all. Thank you. . ,
C: That’s all. Thank you.
Agent Have a great one! Have a good one!

Table 3.5: An example of ABCD with cluster and state summaries. A and C stand for agent and customer,

respectively.
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0.32 0.67
S00 TO1
state summary state summary | 030 4

buyer: hi i am interested
seller: hi how are you interested ?

top 3 cluster summary of the state
(0.29) buyer: hi i m interested
(0.22) seller: hi how are you interested ?
(0.09) seller: hi

0.67

buyer: how about its condition ?
seller: it s in great condition .

top 3 cluster summary of the state
(0.31) seller: it s in great condition
(0.18) buyer: how about its condition
(0.12) buyer: i m interested. it looks great

0.61

T0Z
state summary
buyer: i can do <price>. i can pick it up
seller: that s too low. i can go with <price>

top 3 cluster summary of the state
(0.18) buyer: i can pick up today
(0.17) seller: i m asking <price>
(0.15) buyer: i m willing to pay <price>

0.13

T00

state summary
buyer: that sounds good deal
seller: great. you have a deal

top 3 cluster summary of the state
(0.27) buyer: ok that s a deal

(0.24) seller: that sounds like a deal
(0.08) buyer: ok great thank you !

0.39

0.03

Vo1
state summary
buyer: i can do <price>. <offer>
seller: the lowest i can do is <price>

top 3 cluster summary of the state
(0.11) seller: the lowest i can go is <price>
(0.10) buyer: ok that s a deal
(0.10) buyer: can you lower the price ?

0.07

0.01
0.99
0.87
0.21 0.01
0.61 501 502

e

0.52

V00
state summary
buyer: that s a deal. i can do that
seller: great. that s a deal

top 3 cluster summary of the state
(0.19) seller: are you willing to pay
(0.14) buyer: can you lower the price ?
(0.10) buyer: ok that s a deal

0.01

state summary
buyer: <offer>
seller: <offer>

top 3 cluster summary of the state
(0.40) buyer: <offer>
(0.32) seller: <offer>
(0.05) seller: hello yes they are available

state summary
buyer: <accept>
seller: <accept>

top 3 cluster summary of the state
(0.49) seller: <accept>

(0.38) buyer: <accept>

(0.04) seller: <quit>

Figure 3.4: The 8-state full topology with cluster and sub-dialogue state summaries on CRAIGSLISTBARGAIN dataset.
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Clustering and State Summaries in Customer Support Dialogue (ABCD)

The example in shows the summaries of a conversation from cluster and state views in customer
support domain. The state summaries provide a sketch of the conversation and cluster summaries render
the template-like summaries. Based on the cluster summaries, we see that K-means learns typical DAs as-
sociated with customer service, e.g., information requests from the agent and the corresponding customer
replies (<name>, <email>, <address>). States correspond to sub-dialogues where the agent fol-
lows certain protocols in resolving a subtask (e.g., verifying account information). Alignment of flow labels
with the most frequent paths through the HMM topology graph shows that paths are highly indicative of the
corresponding dialogue flow. The high confusions are among certain flows, such as storewide_query

and single_item_query, which one would expect to have have similar DAs.

Most impactful features for class 4 (Good seller)

(seller: That’s too low. I can go with <price>)
— (buyer: That’s a deal)

(seller: That’s too low. I can go with <price>)

(buyer: <offer>) — (seller: <accept>)

(seller: That’s a deal)

(seller: That’s too low. I can go with <price>)
— (buyer: I can do <price>)

Most impactful features for class 0 (Rookie seller)

(buyer: how much do you want?)

(buyer: are you willing to take <price> ?)

(buyer: That’s a deal) — (seller: That’s a deal)

(seller: It’s in great condition)

(seller: It’s in great condition. I am asking for <price>)

Table 3.6: Top 5 most impactful uni-state or bi-state features in XGBoost evaluated by SHAP values. Each
feature is represented by its state summary.

Impact of Specific States in CRAIGSLISTBARGAIN
To identify sub-dialogue states linked to successful dialogues, we trained an XGBoost classifier on the

CRAIGSLISTBARGAIN task using unigram and bigram features. SHAP values highlighted the most impor-
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tant features. For predicting successful sellers (class 4), three of the top five features involved the seller
stating the offer is too low. For predicting successful buyers (class 0), the top feature was the buyer asking,
“how much do you want?” and two features involved the seller saying, “It’s in great condition.” When
buyers ask for the seller’s price, they control the negotiation, potentially putting sellers on the defensive and
revealing their price first. Overemphasizing the item’s condition might make buyers skeptical, causing them

to test the seller’s price flexibility, assuming the seller is compensating for other shortcomings.

Path Analysis in CALL CENTER Dataset

shows the relative frequency of customer call backs for different paths through the graph. A

15-state HMM Topology (150 clusters)
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Figure 3.5: Top 30 most frequent paths and their callback ratios extracted from the 15-state HMM graph of
the CALL CENTER dataset. A higher ratio indicates a more problematic path where agents fail to resolve
the user’s issue, leading to an increased likelihood of a callback. Conversely, a lower ratio suggests a path
with a reduced chance of a callback.
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lower callback frequency corresponds to more successful interactions. We randomly select two paths to
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analyze: S01,S02, T03, SO3 (high callback ratio) and SO01, S02, V05,T02,T01, SO3 (low callback
ratio). The shared states SO1, S02, S03 between the two paths represent greeting, verification, and
closing, respectively. These states are common across most calls and provide minimal information for dis-
tinguishing between different calls. In contrast, states T03, V05, T02, TO01 highlight the differences
between paths. For example, in paths with a high callback ratio, T03 is identified as problematic, involving
account access issues that require full identification before assistance can be provided; hence, automating
user identification before transferring to an agent could enhance efficiency. Conversely, for paths with a low
callback ratio, the graph reveals successful strategies employed by agents. The strategy can be extracted
and documented for the other agents to follow in the future. For instance, V05 pertains to payment issues,
where agents provide solutions and update payment information in T02. In TO1, the agent summarizes the

resolved issues, and the user expresses appreciation.

3.6 Discussion & Limitations

Methodological Limitations and Future Directions

We use K-means and HMMs for deriving the conversation structure, both of which require dataset-specific
hyperparameters that are unlikely to transfer well to new datasets. Additionally, we only study a late fusion
strategy for combining discrete structure and text-based representations. A more tightly integrated approach
might be more effective. For example, our K-means DA is based on a single utterance; however, sequence

models have been important for past work on unsupervised learning of DAs.

Direct Evaluation on Graph Quality
In this chapter, we indirectly evaluate the graph quality by utilizing cluster and state sequences as additional
features to enhance model performance on predictive tasks. A more direct evaluation of the graph might

provide a better reflection of the graph summary quality.
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3.7 Summary

In this chapter, we introduced a novel concept of corpus-level, graph-based summarization, using a graph
to represent various types of dialogues within an entire corpus. The graph is constructed by combining
two unsupervised learning approaches: K-means clustering and HMM topology design, based on embed-
ded utterance representations. We explicitly choose to use discrete representations of latent structure, with
the goal of using automatic summarization to make the structure interpretable. The K-means clusters are
intended to approximate DAs and the HMM is intended to learn sub-dialogue structure. In addition, this
hierarchical representation of conversation structure enhances the performance of a hierarchical transformer
in three conversation-level classification tasks. Unlike prior work in this area, the sub-dialogues build on
DA sequences rather than unigram/bigram statistics, and the HMM incorporates forward-moving dialogue

flow constraints in topology learning, with the goal of capturing sub-dialogue function.

62



Chapter 4

Structure-aware Efficient Encoder-Decoder

Transformer Decoding

4.1 Introduction

The transformer architecture [[105] is the backbone of many successful NLP models, but they have high
latency and computational costs. To reduce costs, researchers have investigated multiple approaches, in-
cluding: i) model compression (e.g., distillation [41}, [32] [104], quantization [122} 23] [115 24, [126], and
mixture of experts [51]]); ii) decoding strategy (e.g., speculative decoding [56, [14] and parallel decoding
[91} [73]]); iii) algorithm-level attention optimizations (e.g., sparse attention [90, [64], fewer number of key-
value heads [97, 2] and Hydragen [48]]); iv) kernel-level attention optimizations (e.g., FlashAttention [21]
and FlashInfer [119]); and v) memory management (e.g. paged attention[52] and radix attention [[128]]). Our
proposed method falls into the category of algorithm-level attention optimizations via key-value prefix shar-
ing. We aim to upcycle existing encoder-decoder models with the goal of reducing redundant computations
and increasing hardware utilization via key-value prefix sharing.

Recent research [109] indicates that scaling up decoder-only transformer models facilitates effective
in-context learning, which is particularly beneficial when labeled data is scarce, making the models more
generalized to unseen domains. However, these larger decoder-only models, despite their generalizability to

unseen domains, incur higher computational costs and may offer inferior performance compared to smaller,
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specialized encoder-decoder transformer models [55]. Motivated by this, we propose a new configuration
for encoder-decoder models to further improve training and inference efficiency in decomposable tasks
that involve multiple prompts over the same document (or dialogue). These tasks include scenarios where
multiple users are querying the same document with different requests (e.g., question answering, [120\ 48]]),
as well as scenarios where it is useful to decompose a complex task into simpler subtasks (e.g., abstractive

summarization of long/multiple documents/dialogues [31} 70,124} [121]] and dialogue information extraction

[68]).

In the multi-user question-answering scenario, decoupling questions and the corresponding document
allows reusing the shared document embeddings for questions from different users. The shared embeddings
can significantly reduce duplicate computation of the shared prefixes and increase operational intensity
during training and inference. For summarization and information extraction, decomposing a long target
output into multiple shorter sequences mitigates attention degeneration issues [29, [130]], leading to a boost
in accuracy and efficiency. However, existing methods put the prompts in the encoder, resulting in a high
computation cost because contextualizing each shared document and its prompts results in the duplicate
encoding of the same shared prefixes. Instead, we propose prompt-in-decoder (PID): an encode-once,
decode-in-parallel strategy that avoids duplicate encoding costs by sharing inputs and increases decoding

efficiency by reducing memory access.

In this chapter, we demonstrate the effectiveness of our structure-aware decoding strategy through ex-
periments on two conversation-level dialogue summarization tasks: dialogue state tracking and abstractive
medical dialogue summarization. Furthermore, we show that our proposed method generalizes well to
extractive medical question answering on medical notes. Our models achieve comparable or higher per-
formance (98-101%) than the current state of the art. At the same time, we observe a 2-10x computation

reduction, depending on the number of subtasks, and up to 4.6x speed-up for shorter subtask outputs.

This work has been published on arXiv and has been submitted to a peer-reviewed conference. As of

the writing of this thesis, it is currently under review.
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4.2 Encoder-Decoder Framework

As described in[subsection 2.1.2] the encoder-decoder is a general framework that has been used to address

a wide variety of problems in NLP. Given an input word sequence, a desired result is obtained by first
encoding the input and then iteratively generating an output word sequence. Mathematically, in general-

purpose models, the input X is optionally combined with a prompﬂ Z that specifies the task:
Y = decoder(encoder(X, Z)).

The input X is any form of text, e.g., a sentence, article, or transcript of a conversation, and Z can be an
instruction or a question. The output ) could be information extracted from an article, a summary of a

conversation, or a response to a question.

State-of-the-art encoder-decoder systems are built on transformers. This section overviews the general

framework to introduce notation and set up the multi-subtask inference problem that we address.

4.2.1 Multi-Prompt Decoding

In this paper, we tackle tasks that can be framed in terms of multiple prompts over the same input X
Specifically, the output is a list of subtasks (or answers) ), where each subtask/answer is Y,,, e.g., JV =
(Y1,...,Y,,...,Yy),and U is the total number of subtasks/answers. Each subtask Y, is associated with a
specific prompt Z,,, so Z = (Z1,...,Zy, ..., Zy). The scenario involves running inference multiple times
to generate Yy:

Y., = decoder(encoder(X, Z,,)),

then combining all outputs Y, to form the final J. We refer to this as the prompt-in-encoder (PI1E) ap-
proach. [Figure 4.Ta)illustrates how PIE tackles a single instance (X', ) and Z). PIE involves U encodings

of X, one for each prompt Z,,.

'We use prompt to avoid confusion between the “query” and the “query vector” in[subsection 4.3.2| and Isubsection 4.3.3}
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(a) Prompt-in-encoder (P1E).

X = Encoder = M  Z,, —| Decoder > Y,

(b) (Ours) Prompt-in-decoder (P1D).

Figure 4.1: Given a task where a single input document X is used to generate multiple outputs Y,, associated
with different prompts Z,,, PIE creates unique encodings IV, for every prompt Z,,. In contrast, PID uses a
single shared M for each prompt. thus requiring less memory access and resulting in higher computational
efficiency.

4.2.2 Encode Once and Decode in Parallel

To avoid the redundant encoding of X" in PIE and improve inference efficiency when decoding Y,,, we pro-
pose placing prompt Z,, in the decoder, allowing us to encode X once and decode Y,, in parallel. We refer
to this method as prompt-in-decoder (P1D). By moving Z, from the encoder (in PIE) to the decoder, the
encoder only encodes X once, generating a single sequence of embeddings that is reused throughout the
decoding process for each prompt Z,,. As shown in X is only encoded once, and the embed-
dings M are reused for U prompts during decoding to generate all subtask outputs (Y7,...,Y,,...,Yy).

Formally, the equation can be represented as

Y, = decoder(encoder(X), Z,,).
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4.3 Performance Analysis

In this section, we show how the PID model improves inference efficiency over the PIE model by quantify-

ing memory access and the number of arithmetic operations.

4.3.1 Operational Intensity

Memory bandwidth peak performance per second (byte/s) and the number of floating-point operations per

second (FLOP/s) are used to compute the operational intensity:

FLOP/s _ # operations

Operational Intensity = bytels  memory access’

which provides a measure for the hardware efficiency of operations [[112].

To carry out calculations, accelerators must access and move data between global memory and registers,
which can be a bottleneck because modern hardware accelerators such as GPUs/TPUs often have signifi-
cantly greater capacity for computations compared to memory bandwidth. For example, an NVIDIA A100
GPU [16] has an operation capacity of 312 Tera FLOP/s versus a memory bandwidth of 2 Giga byte/s. The

attainable FLOP/s of a device is determined by the formula:

Attainable FLOP/s = min(Peak FLOP/s, Operational Intensity - Peak Memory Bandwidth),

# operations per byte bytes per second

where the peak memory bandwidth is fixed and the peak FLOP/s is the maximum arithmetic operations the
accelerator is capable of performing. If the operational intensity is too low, the accelerator idles, waiting
for data to move to registers instead of running computations. This often occurs in models where memory
access is more intensive than arithmetic operations, i.e., incremental decoding in transformers [97]. By

decreasing memory access, the operational intensity is increased, i.e., efficiency improves.

4.3.2 Multi-head Attention in Transformer

Transformers [105] have two types of multi-head attention: self-attention and cross-attention. Usually, the

attention key and value tensors have the dimension d/h, where d is the dimension of input and output vectors
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and h is the number of attention heads. For simplicity, we consider the operations of all heads together such
that the dimension of Q, K, V (query/key/value) in the following section is denoted as d.

During attention, the query/key/value vectors can be obtained by projecting the corresponding input
vectors N € R™*? or M € R™*¢, where n and m can be either n, (input source length) or n; (output
target length). More formally, the equations are Q = N - W? € R™*4 K = M - WK ¢ R™*? and
V =M - WV € R™*? where the projection matrices are W& WX WV ¢ Rix4,

In the self-attention, N is equivalent to M; hence, m = n = n; in the encoder or m = n = ny in the
decoder. On the other hand, in the case of the cross-attention, the variable N € R™ >4 originates from the
decoder, while M € R"™s*¢ is sourced from the output of the encoder.

The simplified equation of the attention mechanism is represented as follows,

KT
O = softmax (Q

Vah

> V-wO, 4.1
where O € R™*4 is the final atention output.

4.3.3 Performance Analysis for PIE and P1D

shows the dot product operation in the cross-attention for the two models. In the PIE model,
the input is contextualized with each prompt, so the encoder’s output tensor differs for each prompt. Thus,
at each decoding step 7, K is read U times to generate U different sets of attention weights o to decode
Y.. In contrast, in the PID model, K is shared across all prompts since the input is encoded independently
of the prompts. Thus, at each decoding step 7, the dot product operation in the cross-attention shares and
broadcasts K and computes the dot product of K and Q, resulting in lower memory access but the same

number of arithmetic operations compared to PIE.

Encoder’s Self-attention Decoder’s Self-attention Decoder’s Cross-attention

Model Memory Operations Memory Operations Memory Operations

PIE-T5 Ubnsd + d? Ubnd? Ubntgd + nyd? Ubnd? Ubngngd + Ubngd + nyd? Ubnd?

PID-T5 bnsd +d? bngd? Ubnth + nyd? Ubnd? bnsnyd +Ubnid + nyd? Ubnd?

Table 4.1: Inference computation comparison between PIE and P1D, where U, b, ns, n, d are the number
of prompts, batch size, input source length, output target length, and hidden size, respectively.
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(a) Cross-attention of PIE.
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(b) Cross-attention of P1D.

Figure 4.2: An illustration of cross-attention dot product operations (QK " in [Equation 4.1 for PIE and
P1D for a single inference step. U, d, ns are the number of prompts, hidden layer dimension, and input
length, respectively. © is the dot product operation, and the resulting scalars of QK ' are o, where 7 =
{1,...,ns}, at the decoding step 7 with respect to the prompt Z,,.

We approximate the memory access and operations based on the dominant terms in the self- and cross-
attention and ignore the constant terms. For a single input, the memory access of M and N is nsd and n.d.
The memory access of the matrices we, wWE WV, WO is d2. The number of operations in both attention
mechanisms is dominated by the matrix projections which are used to obtain Q, K, V, and O; thus, the

number of operations is approximated as nyd? or n;d>.

The comparisons of memory access and operation counts on different inference components for our PIE
and P1D implementations are presented in explained in further detail below. In the analysis, we
assume that a batch of b inputs with the same set of U subtasks are processed together. The encoder input
length and the decoder output length differ depending on whether the prompt is in the decoder. To present
a higher-level overview of the analysis, we begin by simplifying the analysis in this section, assuming that

the prompt terms are negligible. Following this, in we provide a detailed justification.

69



Encoder’s self-attention. In PIE, to run inference on a single instance, the model encodes U prompts
(Z,,) with input (X). Considering a batch with b instances, PIE takes Ubngd + d? for memory access and
Ubnd? for the number of operations. In contrast, PID only encodes the input once, so the memory access
and the number of operations remain bngd + d? and bngd?. Thus, the encoders of both models have similar

operational intensity, but PIE requires more memory access and more arithmetic computations.

Decoder’s self-attention. In both PIE and PI1D, the decoder computes the self-attention for U prompts.
For each decoding step, the memory access and the number of operations are Ubn;d and Ubd?. Thus, for n;
steps, the resulting memory access and the number of operations are Ubn?d and Ubn;d?. In this case, PIE

and PID have roughly the same operational intensity.

Decoder’s cross-attention. Cross-attention dominates the inference cost. For each decoding step, we load

the encoded input embeddings M € R™*¢

, where m = ng, from the encoder for each (X', Z,,) input for
PIE and X for PID. For PIE, the resulting b (M, ..., My ) is fed into the decoder’s cross-attention for b
instances with U prompts. On the other hand, PID shares all M for all U prompts of each instance, resulting
in feeding b M to the decoder. Therefore, for each step, the memory access for loading encoded M is Ubnd

and bnsd for PIE and PID, respectively. The memory access of loading Q and O is Ubd. Loading projection

matrices takes d2. We multiply all memory access cost by a factor of n; steps.

4.4 Detailed Performance Analysis

In the previous section, we provided a high-level overview of the performance analysis, disregarding the
prompt length. In this section, we delve into a detailed performance analysis, taking the effect of prompt
length into account and comparing the operational intensity ratios of PIE and P1D.

To simplify operational intensity equations, we follow the previous work [97, 22| 2], using the inverse
operational intensity to compare the inverse ratios of all modules in encoder-decoder models.

Lower inverse ratio (higher operational intensity) brings more efficient matrix computation in mod-
ern accelerators such GPUs/TPUs, hence better performance. We discuss memory access and number of

floating-point operations of encoder’s self-attention, decoder’s self-attention and decoder’s cross-attention
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for PIE and PID, respectively. We denote ng, n; and n, as input source length, output target length and
prompt length. U is number of prompts/subtasks. d is the joint dimension of all heads of key/query/value
vectors. We approximate the memory access and the number of operations based on the dominant terms in
the self- and cross-attention and ignore the constant terms. For a single input, the memory access of the key
or value tensors M or N are ngd and n.d. The memory access of the projection matrices of key/query/-
value/output tensors WE, we, wV, WO is d2. As described in Shazeer [07], the number of operations
in both attention mechanisms is dominated by the matrix projections which are used to obtain projected
query/key/value/output tensors (Q/K/V/Q); thus, the number of operations is approximated as ngyd> or

ntdQ.

We denote inverse operational intensity as Rg%%‘ge in the following paragraphs. The module can be
one of the following types: encoder’s self-attention (Enc-self), decoder’s self-attention (Dec-self), decoder’s
self-attention within prompts (Dec-self, prompt), or decoder’s self-attention within generated tokens (Dec-

self, gen-tkn). Additionally, the configuration (config) can be either PIE or PID.

4.4.1 Encoder’s self-attention

The inverse operational intensity of PTIE’s encoder can be written as follows,

RESM = Ub(ng + ny)d + d? / Ub(ns + nyp)d?
memory access # operations
1 1
at Ub(ns +nyp)’

where PIE’s encoder individually encodes U prompts (Z1, ..., Zy) with input X. REI ig a low ratio
given the fact that ns is usually an hundred or a thousand tokens and d is usually near a thousand. Different
from PI1E’s encoder, PID’s encoder only encodes input X and leaves prompts in the decoder. Thus, the

memory access is lower than PIE by a factor of U and only the input length n; is considered. More formally
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the inverse operational intensity of PID’s encoder is denoted as

RII;:?]S-self = bnsd + d2 / bn3d2
— ~—~—

memory access # operations

1 1

4 .

Again, n, and d is around a thousand, resulting in RE?B‘““ is also a low ratio. Compared to PIE, PID

requires fewer number of operations, saving more memory usage and enabling faster computation.

4.4.2 Decoder’s self-attention

In PIE, prompts are encoded in the encoder, the decoder only accounts for generating target tokens. The

inverse operational intensity of PIE encoder’s self-attention is denoted as

7zgle]f::—self,gen—tkn _ Ubn%d + ntd2 UbntdQ
—_—— SN——

memory access # operations
n¢ 1
= — +—
d Uy’
~—~—

dominant term

where 7/ is the dominant term that causes the issue of slower incremental decoding.

In PID, the decoder encodes all tokens of a prompt simultaneously and incrementally generates output
tokens. Thus, we decouple the analysis of encoding the tokens in the prompt and generating new output

tokens. The ratio of encoding a prompt can be written as

ngf]g-self,prompt = Ubnyd + d? / U bnpd2

N—— N——
memory access # operations
1 n 1

d " Ubn,

Obviously, the Rpcs P ™" is a Jow ratio (high operational intensity); thus the encoding prompts in the
decoder part is efficient. In addition to encoding prompts, PID’s decoder also needs to generate output

. . . Dec-self,gen-tkn, Dec-self,gen-tk
tokens. The ratio of generating tokens of in PID (Rp5 " " ) is the same as Rpg " o,
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4.4.3 Decoder’s cross-attention

In encoder-decoder transformer architecture, the decoder’s cross-attention is the key issue that cause the
computation inefficiency since the inference is incremental and cross-attention needs to read the huge chunk
of key and value cached tensors from the encoder. The inverse operational intensity of PIE decoder’s cross-

attention can be denoted as follows,

memory access

Ub(ns + np)ned + Ubnyd + nyd®
Ubn,d?
N—_——
# operations
_nstmptl 1
N d Ub’

dominant term

Dec-cross __
7:‘J'PIE -

where a prompt is encoded in the encoder; hence the length of cached tensors is the sum of input source
length and the prompt length (ns + n,). The dominant term results in a serious bottleneck especially when
long input ng is fed into the model. Similar to the analysis of PID decoder’s self-attention, we consider
encoding tokens in a prompt and generating new output tokens separately in PID’s decoder’s cross-attention.

The ratio for encoding tokens in the prompt is as follows,

memory access

RDec—cross,prompt _ bnsd + Ulmpd + d?
PID - 2
Ubnyd
~——

# operations

L (LR .
d \Un, Ubn,
—_—

dominant term
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In the dominant term, the input source length n is divided by the factor of Un,,. On the other hand, the

ratio of generating output target tokens is denoted as,

memory access

RDec-cross,gen-tkn _ bnsntd + Ubntd + ntd2

P1D Ubntd2
——
# operations
- d \U Ub
—_—

dominant term

Similarly, in the dominant term, the input source length ng is divided by the factor of U. Overall, in PID
decoder’s cross-attention, the dominant term of the incremental decoding is reduced by a factor of U or
Un,, since PID shares the same input key-value cache, only move the cached tensor once and broadcast the

matrix operations while performing the cross-attention for generating individual tokens of all subtasks.

4.5 Datasets & Metrics

4.5.1 Datasets & Task Performance Metrics

MultiWoZ 2.4 ACI-Bench RadQA
Data Task oriented Medical Medical
Input type Dialogue Dialogue Document
Task Dialog state tracking Summarization Question Answering
# examples 9887 207 6148
Input length 2891108 17254511 1374157
Output length 564126 6931700 28449
Prompt type Fixed Fixed Free-form
# prompts 30 slots or 5 domains 4 sections -

Table 4.2: Statistics are calculated on the each full data set. Input and output lengths are calculated based
on Huggingface TS5 tokenizer.

In terms of data preprocessing, we follow the previous works [116 [121}, 55]] to process MultiWoZ 2.4,
ACI-Bench and RadQA, respectively. The dataset statistics are shown in[Table 4.2] We describe each dataset

and its task performance as follows.

74



Dialogue State Tracking (DST).

Multi-domain Wizard-of-Oz dataset (MultiWoZ; [13)) is a task-oriented dialogue dataset. We selected the
most recent version of MultiWoZ 2.4 [117]] due to its refined validation and test set annotations. MultiWoZ
2.4, designed for task-oriented dialogue, involves dialog state tracking with 9,887 examples. The input and
output lengths average 289 + 108 and 56 + 26 tokens, respectively, with prompts being fixed across 30 slots
or 5 domains. For comparison to other work, joint goal accuracy (JGA) is adopted as the evaluation metric.
The input X is the dialogue history, ) is the dialogue state, the subtask prompts Z, are the domain-slot

name, and the associated outputs Y,, are slot values.

Summarization.

We use ACI-Bench [121]], a dataset containing clinical notes associated with conversations between doctors
and patients. The clinical notes have structured output with distinct sections. ACI-Bench, focused on
medical dialogue summarization tasks, contains 207 examples with significantly longer inputs and outputs,
averaging 1,725 + 511 and 693 + 200 tokens, respectively, and uses fixed prompts categorized into four
sections. We use ROUGE-L score [61], denoted as R-L, to evaluate models. The input X is the doctor-
patient dialogue, ) is the full clinical note, the subtask prompts Z,, are section indicators, and the associated

outputs Y, are section notes.

Question Answering.

RadQA [98] is an extractive question-answering dataset on radiology reports with 3k questions posed by
experts. A single report can have multiple questions. RadQA includes 6,148 examples, with input and
output lengths averaging 137 + 157 and 28 + 49 tokens, respectively, employing a free-form prompt type
We use exact match (EM) as our evaluation metric. The input X is the radiology report, the subtask prompts

Z,, are specific questions, and the associated outputs Y,, are extracted responses.

4.5.2 Efficiency Metrics

Floating point operations (FLOPs)

refer to the number of arithmetic operations required for model inference, i.e., the computational complex-
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ityE] Note that FLOP reduction may not correlate with wall-clock speed, as it tends to ignore overheads from

memory access (10) [21].

Latency.
To account for extra IO costs, e.g., GPU memory bandwidth, we also report latency, which measures the
wall clock time for a single instance inference. Specifically, we report the average time for a single instance

inference, where instances are processed sequentially.

Latency w/ Batching.
For real applications, multiple instances are computed in a batch fashion to fully utilize the computing
device, especially for cloud serving. We thus report the average time for a single instance, where a batch of
instances is computed simultaneously.

To assess the FLOPs and latency, we randomly chose 512 samples from MultiWoZ 2.4 test set (due to
the large test set) and used the full test sets for ACI-Bench and RadQA. We report the average latency and

the average latency w/ batching at the optimal batch size.

4.6 Experimental Results

MultiWoZ 2.4 ACI-Bench RadQA
PID-TSpye  PID-TSjyge  PID-TSpase  PID-TSpgpe  PID-TSpee  PID-TSjgre

Batch size 4 1 1 2 4 2
Grdient accumulation 64 32 16 16 16 32
Effective batch size 64 64 32 32 64 64
# epochs 6 4 100 100 50 15

Max input length 1024 1024 3072 3072 1024 1024

Max output length 24 24 1024 1024 92 92
Max prompt length 8 8 6 6 36 36
# outputs 30 30 4 4 2-6 2-6

# beams 1 1 4 4 1 1

Table 4.3: The P1D-T5 hyperparameters used in the training and testing.

2We use cal flops [118] to compute FLOPs.
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4.6.1 Training Details

'Table 4.3| presents the hyperparameters selected for the training and testing phases. We executed a search
for the optimal learning rate across the following set of values: {5 x 107%,3x 1074, 1 x 1074, 7x 1072, 5 x
1075,3 x 1075} to identify the most effective learning rate for each dataset. All reported values represent
the medians of three different random runs. The rest of the hyperparameters are the same as the default
values in HuggingFace transformer package. Training time varies because of dataset size, model size, model
configuration and training procedure. Our experiments, which utilize TSp,s as the primary framework, are
carried out using a single NVIDIA A40. Training TSp,se and PID-T5,, on the MultiWoZ 2.4 dataset
typically requires approximately 5 GPU hours, whereas it takes around 46 GPU hours for PTE-T5y,s.. In the
case of ACI-Bench, where the dataset is relatively small, T5pa5e, PIE-T5pa5e, and PID-T5p,¢ require roughly
4 GPU hours each. On the other hand, for RadQA, PIE-T5y,. takes 2 hours, while PID-T5y, requires 3
GPU hours. When switching to T5j,rge, the required GPU training time increases by a factor of 2 to 3 times
compared to the T5y,5. models.

We use t5-baseE] and t5—1argeE] checkpoints downloaded from HuggingFace as initialization for Mul-
tiWoZ 2.4 and ACI-Bench. For RadQA, we follow the previous work [S5] to use pretrained clinical T5

modelsFl

4.6.2 Compared Systems

TS

TS5 [[84]] is adopted as the encoder-decoder model in all experiments. We use T5-base and T5-large models
from HuggingFace for MultiWoZ 2.4 and ACI-Bench. For RadQA, we follow the previous work [55] and
use a pretrained clinical T5. We denote base and large models in following tables as TSpase and TSjarge. We
use T5 as the backbone to compare two different subtasking strategies: prompt-in-encoder (PIE) and our
proposed prompt-in-decoder (PID); thus the model size keeps the same as the standard TS5. The sizes of

TSpase and T5yarge are 220M and 770M, respectively.

*https://huggingface.co/google-t5/t5-base
*nttps://huggingface.co/google-t5/t5-1large
*https://physionet.org/content/clinical-t5/1.0.0/
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LLaMA2
LLaMAZ2 [102] is a popular open decoder-only language model. Due to computation limitations, we adopt
low-rank adaptation (LoRA) [42] to efficiently finetune LLaMA2 7B, resulting in approximately 80M train-

able parameters with a rank of 64.

Current State-of-the-art Models
We report the current best published results for in-context learning and full finetuning for every dataset. The

source papers for the results of each dataset are documented in the caption of

4.6.3 Training Procedure

The standard finetuned TS5 and LLaMA?2 data is represented as (X', ))), i.e. no prompts are used. For PIE-
TS5, the data is (X, Y, Z,), since X is separately contextualized with each subtask prompt Z,, and a subtask
output Y,,, effectively increasing the dataset size by a factor of U and substantially extending the time
required for training. In contrast, PID-T5 has the flexibility to be trained using either data representation,
as it uses shared inputs. We choose (X, ), Z) for PID-T5 because it is more efficient to put all output )/
from the same shared input /X’ in the same batch to save encoding processing time during gradient update.
The model selection criterion is the highest score on the validation set. Hyperparameters can be found in

[subsection 4.6.11

MultiWoZ 2.4  ACI-Bench RadQA

Model JGA 1 R-L 1 EM 1

TS base 71.5 479 -
PIE-T5pasc 76.3 53.8 53.7
PID-T5pace 75.5 54.0 524

TSlarge 72.5 525 -
PIE-T5arge 715 547 55.4
PID-T5}yrge 76.5 552 54.6
LLaMA2 [ ora 66.1 53.8 54.4

Table 4.4: Task performance comparison between the baseline models and PID-T5 over three public eval-
uation tasks.
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4.6.4 Results

Task Performance

Table 4.4 presents the task performance results for three different full finetuning scenarios (T5, PIE-T5, and
PID-TS), as well as a LoRA finetuned LLaMA?2 language model. The results of MultiWoZ 2.4 and ACI-
Bench indicate that subtasking and multi-prompt decoding help, since both PIE-T5 and PID-T5 outperform
the standard T5 and LLaMA2 models. Although larger model size often comes with better performance in
moving from TSpase t0 TSjarge, there are mixed results for LLaMA2 on these domains. One possible reason
could be that the number of trainable parameters is fewer than that of full finetuning. More importantly,
similar or greater gains in performance are obtained with smaller, more efficient models that leverage task

structure.

MultiWoZ 2.4 ACI-Bench RadQA
Model JGA+ FLOPs| Spt Sp"h4 R-L1 FLOPs| Spf Spt™h4+ EM+T FLOPs| Spt SpPch+

PIE-T5pase 76.3 1.0x 1.0x 1.0x 53.8 1.0x 1.0x 1.0x 53.7 1.0x 1.0x 1.0x
PID-T5pase 75.5 0.1x 1.9x 4.6x 54.0 0.4x 1.1x 1.1x 52.4 0.6x 1.3x 1.3x

PIE-T5),ge 71.5 1.0x 1.0x 1.0x 54.7 1.0x 1.0x 1.0x 55.4 1.0x 1.0x 1.0x
PID-T51arge 76.5 0.1x 2.8x 4.2x 55.2 0.4x 1.0x 1.5x 54.6 0.5x 2.8x 1.3x
LLaMA2 [ ora  66.1 0.7x 0.2x 0.5x 53.8 4.8x 0.3x 0.3x 54.4 26.8x 0.2x 0.1x

Table 4.5: Task performance and inference efficiency comparison between PIE-T5, PID-T5 and LLaMA2
over three public evaluation tasks. Sp and SpP¥“M represent the relative speed-up in single-instance and
batching scenarios computed on NVIDIA A100. We present the relative ratios of FLOPs, Sp and SpPh
compared to PIE-T5pae Or PIE-T5e, across other models. Overall, PID-T5 achieves best computation
efficiency across all tasks and achieves comparable task performance on MultiWoZ 2.4 and RadQA and
better task performance on ACI-Bench.

Computation Efficiency

Since PIE-TS and PID-TS achieve better results than standard TS, we compare PIE-T5 and PID-TS in
Regarding computational efficiency, measured in FLOPs, PID-T5 significantly outperforms P1E-
TS5 in reducing the number of arithmetic operations because it processes each input only once. PID-T5
achieves superior speed-up in both single-instance and batching scenarios across three datasets and two
model sizes, while obtaining similar performance (98-101%) to PIE-TS5. Additionally, PID-T5 offers greater
reductions in computational costs (2-10x) and further accelerates efficiency when dealing with a larger

number of subtasks—for example, managing 30 slots in MultiWoZ 2.4 versus 4 sections in ACI-Bench and
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2-6 questions in RadQA.

MultiWoZ 2.4 ACI-Bench RadQA
Learning Method Model Size| JGA T Model Size| R-L1 Model Sizel] EM*T
In-context learning SOTA  CodeXgavinei 175B 624  GPT4-32k 1760B 543 GPT3 175B 36.2
Full finetuning SOTA TS5xx1 11B 75.9 Bartjyge  4x406M  48.6  TS5pyee 770M  55.0
Our PID TSlarge 770M  76.5 TS1arge 770M 552 TSpge 770M 546

Table 4.6: We choose previous state-of-the-art (SOTA) generative models from the literature with the most
comparable model sizes. In-context learning SOTA results for MultiWoZ 2.4, ACI-Bench, and RadQA are
reported in the studies [43, [121} 55]], respectively. For full finetuning SOTA, the results are reported in the
studies [125,1121}155]]. Yim et al. [121] use four Barty,;¢c models (one for each section), resulting in quadruple
the size of a single Bartjyge (406M).

Comparison Between PID-T5;,4c and State-of-the-art Models

illustrates the comparison between our method, PID-TS5jue, and existing state-of-the-art ap-
proaches. Our PID-T5)ye outperforms in-context learning methods on all three datasets with much smaller
models.

Compared to full finetuning, our model outperforms on MultiWoZ 2.4 and ACI-Bench, but slightly
underperforms on RadQA. This discrepancy could be attributed to the fact that the prompts in RadQA are
less structured compared to the fixed types of prompts in tasks with structured outputs.

We omit the inference cost of state-of-the-art models since access to the language models for in-context
learning is restricted to API calls, and some fine-tuned models’ checkpoints are unavailable. Nevertheless,
we can assume that the inference cost exceeds that of the proposed PID-T5 due to the larger model sizes or
inference techniques employed. The T5xxr, inference in MultiWoZ 2.4 follows the standard T5, while the

inference approaches for Bartjyge and T5age in ACI-Bench and RadQA are consistent with those in PIE-T5.

Comparison Between In-context Learning and Finetuned Models in the Low-resource Setting

shows the comparison between in-context learning and full finetuned models. We use the same
1%, 5% and 10% training set provided in Hu et al. [43]. PID-T5y, surpasses CodeXqayinci When the 5%
training (= 374 examples) is available with 0.1% model sizeE] The result suggests that the small, finetuned

model is still useful when a reasonable amount of training data is available.

Some papers mention that CodeXyavingi is 175B, but OpenAl does not officially confirm that.
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Figure 4.3: Comparison between in-context learning and full finetuning on MultiWoZ 2.4 test set. The JGA
scores are reported at 1%, 5%, 10% and 100% of training data. We use the 3 random splits of the training
data provided by IC-DST[43]].

Efficiency under the Batching Scenario

The efficiency of batching is reflected in latency w/ batching. shows the computational efficiency
and the task performance. PID-T5 outperforms the standard TS5 model and achieves similar task performance
to PIE-TS, while maintaining the same scale of FLOPs as the standard T5. Furthermore, the latency w/

batching of PIE-TS5 is more sensitive to model size than either TS5 or PID-T5.

Data Training FLOPs | JGA 1

TSbase (X,)) 1.5 x 1017 71.5
PIE-T5pase (X, Yu, Z4) 5.0 x 108 76.3
PID-TSpe (X, ), 2Z) 1.2 x 10%7 75.5

Table 4.7: Comparison of training cost across models and different training procedure on MultiWoZ 2.4.
The training computational costs are reported in FLOPs, and the JGA scores are reported on the test set.

Training Efficiency

shows the training costs associated with models and training strategies described in

PIE-T5p,s incorporates prompts within its encoder, necessitating the enumeration of all prompts
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JGA vs. Latency w/ batching on NVIDIA A100
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Figure 4.4: Comparison of joint goal accuracy (JGA) and latency w/ batching on the MultiWoZ 2.4 test set.
Models positioned in the upper left corner indicate superior task performance coupled with faster decoding.
A larger bubble indicates the model requires more FLOPs to complete a instance.

Z = (Zy,...,Zy) for every input X’ during both training and testing phases. Consequently, PIE-T5pase
requires more FLOPs, i.e., longer training duration, as the total number of training samples is increased by a
factor of U. Conversely, PID-T5y,s allows the reuse of the same input across all prompts, keeping the total
number of training examples the same as TS5. PID-T5p, not only maintains a comparable JGA score and
has efficient inference but also reduces training costs.

When creating batches for training, we pad input and output of all examples as the same length in the
same batch. Since vanilla T5 predicts all output in a single sequence, it is more likely to get long output
sequences in a batch. In contrast, since our prompt-in-decoder (PiD) divides the output sequence into smaller
pieces (subtasks), the padding issue is mitigated. Although vanilla TS5 takes slightly more FLOPs than that

of PiD, the numbers are still of the same scale/]

"We follow the standard way in HuggingFace toolkit to create batches and acknowledge that there could be a more optimized
way to create a batch. We will raise this issue in the discussion.
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JGAT Laiod Sp?T Lasomd Spt

PIE-TSpase  76.3 146 1.0x 209 1.0x
PID-TS5pae  75.5 78 1.9x 91 2.3x

PIE-T5iae  77.5 413 1.0x 625 1.0x
PID-TS5yge  76.5 147 2.8x 163 3.8x

Table 4.8: Comparison of latency (measured in msec) between different levels of GPUs on MultiWoZ 2.4.
La1oo and Lyggor; stand for latency on NVIDIA A100 and RTX 2080Ti, respectively. Sp represent the
relative speed-up relative to PIE-T5p,5e or PID-T5yge.

Latency on Different Levels of GPUs
'Table 4.8|illustrates that our PID-T5,s surpasses PIE-T5y,s in efficiency under a single-instance scenario.

This difference becomes more pronounced when using a consumer-grade GPU, e.g., NVIDIA RTX 2080Ti,

and inferencing on the larger model.

Model Subtask JGA1 FLOPs| Sp1?

T5pase All 71.5 1.0x 1.0x
PID-T5pase Domain 72.5 2.3x 12.3x
PID-T5p,e Domain-Slot  75.5 2.5x 5.9x

Table 4.9: Comparison between different subtask scales, i.e., 30 domain slots or 5 domains, on MultiWoZ
2.4. Sp represents the relative speed-up in latency computed on NVIDIA A100. The model with the domain
subtask predicts all active slot values in that domain.

Effect of Different Subtask Granularity

In MultiWoZ 2.4, TS’s output can be broken down into subtasks according to either domains (where the out-
put is a sequence of observed slots and their values) or domain-slot pairs (where the output is the slot value).
Each domain or domain-slot pair is associated with a individual prompt. As demonstrated in
the system P1D-T5y, reveals that employing multi-prompt decoding can enhance both the inference speed
and the joint goal accuracy (JGA) score, regardless of the granularity of the subtask units. While utilizing

domains as subtask units leads to more speed-up, the use of slots as subtask units yields the best JGA.

Effect of Subtasking for Long Output
In ACI-Bench, we adopt the structure proposed by [[121] for organizing the summary output into four distinct

parts: subjective, objective examination, objective findings, and assessment with planning. The mean section
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Section (ROUGE-L)
Model All 1 2 3 4

TSpase 479 343 288 284 179
PIE-TS5pse  53.8 369 572 509 354
PID-T5pe 54.0 36.6 57.7 58.9 359

Table 4.10: Comparison between T5, PIE-TS and PID-T5 on ACI-Bench test 1 set.

lengths are specified as 285, 98, 35, 254 tokens, respectively. The first section details the patient’s medical
history, while the fourth section focuses on assessment and planning; these sections surpass the second and
third sections in terms of length.

reveals that the standard TSy, model underperforms with longer outputs, especially when
the generation reaches the end of the sequence, i.e., performance of later sections are much worse than
for the other models. Both PIE-T5p,s and PID-T5p,s models demonstrate improved performance with

subtasking, allowing the model to “focus” on one subtask at a time.

4.7 Related Work

Improving the efficiency of transformer decoding hinges on minimizing memory access and reducing re-
dundant computations via two primary ideas, increasing operational intensity and the reuse of key-value

tensors.

Attention optimizations. Increasing operational intensity can be achieved through hardware-friendly at-
tention functions or model architectures, which increase the number of operational operations per memory
access. FlashAttention [21]] and FlashInfer [119] use kernel-level optimization to fuse the attention mech-
anism into a single kernel function. Multi-query attention [97] and grouped-query attention [2] modify
transformer architectures to employ a single (or fewer) key-value attention head for multiple query heads to

reduce the memory access.

Key-value tensor caching. Another method to enhance decoding efficiency is the reuse of key-value ten-

sors of shared common prefixes. This technique reduces redundant computations for subsequent requests
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with the same shared prefix. Methods like paged attention [52]] and radix attention [[128] mitigate the redun-
dant storage of overlapping key-value cache. While paged attention and radix attention address the memory
fragmentation issue and enable memory reuse for shared prefix, they are less than optimally efficient be-
cause their implementation lacks compute-level memory optimization. Consequently, the key-value cache

of the shared prefixes still needs to be loaded multiple times during computation.

While most current research focuses on decoder-only models, our work emphasizes encoder-decoder mod-
els, as they offer superior performance in specialized domains. Our method is compatible with these kernel-
level efficiency techniques, e.g., FlashAttention E] and paged attention ﬂ in principle leading to further effi-
ciency gains when used in concert.

Hydragen [48] is the most closely related concurrent research to our work. Both our method and Hy-
dragen aim to increase operational intensity by sharing key-value tensors for shared prefixes. However, the
main difference between our method and Hydragen are listed as follows. First, Hydragen mainly focuses
on decoder-only models but we focus on encoder-decoder model as our experiments shows that encoder-
decoder models perform better than decoder-only models when trained on specialized domains. Second,
Hygragen emphasizes speed-up metrics in question answering whereas we evaluate both speedup and ac-
curacy metrics across various applications, including dialogue state tracking, summarization, and question

answering.

4.8 Limitations

The types of tasks where our method is applicable are currently limited to decomposable tasks with a shared
input document. The subtasking strategies in our datasets were designed by humans, e.g., according to
structured output sections. Instead of using human-designed subtasking rules, a potential avenue for ex-
ploration is to allow a model to learn how to subtask, which can additionally make more tasks possible.
While our subtasking experiments use only encoder-decoder models, our strategy of sharing an embedding

and decomposing a task should work with decoder-only models, but experimental analysis is left to future

8F1ashT5 enhances T5 by incorporating FlashAttention. https://github.com/catie-aq/flashT5
% As of the work published on ArXiv May 22th 2024, vLLM was planned to support encoder-decoder models but was still under
development.
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work.

4.9 Summary

In this chapter, we study settings for decomposable tasks in NLP where multiple subtask prompts are ap-
plied to the same document or dialogue. The subtasking approach allows an encoder-decoder model to
individually address smaller and simpler components of the main task, leading to improved task perfor-
mance. The strategy of moving the prompts from the encoder to the decoder allows our PID configuration
to reduce computational costs by encoding the input just once and then sharing it to multiple subtasks to
decode outputs in parallel, which further speeds up inference time while either maintaining or improving
task performance. Our approach achieves higher efficiency and comparable accuracy to existing approaches,

which is particularly valuable in scenarios where computational resources are scarce.
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Chapter 5

Collaborative Human-LM Data Synthesis

5.1 Introduction

Rapid advances in natural language processing have driven interest in its use in a wide variety of domains.
However, applications that involve human-human interaction, such as call center dialogues, have had lim-
ited success [53} 13180, 67]]. One reason is that natural problem-solving dialogues are not typically publicly
available for privacy reasons, restricting opportunities for researchers to explore methods in advancing ap-
plications for these domains. Further, annotating private datasets can be expensive because of the need for
in-house expertise, so training resources are limited. In this chapter, we introduce a method to fill the data
gap using synthetic data generated by a collaborative human—language model (human-LM) framework for
the dialogue information extraction task. Specifically, we experiment with a task of extracting information
from auto insurance call center dialogues, using public synthetic data to improve performance on a private
dataset. The extracted information is utilized to create a summary of the critical details from the dialogue.
This summary helps the auto insurance adjuster quickly comprehend the key points of the accident without
having to read the entire conversation. By focusing on the essential information, the adjuster can efficiently

assess the situation and make decisions.

Many available dialogue datasets are designed for training virtual agents, collected using pairs of hu-
mans to perform a task [13] [88] [15]. Designing for human-machine interaction results in dialogues that

lack the complexity of human-human dialogues. Additionally, human-only data collection can have limited
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Global

[Can you provide me with more details about the accident? l “  # Involved Cars 2
i Location Highway
Yes, | picked up a passenger that asked me to take him to Santa i Caller
Monica Pier. | was taking the I-10 and | pulled over onto the shoulder to 5 Uber/Lyft Yes

Destination of

check on the engine because | thought | heard a rattling noise. | couldn't Santa Monica Pier

Tri
find anything, but then when | got back in the car and was preparing to : Plrllr%ose of Trip I picked up ...
start driving again, a Subaru BRZ suddenly collided with me. 4 Car Motion Stopped

# Passengers 1
Other Driver
- Make/Model Subaru BRZ
[Can you tell me more about the damages to both vehlcles?l Call
alier
Yes, my car suffered significant damage to the front bumper, hood, and Damage Part Front
i i Other Driver
headlights. The BRZ had damage to its Make Model Subari BRZ
Sarah, can you remind me how many passengers were in '5
the car with you at the time of the accident? : Caller
Oops, sorry about that. | misremembered. There were actually two : # Passengers 2
passengers in the car with me. E

& Client Agent O

Figure 5.1: An illustrative snippet of our dialogue with entity-slot-value triples. is the slot with

multiple values. Italic blue and are the same slot (Damage Part) with different entities (e.g., Caller

and Other Driver). Red is a slot with a value update.

content diversity, result in imbalanced training sets, and does not scale to more complex tasks, due to the

high cost of employing domain experts [37, 30} 81]].

To reduce data collection costs, researchers have explored the use of language models (LMs) to generate
synthetic training data 16,159, 41]. Synthesized data can target long-tail phenomena
and allow for public release of data that closely emulates real-world privacy-constrained domains, such as
the medical domain [78]. Although LMs can follow instructions to generate text that closely resembles
human writing, there can be challenges to ensure that the data are diverse and not too simplistic [99] 63]. In
addition, they still suffer from incoherence and consistency issues [19} 26]. To mitigate the shortcomings
of LMs, human-LM collaboration can offer a robust solution, leveraging the strengths of both humans and
machines [93], [103]].

The idea of integrating human intelligence with artificial intelligence was initially introduced in Lick-
lider [60]. Recent research has highlighted the proficiency of human-LM collaboration in generating a
variety of data; however, most of the study focuses on short dialogues and text 9]. In contrast, we

investigate using a human-in-the-loop framework to create lengthy and complex dialogues.

88



Our work proposes a human-LM collaborative framework for dialogue generation (DIALGEN) that
leverages the scalability and creativity of generative models, yet retains controllability through humans.
Human collaborators edit the synthesized dialogues, which we use to boost information extraction perfor-
mance on real-world call center data.

Many call center dialogues involve problem solving where customers provide information to an agent
through question-answer pairs and clarifications that need to be interpreted in the context of the dialogue
history. Our information extraction (IE) task is thus framed as an iterative information update after each
agent-customer exchange, analogous to dialogue state tracking (DST) in task-oriented dialogues. However,
unlike DST, the information extracted from each turn is collected to create a summary of the call rather than
to generate a virtual agent’s response or make an API call. In addition, the summary includes entities that are
associated with attributes (slots) and values. To evaluate models on this IE task, we introduce entity-centric
scoring methods that allow partial matching of multiple and descriptive values.

We demonstrate the effectiveness of DIALGEN by generating data in auto insurance calls, a domain
with privacy restrictions that prevent public release of actual call recordings, and by performing information
extraction. We work with a private dataset containing 34 dialogues with an average 197 utterances per
dialogue and synthesize 235 dialogues with an average 46 utterances per dialogue. Experiments in our IE
task show that additional synthetic data relatively improves model performance by 25% in the full F} score.

To summarize, our main contributions in this chapter are:

* We design DIALGEN, a collaborative human-LM framework for generating complex dialogues in do-
mains where privacy constraints have previously prevented data sharing with the research community.

Synthetic data, training documentation and prompts are releasedE]

* We present DIALGEN-AIC, a custom dataset designed to illustrate the complexity of real-world auto
insurance call center data. While not intended as a benchmark, DIALGEN-AIC aims to provide a
demonstration of the complex nature of real conversations and the challenges faced in this domain,

including linking information with different entities and tracking multiple values in a single slot.

* We propose an entity-centric scoring methodology that considers information links to different enti-

ties, allows for multiple slot values, and provides partial match scores for descriptive values.

"https://boru-roylu.github.io/DialGen
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* We compare our DIALGEN framework against a fully automatic LM framework and find that human

collaboration adds value during both in generation and annotation.

This chapter contains material that was originally published in Lu et al. [68]. Nikita Haduong and I were
the main contributors of this work. I initiated the project idea, implemented the collection framework and
design experiments. Nikita conducted the data collection process with annotators and ran the experiments
on the private data. We discussed the project and wrote the paper with the other collaborators throughout

the project. We made equal contributions in conducting experiments and analysis.

a Prompt Creation Subdialogue Generation ) Full Dialogue
: Agent: Hi, thank you for calling!
Ontology T Agent: What is the make/model of your car? @il kel adhmn
Slot Values Caller: It’s an orange sedan 2015.
L Task Description : o
) grivev\%y ’ H Agent: What is the make/model
Location highway, Triplets iog of your car?
intersection l : .
H Caller: It’s an orange 2015
heavy, H qQ----s-=mmesmeccmmaaa- -
clraffie | oderate, Story ! Regenerate - Honda Accord.
light :
Personalities Agent: Alright then, take care,
: Andrew, and let us know
Dialogue History | _ Agent: What is the make/model of your car? if you need any further
N Caller: It’s an orange sedar 2015 Honda Accord., assiStances
I H Revise Caller: Thank you, I will.
\ —» J

Figure 5.2: In the DTALGEN framework, a language model (LM) and a human reviewer collaborate to gen-
erate a dialogue. First, a story is created by the LM, using randomly sampled entity-slot-value triplets from
the ontology. Second, the LM generates a subdialogue, using a task description, triplets, story, personalities,
and dialogue history. The reviewer evaluates how the subdialogue fits with the task requirements and dia-
logue history. If not satisfied, the reviewer can have the LM regenerate the subdialogue before revising it.
The revised subdialogue is added to the dialogue history for generating the next subdialogue. This iterative
process continues until the dialogue is complete.

5.2 Dialogue Generation (DIALGEN)

As shown in[Figure 5.2] our DIALGEN framework is designed to generate schema-guided dialogues through
human-LM collaboration. An LM is selected as the backbone, then the data generation process begins with
an initial task prompt consisting of natural language description for the desired dialogue (e.g., task descrip-
tion, desired slots, story, and personalities) and dialogue history. During each iteration, the LM first proposes
a candidate subdialogue based on the history (the initial task prompt and the generated conversation so far).

A human reviewer with sufficient domain knowledge then validates, edits and annotates the subdialogue,
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before requesting a continuation via an updated prompt to the LM. The reviewer can optionally augment

Instruction Count
Have CALLER describe more car accident details with complex reasoning that involves two cars’ motion. 23
Have CALLER’s response be less specific. have AGENT asks for more details. 18
Split AGENT’s questions into multiple turns 18
Have CALLER’s response be less specific. have AGENT asks for more details. have AGENT asks a question for car accident details. 15
Have AGENT ask for permission to record the call. 15
Ask for email address and home address 14
Have CALLER ask AGENT questions about her insurance coverages in multiple turns 13
Have AGENT ask CALLER more questions about the accident details 12
Have CALLER misremember the details. AGENT double check with CALLER. 12
Explain coverages 12
Have CALLER corrects wrong information. have AGENT asks for clarification. 12
Break this conversation down into multiple turns of dialogue 11
Have AGENT ask for contact information 10
Break these turns down into multiple turns of back and forth dialogue 10
AGENT needs to split up her questions. 10

Table 5.1: Instructions with a frequency of 10 or more times used by humans to regenerate a subdialogue.

the prompt with a specific instruction (see [lable 5.1) related to the desired dialogue flow. This process
repeats until the dialogue is complete. At a high level, the human-in-the-loop mechanism ensures that the
resulting dialogues are coherent and consistent with the prompt, covering desired content and fulfilling style

specifications from domain experts. In the following, we describe each component of DIALGEN in detail.

5.2.1 Prompt for Dialogue Generation

The prompt for generating synthetic dialogues includes: the task description, entity-slot-value triplets, story,
personality and dialogue history. An example of a full prompt is given in

Task Description. Similar to the task descriptions given to humans in Wizard-of-Oz setups [49]], the
template-based task description gives the information about the dialogue participants and the task scenario
for the conversation, such as having the LM role-play as a user calling to file a claim with an agent at
an insurance company, e.g., “Role play car accident claim call. One person is Alice, an agent for a car
insurance company, and the other is Bob, the caller who wants to file a claim.”

Entity-slot-value Triplets. We randomly sample entity-slot-value triples from the expert-authored on-
tology to steer the LM to generate required content in the dialogue, allowing precise coverage of specific
information, e.g., (Caller, Injury, Neck).

Story. Kim et al. [50] synthesize social dialogues from triples of common sense knowledge by first

using a social narrative to set up the scenario. We similarly use the randomly sampled triplets to generate a
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<short_summary>

story

Bob Parkhurst had a busy day at work, and all he wanted to do was to go grocery shopping. As he backed out of her parking spot in
the Office Depot parking lot, he failed to notice the gray MAZDA B-Series Extended Cab driven by Spencer Tullar as he turned

into the same aisle from the opposite direction.

Spencer, who was on his way to run some errands, had been driving down the parking lot in extremely slow speed when suddenly he
saw Bob’s yellow car backing out of his spot. He didn’t think much of it and was about to just drive behind her when, at the

last minute, he noticed that Bob seemed to be backing out without looking around. Spencer slammed on his brakes, but it was
too late. The front right of his truck smashed hard into the back passenger side of Bob’s car.

The impact of the collision caused Bob’s car to spin around and come to a stop. He immediately felt a sharp pain in her neck and
knew that something was wrong. As he tried to get out of the car, he realized that he couldn’t move his neck without
experiencing excruciating pain.

Spencer got out of his truck and approached Bob’s car, he asked if Bob was okay. Bob told him that he was hurt and needed medical
attention. Spencer called 911 immediately while also trying his best to comfort Bob until help arrived.

When emergency services arrived shortly after, they found Bob slumped over in her seat, clutching his neck in agony. The
responders helped her out of the car and placed a neck brace around him so he wouldn’t move his head while they examined her

injuries. They then transported him by ambulance to the hospital for further medical attention.

Meanwhile, police were already on their way. Upon arrival at the scene, they took statements from both drivers as well as any
witnesses who may have seen what happened. Unfortunately, no one at the time had a clear view of the incident, but both
drivers agreed that they didn’t see each other before the collision.

Since both cars were still in the parking lot when the accident happened, there was no need to redirect traffic. However, the
officers still had to direct people away from the incident site to prevent any further accidents. They also checked Spencer’
s license and found that it was valid.

The investigation into what caused the accident was inconclusive. Neither driver was certain about who was at fault, as they both
believed the other driver failed to observe their movements. Since no one appeared to be at fault, no tickets or

entity-slot-value triplets

Accident details: (accident location, office depot parking lot), (damage part, unsure), num of passengers, witnesses, date of
accident, time of accident, subjective fault, airbag deployed.

Evidences of the car accident: police report, (pictures, no picture), police report number, police department name, tickets
citations.

Traffic condition: weather visibility, (obstructions to view, no).

Caller’s driver action: car motion, speed, traffic controls obeyed, turn signal, (horn, no).

Caller’s car information: (make/model, dodge stratus), make year, color, car mileage.

Caller’s injury details: body part injured, injury type, medical treatment.

task description

Have role play car accident claim call. One person is an agent Alice from a car insurance company and the other is the caller Bob
who wants to file a claim.

At beginning of the call, have Alice ask for Bob’s permission to record the call and proceeds with the conversation.

Within some <p> </p>, have simulate poor phone connection. Have Alice and Bob can not hear each other and need to repeat what they

said.

Have Alice verify Bob personal information to access account information at the beginning of the call.

Have Bob describe the car accident by using story and tuples above to describe the accident.

Have Alice confirm new information with Bob during the call to ensure consistency.

Have Alice and Bob engage in small talk with each other.

Have Alice explain the insurance coverages to Bob.

personality

Bob is impatient, feeling frustrated with the claim process or the speed at which it is progressing, may express irritation or
urgency in their language.

Alice is conversational, personable, patient, empathetic, sympathetic and professional.

instructions

Use the story, information, and personality to create a role play script and follow the task description.

</short_summary>

<div>

<p class="Alice" title="Auto Accident"> Thank you for calling! This is Alice. How may I help you today? </p>

<p class="Bob" title="Auto Accident"> Hello. This is Alice. I am calling for a car accident. </p>

</div>

Have Alice ask a question for car accident details.

<div>

Table 5.2: Example prompt used to generate the first subdialogue in DIALGEN-AIC. Subsequent subdia-
logues are generated by appending the previously completed subdialogue to this prompt. Similar to Park
et al. [77], we use HTML tags to denote different dialogue elements, i.e., <p> for turns and <div> for the
subdialogue.
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story with the LM before the dialogue generation. For example, the aforementioned entity-slot-value triple
will be converted into the snippet of a story: “The impact of the collision caused Bob’s car to spin around

and come to a stop. He immediately felt a sharp pain in his neck and knew that something was wrong.”

Personality ‘ Description

Aggressive | Feeling angry and confrontational about the accident, may place blame on others or use aggressive language.

Analytical Focused on the details and logistics of the claim process, may ask for precise information and explanations.

Confused Unsure about what happened during the accident or what to do next, may ask a lot of questions.

Cooperative | Willing to work with the insurance company and other parties involved in resolving the claim.

Defensive Feeling the need to justify their actions or place blame on others, may be unwilling to take responsibility for the accident.
Emotional Experiencing strong emotions related to the accident, may be crying or struggling to maintain composure during the call.

Evasive Hesitant to provide information or answer questions about the accident, may be trying to conceal something.

Impatient Feeling frustrated with the claim process or the speed at which it is progressing, may express irritation or urgency in their language.
Reassuring | Trying to maintain a positive and optimistic outlook during the call, may express gratitude for the assistance being provided.

Upset Feeling distressed or frustrated due to the accident and its consequences.

Table 5.3: The list of the predefined callers’ personalities.

Personality. To enrich the diversity of callers, we randomly sample a personality from the predefined
list for each dialogue, e.g., “Bob is feeling distressed or frustrated due to the accident and its
consequences.” For the agent, we use the same personality for all dialogues, e.g., “Alice is conversational,
personable, patient, empathetic, sympathetic and professional.”

Dialogue History. The LM uses the full dialogue history to generate subdialogue turns that are consis-
tent with the flow of the conversation. During the subdialogue generation process, we append completed
subdialogues before generating the next subdialogue. The initial dialogue history is always one exchange,
e.g., “Alice: Hi, thank you for calling DialGen Insurance! This is Alice. How may I help you today?”

followed by “Bob: I am calling regarding a car accident.”

5.2.2 Human-in-the-loop Subdialogue Generation

The dialogue is generated iteratively where each subdialogue is revised by a human reviewer. Subdialogues
are individually revised by a human trained to correct common LM errors such as those described by Dou
et al. [26], verify that required information is present (the sampled triples), and edit the text to meet stylistic
criteria (e.g., adjusting tone). The reviewer can either revise individual turns directly or instruct the LM to
regenerate specified turns, e.g., “Have the caller correct earlier incorrect information” (more examples in
[Table 5.1). The LM may try to end the dialogue by including termination signals such as “good bye.” If

the LM ends the dialogue without covering the required triplets, the reviewer can delete and regenerate the
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turns.

5.2.3 Dialogue Annotation

After a subdialogue is generated, a human annotator are asked to label spans in the dialogue that have
information tuples associated with the task ontology. If a tuple in turn ¢ has a slot with the same referent
and a different value than a previous turn, the human annotators are asked to resolve the duplication by
indicating whether the new value is a correction UPDATE, KEEP, or additional detail to be concatenated with
the previous value CONCAT. This annotation step is optional and can be decoupled from the framework

depending on the target tasks or domains.

5.3 Problem Definition and Evaluation

An auto insurance call center dialogue involves a customer working together with an agent to address an is-
sue or submit a claim. As the conversation progresses, the extracted information must be iteratively updated.
This updating process is similar to the concept of DST used in task-oriented dialogues. However, unlike in
a task-oriented dialogue, the extracted information is used to summarize the call, not to make API calls or

generate responses by a virtual agent.

5.3.1 Problem Definition

Extracted structured information is typically represented as a collection of tuples {(s,v), s € S}, where s is
a slot label, v is the associated value, and S is the full set of slots in the ontology. Values can be associated
with a slot-dependent restricted set Vs or free-form text (e.g., a home address) or null. For multi-domain
systems where different domains share some but not all slots (e.g., many domains have a date slot), the
domain d is separately tracked: {(d,s,v),d € D,s € S}. The full set of tuples is updated after each
agent-user exchange to support construction of application calls needed to complete the task.

We formalize our information extraction task as follows. Ignoring domain for brevity, define (A, U), as
the pair of agent and user turns in exchange ¢. Given a sequence of exchanges between an agent and a user,

{(A,U)1,...,(A,U)}, find the dialogue state {(s,v), s € S;}, where S; is the subset of slots active at time
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t (i.e., having non-null values). The state associated with the final turn 7" effectively provides a summary of

the information extracted from the user in the dialogue.

5.3.2 Definition of Extracted Information

To accommodate the complexities of our dialogues, we augment the DST problem in three ways. First, we
introduce the notion of a “referent”, either with the global context or with the entity with which the extracted
information is associated. Second, we allow slots to take on multiple values. Lastly, we allow slot values to
be updated in multiple ways: a value can be corrected by the user, a new value can be added to form a list, or
an existing value can be augmented, e.g., with details expanding on a free-form slot. provides an
example of an agent gathering information about an accident together with the extracted tuples. There are
three referents (Global context, Caller, and Other Driver); the number of passengers in the caller’s vehicle
was corrected from one to two; and the other driver’s car has multiple Damage Parts (left and front).

With these changes, we describe our notation as follows, using the arrow diacritic to indicate cumulative
state elements, upper case to indicate tuples and lower case to indicate labels or values, boldface to indicate
a set of tuples, and calligraphic font to indicate a set of values. The initial dialogue state X is empty.
The cumulative belief (CB) state it (for t > 0) could be predicted directly or via a recursive state update:
it = update(%t,l, X¢), where only new/updated state values are predicted in the turn-level belief (TLB)
X, and the update function adds new slots and replaces updated slots. In the direct approach, it is possible
to correct errors made by the model in previous turns, as well as introduce errors. A potential advantage of
the update approach is that TLBs are shorter and therefore easier to predict.

Formally, %t and X, are defined as follows. Define %t as the set of referents mentioned in a dialogue
up through turn ¢, and Ry C %t as the subset of referents associated with information updates in turn
t The dialogue state and TLB after turn ¢, &t and X, respectively, can both be represented as a set of

referent-associated sets of active slots:
(_
Xo = {(r. 8w € R} and X, = {(r.S).7 € Ry)

. . by
where S,y = {Sr1,..., S, }» Nyt is the number of active slots for referent r updated at turn ¢, and S 4

2QOur application uses a finite set of types %t C R, but it could be an open set, e.g., based on names.
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denotes the cumulative set of slots. An active slot is defined as S,; = (s,;, V,;), where s,; € S is the jth
slot linked to the referent r, S is the set of slot (or domain-slot) types, and V;; is a set of one or more values
v (categorical or free form text) associated with that slot. For our generated data, annotators are asked to

provide state updates.

5.3.3 Evaluation

In IE tasks, precision, recall, and the F-measure are commonly used, while DST is based on joint goal ac-
curacy (JGA) and slot accuracy. Similar to DST, our IE task updates extracted information across turns.
However, directly adopting DST metrics for dialogue-based IE is not ideal for two reasons. First, JGA is
useful for DST because DST tasks require database queries that are built from the detected slots and val-
ues. Hence, accurate prediction is needed for all domains and slots, including null-valued instances. For
a complex ontology, where many slots will be unfilled, JGA effectively emphasizes precision over recall.
In contrast, for an IE task, the goal is to evaluate extraction quality, for which it is useful to look at preci-
sion/recall tradeoffs. Minor errors (e.g., an additional word in a non-categorical slot) should not significantly
impact the readability of the extracted information. Second, in DST, queries are issued after most turns, so
evaluating average performance at all turns makes sense. In contrast, in our IE task, information is accu-
mulated (and corrected) for a final summary. In this case, turn averaging overemphasizes earlier parts of a
conversation. For that reason, our IE metric evaluates the full state (CB) at specific dialogue points (quarter,

half, three-quarters, end), and turn averaging is used for evaluating the prediction of state changes (TLB).

Our task requires the scoring to handle multi-value and extended free-form text responses. For scoring
purposes, we treat multi-value slots as multiple instances of a slot. For free-form values, we adapt the
multi-span setup in [58]] and enumerate all possible alignments between the predicted and gold values. Each
gold value is aligned to one predicted value at most, and percentage match is computed based on the longest
common substring (LCS) to give a partial-credit score in [0, 1] (rather than requiring exact match, i.e., {0, 1}

score) for use in measuring precision and recall.
Cumulative Belief (CB) State Scores (evaluating i), A cumulative belief (CB) state score m is
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computed for a particular turn (specific index ¢ or dialogue-final turn) in the nth dialogue as follows:

%

&
Mcp (nv t) = \?lntl ZTE%M m( Sty S :’;,’f’t)'

where m can be precision (P) or recall (R). Overall scores are obtained by averaging over all dialogues

Ny ={n: %nt # @} For example, precision is given by:
CB-P(t) = W1t| EnEM PCB(n,t).

We compute the F} score after getting the average precision and recall.

Turn Update Scores (evaluating X). Several scores are computed at the turn level, all of which are based

on averaging over all N dialogues in the test set as follows:
1 1
N 2on 1] 2oteT, Mrvee(ns t)

where 7, = {t : Ryt # 0} and TYPE € {TLB, R, RS, SV} denotes diagnostic score type. Specific scores

(mrypg) are based on:

MrLB (na t) = ﬁ ZTGRnt m(snrta S:w,t)
me(n,t) = m(Rt, Risy)
MRs (na t) = ﬁ Z'I‘GRnt m(sm”t’ S;rt)

msy(n,t) =m (UTG’RM Snrt; UT’GRnt SZ”)

where S, is the set of slot labels associated with referent r in turn ¢ of the n-th dialogue. For each
turn, the my,p indicates performance over the TLB; my indicates how well referents are recognized; mgs
indicates how well referents are associated with slots ignoring values; and mgy gives performance of slot-

value detection ignoring referents.

3In the first turns, it is possible that there is nothing to extract and no false predictions, in which case %m = 0.
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5.4 Datasets

AIC DIALGEN-AIC AUTOGEN-AIC
# dialogue 34 235 195
# turns / dialogue 197 + 98 46 + 8 31+ 7
# tokens / dialogue 4195 + 2404 1128 £+ 230 9471214
# user tokens / turn 18 + 27 22 + 17 27+17
# agent tokens / turn 25 + 31 27+ 14 35+16
# referent-slot pair 1622 8844 -
# unique referent-slot 109 152 -
# referent-slot pair / dialogue 48 £ 24 38+ 8 -
% dialogue w/ updates 50.0% 14.5% -
% dialogue w/ multiple values 50.0% 19.1% -

Table 5.4: Statistics are calculated on the full dataset. Tokens are calculated with Huggingface TS5 tokenizer.

We were provided with a private dataset of 34 natural auto insurance claim calls (AIC). In each call, the
agent’s task is to gather detailed information about an auto accident. The calls were human transcribed and
labeled using a schema with six referents and sixty possible slots from ten domains shown in
Calls had high variance in length and complexity, as shown in Table Additionally, 50% of dialogues
had multiple values for at least one active slot. We split the calls into 7/4/23 for train/val./test sets aiming

for a slot count split of 20/10/70.

We show the full ontology in including domains, slots, and possible values. Possible referents
in the AIC ontology: Global, Caller, Other Driver, Caller’s Passenger, Other Driver’s Passenger, and
Witness. All referents could be associated with every domain/slot, although in practice certain information
is almost always associated with a particular referent, e.g., Traffic Conditions (heavy, medium, light) always
have a Global referent.

Using AIC as a target dataset for augmentation, we apply DIALGEN with ChatGPT as the LM back-
bone to create DIALGEN-AIC, which contains 235 labeled dialogues (three samples are shown in[Table 5.6]
[Table 3.7] and [Table 5.8). Reviewers completed a one-hour training to become familiar with the task and

practiced generating one dialogue under supervision. Full training was complete after they received feed-
back for their first 3-5 dialogues. They were instructed to aim to generate dialogues with ~ 50 turns. On

average, each dialogue comprises 8+4 subdialogues, with 38% of turns receiving edits and 20% of turns
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Domain

Slot

Possible Values

Adjuster Explain Coverages [

Adjuster Permission to Record [yes, no]

Adjuster Set up Inspection [photo claim, field assignment]

Adjuster Set up Rental [yes, no]

ContactInfo First Name [l

ContactInfo Last Name [1

ContactInfo Home Address [1

ContactInfo Phone Number [1

ContactInfo Email Address [1

ContactInfo Policy Number [1

ContactInfo Date of Birth [1

DriverActions Car Motion [traveling forward, backing, turning, changing lanes, stopped, other, unsure]
DriverActions Speed il

DriverActions Distractions [cellphone, animals, smoking, passengers, traffic, eating, not paying attention, other, unsure, no distraction]
DriverActions Brake [yes, no, unsure]

DriverActions Horn [yes, no, unsure]

DriverActions Turn Signal [yes, no, unsure]

DriverActions Traffic Controls Obeyed [yes, no, unsure]

Evidences Police Report [yes, no, unsure]

Evidences Police Department Name  []

Evidences Pictures [at scene, after accident, no picture, unsure]

Evidences Tickets Citations [caller party cited, other party cited, no party cited, multiple parties cited, unsure, no ticket]
Evidences Police Report Number 1

Evidences Skid Marks [yes, no, unsure]

InjuryDetails Ambulance [yes, no, unsure]

InjuryDetails Body Part Injured [head, neck, shoulder, chest, abdomen, back, limb, other]

InjuryDetails Injury Type [bruise, broken fracture, cut scratch, bleeding, strain sprain, sore, other, no injury]
InjuryDetails Medical Treatment [MRI, surgery, CAT scan, hospitalization, ER, x-ray, other]

AccidentDetails Damage Part [front, right, back, left, front right, front left, back left, back right, other, unsure]
AccidentDetails Accident Location [parking lot, driveway, highway, roadway, intersection, other]

AccidentDetails Num of Passengers [0, 1, 2+, unsure]

AccidentDetails Witnesses [yes, no, unsure]

AccidentDetails Num of Involved Cars [1, 2, 3, 4+, unsure]

AccidentDetails Children Involved [yes, no, unsure]

AccidentDetails Airbag Deployed [yes, no, unsure]

AccidentDetails Towed [yes, no, unsure]

AccidentDetails Pedestrians Involved [yes, no, unsure]

AccidentDetails Date of Accident [1

AccidentDetails Time of Accident [1

AccidentDetails Subjective Fault [caller, other driver]

Carlnfo Make/Model [l

CarlInfo Make Year [l

CarlInfo Color 0

Carlnfo Car Mileage [1

Carlnfo Rideshare (Uber/Lyft) [yes, no, unsure]

Trip Destination of Trip [1

Trip Purpose of Trip 1

Trip Origin of Trip 1

TrafficEnvironment ~ Weather Visibility [clear, cloudy, rainy, snowy, foggy, windy, other, unsure]

TrafficEnvironment ~ Obstructions to View [yes, no, unsure]

TrafficEnvironment Road Condition [dry, wet, slippery, debris, potholes, straight, curved, tunnel, steep incline, flat, other, unsure]
TrafficEnvironment  Traffic Signal [stop sign, yield sign, green light, yellow light, red light, other, unsure, no signal or sign]
TrafficEnvironment  Description of Lanes [normal, turn lane, shoulder, other, unsure]

TrafficEnvironment Num of Lanes [1, 2, 3, 4+, unsure]

TrafficEnvironment  Traffic Condition [heavy, moderate, light, other, unsure]

TrafficEnvironment ~ Speed Limit 1

TrafficEnvironment  Traffic Flow [one-way, two-way, other, unsure]

TrafficEnvironment  Parking Lot Type [angled, straight, other, unsure]

Table 5.5: AIC ontology. Empty lists indicate free-form extractive values.
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Thank you for calling DialGen Insurance! This is Greta. How may I help you today?

Hello. This is Suzanne. I am calling for a car accident.

Alright, Suzanne. First, I need to verify some information. May I please have your full name and policy number?

Yes, my name is Suzanne Luna and my policy number is 1234567890.

Thank you, Suzanne. And can you please provide me with your phone number and address?

Yes, of course. My phone number is (123) 456-7890, and my address is 123 Main Street.

Thank you, Suzanne. Now, could you please describe the accident for me?

Certainly. I was driving alone on my way to the library when I approached an intersection with a yield sign. I slowed down and checked for
oncoming traffic but didn’t see any cars, so I began to turn left. Suddenly, I heard a loud crunching sound, and my car jerked to a stop. I got
out of my car to assess the damage and saw that a black Nissan Maxima had hit the back of my car.

Thank you for letting me know, Suzanne. Do you know the name of the street you were on when the accident happened?

Sure, the accident happened at the intersection of Main Street and Broad Avenue.

And I believe you said you were driving alone, is that correct?

Yes, I was alone in my car.

‘Were there any witnesses at the scene who provided their contact information?

Yes, there were several witnesses at the scene who provided their contact information, but I didn’t get their names.

Do you remember the date and time of the accident?

Yes, the accident occurred a few nights ago at around 11 pm.

Do you know the specific day?

Let’s see, it would have been Wednesday—no, Thursday night.

Thank you, Suzanne. Can you tell me if your airbags deployed during the accident?

No, the airbags did not deploy.

Alright, and can you describe the traffic conditions at the time of the accident? Was there a traffic light at the intersection?

Yes, there was a traffic light and a yield sign.

I see. Did you notice anything else about the road or lanes that might have contributed to the accident?

No, nothing else that I recall. It all happened so fast.

Do you remember if you were going at a particular speed when the accident happened?

No, I was not speeding. I don’t think the other driver was either.

Alright. Can you tell me about any damage your car sustained?

Yes, my car sustained significant damage on the left side.

I’'m sorry to hear that. Do you know if a police report was filed?

Yes, the Houston Police Department took our statements, and the report number is 1234567890.

Do you know if either of you received a citation or ticket as a result of the accident?

Yes, the other driver, Homer Shepherd, received a citation.

Alright, thank you for letting me know. And can you provide me with the make and model of your car?

Yes, my car is a brown sedan, a Toyota Corolla.

Thank you, Suzanne. And can I ask if you sustained any injuries as a result of the accident?

Yes, unfortunately, I did sustain some injuries. I needed a CT scan at the hospital after the accident.

Can you tell me where you were injured, Suzanne?

My neck and back.

What was the diagnosis at the hospital?

The diagnosis was muscle strain and some minor bruising.

I’'m sorry to hear that, Suzanne. How are you feeling now?

I’'m doing a bit better, thank you for asking.

That’s good to hear. Now, let me explain your coverage options to you.

Okay, thank you.

First, let me go over the details of your policy with you. You have liability insurance, which covers bodily injuries and property damage to
others if you are at fault in an accident, although it looks like that’s not applicable here. You also have collision coverage, which pays for
damages to your vehicle in the event of an accident.

Okay, got it.

Additionally, you have personal injury protection, which will cover your medical expenses related to injuries sustained in the accident,
regardless of who was at fault. However, please note that there may be limits on the amount of coverage provided by this policy.
Okay, thank you for explaining that to me.

Suzanne, can you tell me if your car was towed from the scene of the accident?

No, it wasn’t. I was able to drive it home myself.

Okay, thank you for letting me know. I will just note that in the report. That should be everything for the preliminary details. Is there
anything else you’d like to add, Suzanne?

No, that’s all. Thank you for your help, Greta.

You’re welcome. We will process your claim and be in touch with you soon about next steps.

Okay, thank you so much.

Have a good day, Suzanne.

You too, Greta. Bye.

Table 5.6: Sample DIALGEN-AIC dialogue 1.
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Thank you for calling DialGen Insurance! This is Loan. How may I help you today?

Hello. This is Joshua. I am calling for a car accident.

I’m sorry to hear that you were in an accident. What happened?

It was last Monday morning in a tunnel. There were several cars involved, and my car was hit from the back by a yellow Dodge Ram. I was
injured and had to be taken to the hospital by ambulance.

Oh my, I'm sorry to hear that. Did you have any passengers in your car?

No, I was the only one in the car.

Do you know how many cars were involved total?

I think there were about four cars involved.

Okay, thank you for that information, Joshua. Can you describe the damage to your car?

The back was heavily damaged, and my car is undrivable.

‘Was your car towed from the scene?

Yes, it was. Almost all of them had to be.

Did the police come to the scene of the accident?

Yes, they did. They took statements from witnesses, and they also created an accident report that documented all involved parties’ details.
Great, do you happen to have the police report number and the name of the police department?

Yes, I have them right here. The police report number is 12345678, and it was the Philadelphia Police Department.

Thank you, Joshua. Was anyone cited or received a ticket at the scene?

No, the police report stated that no party was cited.

Okay, thank you for letting me know. Can you describe the traffic conditions at the time of the accident?

Traffic was flowing smoothly in the three-lane road. There was a car that stopped in the lane to my right, and the car behind them swerved
into my lane.

Did you notice any traffic signals or signs that may have contributed to the accident?

No, there weren’t any traffic signals or signs at all in the tunnel.

I'see. Can you describe your car’s make and model? What year was it made? And what color was it?

It’s a white sedan, a 2018 Honda Accord.

Thank you for that information, Joshua. Were there any witnesses to the accident?

Yes, there were several people who saw the accident happen. Some good Samaritans helped me after the accident and called 911.

That’s good to hear. Now, can you tell me about your injuries? What kind of medical treatment did you receive?

I dislocated my shoulder. They performed a CT scan at the hospital to ensure that there were no internal injuries.

One more thing, Joshua. Can you remind me of the exact date and time of the accident?

It was on Monday morning, around 8:30 am.

Okay, just to confirm, that would be the 22nd, correct?

Oh, wait. I think I may have remembered it wrong. It was actually last Tuesday.

Thank you for clarifying the date, Joshua. Can you also tell me how fast were you driving when the accident occurred?

I was driving around 35 miles per hour.

Thank you for that information, Joshua. Do you have the contact information for any of the other drivers?

Yes, I got Steve Woods’ phone number. She was driving the yellow Dodge Ram that hit my car.

Joshua, can you confirm how the accident occurred from your perspective? I’'m a little unclear on some of the details.

Sure, I was driving in the middle lane and noticed a stopped car in the other lane. The yellow Dodge Ram swerved into my lane to avoid it.
I couldn’t change lanes because the other lane was bumper to bumper. The Dodge Ram hit my back bumper, bounced off, and hit the car on
the right side of me. After that, several cars collided with each other. My car spun around and hit the tunnel wall, damaging the back.
Thank you for explaining that, Joshua. Just to confirm, were there any traffic cameras at the scene that may have captured the accident?
No, I don’t believe there were any traffic cameras.

Thank you for providing all of that information, Joshua. Can I ask you to confirm some information about yourself?

Sure, go ahead.

Can I have your full name?

Joshua Walters. That’s spelled W-A-L-T-E-R-S.

And can I have you provide your phone number and email address please?

Yes, my phone number is 555-1234, and my address is 123 Main Street.

Great, thank you for providing that information. Now it looks like your insurance coverage includes liability insurance, collision coverage,
rental car coverage, and gap insurance.

Okay.

Do you understand how each of those coverages works?

Not really, can you explain it to me?

Sure, liability insurance covers any damages or injuries that you may cause to another person or their property. Collision coverage pays for
damages to your own vehicle if you’re in an accident. Rental car coverage pays for a rental car while your vehicle is being repaired. And gap
insurance covers the difference between the actual cash value of your car and the balance remaining on your car loan if your car is totaled.
Okay, I think I understand now. Thank you for explaining that to me.

Do you have any other questions for me, Joshua?

No, I don’t. Thank you for your help.

Before we end this call, do you happen to have any other details about the accident that you would like to add?

No, I think that covers everything.

Okay, thank you for providing all the information, Joshua. We will take care of everything from here.

Thank you so much for your help.

Of course! And please don’t hesitate to reach out if you have any questions or concerns.

I won’t. Thanks again.

Table 5.7: Sample DIALGEN-AIC dialogue 2.
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Thank you for calling DialGen Insurance! This is William. How may I help you today?

Hello. This is Roberta. I am calling for a car accident.

I am sorry to hear that, Roberta. Before we get started, can I get your permission to record this call for quality and training purposes?

Yes, you can record the call.

Thank you. May I have your full name and policy number, please?

My name is Roberta Oliver, and my policy number is XXXXXXXX.

Got it. Can you please describe the accident to me?

Sure, I was driving my gold rideshare car on the highway after having dinner at a restaurant. I was changing lanes when Shane Scott’s gray
Chevrolet Camaro cut me off, and I had to slam on my brakes to avoid collision. Unfortunately, it was too late, and Shane’s car crashed into
mine.

Okay, thank you for the detailed account. Were there any witnesses who saw this happen? Any traffic controls?

No, I didn’t see any traffic controls around. I’'m not sure about any witnesses. Oh, I guess there were the passengers in Shane’s car, but they
were too shaken up to give their statements to the police.

Alright. How many passengers were in each car?

Shane had three passengers in her car. I was alone in mine.

Thank you for that information, Roberta. Can you provide me with the location details of the accident as well as the date and time it
occurred?

It was May 15th at around 4 in the afternoon. The accident happened on the highway near exit 45B.

Thank you for sharing that information, Roberta. I forgot to ask earlier, what year is your car?

My car is a 2012 model.

Great, thanks for letting me know. Can you describe the traffic conditions at the time of the accident?

It was a beautiful day, and the traffic on the highway was moving at a steady pace. There were four lanes, and we were both in the second
lane from the left.

Alright, I see. Before we proceed further, I want to let you know that I understand how stressful this situation can be. I want you to know
that I am here to guide you through the process and make everything as clear and easy as possible. How are you feeling?

Honestly, I'm feeling pretty overwhelmed right now. My head has been hurting since the accident, and I'm worried about how much this is
all going to cost.

That’s perfectly understandable, Roberta. Just take a deep breath and try to relax. It’s good that you’re taking steps towards resolving this
by calling us today. Let’s move forward together, okay?

Okay, thank you.

Now you mentioned your head has been hurting since the accident. Did you injure your head during the crash?

Yeah, I hit my head on the steering wheel. Since then, I’ve been having constant headaches. It’s been really difficult to focus on everyday
tasks.

I’'m sorry to hear that. Have you seen a doctor yet?

Yes, I went to the hospital after the accident. They gave me a CT scan which revealed that I had a minor concussion.

I’m sorry to hear that. Did they prescribe any treatment or medication?

Not really, other than rest and avoiding physical activities. They okayed me to go back home immediately, but I needed to have my husband
check on me every few hours to make sure everything was fine that first night.

Have you been back to the hospital since to follow up on the headaches?

No, but I did call my doctor to ask her about it. She said that headaches are normal for the first couple of months after a concussion, but to
go back if they get worse.

I see. Thank you for telling me that, Roberta, and I hope the headaches get better soon. Just a few more questions if you’ll bear with me.
Can you tell me which part of your car was damaged in the accident?

The front left side of my car was damaged. The back right side of Shane’s car as well.

Thank you for that information. Now I understand that it can be frustrating when there are no witnesses to corroborate your story. However,
do you have any evidence of the accident? Perhaps photos of the damage or the police report?

Yes, the police came to file a report. I have a copy of it at home. I also took some photos of the damage to my car and Shane’s car.

Great, that will certainly help. Can you please send those photos over to our team? I can provide you with an email address where you can
send them.

Sure, that would be helpful. What’s the email address?

The email is claims @DialGen Insurance.com. Please put your full name and policy number in the subject line and attach the photos in the
email body.

Okay, thanks. I will send them over as soon as possible.

Perfect. Is there anything else I can assist you with today, Roberta?

Yes, I was wondering about the insurance claim process. How long does it usually take to get a resolution?

It depends on a few factors, such as the complexity of the case and how much evidence we have. Our team will carefully review your claim
and reach out to you within a few business days with a resolution.

Okay, that’s good to know. And what about rental cars or any other expenses related to the accident?

‘We can certainly help you out with that if you need it. Our team can set up rental cars if necessary, and we will do everything we can to
make sure you’re not paying out of pocket for any expenses related to the accident. Will you be needing a rental car?

No, I don’t think so.

Alright, no problem. If you do end up needing a rental car, feel free to let us know. We’re here to help in any way we can.

Thanks, I appreciate it.

Of course, Roberta. Is there anything else I can assist you with today?

No, that’s all for now. Thanks for your help, William.

It was my pleasure, Roberta. Take care and have a great day!

You too.

Table 5.8: Sample DIALGEN-AIC dialogue 3.
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being deleted. Each dialogue involves 9 & 10 times of partial or full subdialogue regeneration.

Data collection occurred over 2 months with multiple iterations as documentation and task instructions
evolved to become more comprehensive and consistent. The human reviewers were recruited from the
university list. They were compensated at a rate of $18.69 per hour following our institution’s practices.
A dialogue, including reviewing synthesizing and annotation processes, required 45-60 minutes, for a final
cost per dialogue of $14-19. The final version of the task instructions further encouraged workers to update
slot values in multiple ways and include multiple values in a slot (as described in §2.1). We follow the
methodology in SQuAD [I86] for calculating IAA. We select 3 trained workers who participated in data
generation as our annotators. They annotated 15% of DIALGEN-AIC (32 dialogues), with a resulting IAA
of 78.5% Fy. The average time to label a dialogue was 18 minutes. For every dialogue, one annotator is
randomly assigned as the reference. We calculate max-F7 of every predicted tuple for every turn and average

over all turns, then average across all dialogues.

We investigate the importance of including human reviewers in DTALGEN by comparing fully auto-
matically created dialogues with DIALGEN-AIC. These dialogues are generated by prompting ChatGPT
using the same training scenarios. We refer to this LM-only framework as AUTOGEN and use it to gener-
ate the AUTOGEN-AIC dialogues. AUTOGEN prompt details are shown in In comparing AIC,
DIALGEN-AIC, and AUTOGEN-AIC, we find that synthetic data has fewer turns, longer turns, and less
variance in length, with fully automatic data being the most extreme. Adding a human in the loop results
in much longer and more varied dialogues, but they are still far from the complexity of human-human
dialogues (see [Table 5.4). Compared to MultiWOZ [13], DIALGEN-AIC is more complex. MultiWOZ
dialogues average 14 turns and 8 active slots per dialogue, compared to 46 turns and 38 slots on average for
DIALGEN-AIC, and 198 turns and 48 slots for AIC. We split DIALGEN-AIC into train/val./test sets with
a ratio of 80/10/10 dialogues, selecting val./test sets by randomly sampling from the final iteration of data

collection.
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# Scenario

story

Nina Christensen had just left the pharmacy, her car slowly traveling forward in the four-lane road, headed towards church. It was

a Sunday morning, and she was on her way to attend the weekly service. The traffic flow was moderate, and the green light
signaled that she could proceed.

Suddenly, out of nowhere, a yellow Maybach 57 started backing up into her lane. Nina honked her horn loudly and tried to swerve to

avoid the collision, but it was too late. The two cars collided on Nina’s left side, causing significant damage.

Nina was shaken by the sudden impact and pulled over to the shoulder to assess the damage. Her shoulder was hurting, and she
noticed that it was bleeding. She didn’t know if anyone else was hurt or if there were any passengers in the other car. It
all happened so fast.

Dorothy King stepped out of her car, clearly agitated by what had happened. She had been backing up to turn around and head back
home when she accidentally backed into Nina’s car. There were no witnesses around, but Nina quickly took pictures of the
accident scene as evidence.

A few minutes later, a police officer arrived on the scene after someone called 911. He took down the details of what happened
from both drivers and filled out an accident report. With no objective evidence confirmed it from both sides, he was unable
to declare who was at fault.

However, Dorothy received a citation for careless driving since she was the one backing up into the road. She also revealed that
she did have insurance coverage: liability insurance, collision insurance, and uninsured/underinsured motorist coverage.

Nina’s car suffered significant damage on its left side while Dorothy’s Maybach 57 suffered minor damage on its right rear side.
Though Nina had no idea how long it would take for her car to get fixed or if she would need a new one altogether, she was
grateful that the damage on Dorothy’s car was minor. At least she wouldn’t have to deal with any more unnecessary expenses.

The ambulance arrived on the scene a few minutes later, and paramedics tended to the drivers. Nina was told that she needed
surgery for her shoulder, and Dorothy was diagnosed with a bruise after an X-ray. Neither of them knew if they would be able

to drive again anytime soon.

Nina was still in shock over what had happened. She had never been in an accident before, and the ordeal was overwhelming. She
wasn’t sure how she would afford the medical bills or how she would get

information

Accident details: accident location, damage part, num of passengers, (witnesses, unsure), date of accident, time of accident,
children involved.

Evidences of the car accident: (police report, no), (pictures, at scene).

Traffic condition: (traffic signal, green light), description of lanes, num of lanes, traffic flow.

Caller’s driver action: car motion, speed.

Caller’s car information: make/model, make year, color, car mileage, (rideshare (uber/lyft), unsure).

Caller’s injury details: injury type, (ambulance, unsure), medical treatment, (body part injured, shoulder).

steps

Have role play car accident claim call. One person is an agent Joan from a car insurance company and the other is the caller Nina
who wants to file a claim.

At beginning of the call, have Joan ask for Nina’s permission to record the call and proceeds with the conversation.

Within some <p> </p>, have simulate poor phone connection. Have Joan and Nina can not hear each other and need to repeat what they

said.

Have Joan verify Nina personal information to access account information at the beginning of the call.

Have Nina describe the car accident by using story and tuples above to describe the accident.

Have Joan confirm new information with Nina during the call to ensure consistency.

Have Joan and Nina engage in small talk with each other.

Have Joan explain the insurance coverages to Nina.

personality

Nina is confused, unsure about what happened during the accident or what to do next, may ask a lot of questions.

Joan is conversational, personable, patient, empathetic, sympathetic and professional.

instructions

Use the story, information, and personality to create a role play script and follow the steps.

# Demo dialogue

Agent: Thank you for calling DialGen Insurance! This is Joan. How may I help you today?

User: Hello. This is Kristina. I am calling for a car accident.

Agent: I’'m sorry to hear that. Can you please provide me with the location and date of the accident, as well as the damage on your

vehicle?

User: Yes, the accident happened on Sunday morning on the four-lane road. The other car backed up into my lane, and we collided.
My car got significantly damaged on the left side.

Agent: Okay, thank you. Were there any passengers involved, and were there any witnesses around or at the scene?

User: No, both of us had no passengers, and I'm not sure if there were any witnesses around. But I took pictures of the accident
as evidence.

Agent: Good thinking, Kristina. Can you please describe the traffic conditions at the time of the accident?

User: The traffic flow was moderate, and the traffic signal was green, so I thought it was safe to proceed.

= truncated due to the page size = =

Agent: Kristina, since you need me to set up a rental car can I assume you had your car towed away?

User: Yes, my car was towed away.

Agent: One more question, Kristina. Can you tell me if you remember the time of the accident?

User: I think it was around 9:00 am.

Agent: Kristina, one more question. Did the airbags in your car deploy during the accident?

User: No, my airbags didn’t deploy.

Agent: Last question Kristina, can you describe the color of the other driver’s Maybach 572

User: Yes, it was yellow.

Agent: Thank you for all of your help, Kristina. Is there anything else you would like to add before we end this call?

User: No, that’s everything. Thank you for your assistance, Joan.

[End of the conversation]

Generate a new dialogue between an agent and a user for a car accident claim based on the information mention in the scenario.
Follow the format and style of the demo dialogue.
Agent:

Table 5.9: Example prompt used to generate the dialogues in AUTOGEN-AIC.
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5.5 Experiments

5.5.1 In-context Learning

Hu et al. [43] propose IC-DST and use schema prompts and a specialized retriever to enable few-shot in-
context learning to predict state change with an LM. Given longer dialogues, a more complex ontology,
and more slots to track than the datasets discussed in Hu et al. [43], the representation of dialogue history
becomes a crucial concern. The SQL tables of the ontology is 1696 tokenﬂ and our chosen LM, ChatGPT-
0301, has a token limit of 4096 tokens. To accommodate the token constraints, we truncate the in-context
examples when given a longer dialogue state. We extract the TLB at the turn ¢ and accumulate the TLBs as
CB.

Furthermore, our task requires the model to identify the corresponding entity (referent) for the predicted
slot-value pair. We redesign the prompt to instruct the LM to generate the referent, slot, and
value simultaneously. The retriever, SBERT [89]], is finetuned on the full DIALGEN-AIC training set,
which is also used as the example selection pool. Due to privacy concerns, we only evaluate IC-DST on the

DIALGEN-AIC test set.

5.5.2 Finetuned Transformers

We follow idea of the previous work [54.169] to independently extracted the information and finetune T5 [85]]
and Long-T5 [35] with schema information embedded in the prompt. The models predict only active slots
(together with referent and value) for a domain with a separate prompt for each domain. The domain-level

TLB and CB predictions are aggregated over all domains to get the TLB and CB, respectively.

In addition, we explore four different configurations of prompt and model outputs:
Long-T5%: Use {(A,U),}Z} to predict CB.
Long-T5: Use {(A,U),}:Z}, to predict TLB; add to CB.

T5: Use (A, U);—1 to predict TLB; add to CB.

“We use the OpenAl API to count the number of tokens https://platform.openai.com/tokenizer,
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CREATE TABLE AccidentDetails(
’Damage Part’ TEXT CHECK
Right’, ’Other’

(’Damage Part’ IN 'Front’, ’‘Right’, ’Back’,

’Unsure’),

'Left’,

’Front Right’,

’Accident Location’ TEXT CHECK (’Accident Location’ IN ’Parking Lot’, ’Driveway’, ’Highway’,
")y
’Num of Passengers’ TEXT CHECK (’Num of Passengers’ IN ‘0’, ’1’, ’'2+’, ’Unsure’),
'Witnesses’ TEXT CHECK (’Witnesses’ IN ’Yes’, 'No’, ’'Unsure’),
"Num of Involved Cars’ TEXT CHECK (’Num of Involved Cars’ IN ’17, ’2’, ’3', "4+4', ’'Unsure’),
'Children Involved’ TEXT CHECK (’Children Involved’ IN ’Yes’, ’'No’, ’Unsure’),
"Airbag Deployed’ TEXT CHECK (’Airbag Deployed’ IN ’Yes’, ’'No’, ’Unsure’),
"Towed’ TEXT CHECK (’'Towed’ IN ’'Yes’, ’'No’, ’Unsure’),
"Pedestrians Involved’ TEXT CHECK (’Pedestrians Involved’ IN ’'Yes’, ’'No’, ’Unsure’),
"Date of Accident’ TEXT,
'Time of Accident’ TEXT,
’Subjective Fault’ TEXT CHECK (’Subjective Fault’ IN ’‘Caller’, ’'Other Driver’),
)
CREATE TABLE Adjuster (
’Explain Coverages’ TEXT,

’Permission to Record’
’Set up Inspection’
’Set up Rental’

CREATE TABLE CarInfo(
'Make/Model’ TEXT,
"Make Year’ TEXT,
’Color’ TEXT,

’Car Mileage’ TEXT,
’'Rideshare (Uber/Lyft)’

CREATE TABLE ContactInfo(
'First Name’ TEXT,
’Last Name’ TEXT,
’Home Address’ TEXT,
’Phone Number’ TEXT,
’Email Address’ TEXT,
’Policy Number’ TEXT,
'Date of Birth’ TEXT,

CREATE TABLE Trip(
’'Destination of Trip’
’Purpose of Trip’ TEXT,
’Origin of Trip’ TEXT,

—-- Using valid SQLite,

Example #1
[context]
[system] I see.
color?
[user] Of course.

Q:
SQL:

Example #6
[context]

[system] Thank you for all the details,
it’s a white sedan,

Q: [user] Yes,
SQL: SELECT * FROM
CarInfo WHERE Caller-Color

* FROM CarInfo WHERE Caller-

TEXT CHECK
TEXT CHECK
TEXT CHECK

TEXT CHECK

truncaation due to the page size

Thank you for letting me know.
It’s a white Lexus sedan,

SELECT * FROM CarInfo WHERE Caller-Make_Year = 2018 AND Caller-Color = white AND Caller-Make/Model = Lexus sedan,;

== truncaation due to the page size =

white sedan AND Caller-Make_Year

("Permission to Record’ IN
("Set up Inspection’ IN

IN ’'Yes’,

'Yes',

(’Set up Rental’ 'No’),

("Rideshare (Uber/Lyft)’ IN ’'Yes’,

TEXT,

2018 model.

Richard.
a 2007 make.

2007

Color = white sedan AND Caller-Make_Year =

'No’),
"Quick Photo Claim’,

"No’,

Can you also provide me with the make,

2007

'Front Left’, ’'Back Left’,

'Roadway’, ’Intersection’,

'Field Assignment’),

’Unsure’),

model,

and year of your car,

answer the following multi-turn conversational questions for the tables provided above.

as well

Can you please provide me with your car’s make and model?

’Back

’Other

as its

Table 5.10: We follow previous work to represent the ontology via a SQL table format. In Appendix
D3, we show an example of the prompt. For example, the domain “Adjuster” (as shown in the following
text block) contains the domain slots Explain Coverages, Permission to Record, Set up Inspection, Set up
Rental. The domain slots with CHECK values indicate they are categorical slots. Otherwise, the slots are
non-categorical. We truncate part of the content due to the page size.
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T5-SC: Use (A, U);—; and previous domain-level CB to predict the domain-level state change ACB; up-
date CB.

Because the input length can be longer than 1k tokens, we choose Long-T5 to cover all turns with the prompt,
while the T5-based models make predictions based on the current turn only. T5-SC further considers the

state change ACB, which is similar to the TLB but augmented with the four state-change commands.

5.5.3 Details of the Prompts for Each Configuration

Input:

[USER] My name is Bob Lee, and my policy number is 123456789. [SYSTEM] Thank you. Could you please provide me with your
name and policy number so I can access your account information? [USER] Yes, that’s fine. [SYSTEM] I am so sorry that
happened. Before we begin, may I please have your permission to record this call for quality and training purposes? [
USER] Hello. This is Bob. I am calling for a car accident. [SYSTEM] Thank you for calling AllState! This is Alice. How

may I help you today? [domain] ContactInfo [possible slots] First Name (the First Name of the ContactInfo) [s] Last
Name (the Last Name of the ContactInfo) [s] Home Address (the Home Address of the ContactInfo) [s] Phone Number (the
Phone Number of the ContactInfo) [s] Email Address (the Email Address of the ContactInfo) [s] Policy Number (the
Policy Number of the ContactInfo) [s] Date of Birth (the Date of Birth of the ContactInfo)

Output:
First Name [srv] Bob [rv] Caller [s] Last Name [srv] Lee [rv] Caller [s] Policy Number [srv] 123456789. [rv] Caller

Table 5.11: The prompt of Long-T5 for CB prediction.

Long-TS5 for CB prediction
We present a training example for the “ContactInfo” domain with a complete dialogue history at time ¢. The
example contains separators [s], [rv], and [srv] that label prior information as a slot, referent-value

pair, or slot-referent-value triplet, respectively.

Input:

[USER] Hi, my name is Bob Lee. I was recently in a car accident and wanted to file a claim. [SYSTEM] Thank you for calling!
This is Alice. How may I help you today? [domain] ContactInfo [possible slots] First Name (the First Name of the
ContactInfo) [s] Last Name (the Last Name of the ContactInfo) [s] Home Address (the Home Address of the ContactInfo) [
s] Phone Number (the Phone Number of the ContactInfo) [s] Email Address (the Email Address of the ContactInfo) [s]
Policy Number (the Policy Number of the ContactInfo) [s] Date of Birth (the Date of Birth of the ContactInfo)

Output:
First Name [srv] Bob [rv] Caller [s] Last Name [srv] Lee [rv] Caller

Table 5.12: The prompt of Long-T5 and T5 models for TLB prediction.
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Long-T5 and T5 models for TLB prediction

We present an example for the “ContactInfo” domain with the most recent two turns (A, U ), at time ¢. In the
example, the caller (USER) mentions the first and the last name that are under the domain ContactInfo. The
model is require to generate the active slots “First Name” and “Last Name” with the corresponding values

“Bob” and “Lee”, and referent “Caller.”

Input:

[USER] Oh, sorry about that. You’re right, it actually occurred on a Wednesday at 11 am. [SYSTEM] Also, I just wanted to
clarify some information. In our previous conversation, you stated that the accident occurred on a Monday at 9 am.
However, our records show that it actually occurred on a Wednesday at 11 am. Can you confirm which day and time the
accident actually occurred? [state] Damage Part [srv] Front Left [rv] Caller [cv] Right [rv] Global [s] Accident
Location [srv] Highway [rv] Global [s] Num of Passengers [srv] 0 [rv] Global [s] Witnesses [srv] Yes [rv] Global [s]
Date of Accident [srv] this Monday [rv] Global [s] Time of Accident [srv] 9:00 am. [rv] Global [s] Subjective Fault [
srv] Caller [rv] Caller [domain] AccidentDetails [possible slots] Damage Part [s] Accident Location [s] Num of
Passengers [s] Witnesses [s] Num of Involved Cars [s] Children Involved [s] Airbag Deployed [s] Towed [s] Pedestrians
Involved [s] Date of Accident [s] Time of Accident [s] Subjective Fault

Output:
Date of Accident [srv] Wednesday [v] this Monday [vo] [delete] [rv] Global [s] Time of Accident [srv] 11 am. [v] 9:00 am. [
vo] [delete] [rv] Global

Table 5.13: The prompt of TS with State Change (T5-SC).

TS with State Change (T5-SC)

For T5-SC, the models need to predict entity-slot-value triplets and edit operations associated with the
triplets. The final output of a state at time ¢ will be calculated by applying the edit operations on the
associated triplets given the previous state at time ¢ — 1. We consider four edit operations: [new], [keep],
[delete], and [concat]. We describe the four edit operations in the following paragraph.

If a triplet has not been observed in the previous state, the model is expected to predict [new]. Con-
versely, if the triplet has already been mentioned in the previous state, the model must predict [keep].
The [delete] operation is employed when a triplet mentioned in the previous state should be removed.
If the value of a referent-slot is updated, then the model predicts both [delete] for the previous value
and [new] for the updated value. On the other hand, the [concat] operation is used when the value of a
triplet needs refinement, such as combining two values, 7 and AM, into a single value of 7 AM.

Due to the input length limit of the T5 model, we use the most recent k turns to create the previous state
and omit the slot descriptions in order to cover more entity-slot-value triplets in the previous state. We get

the best results when k = 18 for DIALGEN-AIC and k£ = 20 for AIC. We present a training example for
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the “AccidentDetails”” domain as follows.

In the example, the agent (SYSTEM) clarifies the date and time with the caller (USER) because the date
and time the caller provides are different from the record in the agent’s system. The caller admits the pro-
vided time and date are wrong. Therefore, the time and date must be updated. The date previously provided
“this Monday” needs to be deleted, so we append an operation [delete] after the value. Similarly, we

append the operation after the time “9:00 am.”

5.5.4 Finetuning Details

When conducting experiments involving AIC, the model selection criterion is the highest TLB F} score on
the AIC validation set. For experiments solely on DIALGEN-AIC or AUTOGEN-AIC, models were chosen
based on the TLB F} score on the DIALGEN-AIC validation set. The additional hyperparameters can be

found in [Table 5.14]

Hyperparameter TS or T5-SC  Long-T5
Training batch size 16 16
Learning rate 5x107* 5x107*
Max generation length 256 256
Max input length 512 2592

Table 5.14: Hyperparameters for training TS, T5-SC and Long-T5. The other parameters are default values
in Huggingface trainer.

All reported values represent the medians of five different random seeds. All experiments are conducted
using either T5-base or Long-T5-base with the Huggingface implementation [113]]. The training time for
the full DTALGEN-AIC and AIC settings averages 3 hours on 2 NVIDIA V100 GPUs. For the experiments
conducted solely on DIALGEN-AIC, 2 NVIDIA A40 GPUs are used. The total number of GPU training

hours amounts to 110 hours.
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5.5.5 Hyperparameters of OpenAl API Calls

Hyperparameter DIALGEN  AUTOGEN LM annotators IC-DST
Language Model ChatGPT ChatGPT  ChatGPT or GPT-4 ChatGPT
Temperature 0.85-0.9 0.0 0.9 0.0

Max tokens 512 256 2048 512

Stop strings ["<\div>"] - - ["=", "\n", ";", "#"]
Presence penalty 0.2 0.0 0.2 0
Frequency penalty 0.2 0.0 0.2 0

Table 5.15: Hyperparameters for API calls.

We use gpt-3.5-turbo-0301 and gpt-4-0613 for ChatGPT and GPT-4, respectively. For AUTO-
GEN, the stop token is the default value of the API call. We parse the output of the response from ChatGPT

and truncate tokens after the string [End of conversation].

5.6 Results

We report the main results on both cumulative and turn update scores. The cumulative scores are presented
in two ways: C' By, as an average of CB across every user turn, and C'Bg as the CB at user turn ¢, where
t=1[QT/4],Q € {1,2,3,4} and T is the total length of a dialogue. Thus, ¢ will be a specific turn, at either
a quarter, a half, three-quarters, or the end of the dialogue. The score of the last cumulative belief state C' By
is the full F} score and can be regarded as evaluating a conversation summary. Model development was

done only on the synthetic data to minimize use of real data.

Method CB(wg CB; CBy; (CBs (CBy TLB

IC-DST 713 719 685 684 682 68.1
Long-T5t+ 71.8 725 71.7 71.0 704 -

Long-T5 663 643 648 643 639 685
T5 76.8 784 749 737 741 739
T5-SC 782 793 764 76.6 769 74.2

T5-SC§ 785 787 762 76.0 762 75.0

Table 5.16: F7 scores on the DIALGEN-AIC test set. § denotes test set results with name substitution.

Results on DIALGEN-AIC Test Set. The results on DIALGEN-AIC with different learning strategies

and TS5 configurations are presented in[Table 5.16] The performance of IC-DST is lower than all TS variants,
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Method Data CBaUg By CB; (CBs (CB; TLB

T5 AIC 383 39.6 371 362 351 348
T5 DIALGEN-AIC 404 4177 426 399 3777 409
T5 AIC + DIALGEN-AIC 437 429 422 430 419 437
T5-SC AIC 39.2 400 38.1 37.1 36.1 339
T5-SC DIALGEN-AIC 41.0 43.6 421 413 40,5 389

T5-SC  AIC + DIALGEN-AIC 46.2 47.8 472 459 453 44.6

Table 5.17: F scores on the AIC test set for different training data.

although this may be due to the difference in use of domain-specific prompts. Note that our IC-DST imple-
mentation is based on the same ChatGPT model used for generating the DIALGEN-AIC, so the low results
suggest that human collaboration creates data sufficiently different from ChatGPT text such that ChatGPT
cannot easily address this task. Predicting CB directly requires the full history, which is only possible with
Long-T5. With Long-T5, there is a benefit to predicting CB directly over TLB. However, optimizations
needed to handle a longer history have tradeoffs that result in performance that is worse than the standard
TS5 model with TLB prediction for this task. T5-SC achieves the best result, which updates values rather
than adding them as new values in a list.

To mitigate the potential risk of LMs generating personal information linked to randomly generated
names in shared data, we replace them with other randomly generated names. As shown in
T5-SC exhibits comparable performance on both the original and renamed dialogues, indicating that the

renaming process does not impact the model’s effectiveness.

Results on AIC Test Set. The two best models (T5 and T5-SC) are used in experiments on the real
data (AIC). The Fj results for different training sources are given in We measure the utility
of synthetic data on model performance by varying amounts of DIALGEN-AIC. The performance for the
model trained on the synthetic data alone is better than with the small amount of the real data, but the
best results are obtained by model trained on the combined data. Because of the higher frequency of state
changes in the human-human dialogues, there is a greater benefit from the T5-SC model for the real data,
with an 8% improvement in the C'By4 score compared to 4% for the synthetic data when using all training

data.
To provide more insight into performance, we present the precision/recall results for CB in
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Figure 5.3: CB precision and recall scores on the AIC test set. All scores are based on T5-SC models.

Incorporating synthetic data yields higher recall and outperforms using real data alone in terms of Fj. The
increased recall can be attributed to the inclusion of a wider range of values in the synthetic data, which are
not covered by the AIC training set. However, this improvement comes at the expense of lower precision.
By combining both data sets, the model achieves better alignment with real-world data while retaining the

advantage of high recall scores from the synthetic data.

provides the TLB precision and recall results for the full state updates and different diagnostic
scores (referent only, referent-slot, and slot-value). Consistent with the CB results, the biggest benefit of
incorporating DIALGEN-AIC is improved recall. While referent, slot, and value all improve, the greatest

improvement is in slot values.

We also experimented with varying the amount of synthetic data used in training the model in order to

112



Bl AIC DialGen-AIC B AIC + DialGen-AIC

TLB-F; Referent-Slot
50
55
45
50
40
45
35
40
Precision Recall Precision Recall
Referent Slot-value
60
55 -
50
50
45
45
€ 40
40 —
35
Precision Recall Precision Recall

Figure 5.4: TLB and three diagnostic scores for precision and recall (mg, mgs, and mgy) for the T5-SC
model on AIC test set.

determine the relative value of synthetic versus real data. shows that using 59 synthetic dialogues
(approximately 2.7K turns) yields results similar to those obtained from the AIC training set, which consists
of 1.3K turns in 7 dialogues. These results suggest that roughly 2.1 times as many turns of synthetic data is
needed to match the performance of the real data, or 8.4 times as many synthetic dialogues since the synthetic
dialogues are shorter. However, the synthetic data is more valuable in combination with real data, for which
the benefit beyond 97 dialogues (50%) is minimal. This suggests an opportunity for further improvement

through strategic scenario sampling.

Comparison of DIALGEN with AUTOGEN. To understand the importance of the role of humans in

data synthesis, we investigate whether an LM annotator is sufficient and compare the value of dialogues
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Figure 5.5: TLB-F scores for T5-SC on AIC test set by varying the amount of DIALGEN-AIC training
data.

Framework  Dialogue Generator ~ Annotator TLB

AUTOGEN ChatGPT ChatGPT 49.5
ChatGPT GPT-4 60.7
ChatGPT w/ Humans GPT-4 63.2

DIALGEN

ChatGPT w/ Humans Humans  73.9

Table 5.18: Comparison between different data synthesis frameworks. The TLB F} scores are obtained by
finetuning a T5 models on generated data and testing on the DIALGEN-AIC test set.

generated by AUTOGEN and DIALGEN. First, we use ChatGPT and GPT-4 [74]] to annotate DIALGEN-
AIC training dialogues and compare the annotations with labels, obtaining 52.3 and 65.5 TLB accuracy
respectively. This suggests GPT-4 is a better annotator than ChatGPT, which aligns with the findings of
Gray et al. [33] and Tekumalla and Banda [[100]. Then, we finetune T5 models on each setting and report
TLB score to evaluate the quality of synthesized data (Table 5.18)). T5 trained on dialogues generated by the
DIALGEN framework and annotated by humans yielded the best result, demonstrating how a human-in-the-

loop data synthesis framework can provide higher quality training data than a fully automated system.
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5.7 Error Analysis

Out of the 56 slots in the AIC test set, we noticed an improvement in 45 slots, while 4 slots were tied, and
the remaining 7 slots have slightly worse performance. Our error analysis reveals two main categories for
the performance loss: data mismatch between AIC and DIALGEN-AIC and over-reliance on surface-level

features.

5.7.1 Data Mismatch

We lose performance for the slot Car Mileage because of a difference in language used when describing the
mileage of a car. In AIC, agents ask a binary confirmation for whether the mileage on the vehicle is above
a certain threshold, whereas callers in DIALGEN-AIC describe car mileage with an exact number. For the
slot Traffic Controls Obeyed, AIC callers indirectly indicate that traffic controls are not obeyed, e.g. stating
that the other driver ran a red light. In DIALGEN-AIC, the agent asks the caller to confirm directly whether

traffic controls were obeyed.

5.7.2 Surface Level Text

The model both over- and under-predicts slots due to surface-level features such as predicting Number
of Involved Cars when the text discusses counting vehicles, despite many such instances in AIC simply
describing the traffic environment to contextualize the accident, e.g., there was a vehicle in front of the caller,
but it was not involved in the accident. The model also predicted this slot when there was language about the
number of passengers with a driver. Similarly, Color would be predicted whenever colors were mentioned,
e.g., a purple bruise. Traffic Flow was severely under-predicted when it would have been beneficial for the

model to predict the slot whenever it saw information describing lane direction.

5.8 Summary

In this chapter, we propose DIALGEN, in which humans and LMs collaborate to generate long, complex
dialogues. We demonstrate its effectiveness by synthesizing auto insurance calls and conducting information

extraction (IE) experiments. While we build on the DST framework, our IE experiments target an ontology
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and data that are more complex than the DST task was originally designed for. To serve the IE task, we
introduce an entity-centric scoring methodology more suitable for our IE task than the conventional joint
goal accuracy metrics used in DST. The extracted information can be considered as a conversation-level,
tabular-based summary, providing a concise and informative overview for auto insurance adjusters to read.
In our controlled experiments, we contrast the outcomes of training with data synthesized through a
human-in-the-loop method against data generated and annotated entirely by ChatGPT or GPT-4. Our find-
ings indicate that human-LM collaboration enhances the process at both the data generation and annotation
phases, validating the importance of including humans in the data synthesis process to generate more real-
istic dialogues. Our experiments demonstrate that the data generated by DIALGEN, despite dissimilarities
with the data it is designed to emulate, can significantly improve model performance for information extrac-

tion on real-world human dialogues.
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Chapter 6

Conclusion

To conclude, we first provide a summary of the work carried out in this thesis in After that, we
discuss future directions for work with dialogue summarization in

6.1 Summary and Contributions

6.1.1 Dialogue Summarization for Call Center Dialogues

In this thesis, we address the challenges in underexplored dialogue domains, specifically focusing on telecom-
munications service call center dialogues and auto insurance claim call center dialogues. Our goal is to
enhance the efficiency of summarizing these conversations for human use through both corpus-level and
conversation-level summarization techniques. We introduced the novel task of corpus-level dialogue sum-
marization, which uses a graph to create an interpretable summary of the entire corpus. This approach
significantly reduces the burden on humans by allowing them to analyze large volumes of conversations
more efficiently. The graph-based summary facilitates a quicker understanding of the corpus and aids in
extracting valuable insights, such as effective negotiation strategies employed by successful salespeople or
efficient techniques used by experienced agents. At the conversation level, inspired by dialogue state track-
ing, we proposed using the dialogue state at the final turn as a conversation-level summary for auto insurance
claim calls. This structured summary encapsulates the essential details required to determine fault and com-

pensation in car accidents, eliminating the need to read through entire dialogues. Automatic generation of
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structured conversation summaries has the potential to greatly increase the efficiency of claim processing,

providing comprehensive and concise information for decision-making.

6.1.2 Enhancing Transformer Models with Structured Information

To improve task performance and efficiency, we integrate additional structured information into transformer
models, rather than relying solely on raw text input. Our approach involves two types of structures: the

latent structure of input dialogues and the expert-designed structure of output summaries.

Latent Structure of Input Dialogues
This structure is derived from a corpus-level summary graph, where each dialogue is represented as a path on
this graph, creating a sequence of subdialogue states. By incorporating this latent structure as an additional

feature, we enhance the capabilities of encoder-only hierarchical transformers.

Expert-Designed Output Structure

This structure includes elements such as section titles in medical notes or domain-slot names in task-oriented
dialogues, which divide the main task into smaller, simpler subtasks. This subtasking approach allows
encoder-decoder transformers to share encoded input and process each subtask output in parallel, resulting

in more efficient transformer decoding.

6.1.3 Small Transformer Models for Specialized NLP Tasks

In this thesis, we demonstrate that larger decoder-only transformer models (e.g., LLaMA, LLaMA?2, Chat-
GPT, GPT-4, etc.) are not always the optimal solution for all NLP tasks, particularly when some annotated
data is available for fine-tuning a transformer model for complex and specialized domains. Our research
reveals that smaller encoder-decoder models can often outperform these large decoder-only models, offer-
ing better or comparable performance and significantly faster inference speeds in specific domains such as

dialogue state tracking and summarization.
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6.1.4 Human-LM Data Synthesis Framework

Our observations indicate that solely relying on decoder-only transformer models for data synthesis fails to
achieve human-like data quality, both in text generation and annotation. The highest performance is attained

when human correction is integrated into the data synthesis process to refine the models’ annotations.

6.2 Future Directions

We discuss a few important future directions to further improve models for dialogue summarization.

6.2.1 Direct Evaluation on Graph Quality

In we indirectly evaluate the quality of corpus-level summarization by using cluster and state se-
quences as additional features to enhance model performance on predictive tasks. Although the downstream
performance is enhanced by the additional features that does not imply that the resulting graphs are the best
representation of the corpus or the best representation for human to analyze. A more direct evaluation of
the graph might provide a better reflection of the graph summary quality. Future work could involve devel-
oping metrics that directly assess the informativeness of the graph and its summary. Additionally, research
is needed to develop a framework for user studies that could be conducted to gather feedback from domain
experts on interpretability of graphs and utility for human analysts. Exploring advanced summarization

techniques could further enhance the usability and interpretability of these graph representations.

6.2.2 Enhancement of Structure-aware Decoding

In our prompt-in-decoder (P1D) method is currently limited to decomposable tasks that use a
shared input document. The subtasking strategies in our datasets were crafted by humans, typically based
on structured output sections. A promising direction for future research involves developing a model that
can autonomously learn how to subtask. This advancement could significantly expand the range of tasks
our method can handle. Second, although our current experiments on subtasking utilize only encoder-
decoder models, we propose that our strategy of shared embeddings and task decomposition should be

equally effective with decoder-only models. Experimental validation of this hypothesis is needed.
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6.2.3 Advanced Synthetic Dialogue Generation

While DIALGEN results in dialogues that are more similar to real human-human interactions than AUTO-
GEN, our analysis shows that there are still substantial differences. Some of these gaps will be
filled as LMs improve. However, it is likely that additional work will still be needed to further minimize the
differences between synthetic and natural data, enhancing the realism of generated dialogues.

Finally, our controlled experiments comparing AUTOGEN and DIALGEN reveal that the dialogue gen-
eration and annotation process in AUTOGEN is managed by a single LM agent using various associated
prompts. There is substantial potential for enhancing AUTOGEN, including exploring different prompt de-
signs and incorporating multiple language model agents (e.g., integrating quality control agents) to improve

the overall quality and reliability of the generated dialogues.
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Chapter A

Appendix

A.1 User Interface for Data Collection for DIALGEN

We list two main pages of our interface for dialogue generation. They are editing and labeling steps.

First, the editing step page provides dialogue scenarios (slot value pairs), dialogue history,
extracted tuples (annotated entity-slot-value triplets), instruction for regeneration, and current subdialogue
for editing. A human reviewer can provide an instruction to guide the LM to generate a desired subdialogue
to replace the current subdialogue. If the current subdialogue is satisfied with the reviewer, they can edit
turns to fix the minor errors in the subdialogue.

Second, the labeling step page is an optional page for the DIALGEN framework. This page
is designed for the dialogue state tracking task where the human reviewer can annotate and edit the subdia-
logue in the previous editing step. Note that the labeling step can be fully decoupled from the framework.

The human reviewer will iteratively collaborate with the LM to generate and revise the subdialogues and

to annotate the subdialogues until the end of the dialogue.
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Editing Step

AccidentDetails ~ Adjuster Carlnfo Contactinfo DriverActions Slot Ve niuryDetails TrafficEnvironme  Trip
Stot Vi [Slot [Value | [slot V. [slot  |Value [slot |value| [Police Slot Va [slot Vv [stot Va
Pedestrians| Make/Model First Mark Car Report Injury Type |Otl [Traffic Purpose of
] ar " - .
Involved Make Year Name Motion Pictures Medical Condition Trip
EF
Accident Color Last Mull Speed Skid Marks ‘Treatment Traffic Destination
ulle - =

Turn # Party Role Turn

1 Eric agent 'Thank you for calling Acme! This is Eric. How may | help you today?

2 Mark user Hello. This is Mark. | am calling for a car accident.

Extracted Tuples
J— Contactinto injuryDetais | TratfcEnvironment

Instruction to ChatGPT for modifying some turns or regenerating subdialog.

The instruction to ChatGPT for regenerating the current subdialog.

-- no selected sample instruction --

You can choose one of the sample instructions and edit it.

You can also type your instruction to guide ChatGPT to enrich the conversation and make it more natural! :)

Current Subdialog

For each row of the table, correct the factual inconsistency and remove the redundant information in the column (Turn) and type your edit in the text box. If there are too many
turns to edit, regenerate a new subdialog instead.

Modify Some Turns  Regenerate Subdialog 2 il cul s
2 time(s) of auto editing left.

Turn: n
[agm(Eartviiole Turn Your Edit
I'm sorry to hear that. Can you please provide me with some
information about the accident? What is the location of the
Ois  |Eric

and what part of your car was damaged? Were
there any passengers or witnesses involved? And when did

fthe accident happen?

The accident happened at an intersection where | had a yield
sign. Another car failed to yield and collided with my car. My
Ola Marihser car hit a tree, and their car enfied up onits svlde a‘cross the
street. There were no pedestrians. | had a friend in my car,

land the other driver had two passengers. It happened today,
in the morning around 8:30 am.

If contents is hidden, you can scroll down the box.

Actions

If you have done all edits in the current subdialog, choose Action 1. If you think the whole dialog finish, choose Action 2. You will be lead to the last

labeling step and finish the dialog.

(Action 1) Go to Label and Continue! (Action 2) Go to Label and Finish!

Figure A.1: The first step in DIALGEN is to create the subdialogue. A dialogue scenario table is provided to
indicate slots expected to appear in the conversation. A human reviewer selects LM-generated text and edit

it as needed. They can also ask the LM to regenerate selected turns or the full subdialogue and optionally
provide extra instructions to guide the LM’s generation process.
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Turn to be labeled

You can annotate more than one span. Please make sure you annotate all possible tuples (domain, slot, value). Use your cursor to select a span and annotate it one by one.
If you are not sure what to annotate, please check the ontology. [Link]

(Turn # 14) James (user):

Sure, the other driver seemed to be going really fast, maybe 45 or 50 mph. There was a traffic light at the intersection, and |
had the green light when | entered the intersection. It was a clear day with no weather issues, and there were no
obstructions in my view.

Extracted Tuples in this Turn

Duplicate Tuples

OtherDriver_DriverActions_Speed (Preview) OtherDriver_DriverActions_Speed
Turn Categorical Turn Categorical
Keep|Concat|Update Referent Domain Slot |Value 9 Referent [Domain Slot |Value 9
# Value # Value
th tt 45
O |13 © ) er DriverActions|Speed pretly Other ) X or
Driver fast 14 . DriverActions|Speed|50
Driver h
45 or mph.
14 |Other ) X
(o] . DriverActions|Speed|50
% |Driver
mph.

% indicates the tuple(s) from the current turn.

Figure A.2: A human reviewer selects a span and label it. If there exists a duplicate label, they are prompted
to resolve the conflict by selecting to update (as shown), concat, or keep multiple labels.
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