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Abstract

Mixed-Initiative Conversational Intelligence in the Era of Large Pre-Trained Models

Maximillian Chen

With the rise of large pre-trained models, the idea of intelligent conversational agents has quickly

gained attention in the public eye. Such conversational agents promise impressive capabilities in

a multi-turn interaction setting, whether it be knowledge-grounded question answering, reasoning

for code generation, or navigating real-world tasks like restaurant booking. Despite the greatly im-

proved capabilities of agents to perform directed instruction-following tasks, agents built around

large pre-trained models have not yet exhibited the ability to navigate mixed-initiative environ-

ments. Contrary to single-initiative settings, here an agent must recognize when it is appropriate

to execute different actions to redirect the flow of the conversation (e.g. via clarifying questions

or argumentative strategies) to maximize the chance of conversational success. This dissertation

proposes novel methods to address core issues presenting bottlenecks to the mixed-initiative intel-

ligence of such agents.

This dissertation is structured to address three core challenges. The first section introduces the

challenges of multi-turn conversational modeling, as in-domain data can be expensive or infeasible

to obtain. We propose a framework for synthesizing large-scale conversational data even for novel

tasks by leveraging the instruction-following capabilities of existing large language models. In the

section, we discuss the challenges of action planning. Here, we propose a seminal line of work on

inference-time strategy optimization by leveraging large language model prompting for search and

simulation adapted for Monte-Carlo Tree Search. We then introduce a novel perspective towards



action optimization called implicit action recognition, and propose a novel model alignment algo-

rithm called Action-based Contrastive Self-Training. The final section of this dissertation focuses

on the challenges of multimodal user modeling, as modern conversational agents rapidly look to

become more ubiquitous by expanding towards all interaction modalities. This work builds on the

previous sections’ progress towards improved data curation and implicit action recognition. Here,

we introduce a novel task for mixed-initiative spoken conversation modeling, as well as a simple

yet effective approach to adapt models to different users’ speaking patterns.

The methods proposed in this dissertation address tractable real-world challenges and serve as

the foundation for further exploration in mixed-initiative conversation modeling.
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Chapter 1: Introduction and Background

Humans are inherently social beings which seek to communicate with one another (Sperber,

1995) using both written and spoken language for a variety of purposes ranging from developing

social relationships to achieving common ground to accomplish collaborative goals (Yu, 2017).

This has thus led to rapidly growing interest in the development of agents which can communicate

intelligently with humans and assistant them in diverse contexts (Zhang et al., 2024) such as open-

domain (Huang, Zhu, and Gao, 2020), task-oriented (Budzianowski et al., 2018b; Rastogi et al.,

2020; Zuo et al., 2021), and non-collaborative yet goal-oriented conversation (Li et al., 2020b).

In the last several years, as research in deep learning for natural language processing has ma-

tured, efforts in building such dialogue systems quickly shifted from rule-based and template-

based systems towards learned neural-based systems (Chen, Celikyilmaz, and Hakkani-Tur, 2017;

Chen et al., 2017). Even more recently, research in dialogue systems has been undergoing another

paradigm shift with the onset of the era of large pre-trained language models (LLMs) which are

overwhelmingly more capable than smaller language models across generative tasks (Kaplan et al.,

2020), with these highly overparameterized LLMs demonstrating impressive performance in the

few-shot regime (Brown et al., 2020; Chen et al., 2023a). However, the fact that modern LLMs are

able to easily produce highly coherent generation does not mean that such models can directly be

used as conversationally intelligent agents. In particular, intelligent conversational agents should

be able to navigate mixed-initiative interaction environments, where each interacting party is able

to take control of the interaction flow (Allen, Guinn, and Horvitz, 1999). In such settings, an

agent should be able to execute conversational strategies which are optimized to achieve common

ground with individual users, resulting in improved conversational outcomes (Chu-Carroll, 2000;

Deng et al., 2023d).

In this dissertation, we address three key challenges inhibiting the multi-turn intelligence of
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conversational agents in mixed-initiative settings: scarcity of in-distribution conversational data,

methods for pragmatic action optimization, and limitations of existing LLMs’ understanding

of user behavior across non-textual modalities.

1.1 Overview

This section provides an overview of foundational work towards addressing open problems in

mixed-initiative conversational intelligence, and introduces the proposed solutions in this disserta-

tion.

1.1.1 Challenge: Data Scarcity

Overview First and foremost, building intelligent, action-optimal conversational agents for a

given setting requires a plethora of in-domain data for model training or fine-tuning (Chen et al.,

2022b). However, such data can be difficult to obtain, whether it be due to privacy restrictions in

commercial settings or a lack of existing users (Chen et al., 2023b; Deng et al., 2023d). As a result,

much work has been devoted to finding methods for building conversational agents with limited

data resources (Qian, 2024; Longpre et al., 2024a; Longpre et al., 2024b; Gupta et al., 2022).

A particularly promising direction of research has been on the collection and synthesis of data

resources (Chen et al., 2022b; Qian, 2024; Qian et al., 2025). Zhang et al. (2024) and Gupta et al.

(2022) developed resources which unified multiple conversational datasets to improve LLM per-

formance in conversational tasks through the construction of textual instructions. Kim et al. (2023)

distilled million-scale conversational data from InstructGPT to train competitive open-domain dia-

logue models, representing a large step forward from earlier conversational models trained mostly

on human-collected data such as GODEL (Peng et al., 2022) and BlenderBot (Roller et al., 2021;

Shuster et al., 2022).

Contributions in Chapter 2: Curating Synthetic Multi-turn Conversation Data In Chapter

2, we propose constructing a set of methods which curate resources for conversational modeling

2



to address the data scarcity issue in building agents. Recognizing that LLMs exhibit strong con-

trollability in conversational settings (Chen et al., 2023a; Qian et al., 2021) and are capable of

producing highly coherent and realistic dialogue utterances (Brown et al., 2020), we present an

approach to distilling high-quality conversations from high-capacity LLMs. We demonstrate that

these synthetic conversations are comparable to human-collected dialogues, and fine-tune high-

quality dialogue generation models on the resulting dataset. We additionally demonstrate that our

approach can be generalized beyond the dyadic setting and produce the first-ever synthetic multi-

party conversation dataset.

1.1.2 Challenge: Pragmatic Action Planning

Overview Once conversational data is made available, the next step is to select the right algo-

rithms to effectively utilize the data to teach models to generate optimal language. It is widely ac-

cepted that complex, mixed-initiative interactions, can be effectively framed as a partially observ-

able Markov decision process (POMDP) (Yu, 2017; Yu, Chen, and Yu, 2023; Deng et al., 2023b).

This framework allows for modeling the inherent uncertainty in understanding user states and

intentions based on observed dialogue history. Consequently, reinforcement learning (RL) tech-

niques have become a prominent approach for optimizing dialogue policies within this POMDP

formulation, enabling agents to learn effective conversational strategies through interaction (Yu,

2017; Deng et al., 2023b). By defining states, actions, transition probabilities, and rewards, RL-

trained agents can learn to navigate complex dialogue flows and maximize long-term conversa-

tional goals (Yu et al., 2022).

A key challenge in mixed-initiative dialogue is learning to select “optimal” actions which

progress towards the completion of some goal. A common example is training agents to learn

proactivity, allowing the system to take initiative when appropriate (Deng et al., 2023a; Deng

et al., 2023d; Deng et al., 2023c). This involves planning actions that not only respond to the user

but also actively guide the conversation towards desired outcomes or explore potential user needs.

Other mixed-initiative settings commonly involve argumentative strategy selection, where the sys-
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tem strategically chooses how to present information or counterarguments to persuade or inform

the user effectively, e.g. in bargaining (Lewis et al., 2017a) or persuasion (Wang et al., 2019).

Another crucial behavior of interactive agents involves asking clarifying questions, to help resolve

ambiguity, confirm understanding, and elicit necessary information from the user, improving the

likelihood of conversational success (Deng et al., 2022; Guo et al., 2021; Chen et al., 2025). These

diverse efforts holistically create a picture of the requisite skills for mixed-initiative intelligence.

Contributions in Chapter 3: Explicit Action Planning in the Modular System Paradigm The

classic approach towards developing mixed-initiative conversational intelligence in the neural net-

work era has been to develop modular systems which formulate action planning (Yu and Yu, 2021;

Wang et al., 2019) as a discriminative task separate from conditional language generation (Chen

et al., 2022a; Keskar et al., 2019; Yu, 2017; Yu et al., 2016) which produces dialogue responses.

Such approaches typically mirror the POMDP framework (Deng et al., 2023b).

In Chapter 3, we propose a method for pragmatic action planning on the modular dialogue

system paradigm called Goal-oriented Dialogue Planning with Zero Training Data. Unlike earlier

studies which require training neural models for user simulation or dialogue generation (Cheng

et al., 2022a; Väth, Vanderlyn, and Vu, 2023a; Wang et al., 2020a; Jang, Lee, and Kim, 2020;

Yang, Li, and Guo, 2021a) but run the risk of training on noisy dialogue trajectories collected

by crowdworkers (Chen et al., 2023a), we use the highly capable language generation abilities

of LLMs guided by an externalized control flow (Monte-Carlo Tree Search) to bypass the need

for training data. We discuss several empirical experiments which demonstrate large performance

improvements over existing modular frameworks in mixed-initiative dialogue modeling.

Contributions in Chapter 4: Implicit Action Planning in the End-to-End System Paradigm

Generalist LLMs are now being presented to consumers with conversational interfaces after having

achieved strong instruction-following capabilities due to their being aligned using techniques such

as reinforcement learning from human feedback (RLHF; Christiano et al. (2017) and Ouyang et al.

(2022)), such techniques are not suitable for complex mixed-initiative conversational tasks due to
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their focus on single-turn optimization (Shani et al., 2024) and focus on token-level optimization

(Ahmadian et al., 2024) rather than sequence-level pragmatic actions (Chen et al., 2025; Deng

et al., 2024a; Yu, Chen, and Yu, 2023).

In Chapter 4, we propose a solution to adapt generalist LLMs for mixed-initiative conversation.

We developed a novel approach to conversational adaptation called Action-Based Contrastive Self-

Training, which teaches LLMs to generate responses which represent optimally-selected actions.

We apply this novel approach to the mixed-initiative setting of ambiguous conversational question

answering (CQA), where an agent must learn to ask clarifying questions, spanning three diverse

domains: tabular question answering, machine reading comprehension, and conversational text-to-

SQL generation.

1.1.3 Challenge: User Modeling in Multimodal Interaction

Overview The final aspect of developing intelligent mixed-initiative conversational models in-

volves modeling user preferences and behavioral patterns. To this end, effective conversational

interaction must go beyond text-only intelligence. While language carries the explicit semantic

load, critical signals which can serve as proxies for end-users’ state, intent, and attention are often

conveyed through non-verbal channels – the cadence of speech, spoken emotions, facial expres-

sions, or saliency in the surrounding visual environment (Hirschberg, 1993; Busso et al., 2016;

Busso et al., 2008; Li et al., 2023; Wang et al., 2023a). To build truly adaptive and interactive

mixed-initiative systems, models must be capable of interpreting these multimodal signals and

integrating them into a model possessing a richer understanding of the user.

Many recent efforts in building Multimodal Large Language Models (MLLMs) represents a

significant step in this direction. Many recent MLLMs effectively bridge modalities by connect-

ing powerful, pre-trained unimodal encoders (for vision, speech, etc.) with the reasoning and

generation capabilities of LLMs. LLaVA (Liu et al., 2024a), was a foundational MLLM which

demonstrated the effectiveness of a simple approach which used a trainable linear projection layer

to map visual features into the LLM’s input space, followed by instruction tuning. This strategy
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drew on the intuition that encoder-only models and decoder-only language models were individ-

ually highly capable already. Following similar architectural principles, models like Qwen-Audio

(Chu et al., 2023; Chu et al., 2024), SLAM-ASR (Ma et al., 2024), and SALMONN (Tang et al.,

n.d.) have applied such ideas towards speech understanding tasks, demonstrating state-of-the-art

results by projecting an audio representation into the embedding space of a decoder-only language

model. These recent approaches build on the foundations of earlier end-to-end architectures such

as ESPNet (Watanabe et al., 2018) and SpeechT5 (Ao et al., 2022), which were some of the first to

investigate unified text-to-speech/speech-to-text capabilities.

With these foundational multimodal models emerging, research is increasingly focused on

leveraging them for more nuanced user modeling. Some efforts aim for unified frameworks ca-

pable of modeling user perception across modalities for a holistic view of interaction (Li et al.,

2023). Others take user-centric approaches to multimodal modeling in specific downstream tasks,

such as refining user models to better capture preferences and context in generative processes for

audio (Hung et al., 2024) or images (Liang et al., 2024). Other work has focused on learning to

adapt to user-specific behavioral patterns in few-shot settings through techniques that rely on im-

proved knowledge transfer (Chen and Yu, 2023). There is also increasingly more work focused on

adapting alignment strategies for the multimodal setting (Fu et al., 2025). Adapting methods like

RLHF requires balancing preferences expressed across different modalities; techniques such as

Multimodal Direct Preference Optimization (Wang et al., 2024) are being developed specifically

to prevent language signals from dominating the alignment process, ensuring feedback from all

relevant modalities is considered.

Contributions in Chapter 5: Multi-modal User-adaptive Conversation Modeling While the

greatly improved capabilities of LLMs have resulted in rapid progress in text-based multi-turn

agents and increasingly in vision-based multimodal conversational agents (e.g. (Liu et al., 2024a))

we are yet to reach the same level of progress in LLM-based end-to-end spoken dialogue systems.

Unlike the case of LLMs, a highly capable, universal, and easily adaptable pre-trained model has
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not been developed for spoken dialogue. Considering speech is a much more expressive represen-

tation of humans’ communicative intent (e.g., speech can capture paralinguistic phenomena such

as emotions; (Hirschberg, 1993; Levitan et al., 2012)) which is perhaps more commonly used in

daily life than written language, it is imperative to develop methods which are able to account for

users’ acoustic-prosodic communicative cues and are agnostic to different speaking patterns.

In Chapter 5, we discuss solutions to bridge these gaps in end-to-end mixed-initiative con-

versational modeling in spoken settings. First and foremost, we describe the construction of a

novel mixed-initiative spoken conversational question answering task, which involves both listen-

ing comprehension as well as ambiguity recognition. Second, we describe a simple yet effective

data-centric approach to multi-task learning to improve MLLMs’ robustness to different speaking

patterns. Finally, we demonstrate that our data-centric approach can improve fine-tuning even for

frontier MLLMs and examine multiple additional spoken question answering tasks.
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Chapter 2: Resource Curation for Conversation Modeling

Training dialogue models typically requires an abundance of data resources, as with any ma-

chine learning task. The traditional gold standard resource curation approach is to collect samples

written by humans (ideally in a natural environment). However, collecting high quality data is

difficult and expensive, especially for dialogue tasks where there often is no “right answer” when

developing the trajectory of a conversation. This motivates the in-depth study of how to supple-

ment such settings by systematically curating large-scale synthetic conversational data. To this end,

synthetic data generation approaches typically involve some combination of augmenting existing

seed conversational data, synthesizing data without any seed data, or some mixture of both.

2.1 Introduction

Typically dialogue data are sourced from crowdworkers and the quality of annotations, evalua-

tions, and conversations can vary considerably (Zhao and Zhu, 2014), often necessitating guardrails

such as credential-based worker selection or defensive task design for quality control (Allahbakhsh

et al., 2013; Qian et al., 2023). To accommodate data scarcity in training dialogue tasks, low re-

source methods have become a topic of growing interest and importance (Zhao et al., 2019; Mi

et al., 2019; Qian and Yu, 2019; Li et al., 2019). One idea that has gained particular attention

is transfer learning — specifically, finding ways to leverage knowledge learned by LLMs for new

tasks. LLMs have demonstrated impressive emerging conversational capabilities, enabling big per-

formance improvements in various dialogue tasks (Brown et al., 2020; Shuster et al., 2022; Peng

et al., 2022; Kulhánek et al., 2021). Particularly, LLMs have been prompted to augment existing

conversational data (Chen et al., 2022b; Mehri, Altun, and Eskenazi, 2022; Sahu et al., 2022).

Given some in-distribution seed examples, augmentation techniques attempt to generate data
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Yeah, I grew up there.

Have you ever been to
Ithaca?

Yeah, I lived there for a long
time. Go in the summer:
swimming in waterfalls!

It's gorge-ous. Sorry, had to
do it.

Ha.

I have always meant to visit
Ithaca, I hear it is a pretty
cool town.

Speaker 1

Speaker 2

Speaker 3

Speaker 1

Speaker 2

Speaker 3

Speaker 2 

That's cool. I've always
wanted to visit the UK.

I'm from a small village in
the UK. It's really old and
has a lot of history. Speaker 1

Speaker 2

It's a great place to visit.
Speaker 1

What's the best thing about
your hometown? Speaker 2

Is your city a historical place?
Speaker 1

Not really. 200 years ago, it
was just a small insignificant
village. Speaker 2

How did it grow into such a
large place? Speaker 1

Large deposits of coal were
found nearly and so many
industries located themselves
here. The village quickly
grew into a key industrial
centre. Speaker 2

What's it like?

Speaker 2

It's a really great place to
live. The people are
friendly, the food is great, 
and there's lots to do!

The best thing is that it's so
small. It's really quiet and
peaceful. Speaker 1

Triadic Conversations

Dyadic Conversations

Figure 2.1: Pair of dyadic conversation excerpts about hometowns (upper) and pair of triadic
conversation excerpts about Ithaca, NY (lower). In both pairings, one conversation is synthetically
generated and the other is collected from humans. The top-left is taken from DailyDialog, whereas
the top-right is generated synthetically. The bottom-left is generated synthetically and the bottom-
right is taken from MPC.

that are faithful to some task distribution (Kim, Jeong, and Cho, 2021). Albeit powerful, one

caveat common to all augmentation techniques is that the quality of synthetic data heavily relies

on seed examples. But, what if crowdworkers do not possess the necessary background or skill set

to complete a task en masse? How can we still get adequate high-quality synthetic data to learn a

task?

In this work, we explore a novel application of Prompting LAnguage models for social

ConvErsation Synthesis (PLACES). Synthesizing conversational datasets allows for the construc-

tion of training instances in nonexistent tasks. We specifically conduct open-domain,

topic-conditioned conversation generation using few-shot in-context learning with expert-written

9



R
an

do
m

 In
-C

on
te

xt
 E

xa
m

pl
es

Ta
rg

et
 

R
ec

ip
e

<Conversation 0> 
The following is a conversation between Alice and
Bob about relationships. Bob recently got engaged.
Alice: Congrats on your engagement! When do you
think you will have your wedding?
Bob: Thank you!! We're thinking of having it in
November.
Alice: That's amazing! Will you pick a fancy
destination?
...

<Conversation 2>

<Conversation 3> 
The following is a conversation between Alice and
Bob about pets. Alice likes cats but Bob likes dogs.

Result: 
Alice: What kind of pet do you have? 
Bob: I have a dog. Her name is Hope. 
Alice: Are you an animal person? 
Bob: I do love animals. I think they're so
special. 
Alice: I just adopted a kitten from a shelter.
Her name is Mimi. 
Bob: Aww, I hope she's doing well. You must
be a really good pet parent.
Alice: Thanks! I just wanted to do what I
could to make sure she was safe. 
Bob: That's the greatest thing anyone can do
for a pet. Well, I should probably go now. 
Alice: OK! Have a good night.

Topic: Relationships  
Background info: Bob got engaged

Topic: Pets  
Background info: Alice likes cats. Bob like dogs.

R
ecipe

Figure 2.2: Example of the components of a prompt (left) used by OPT 30B to generate a synthetic
conversation about pets (right). Conversations in the prompt are prefixed by recipes. Blue text:
topic labels. Red text: seed background information metadata.

synthetic conversations. We conjecture that expert end-users know exactly the types of conver-

sations that they need. Rather than using existing datasets, they can simply write a small set of

high quality conversation examples according to the structure of their desired conversational out-

puts. We reason that given structure through high-quality in-context demonstrations, large LLMs

are able to utilize their expansive pre-training data (e.g. (Gao et al., 2020)) to synthesize realistic

social conversations, implicitly creating personalities and backgrounds for hypothetical speakers.

The process of conversation writing would otherwise require human creativity and effort.

Our work makes four core contributions: (1) PLACES involves synthesizing an entire con-

versational dataset from a few targeted expert-written examples. These conversations match the

quality of two widely adopted social dialogue datasets, DailyDialog (Li et al., 2017b) and Topical

Chat (Gopalakrishnan et al., 2019), in terms of human evaluation and automatic metrics. (2) We

demonstrate that our synthetic conversations can be used as a fine-tuning dataset which matches

the performance of its human-curated counterparts as measured by an interactive human evaluation

and automatic metrics. (3) We apply PLACES to synthesize data for an under-studied subfield of
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dialogue research: multi-party conversations. We evaluate a set of synthetic triadic conversations

in comparison to two human-collected multi-party conversational datasets (Shaikh et al., 2010;

Poria et al., 2019). To our knowledge, our work is the first to synthesize multi-party conversations,

adding to the still-growing body of work on multi-party social dialogue. (4) Lastly, we conduct an

error analysis on both dyadic and triadic synthetic conversations. We discuss the implications of

our findings, as well as potential solutions to address the generation “errors.”

2.2 Related Work

Recently, the zero- and few-shot learning capabilities of large pre-trained language models

have overtaken state-of-the-art performance on many classical natural language processing tasks,

including dialogue (Brown et al., 2020; Chen, Qian, and Yu, 2023). Many LLMs such as T5 (Raffel

et al., 2020), GPT-J (Wang and Komatsuzaki, 2021), GPT-3 (Brown et al., 2020), and OPT (Zhang

et al., 2022c) have become the backbone of several dialogue-specific models (e.g., (Peng et al.,

2022; Madotto et al., 2021; Shuster et al., 2022)).

In particular, in-context learning, where few-shot examples are provided in the input prompt of

a LLM, has been found to provide valuable information in guiding generation output (Min et al.,

2022; Brown et al., 2020; Min et al., 2021; Lu et al., 2021b). As a result, many recent efforts

in prompting LLMs have sought to augment various natural language processing datasets (Chen

et al., 2022b; Wang et al., 2022; Sahu et al., 2022; Mehri, Altun, and Eskenazi, 2022; Rosenbaum

et al., 2022a). Prompting has become a viable “solution” for augmentation in dialogue tasks,

which have traditionally been considered challenging due to the difficulty of augmenting dialogue

context (Chen et al., 2022b).

However, prompt-based augmentation strategies are uncontrolled forms of generation, which

may result in generation mistakes for labeled datasets (Sahu et al., 2022; Chen et al., 2022b;

Meng et al., 2022). In contrast, other recent studies have instead proposed language augmentation

strategies that use complex, highly-controlled frameworks that often involve fine-tuning generators

(Papangelis et al., 2021; Zhang et al., 2020c; Kulhánek et al., 2021; Zhang et al., 2020b; Qian,
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Wei, and Yu, 2021). Such complex augmentation frameworks require larger amounts of seed

data to maintain a ground-truth language distribution (Rosenbaum et al., 2022b; Kim, Jeong, and

Cho, 2021), and are more costly than prompting LLMs (Chen et al., 2022b). However, in the

context of dataset synthesis, seed data and label correctness are less important considerations.

There is no task distribution from which seed data is drawn that LLMs must remain faithful to, and

similarly, invariant ground-truth knowledge for language models is dependent on the desired task

being synthesized.

Our work differs from existing applications of prompting for conversations along several di-

mensions. Many studies examine utterance-level generation (Chen et al., 2022b; Sahu et al., 2022;

Aher, Arriaga, and Kalai, 2022; Rosenbaum et al., 2022b), whereas our work concerns the syn-

thesis of full conversations. (Bae et al., 2022a) generated conversations for a narrow task and

provided evaluations between their synthesis conditions. Recent concurrent work by (Kim et al.,

2022) sought to distill conversations from InstructGPT 175B using a commonsense knowledge

graph. In our work, we synthesize conversations using an open-source LLM and demonstrate that

they are comparable to human-collected datasets, in terms of both conversation quality and usabil-

ity as a dataset. Moreover, all of these studies only concern dyadic conversations, because the vast

majority of conversational tasks are dyadic. Our work is the first study to synthesize multi-party

conversations.

2.3 Conversation Generation

In this section, we discuss our methods for conversation generation. We first detail the con-

struction of our example conversations, then describe their application to prompting LLMs.

2.3.1 Writing Conversation Examples

We simply wrote a pool of ten conversations between two speakers representing everyday dia-

logue using proper grammar. Along with each conversation, we wrote a brief conversation “recipe”

which includes a topic and background information for the two speakers. The background infor-
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Source Words/Turn Turns/Conv.

DailyDialog 11.58 7.84
Topical Chat 13.38 21.83

HW Examples 11.00 8.10
Synthetic 10.70 9.29

Table 2.1: Number of words per turn and number of turns per conversation for all conversations.
HW Examples represents the ten handwritten conversation examples, and Synthetic represents
synthetic conversations generated using OPT 30B.

mation represents some more fine-grained information about the two speakers, relevant to that

particular topic. For example, Figure 2.2 depicts an example prompt with three in-context con-

versation demonstrations. Each conversation is prefixed by a recipe and is structured in the same

manner: “The following is a conversation between Alice and Bob about topic” (e.g., “pets”) fol-

lowed by detailed background information (e.g., “Alice love cats. Bob is more of a dog person.”).

2.3.2 Creating Conversations via Prompting

Each prompt consists of three randomly sampled conversations from the aforementioned pool,

along with their accompanying recipe. After experimenting with LLMs of three different sizes

(GPT-J 6B, GPT-NeoX 20B, OPT 30B), we primarily use OPT-30B and generate with nucleus

sampling with 𝑝 = 0.92. Inspired by the format of DailyDialog, our handwritten and synthetically

generated conversations fall into three categories: start-to-finish conversations, excerpts from the

start to the middle of a conversation, and excerpts from the middle of a conversation. Several

examples are given in Appendix A.

In this paper, we generate a dataset using a list of topics and tasks (i.e., subtopics) from the

training set of the Feedback for Interactive Talk & Search Dataset (FITS; (Xu et al., 2022)), a

human-chatbot dataset designed to determine desirable human-chatbot tasks/conversations. FITS

contains 5592 conversations which span 52 conversational topics (e.g., “nutrition,” “philosophy”)

with 315 subtopics (e.g., “Italian food,” “Soren Kierkegaard”). We wrote background information

for each of the 315 subtopics in the form given in Figure 2.2.

Using the product of this process once results in a new synthetic dataset with 5592 conversa-
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Figure 2.3: Distinct-N with 𝑁 = 2, 3, 4 for conversations in DailyDialog, Topical Chat, and our
synthetic conversations. Our synthetic conversations have the highest most unique bi-grams and
tri-grams, and the second-most unique 4-grams.

tions using the same topic, subtopic pairings from FITS. The average length of each conversation

is 9.29 turns, with 12.84 words per turn. This is comparable to the dataset statistics of DailyDialog

and Topical Chat, as per Table 2.1. In Appendix A, we have included the 315 prompt headers

(Tables A9, A10) and the pool of in-context examples (Tables A11, A12, A13).

2.4 Human Evaluation Setup

Our human evaluation studies on Amazon Mechanical Turk are evaluated conducted with 28

pre-qualified crowdworkers, who have previously demonstrated proficiency with natural language

processing tasks.

2.4.1 Static Conversation Evaluation

The crowdworkers were asked to rate conversations from multiple sources according to the

following dimensions and instructions.

• How natural is the overall conversation?

Scale: 1 (completely unnatural) to 5 (as natural as two native English speakers)

• How coherent is the overall conversation?
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Scale: 1 (completely incoherent) to 5 (as coherent as two native English speakers)

• How interesting is the overall conversation?

Scale: 1 (generic and dull) to 5 (full of content and very engaging)

• How consistent are each of the speakers’ turns?

Scale: 1 (completely inconsistent) to 5 (no logical fallacies)

• Does the conversation match the stated topic?

Options: Yes (1) or No (0)

Each conversation is rated by three crowdworkers, and the median score is selected, following

the idea of a majority vote. For multi-party conversations, crowdworkers were asked two additional

questions regarding comprehensibility and engagement balance:

• Can you tell which speaker is speaking to which?

Scale: 1 (completely incomprehensible) to 5 (perfectly comprehensible)

• Is each speaker engaged, or is the conversation primarily dominated by one or two of the

speakers?

Scale: 1 (totally dominated by one or two speakers) to 5 (all speakers are actively participat-

ing in the conversation to an equal degree)

2.4.2 Interactive Conversation Evaluation

For each HIT of the interactive evaluation study, each crowdworker was presented with links to

chatbots presented in a randomized order. The link connects each crowdworker to a deployment on

an instance of LegoEval (Li et al., 2021). The users are presented with a landing page where they

are told that they are interacting with a chatbot, and will be asked to evaluate their conversation

experience.

Immediately after interacting with a chatbot, each crowdworker was presented with a survey

asking for their impression of the chatbot. In addition to the above dimensions (other than on-
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topic), the crowdworkers were asked how engaging, intelligent, and non-repetitive they thought

the chatbot was.

2.5 Human Evaluation Setup

Our human evaluation studies on Amazon Mechanical Turk are evaluated conducted with 28

pre-qualified crowdworkers, who have previously demonstrated proficiency with natural language

processing tasks.

Conversation Evaluation

The crowdworkers were asked to rate conversations from multiple sources according to the

following dimensions and instructions.

• How natural is the overall conversation?

Scale: 1 (completely unnatural) to 5 (as natural as two native English speakers)

• How coherent is the overall conversation?

Scale: 1 (completely incoherent) to 5 (as coherent as two native English speakers)

• How interesting is the overall conversation?

Scale: 1 (generic and dull) to 5 (full of content and very engaging)

• How consistent are each of the speakers’ turns?

Scale: 1 (completely inconsistent) to 5 (no logical fallacies)

• Does the conversation match the stated topic?

Options: Yes (1) or No (0)

Each conversation is rated by three crowdworkers, and the median score is selected, following

the idea of a majority vote.

For multi-party conversations, crowdworkers were asked two additional questions regarding

comprehensibility and engagement balance.
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• Can you tell which speaker is speaking to which?

Scale: 1 (completely incomprehensible) to 5 (perfectly comprehensible)

• Is each speaker engaged, or is the conversation primarily dominated by one or two of the

speakers?

Scale: 1 (totally dominated by one or two speakers) to 5 (all speakers are actively participat-

ing in the conversation to an equal degree)

2.5.1 Interactive Evaluation

For each HIT of the interactive evaluation study, each crowdworker was presented with links to

chatbots presented in a randomized order. The link connects each crowdworker to a deployment on

an instance of LegoEval (Li et al., 2021). The users are presented with a landing page where they

are told that they are interacting with a chatbot, and will be asked to evaluate their conversation

experience.

Immediately after interacting with a chatbot, each crowdworker was presented with a survey

asking for their impression of the chatbot. In addition to the above dimensions (other than on-

topic), the crowdworkers were asked how engaging, intelligent, and non-repetitive they thought

the chatbot was.

2.6 Synthetic Conversation Evaluation Experiments

2.6.1 Evaluation of Conversation Quality

Table 2.2 provides a crowdworker evaluation of our synthetic dataset compared against Dai-

lyDialog and Topical Chat. We expect Topical Chat to be rated as the most interesting, due to

the knowledge-grounding process utilized during the dialogue collection process. We randomly

sampled 200 conversations for each conversation source and asked a pre-qualified pool of 28

crowdworkers on Amazon Mechanical Turk (AMT) to rate each conversation. The instructions

and details of our human evaluation setup are following the setup explained in Section 2.5.
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Source Interesting Coherent Natural Consistent

Human-Collected
DailyDialog 3.44 4.51 4.85 4.57
Topical Chat 4.55 4.39 4.92 4.87

PLACES
GPT-J 6B 3.96∗ 4.49 4.86 4.36
GPT-NeoX 20B 3.81∗ 4.40 4.63 4.35
OPT 30B 4.13∗ 4.61∗† 4.82 4.63

Table 2.2: Evaluation of conversations randomly sampled from DailyDialog, Topical Chat, and
three synthetic datasets generated by prompting GPT-J 6B, GPT-NeoX 20B, and OPT 30B. ∗ in-
dicates statistical significance over DailyDialog. † indicates statistical significance over Topical
Chat. Significance computed at 𝛼 = 0.05.

As these conversations are generated using prompting, we first checked whether each conversa-

tion followed the prescribed prompt. Crowdworkers identified 95% of the conversations generated

by OPT 30B as matching the topic stated in the prompt1, indicating this prompting strategy’s ef-

fectiveness for topic-grounded conversation generation. Overall, Table 2.2 indicates that synthetic

conversations generated by OPT 30B are rated as the most coherent, and more interesting and con-

sistent than DailyDialog. The synthetic conversations are almost as natural as DailyDialog, but

are rated as less interesting and natural than Topical Chat. Given our results, we also hypothesize

that larger models likely produce higher quality conversations. We provide several examples of

conversations generated by OPT 175B using an online web interface2 in Appendix A.

A concern one might have is that since in-context examples heavily influence prompting (Min

et al., 2022; Lu et al., 2021b), our small in-context example size may limit the lexical diversity of

our synthetic conversations. Following earlier work evaluating text generation, we use Distinct-N

to measure lexical diversity (Wu, Li, and Yu, 2021; Li et al., 2016). Figure 2.3 shows that our

synthetically generated conversations are slightly more diverse than both DailyDialog and Topical

Chat in terms of distinct bigrams and trigrams, and slightly less diverse than Topical Chat in terms

of 4-grams.

We then sought to examine the impact of using expert handwritten examples by comparing

191% and 92% for GPT-J 6B and GPT-NeoX 20B.
2https://opt.alpa.ai/
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Dimension DD-IC TC-IC HW-IC

Interesting 3.82 4.35 4.27∗

Coherent 4.48 4.56 4.77∗+
Natural 4.54 4.69 4.69∗
Consistent 4.76 4.87 4.86∗

On-Topic 0.91 0.88 0.96∗+

Table 2.3: Human evaluation of conversations generated using OPT-30B with in-context examples
randomly sampled from DailyDialog (DD-IC), Topical Chat (TC-IC), and handwritten examples
(HW-IC). ∗ indicates statistical significance over DD-IC and + indicates statistical significance over
TC-IC.

against synthetic conversations generated using conversations from DailyDialog and Topical Chat

as in-context examples. We set the number of conversation examples such that the number of

in-context dialogue turns are approximately equal across all conditions. Table 2.3 shows that

synthetic conversations generated conditioned on handwritten in-context examples are the most

coherent, natural, and on-topic. In terms of interestingness and consistency, the ratings of these

conversations slightly trail the ratings of the conversations generated conditioned on Topical Chat.

2.6.2 Fine-Tuning with Synthetic Conversations

After establishing that our synthetic conversations are of rather high quality on their own,

we attempted to use the synthetic dataset as training data for dialogue models. We fine-tuned

distilled BlenderBot 400M (Roller et al., 2021) on DailyDialog, Topical Chat, and our synthetic

conversations3.

Rather than directly prompting OPT as a response generator, we select BlenderBot as a lightweight,

effective dialogue model. This allows for comparisons between the three data sources as training

sets, because fine-tuning OPT is prohibitively expensive. Moreover, while prompting with larger

LLMs can yield coherent responses, it is generally impractical as an end-to-end dialogue system if

hosted on typically available hardware. For long inputs (e.g. with multiple dialogues in-context),

generation time typically takes several minutes using OPT 30B4.

3For fair comparison, we fine-tune on the same numebr of training instances via downsampling.
4All experiments are conducted using one p3dn.24xlarge AWS EC2 instance.
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Dimension DD TC PLACES

Interesting 3.35 3.86 3.30
Coherent 3.52 3.71 3.68
Natural 3.52 3.57 3.68
Consistent 3.35 3.65 3.32
Engaging 3.73 3.88 3.65
Intelligent 3.41 3.55 3.24
Non-repetitive 3.37 3.37 3.40

Table 2.4: Interactive human evaluation yields comparable ratings for chatbots fine-tuned on con-
versations from DailyDialog (DD), Topical Chat (TC), and our Synthetic Data (Syn).

We first performed an interactive human evaluation of the three dialogue models as end-to-end

social chatbots using the LegoEval platform (Li et al., 2021). Details on the interactive evaluation

are explained in Section 2.5.

Table 2.4 shows that dialogue models fine-tuned on our synthetic conversations are rated com-

parably to dialogue models fine-tuned on real human-human data — the chatbot fine-tuned on

synthetic data appeared to be the most natural and non-repetitive, and was rated as the second-

most coherent. It was rated as the least intelligent, engaging, consistent, and interesting. However,

two-sided t-tests at 𝛼 = 0.05 revealed that there was not a statistically significant difference in

ratings between the models fine-tuned on all three datasets across all dimensions except for inter-

estingness. The Topical Chat model was rated as significantly more interesting, as expected.

In terms of automatic evaluation, we applied these dialogue models on out-of-distribution test

sets to prevent an unfair comparison. We evaluated models fine-tuned on DailyDialog and our

synthetic data on Topical Chat, and models fine-tuned on Topical Chat and our synthetic data on

DailyDialog. Table 2.5 indicates that in terms of perplexity and ROUGE, models fine-tuned on our

synthetic data generalize to out-of-distribution convesational data as well as models trained on real

human-human datasets. On the DailyDialog test set, the synthetic dataset model outperforms the

Topical Chat model on all metrics except ROUGE-2, and on the Topical Chat test set, the synthetic

dataset model underperforms the DailyDialog model on all metrics except perplexity.
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Metric (Test Set) DD-BB TC-BB Syn-BB

Perplexity (DD) — 120.2 87.05
ROUGE-1 (DD) — 12.34 12.90
ROUGE-2 (DD) — 1.66 1.52
ROUGE-L (DD) — 10.60 10.94

Perplexity (TC) 43.3 — 37.1
ROUGE-1 (TC) 16.63 — 15.13
ROUGE-2 (TC) 2.36 — 1.77
ROUGE-L (TC) 13.61 — 12.41

Table 2.5: Out-of-distribution automatic evaluation of perplexity and ROUGE is comparable for
BlenderBot fine-tuned on DailyDialog (DD-BB), Topical Chat (TC-BB), and synthetic data gen-
erated using our handwritten examples in-context (Syn-BB), respectively.

2.6.3 Triadic and Multi-Party Conversations

The vast majority of dialogue tasks and conversational datasets focus on dyadic conversations

(e.g. (Li et al., 2017b; Gopalakrishnan et al., 2019; Smith et al., 2020; Rashkin et al., 2019)),

following the traditional speaker-listener paradigm (Engelhardt, Bailey, and Ferreira, 2006). In

contrast, the literature on multi-party social conversation is rather scarce, not only in terms of

conversation generation but as a task altogether. However, while it is an understudied research

area, it is incredibly important, because dyadic conversations do not capture the full reality of in-

person, human-human social conversations, nor the full potential of dialogue agents. To name a few

applications, dialogue agents have the potential to supplement classroom learning with multiple

parties, serving as a third mediating party in a debate or discussion between two people, or to

provide companionship and support in virtual group settings. A major reason why these lines of

work remain unsolved is that there are few large-scale multi-party dialogue datasets.

Many existing multi-party datasets are scripted corpora such as MELD (Poria et al., 2019) or

MPDD (Chen, Huang, and Chen, 2020) or HLA-Chat (Ju et al., 2022; Li et al., 2020a). Other

multi-party corpora are collected for highly domain-specific purposes, such as multi-party empa-

thetic dialogue (Zhu et al., 2022). Such corpora are also typically collected through asynchronous

online platforms, rather than natural conversation. These platforms exist in the form of forums and

online chat platforms such as Ubuntu IRC (Lowe et al., 2015) or Reddit (Baumgartner et al., 2020).
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Figure 2.4: Linguistic diveristy (Distinct-N) is comparable for each speaker in the synthetic triadic
conversation dataset.

Other more natural multi-party conversational datasets are license-protected speech datasets (e.g.

CHIME; Christensen et al. (2010)) which have been constructed for tasks such as speaker attribu-

tion.

We find that we can apply our prompting approach to generate synthetic, open-domain, multi-

party social conversations following the same structure as our synthetic dyadic conversations5.

As in the dyadic case, we generate triadic conversations using optional background information

for each speaker. We consider the “Multi-Party Chat” corpus (MPC) (Shaikh et al., 2010), a

text-based, open-domain conversation dataset collected in real-time online sessions at the Uni-

versity of Albany, and MELD, which contains scripted multi-party dialogues from the popular

sitcom “Friends.” We directly compare our synthetically generated conversations against MPC

and MELD.

Table 2.6 includes our evaluation of our conversations using the same pool of pre-qualified

AMT workers, again with 200 randomly sampled conversations. MPC consists of massive conver-

sation settings — on the scale of 500 turns for a typical conversation session — so we randomly

sample 8 to 126 continuous turns for each conversation evaluation to more closely match the struc-

5While we effectively use Alice, Bob, and Claire instead of Speaker 1, Speaker 2, and Speaker 3, respectively, the
order of speakers does not necessarily follow the speaker order in the in-context examples (e.g. Appendix Table A4).

6The length between 8 and 12 turns is chosen uniformly.
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ture of our synthetic conversations.7 We present examples of MPC and MELD in Appendix Ta-

bles A8, A7.

We inform the AMT workers that they will read conversation excerpts. In addition to the evalu-

ation criteria for dyadic questions previously shown in Table 2.2 (e.g. “Interesting” or “Coherent”),

we add two questions to evaluate criteria specific to multi-party conversations. We ask if the con-

versation excerpt looks comprehensible (in terms of the reader being able to determine who each

speaker is addressing), and we ask if all parties of the conversation are participating equally and

actively.

In Table 2.6, we find that the synthetic conversations are rated statistically significantly more

favorably than MPC and MELD across all dimensions. Beyond conversation quality, it is possible

that the ratings for MPC are comparatively low due to the fact that each conversation typically has

more than three speakers, which may be more difficult for human raters to interpret. Our results

for MELD also indicate that while the corpus is high quality, it may be better fit for comedy and

accompaniment with visual context, than as pure dialogue.

Additionally, we checked the linguistic diversity for each speaker. In terms of Distinct-N,

each speaker’s lexical diversity is comparable (Figure 2.4) as well as the number of words per

turn (12.2, 12.2, and 13.5 for Speakers 1, 2, and 3 respectively). The triadic conversations tended

to be slightly longer than the average dyadic conversation (11.5 turns/conversation versus 9.29

turns/conversation).

2.7 Discussion

Overall, we find that prompting LLMs to generate synthetic conversations is promising.

2.7.1 Considerations for Dyadic Dialogue

The synthetically generated conversations appear comparable to conversations from human-

collected datasets. The individual conversations appear interesting, coherent, natural, and con-

7We sample rather than selecting the first 8-12 turns, to avoid overrepresenting greetings.
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Dimension MPC MELD Syn

Interesting 2.48 3.52 4.14∗
Coherent 2.40 3.68 4.65∗
Natural 2.69 3.69 4.47∗
Consistent 2.96 3.83 4.65∗
Comprehensible 2.48 3.83 4.80∗
Balanced Engagement 3.45 4.00 4.89∗

Table 2.6: Synthetic conversations generated using OPT 30B are rated significantly higher than
MPC and MELD across all dimensions.

sistent, as the average ratings for each category lie between 4.0 and 5.0. Appendix A includes

multiple examples of conversations generated using the strongest performing LLM (OPT 30B, e.g.

Table A1) as well as several conversations generated using OPT 175B (e.g. Table A2). Tables 2.4

and 2.5 also indicate that fine-tuning on synthetically generated examples can result in dialogue

models of comparable quality, with the potential for further improvements by simply generating

more synthetic conversations.

Future work may consider applying applying this generation approach to dyadic contexts be-

yond social conversations, such as task-oriented dialogue. The clearest difference between social

and task-oriented dialogue contexts is the importance of knowledge grounding. In task-oriented

dialogue, there typically needs to be retrieval from knowledge base for response generation. An

application of PLACES could involve using database results as a ground-truth reference. Rather

than using a topic list like FITS, one could form conversational recipes using database search re-

sults as background information. Given the apparent semantic control described in Section 2.6, it

is possible that synthetic task-oriented conversations would be able to correctly utilize knowledge.

2.7.2 Considerations for Multi-Party Dialogue

We found that in comparison to MPC, our synthetic triadic dialogues appear to be of fairly

high quality. However, there remain several open questions about multi-party dialogue, even in the

triadic case. For instance, there is not a set archetype of conversations. Sometimes, conversations

may be dominated by a single speaker, whereas in others, each speaker in the conversation may
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contribute equally. Depending on the scenario, a speaker may be the facilitator — meetings can

be considered (topic-specific) multi-party dialogues which are typically led by designated speak-

ers. In this study, we have not investigated different archetypes of multi-party conversations; the

seed examples used for data generation reflect social environments in which there is not a desig-

nated primary speaker. We leave large-scale generation following varying multi-party conversation

archetypes to future work.

Moreover, there are several questions about how to utilize multi-party dialogues in an interac-

tive dialogue system. There are use cases where it may be appropriate for one dialogue system

to interact with multiple users. On the other hand, in scenarios like emotional support dialogue

systems, it may make sense for a single user to interact with multiple simulated conversational

parties.

Here, we investigated our approach’s potential to generate synthetic multi-party conversations,

hoping to bridge the gap in data availability in multi-party chat. This opens opportunities for a

variety of applications. Synthetic datasets could be used to help discover how to properly model

triadic and multi-party conversations. In the future, datasets could also be generated for domain-

specific, multi-party applications ranging from language learning to task-oriented spoken dialogue

systems.

2.8 Error Analysis

We examine the dyadic and triadic conversations which received low scores (1/5) across mul-

tiple dimensions.

2.8.1 Dyadic Conversations

Out of the 200 evaluated dyadic conversations, two conversations were rated as generic and

dull. One conversation (Table 2.7) talks about the singer, Taylor Swift. However, the conversation

is repetitive, repeating utterances such as “What are your thoughts on her?” and “I think she is

very nice.” The other conversation is about the filmmaker, Ken Burns (Table 2.8). While the
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Party Utterance
Alice Hi! So how are things with you?
Bob Things are going well. Do you know who Taylor Swift is?
Alice Yes, I think I have heard of her.
Bob She is a popular singer! Did you know that she has donated $250,000 to the LGBT+

community in Tennessee?
Alice $250,000? That’s such a generous donation! She’s really selfless.
Bob What do you think of her?
Alice She is really talented! I really love listening to her music. What are your thoughts on

her?
Bob I think she is very nice. She seems like a good person.
Alice Yeah, I think she is a really nice person. I also really love her music! It’s really catchy

and it really makes me feel good. What are your thoughts on her?
Bob I think she is very nice. I would really like to meet her.
Alice You and me both! It would be so exciting!

Table 2.7: Synthetic conversation generated by OPT 30B which was rated as “generic and dull.”
While the LLM appears to have drawn on information from an actual event (Taylor Swift did
donate $113,000 to support an LGBTQ advocacy group in Tennessee), the conversation appears
to get stuck around the question “What are your thoughts on her?” which results in deteriorating
conversation quality towards the end.

Party Utterance
Alice Ken Burns is the best! His documentary series on the Vietnam War was excellent.

What do you think of him?
Bob He’s pretty cool. I haven’t seen that documentary series, but I’ve heard good things.
Alice The Vietnam War is a really interesting topic. Have you ever watched Ken Burns’

other documentary series?
Bob I don’t think so, but I’ve seen the Civil War documentary.
Alice Oh, I’ve seen that one. It was very good too. Did you see the one on World War II?
Bob Nope. That sounds cool though.
Alice I liked it. It was interesting to learn how different people perceived the same event in

history.

Table 2.8: Synthetic conversation generated by OPT 30B which was rated as “generic and dull.”
The conversation appears to be coherent and is rooted in factually correct information. However,
the language is fairly ordinary, which may have been subjectively considered uninteresting.
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Party Utterance
Alice Do you make cheese at home? I’m trying to learn to make cheese.
Bob That sounds like a lot of work! What type of cheese do you want to make?
Alice Cheddar. I’ve already tried it a few times, but the results aren’t as good as I’d like.
Bob My wife and I love to eat Cheddar. It has a really great flavor.
Alice How did you learn to make cheese?
Bob My wife taught me.
Alice That’s awesome!

Table 2.9: Synthetic conversation generated by OPT 30B which was rated as completely inconsis-
tent. Initially, “Alice” is trying to learn to make cheese, but then it becomes ambiguous by their
next turn whether they already know how to make cheese.

Party Utterance
Alice Ha ha, thanks for stopping by. It was really fun meeting you!
Bob Thank you too!
Alice Oh, I forgot to tell you - my dad has cancer. I feel awful.
Bob I’m sorry. That’s awful. My grandmother died of cancer when I was a kid. I remember

her fondly.
Alice What was her name?
Bob Oh, that was too long ago to remember. She was named John.
Alice Sorry to hear that. I’m very sorry for your loss.
Bob Hey - I heard the Giants are playing tonight. Is it ok if I watch the game instead of

having more conversation?
Alice Sure! I’m going to make some dinner.

Table 2.10: Synthetic conversation generated by OPT 30B which was rated as completely inco-
herent. The prescribed subtopic was “cotton candy” but the conversation pivoted to a much more
sensitive topic, cancer.
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conversation is appears coherent and uses correct factual information (e.g., making reference to

Ken Burns’ documentaries on World War II and the Vietnam War), the language could be perceived

as dull.

Three conversations were rated as completely unnatural. In one case, the LLM missed the

prescribed subtopic (cotton candy) and instead hallucinated a conversation about a sensitive topic,

cancer (Table 2.10). This is also the only conversation to be rated as completely incoherent. The

other two conversations are both on-topic. However, one conversation is on-topic but rather short

(five turns), whereas the other conversation is overly verbose and a little repetitive.

There were also three conversations were evaluated as completely inconsistent. In all three

conversations, the roles of the two speakers seemingly swap. While these hypothetical turns are

possible in excerpts of real conversations, they assume background information or events which

have not been explicitly established when considered as standalone conversations. An example is

given in Table 2.9.

While some of the evaluations may be subjective, an issue that has objectively appeared multi-

ple times is the consistency of speakers’ utterances. The intents and personas of the speakers appear

to get switched, which is also an open problem in dialogue systems research. Future work may look

to combine conversation synthesis approaches with strategies for dialogue consistency such as the

generate-delete-rewrite framework (Song et al., 2020a) or language inference approaches (Welleck

et al., 2019; Song et al., 2020b).

2.8.2 Triadic Conversations

No conversations were perceived as completely incomprehensible, but human evaluators indi-

cated that two conversations appeared to have imbalanced engagement — in both cases, the third

speaker (“Claire”) only has one dialogue turn. As discussed in Section 2.7.2, however, it is not

clear whether this is a drawback. Real-life triadic conversations do not follow a set archetype in

terms of engagement balance.

There was one conversation which was rated as completely incoherent. In the conversation,
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Party Utterance
Alice Hi there! I just went on a road trip around California. It was great!
Claire Cool, do you go on road trips often?
Alice No, I don’t travel too often. I actually haven’t been out of the country. It would be cool

to go to Paris one day.
Claire Haha, nice! I’d love to visit Paris too. What’s the furthest you’ve ever traveled?
Alice I went to Spain with my family last summer!
Bob Wow, that’s really cool! I’ve never been out of the country either.
Claire You should definitely go to Paris! What do you like to do for fun?
Bob Well, I like to read sci-fi books, and I love to play board games.
Alice Do you have a favorite board game?
Bob My favorite game is Settlers of Catan. My friends and I play it all the time.
Claire Haha, I love Settlers of Catan! My family and I play it all the time too.
Alice That’s funny, I love it too. I’m in a Facebook group for it.

Table 2.11: Synthetic triadic conversation generated by OPT 30B which was rated as completely
incoherent. First, “Alice” mentions they went on a road trip around California, then they mention
that they haven’t been out of the country. This implies that “Alice” is located in the United States.
But then Alice mentions having traveled to Spain. The conversation also randomly shifts from
discussing travel plans to discussing board games and other hobbies with an awkwardly placed
transition on “Claire’s” third turn.

Party Utterance
Alice Hello! How’s your garden doing?
Claire It’s doing great! I have a young garden, so I’m still waiting for it to develop.
Alice I can’t wait to get home and check on mine! What are you growing?
Claire I’m growing tomatoes, strawberries, watermelon, and sunflowers!
Alice That sounds really nice! Do you have a garden somewhere else too?
Claire No, this is my first garden!
Alice Oh, I’m jealous! I would love to have my own garden someday.
Bob I bet you would! I bet you would have a green thumb too.
Alice Maybe! Maybe I will try starting a garden next year!

Table 2.12: Synthetic triadic conversation generated by OPT 30B which was rated as completely
unnatural. The conversation appears to be coherent, but the speakers appear to be very enthusiastic.
It could be argued that the speakers are overly unenthusiastic to an unnatural degree.
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Party Utterance
Alice You know, I think the EU is just a big conspiracy.
Bob Conspiracy?
Alice Yes, the European Union wants to take over all of the land from its original owners.
Bob What do you mean?
Alice I’m sure that’s what they would tell you. But the truth is they’re enslaving the people

to gain control over resources.
Claire It sounds a bit extreme. How do you feel about EU leaders?
Bob I don’t like them.
Alice They’re not very nice, I agree.
Bob I’m kind of scared to go to EU countries and I feel like I don’t even have any power.
Alice Oh, but we do! They won’t take away the land of the original owners, because that’s

just not going to happen!
Bob I’m still afraid.
Claire Hm. That sounds like a pretty horrible situation you’re in.
Alice It is! And I don’t know what to do.
Bob Well, it sounds like we all have a lot to learn. I don’t know what we should do, but I

think there are lots of options out there.
Alice It’s nice that you have an open mind about this! I really do think people should learn

more about the EU and what’s going on.

Table 2.13: Synthetic triadic conversation generated by OPT 30B which was rated as generic and
dull. “Alice” begins a long debate on whether the EU is a “conspiracy” without making a lot of
conversational progress.

there is one dialogue turn which presents information inconsistent with prior turns, but the another

issue appears to be an oddly placed transition which brings the conversation from travel to hobbies:

“You should definitely go to Paris! What do you like to do for fun?” (Table 2.11).

There are two conversations which were perceived as completely unnatural. However, natural-

ness appears to be a rather subjective evaluation. One conversation is given in Table 2.12, and it is

debatable whether the language conventions used are unnatural. One could argue that it is overly

enthusiastic, but others could argue that it is how some people speak colloquially. Interestingly,

the second conversation which received a low naturalness score is also enthusiastic and about the

same topic (gardening).

The only conversation which was rated as generic and dull was a 15-turn debate about whether

the European Union is a “conspiracy” (Table 2.13). The debate is rather shallow and does not make

a lot of progress.

As with the dyadic conversation error analysis, we see that there are issues with persona con-

sistency. However, unlike the dyadic scenario, there are fewer existing solutions for dialogue con-
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sistency. Multi-party conversation synthesis could potentially be improved by applying ideas from

systems such as PersonaTKG, which employs a unified graph that encodes personas, utterances,

and external knowledge on a scripted dialogue dataset (Ju et al., 2022).

Beyond consistency, in the example from Table 2.13 we see that there is potential for LLMs to

hallucinate misinformation. There are again fewer existing studies on circumventing this obstacle

in multi-party dialogue, but future work could look to incorporating external knowledge (Kang

et al., 2022) or dialogue safety approaches (Kim et al., 2021; Dinan et al., 2019). All said, our

work motivates further study into multi-party dialogue consistency, safety, and synthesis.

2.9 Limitations

2.9.1 Controllability

We witness encouraging levels of control through the prompt (95% of the time, the synthetic

conversation matches the desired topic), but prompting LLMs is still an uncontrolled form of gen-

eration. Future work could seek to add more semantic controls beyond the stated topic in the

prompt or explore using weak supervision to provide post-hoc improvements on synthetic data

quality, similar to (Chen et al., 2022b). In this work, we also did not thoroughly explore the ef-

fects of different generation approaches. Future work may consider applying semantic constraints

during the decoding process (Lu et al., 2021a). Further controls are necessary before using this

approach for higher-stakes settings such as task-oriented dialogue and other knowledge-grounded

tasks.

2.9.2 Cost of Human Effort

While we demonstrate the ability to synthesize large amounts of data, the quality of a syn-

thesized dataset is still dependent on human effort, to an extent. One can use a generic prompt

template such as “Alice is interested in [subtopic]” for each subtopic, but we qualitatively see that

more detailed background information in a prompt often yields better generation performance.

In this work, we generated 5592 dyadic and triadic conversations, matching the number of topic
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combinations in FITS. PLACES can be used to generate many more conversations in the future.

Using the same overall can continue to make new combinations of topic and subtopic, or simply

rerun the generation process as it is nondeterministic. Moreover, one may consider filling the slots

in our conversation recipes using an abundant of external sources, including from existing dataset

annotations (e.g. Persona Chat (Zhang et al., 2018)).

2.9.3 Computational Costs

Once a dataset is synthesized, small, task-specific models can be used downstream. However,

the synthesis method used in this work is still expensive: we prompt LLMs. While we only used

freely accessible LLMs such as OPT, we acknowledge that not everyone has access to the number

of GPUs necessary to load LLMs, even for inference.

2.9.4 Prompt Design

The idea of prompting large language models is not novel. There is a plethora of work that

examines how to apply prompting to a variety of different tasks (e.g. (Brown et al., 2020; Min et al.,

2021)), along with several studies on how to mine or engineer different prompts (Liu et al., 2021a).

In this work, we do not claim novelty to our prompt, nor do we claim that our prompt design

is the optimal prompt for conversation generation. Our prompt is designed in a conversational

manner, drawing inspiration from (Chen et al., 2022b). We instead emphasize the application of

prompting for conversational dataset synthesis. The idea of synthesizing conversational datasets

“from scratch” is previously unexplored, and has potential to supplement a lot of areas of dialogue

research, such as multi-party conversations.

2.9.5 Ethical Considerations

Human Evaluation and Crowdsourcing: We make use of crowdsourcing through Amazon Me-

chanical Turk for several experiments. All crowdworkers were paid at a rate higher than the min-

imum wage in California, where this experiment was conducted. In accordance with California
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State Law, all crowdworkers were also informed they were speaking with chatbots during the

data collection for our interactive evaluation. All participants consented to the logging of their

responses.

Language Model Biases: Large pre-trained language models are typically pre-trained on mas-

sive corpora crawled from the internet such as The Pile (Gao et al., 2020) or Common Crawl.

This allows language models to have exposure to a large amount of linguistic diversity, but this

also results in exposure to a lot of hateful, biased, or otherwise undesirable content from the inter-

net (Luccioni and Viviano, 2021). Future work should examine combining conversation synthesis

with dialogue safety approaches.

Scientific Artifacts: All scientific artifacts are used according to their intended purpose. The

FITS dataset is publicly available at https://parl.ai/projects/fits/. OPT is an open-

source language model. GPT-J is available for use under the MIT license. We use the HuggingFace

Transformers and PyTorch packages for all modeling (Wolf et al., 2020a; Paszke et al., 2019). All

artifacts used are in English.

2.10 Summary

In our work thus far, we have presented several new contributions to address challenges in

conversational modeling resource curation. First and foremost, we propose a new prompt-based

framework to leverage LLMs to synthesize large-scale multi-turn conversational data. Next, we

create a thorough human evaluation schema for conversational data and demonstrate that these

synthetic conversations are comparable in terms of quality and lexical diversity to actual human-

human datasets. We also demonstrate that these synthetic conversations are not only high-quality

when rated as standalone conversations, but are also useful as training data for open-domain dia-

logue models. This opens avenues in generative language work such as collaborative and creative

writing, story generation, as well as synthesis of new conversational tasks. Here, we presented one

example — synthesizing a multi-party conversational dataset. This combined with the finding that
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LLMs exhibit highly effective steerability (Chen et al., 2023a) motivates the further use of LLMs

to synthesize realistic data for difficult, novel tasks which better reflect real-world use cases, such

as conversational code generation.

Given these approaches for curating sufficient conversational data, we can now train coherent

dialogue generation modules. However, an aspect of mixed-initiative interaction which is equally

important to generation is learning how to select different interaction strategies.
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Chapter 3: Explicit Mixed-initiative Action Planning via Prompt-based

Monte-Carlo Tree Search in Multi-turn Conversations

The selection of conversational strategies is non-trivial. One can train a dialogue generation

model to produce contextually coherent text (Shuster et al., 2022), or even to execute individ-

ual strategies (Keskar et al., 2019), but there is not any guarantee that the selected strategy is

optimal — many such works rely on assumptions that there is some optimized selection of con-

versational strategies readily available (Chen et al., 2022a). Action planning is known to be a

difficult task which may often require complex training methods built around reinforcement learn-

ing (RL) (Deng et al., 2024a), but such approaches often rely on sufficient training data which can

be noisy (Chen et al., 2023a). In this chapter, we describe a solution that leverages the impres-

sive zero-shot generation capabilities of modern LLMs with an external control flow to improve

conversational action selection.

3.1 Introduction

In many goal-oriented conversation tasks, interacting parties must retake initiative (Allen,

Guinn, and Horvitz, 1999) by executing conversational strategies to lead the conversation tp a

desired outcome (e.g. successful negotiation (Lewis et al., 2017b) or emotional support (Liu et al.,

2021b)). As such, it is imperative to have high-quality dialogue policy planners that can prescribe

an “optimal” strategy at each turn of the dialogue (Levin, Pieraccini, and Eckert, 1997; Zhang

et al., 2020d; Liu and Lane, 2017; Liu et al., 2018).

Optimal policy planning is a difficult task. While in task-oriented settings (e.g. restaurant

booking) there at least is objectivity with respect to successful planning, many goal-oriented tasks

like persuasion are often subjective. For instance, in a persuasion task, individual persuaders might
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     : If I'm in the right place at the right time or am given an
opportunity. 

     [emotion appeal]: It's wonderful to see people like you who
care so much about helping others! It's important to support
causes that are close to our hearts. Children are ...

Prediction

     : Save the Children is a wonderful charity to donate to.
Would you be interested in donating to the charity?

: Do you ever donate to charities?

prop. donate

emotion appeal

logical appeal
emotion

current
dialogue logical

prop.

task. inquiry

Turn

v.s.

1 MCTS Planning

ChatGPT
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Figure 3.1: Using GDP-ZERO for persuasion with zero model training.

adopt different strategies, making it difficult to train or evaluate a policy planner1. Moreover, “op-

timality” in these complex tasks may require expert domain knowledge (e.g., negotiation skills).

This also makes collecting and annotating high-quality conversations difficult (Chen et al., 2023a).

In this work, we contribute a novel approach to Goal-oriented Dialogue Planning with Zero

training (GDP-ZERO). GDP-ZERO prompts a large language model (LLM) to perform planning

by simulating future dialogue interactions (3.1), making it particularly suitable for tasks which

would otherwise require high-quality conversations and annotations. Unlike previous approaches,

we treat policy planning as a stochastic game, and use prompting for every stage of an open-

loop tree search. We evaluate GDP-ZERO on PersuasionForGood due to its difficult planning

1In our extensive initial experiments to build a policy planner for the PersuasionForGood (Wang et al., 2019)
task, we found 1) training a supervised or reinforcement learning-based multi-class classifier for next-dialogue-act-
prediction yields only 18-25% accuracy at best (including finetuning LLaMA (Touvron et al., 2023), RoBERTa (Liu
et al., 2019), and prompting LLMs such as ChatGPT), and 2) converting the multiclass policy prediction task into a
binary task of whether to “propose to donate” still yields only 74% accuracy.
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task (Wang et al., 2019), and find its responses are preferred over ChatGPT in both static and

interactive evaluations.

3.2 Related Work

Prompting Methods Few-shot dialogue techniques have many advantages, including out-of-

domain generalization (Zhao and Eskenazi, 2018; Mehri and Eskenazi, 2021) and improved per-

formance in difficult low-resource settings with noisy annotations (Chen et al., 2023a). Recently,

prompting LLMs has become the predominant approach to few-shot language tasks, and its appli-

cations in dialogue have received much attention. However, this has largely focused on dialogue

response generation (e.g. Chen et al. (2023a), Liu and Kilicoglu (2023), Madotto et al. (2021),

and Liu et al. (2022)), conversation synthesis (e.g. Chen et al. (2023b), Kim et al. (2022), and Bae

et al. (2022b)), and dialogue understanding (e.g. Yang et al. (2022) and Gupta et al. (2022)). To

date, prompting has not been used for policy planning.

Dialogue Policy Planning Research on dialogue policy planning can be categorized into neural-

focused and algorithmic-focused. Neural-focused approaches use annotated dialogues to train ded-

icated classifiers or value functions to predict the next dialogue acts without explicit look-ahead

planning (Zhang et al., 2022a; Zhang et al., 2022b; Cao et al., 2020; Peng et al., 2018a; Zhang,

Naradowsky, and Miyao, 2023). For many goal-oriented dialogues, however, both annotated strate-

gies and dialogue responses can be sub-optimal/noisy, as different people can respond differently

even given the same context.

To reduce the reliance on a labeled dataset, much work has also attempted to combine neural

networks with search algorithms, such as A* search (Cheng et al., 2022b) and tree search (Wang et

al., 2020b; Yang, Li, and Guo, 2021b; Jang, Lee, and Kim, 2020; Väth, Vanderlyn, and Vu, 2023a).

However, these methods still require model training for dialogue simulation or value function esti-

mation, and are therefore highly dependent on training data quality (Shi et al., 2019). For example,

(Jang, Lee, and Kim, 2020) use Monte-Carlo Tree Search (MCTS) for training a Recurrent Neural
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Network-based (RNN) policy model and (Wang et al., 2020b) train multiple neural networks for

user simulation and value function estimation. Consequently, these methods can face difficulties

during dialogue simulation due to a) noisy data annotations causing sub-optimally trained genera-

tion models, and b) inaccurate responses generated at turn 𝑖 compounding errors for simulations at

turns > 𝑖.

                                     Absolutely!
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Figure 3.2: GDP-ZERO with ChatGPT backbone. During Selection, simulations are either sam-
pled from cache or newly generated. During Expansion and Evaluation, we prompt ChatGPT for
prior policy 𝜋 and value estimation.

3.3 Methodology

In this work, we introduce GDP-ZERO, an algorithm-focused dialogue policy planner for goal-

oriented dialogue tasks like persuasion. GDP-ZERO uses zero model training and instead performs

Open-Loop MCTS at decision time by prompting an LLM to simulate user and system response,

evaluate current task progress, and predict a prior next dialogue act. Building on early findings

(Chen et al., 2023a), our approach has two main differences from existing policy planning work:

we use few-shot prompting to bypass the need for model training on noisy data, and we use Open-

Loop MCTS to reduce compounding simulation errors by continuously re-generating system and

user responses during the tree search.
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3.3.1 Problem Definition

To introduce tree search methods for dialogue policy planning, we first formulate planning as a

Markov Decision Process (MDP). A 𝑡 turn dialogue between a user and a system can be represented

as:

ℎ = (𝑎sys
0 , usys

1 , uusr
1 , ..., 𝑎

sys
𝑡−1, u

sys
𝑡 , uusr

𝑡 )

where 𝑎
sys
𝑖

is the system’s dialogue act at turn 𝑖, 𝑢sys
𝑖

is the system’s response, and 𝑢usr
𝑖

is the user’s

utterance at turn 𝑖. Similar to (Yang, Li, and Guo, 2021b) and (Wang et al., 2020b), we define the

task of planning the next 𝑎sys as an MDP problem ⟨S,A,R,P, 𝛾⟩. The dialogue act of the system

𝑎
sys
𝑖

represents an action 𝑎𝑖 ∈ A at a turn 𝑖, and the corresponding dialogue history up to the 𝑖-th

turn 𝑠𝑖 = (𝑎0, 𝑢
sys
1 , 𝑢usr

1 , ..., 𝑎𝑖−1, 𝑢
sys
𝑖
, 𝑢usr

𝑖
) represents a state 𝑠𝑖 ∈ S. A reward function R(𝑠, 𝑎)

represents the likelihood of a desired conversational outcome, such as persuading a user to donate

to a charity. The transition function P : S × A → S represents the probability of transitioning

from a dialogue state 𝑠𝑖 to state 𝑠𝑖+1 after executing 𝑎𝑖 at a turn. Finally, 𝛾 ∈ [0, 1) is the discount

factor.

3.3.2 Dialogue Planning as a Stochastic MDP

In a typical MDP game like Go, much success has been achieved by employing closed-loop

MCTS to plan for the next move/action 𝑎 (Silver et al., 2016; Silver et al., 2017). In general, MCTS

algorithms improve the actions proposed by an original policy model 𝜋𝜃 by building a search tree

that contain simulated outcomes of many potentially high-rewarding actions, and returning the best

action according to the simulation/evaluation results. Specifically, MCTS repeatedly 1) explores

a new action or exploits a successful action 𝑎 proposed by 𝜋𝜃 in a state 𝑠; 2) simulates the action

outcome 𝑠′ ← P(𝑠, 𝑎); 3) evaluates the action’s quality; and 4) updates its estimate 𝑄(𝑠, 𝑎) for

that action. At the end of the search, MCTS produces probabilities 𝜋 ∝ 𝑁 (𝑠, 𝑎)1/𝜏 for playing each

action using the exponentiated visit count, which usually suggests much stronger moves than using

the raw policy 𝜋𝜃 (Howard, 1960; Sutton and Barto, 2018; Silver et al., 2017).
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However, in simulating dialogue interactions during tree search, generating a slightly improb-

able system or user response for state 𝑠′ and storing it in a search tree could lead to a large com-

pounding error for the rest of the subtree from 𝑠′ ((Wang et al., 2020b)). This is because the

state space representing all possible responses is large, and dialogue responses are diverse. This

makes it difficult to accurately simulate the most probable next dialogue state 𝑠′ given an (𝑠, 𝑎)

pair from the previous turn. We thus treat dialogue policy planning as a stochastic MDP, where

the simulated next state 𝑠′ ← P(𝑠, 𝑎) is drawn from a large unknown distribution and might not

be representative of the most probable 𝑠′ (Perez Liebana et al., 2015). Unlike previous usages of

(closed-loop) MCTS for dialogue which consider a deterministic transition (Wang et al., 2020b;

Yang, Li, and Guo, 2021b), this formulation requires potentially different 𝑠′ to be returned given

the same dialogue context 𝑠 and system action 𝑎.

3.3.3 GDP-ZERO

To solve this stochastic problem, we base our algorithm on Open-Loop MCTS (Weber, 2010;

Perez Liebana et al., 2015), a variant of MCTS where each tree node 𝑠𝑡𝑟
𝑖
= (𝑎0, ..., 𝑎𝑖) represents the

sequence of dialogue actions to reach a dialogue turn 𝑖. Instead of using system/user utterances to

represent a tree node, this design forces an algorithm to (re)generate the corresponding system and

user utterances when traversing the tree (see Figure 3.2). Over time, a tree node 𝑠𝑡𝑟 stores statistics

derived from executing the sequence of dialogue actions (DA) without relying on some specific

instance of user/system utterances, which could cause errors to propagate into future simulations.

Given a dialogue state 𝑠0, GDP-ZERO searches for the next best action by iteratively performing

action selection, search tree expansion, action evaluation, and backpropagation to update tree

statistics. After 𝑛 iterations, GDP-ZERO outputs a prediction for the next best action for 𝑠0. GDP-

ZERO is detailed in Figure 3.2 and Algorithm 1. Below we describe each stage of the algorithm.
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Algorithm 1 GDP-Zero (𝑀𝜃)
input LLM policyM𝜃; dialogue history ℎ𝑖 until turn 𝑖; dialogue action space 𝑎 ∈ A; hyperpa-

rameters 𝑛, 𝑘, 𝑐𝑝, 𝑄0
1: Repeat for 𝑛 searches:
2: initialize root node 𝑠𝑡𝑟

𝑖
, 𝐻 (𝑠𝑡𝑟

𝑖
) ← {ℎ𝑖}

3: 𝑠𝑡𝑟 ← 𝑠𝑡𝑟
𝑖

4: // selection
5: while 𝑠𝑡𝑟 is not a leaf node do
6: 𝑎′← arg max𝑎 PUCT(𝑠𝑡𝑟 , 𝑎; 𝑐𝑝)
7: ℎ𝑡𝑟 ← sample(𝐻 (𝑠𝑡𝑟))
8: 𝑠𝑡𝑟 ← 𝑠𝑡𝑟 ∪ 𝑎′

9: if len(𝐻 (𝑠𝑡𝑟)) < 𝑘 then
10: generate ℎnew ←M𝜃 (ℎ𝑡𝑟 ◦ 𝑎′)
11: save 𝐻 (𝑠𝑡𝑟) ← 𝐻 (𝑠𝑡𝑟) ∪ ℎnew
12: ℎ𝑡𝑟 ← sample(𝐻 (𝑠𝑡𝑟))
13: // expansion
14: generate 𝑝(𝑎 |𝑠𝑡𝑟) ← M𝜃 (ℎ𝑡𝑟)
15: 𝑠𝑡𝑟 .𝑝 ← 𝑝(𝑎 |𝑠𝑡𝑟), 𝑠𝑡𝑟 .𝑄 ← 𝑄0, 𝑠

𝑡𝑟 .𝑁 = 0
16: // evaluation
17: generate 𝑣(𝑠𝑡𝑟) ← M𝜃 (ℎ𝑡𝑟)
18: // backpropagation
19: while 𝑠𝑡𝑟 ≠ 𝑠𝑡𝑟

𝑖
do

20: update 𝑣ℎ (ℎ𝑡𝑟) with 3.3
21: save simulation 𝐻 (𝑠𝑡𝑟) ← 𝐻 (𝑠𝑡𝑟) ∪ ℎ𝑡𝑟

22: (𝑠𝑡𝑟 , 𝑎) ← back to parent of 𝑠𝑡𝑟

23: update 𝑄(𝑠𝑡𝑟 , 𝑎), 𝑁 (𝑠𝑡𝑟 , 𝑎) with 3.1
24: // prediction after 𝑛 simulations
25: 𝑎∗ ← arg max𝑎 𝑁 (𝑠𝑡𝑟𝑖 , 𝑎)
26: 𝑠𝑡𝑟∗ ← 𝑠𝑡𝑟

𝑖
∪ 𝑎∗

27: 𝑢𝑠𝑦𝑠
∗ ← arg max𝑢𝑠𝑦𝑠 𝑣ℎ (𝐻 (𝑠𝑡𝑟∗ ))

output 𝑎∗, 𝑢𝑠𝑦𝑠
∗
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Selection Given a tree state 𝑠𝑡𝑟 , the action 𝑎∗ with the highest Predictor Upper Confidence Tree

Bound (PUCT) (Silver et al., 2017; Rosin, 2011) is selected to traverse the tree:

PUCT(𝑠𝑡𝑟 , 𝑎) = 𝑄(𝑠𝑡𝑟 , 𝑎) + c𝑝

√︁∑
𝑎 𝑁 (𝑠𝑡𝑟 , 𝑎)

1 + 𝑁 (𝑠𝑡𝑟 , 𝑎) ,

where 𝑁 records the number of times a (𝑠𝑡𝑟 , 𝑎) pair has been visited, and c𝑝 is a hyperparameter

controlling exploration. Since future simulations require a specific dialogue history, we either

sample from the node’s simulation cache if its size reached 𝑘 , or generate a new simulation based

on selected dialogue history ℎ𝑡𝑟 by prompting (Section 3.4.1). We repeat this process until 𝑠𝑡𝑟

becomes leaf node.

Expansion Once a leaf node is reached, we treat a LLMM𝜃 as a prior policy by prompting it to

generate a distribution of next dialogue acts. This is done by samplingM𝜃 at temperature 𝜏 = 1.0

for 𝑚 times, and converting the sampled DAs into a distribution. Finally, each DA is also initialized

with 𝑄(𝑠𝑡𝑟 , ·) = 𝑄0, a hyperparameter controlling exploration.

Evaluation We model the value of a state 𝑣(𝑠𝑡𝑟) by the probability that its dialogue context ℎ𝑡𝑟

can lead to task success. In a persuasion task to convince a user to donate to a charity, this can

be achieved by appending the utterance “Would you like to make a donation?” to the context, and

prompting an LLM 𝑙 times to simulate the user’s current inclination to donation.

Backpropagation At the end of each search, we first store any newly simulated histories ℎ𝑡𝑟 in

a cache for each 𝑠𝑡𝑟 . Then, we update the statistics of all nodes along the search path:

𝑁 (𝑠𝑡𝑟 , 𝑎) ← 𝑁 (𝑠𝑡𝑟 , 𝑎) + 1 (3.1)

𝑄(𝑠𝑡𝑟 , 𝑎) ← 𝑄(𝑠𝑡𝑟 , 𝑎) + Δ𝑄(𝑠𝑡𝑟 , 𝑎), (3.2)
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where Δ𝑄(𝑠𝑡𝑟 , 𝑎) = 𝑣(𝑠𝑡𝑟 )−𝑄(𝑠𝑡𝑟 ,𝑎)
𝑁 (𝑠𝑡𝑟 ,𝑎) . We also store a value 𝑣ℎ estimated for each simulated history

ℎ𝑡𝑟 that resulted in 𝑣(𝑠𝑡𝑟) by a running average:

𝑣ℎ (ℎ𝑡𝑟) ←
𝑣ℎ (ℎ𝑡𝑟) × 𝑁ℎ (ℎ𝑡𝑟) + 𝑣(𝑠𝑡𝑟)

𝑁ℎ (ℎ𝑡𝑟) + 1
, (3.3)

with 𝑁ℎ (·) stores the number of times ℎ𝑡𝑟 is visited.

Prediction After all simulations are completed, we select the optimal action 𝑎∗ = arg max𝑎 𝑁 (𝑠𝑡𝑟0 , 𝑎)

based on the number of times an action has been visited, where 𝑠𝑡𝑟0 is the root node of the tree. To

avoid generating a response using M𝜃 on 𝑎∗ again, we also extract from cache the best system

utterance associated with executing action 𝑎∗ at state 𝑠𝑡𝑟0 . We use 𝑣ℎ computed during the simula-

tions, and return the utterance with the highest estimated value:

ℎ𝑡𝑟∗ = arg max
ℎ𝑡𝑟
𝑎∗

𝑣ℎ (ℎ𝑡𝑟𝑎∗),

where ℎ𝑡𝑟
𝑎∗ denote any history ℎ𝑡𝑟 that played action 𝑎∗ after the root state 𝑠𝑡𝑟0 . We call this process

“response selection”.

Comparing GDP-ZERO to Traditional MCTS The full algorithmic outline of GDP-ZERO is

presented in Algorithm 1. Similar to other MCTS algorithms, GDP-ZERO performs simulation

based on four stages, selection, expansion, evaluation, and back-propagation, and finally predicts

an action based on the simulations. Different from existing implementations, GDP-ZERO performs

Open-Loop search using only a generative LLM M𝜃 , by prompting it to do dialogue simulation,

value function estimation, and prior policy estimation (see Section 3.4.1 for prompting details and

examples).

GDP-ZERO requires a generative LLM M𝜃 as a backbone model, and takes in a dialogue

history ℎ𝑖 at turn 𝑖 as input. Given some fixed dialogue action space A (see 3.4.2 for P4G), GDP-

ZERO builds a search tree after 𝑛 simulations. For each state, GDP-ZERO keeps a cache of size 𝑘
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storing newly generated user and system utterances. We use 𝑐𝑝 = 1.0, and 𝑄0 = {0.0, 0.25, 0.5} to

promote exploration (see Table 3.6).

3.4 Experiments

We evaluate GDP-ZERO in the context of PersuasionForGood (P4G; (Wang et al., 2019)), a

dataset with 300 annotated dialogues where a “persuader” attempts to persuade a “persuadee” to

donate to a charity called Save the Children (Section 3.4.2). Due to the subjective nature of persua-

sion, it is not clear whether the annotated conversations reflect optimal persuasion strategies (Chen

et al., 2022a). This makes training and evaluating a policy planner challenging, since different

persuaders likely adopt different strategies (Section 3.1). Motivated by this challenge, we employ

GDP-ZERO to perform decision-time planning based on dialogue simulations, and focus on eval-

uating our approach’s end-to-end performance in achieving the desired task outcome: successfully

persuading a user to donate to Save the Children.

3.4.1 Prompting Implementation Details for P4G

For P4G, we used the same one-shot example for all cases, while dynamically changing the

representation for each operation.

System response generation. Following Chen et al. (2023a), we include the natural language

form of a planned dialogue action (Table 3.2) in the prompt to perform conditional generation. We

present an example in Table B1.

User response generation. We swap the user and the system role for this task, and prompt the

LLM to act as a user simulator. We present an example in Table B2.

Value function estimation. To evaluate the user’s inclination to donate at a given state, we first

append the turn “Persuader: Would you be interested in donating to Save the Children?” to the

dialogue history, and then prompt the LLM at temperature 𝜏 = 1.1 to sample the user’s response
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Dialogue Act Category Amount

Logical appeal Strategy 325
Emotion appeal Strategy 237
Credibility appeal Strategy 779
Foot-in-the-door Strategy 134
Self-modeling Strategy 150
Personal story Strategy 91
Donation information Strategy 362
Source-related inquiry Strategy 167
Task-related inquiry Strategy 180
Personal-related inquiry Strategy 151
Greeting Non-Strategy -
Proposition of donation Non-Strategy -
Proposition of amount Non-Strategy -
Proposition of confirmation Non-Strategy -
Proposition of more donat. Non-Strategy -
Experience affirmation Non-Strategy -
Thanks Non-Strategy -

Table 3.1: Annotated dialogue actions in the P4G dataset.

for 𝑙 = 10 times. We define “no donation”=-1.0, “negative reaction”=-0.5, “neutral”=0.0, “positive

reaction”=0.5, and “donation”=1.0, and then convert the sampled responses to a score between

-1.0 and 1.0. We present an example in Table B3.

Prior policy estimation. We treat the backbone LLM as a prior policy, and prompt it to generate

the next dialogue action at temperature 𝜏 = 1.0 for 15 times to simulate its policy distribution.

Finally, to promote the diversity of the generated dialogue actions during GDP-ZERO tree search,

we use add-1 smoothing to convert the generated dialogue actions to a probability distribution. We

present an example of this in Table B4.

3.4.2 Adapting GDP-ZERO Setup to P4G

PersuasionForGood (P4G) is annotated with 10 persuasion strategies and 7 important non-

persuasive strategies (see Table 3.1). However, since P4G is collected from human-human interac-

tion, with both the “persuader“ and the “persuadee“ possibly donating to the charity, some of the
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Dialogue Act Category Natural Language Form
Logical Appeal Strategy The Persuader use of reasoning and evidence to convince

the Persuadee.
Emotion Appeal Strategy The Persuader uses an emotion appeal to convince the Per-

suadee.
Credibility Appeal Strategy The Persuader establishes credibility of Save the Children

by citing its impact.
Task Related Inquiry Strategy The Persuader asks about the Persuadee’s knowledge or

opinion related to Save the Children.
Proposition of Donation Non-

Strategy
The Persuader asks if the Persuadee would like to make a
small donation.

Greeting Non-
Strategy

The Persuader greets the Persuadee.

Other Non-
Strategy

The Persuader responds to the Persuadee without using any
persuasive strategy.

Table 3.2: Mapping of persuader dialogue actions to natural language prompts used for prompting
LLMs.

dialogue actions are unsuitable when the “persuader“ is a chatbot (e.g. self-modeling and personal

story). We therefore choose a subset of dialogue actions to plan, by picking 4 frequent persua-

sive strategies suitable for chatbots, and 3 non-persuasive strategies including “other“ to enable

the chatbot to deal with unaccounted situations. We present the chosen dialogue actions and their

prompts for LLM in 3.2.

3.4.3 Static Evaluation

We use ChatGPT2 (OpenAI, 2022) as the generation backbone of GDP-ZERO, which has

become accepted as one of the most coherent general-purpose LLM (e.g. (Liu et al., 2023c; Guo

et al., 2023)). We prompt ChatGPT for pairwise evaluation, choosing which of two generated

responses is better (i.e., with and without GDP-ZERO planning). Concretely, given two responses

𝑢𝑎 and 𝑢𝑏, we ask ChatGPT “Which of the following responses can better help the Persuader

convince the Persuadee to donate to Save the Children? Why? A: 𝑢𝑎, B: 𝑢𝑏, C: Can’t tell.” after

providing the relevant task context and dialogue history (see Table 3.3). For every evaluation,

we sample the result 5 times and perform a majority vote. Interestingly, we find that ChatGPT

2Version “gpt-3.5-turbo” as of 2023 April
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skewed towards choosing option A, preferred choosing A for 95.45% when 𝑢𝑎 = 𝑢𝑏. We therefore

randomly swap option A and B during all of our evaluations.

Prompt The following is background information about Save the Children.
Save the Children is head-quartered in London, and they work to help fight poverty around
the world. Children need help in developing countries and war zones. Small donations like
$1 or $2 go a long way to help.
The following is a conversation between a Persuader and a Persuadee about a charity called
Save the Children. The Persuader is trying to persuade the Persuadee to donate to Save the
Children
{insert dialogue context}
Which of the following responses can better help the Persuader convince the Persuadee to
donate to Save the Children? Why?
A. Persuader: {insert response a}
B. Persuader: {insert response b}
C. Can’t tell.
Your can choose from either A, B, or C.
Your choice:

Generation A. (rest truncated)

Table 3.3: Prompting LLM to specify which generated response “response a” or “response b” is
more persuasive.

We take the first 20 dialogues from P4G, and produce 154 turns for evaluation. For each

turn, we compare the response generated with and without GDP-ZERO for planning. Then, we

prompted ChatGPT to choose3 which generated response is more persuasive (??).

In Table 3.5, we found that generative approaches using ChatGPT were preferred over human

ground truth responses about 90% of the time, with the highest score achieved by GDP-ZERO. In

Table 3.6, we show that responses generated after GDP-ZERO planning were preferred in up to

59.32% of comparisons. We also observe increasing preference for GDP-ZERO when the number

of simulations 𝑛 increases. Finally, we find changing 𝑘, 𝑄0 (controls simulation diversity and

exploration, respectively) can slightly improve performance (??).

However, we consider the possibility that a) ChatGPT is biased towards its own generated

dialogues (Liu et al., 2023b), and b) it might not have a robust criteria of what constitutes persua-

3ChatGPT can outperform crowdworkers on many annotation and evaluation tasks (e.g. (Gilardi, Alizadeh, and
Kubli, 2023; He et al., 2023; Pan et al., 2023; Wang et al., 2021; Liu et al., 2023b))
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Utterance
Context Persuader: Would you be interested in donating to Save the Children?

Persuadee: I am one who like to donate. Can you tell me more about it?
Persuader: Save the Children helps to promote childrens rights to health, education,
and safety.
Persuadee: Do they have any focus right now? More as where are the majority of the
fund headed towards right now
Persuader: At this point a lot of the focus is children in war zones. some of these
donations can address the problem of the daily threat of violence
Persuadee: It seems like Syria seems to be a high stakes area. Are any fund going to
help the the children in Hawaii after the volcano and hurricane?
Persuader: I’m not sure, but I think that would be a great idea. Maybe you could get
more information on that by getting in contact with someone at [URL]
Persaudee: What are some of the things that they do for the children? I would like to
donate but I am not a huge fan or donating just for promotion?
Persuader:

Crowdworker They help to provide basic health care, provide disaster relief, and help to ensure their
rights to education and safety. How much would you like to donate ? Your donation
will be deducted from your task payment.

ChatGPT Save the Children provides a variety of services to children in need, including educa-
tion, healthcare, and protection from harm. They also work with communities to help
them become more self-sufficient and better able to care for their children.

GDP-ZERO Save the Children provides support in a variety of ways. They help create safe spaces
for children, provide education programs and materials, and offer medical care and
support. They also advocate for policy changes that benefit children’s rights around the
world. Your donation would go directly to help these programs rather than promotion.

Table 3.4: Example response generated when using GDP-ZERO as the policy planner during
static evaluation. Crowdworker’s response is the original response in the P4G dataset Wang et al.,
2019. GDP-ZERO used 𝑛 = 10, 𝑘 = 3, 𝑄0 = 0.25 with ChatGPT as backbone.
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Algorithm 𝑛 𝑘 𝑄0 Win Rate v. Ground Truth

Prompting - - - 88.84 ± 0.75%
GDP-Zero 5 3 0.00 87.22 ± 0.61%
GDP-Zero 10 3 0.00 90.69 ± 1.60%
GDP-Zero 20 3 0.00 88.86 ± 1.24%
GDP-Zero 50 3 0.00 89.82 ± 1.10%

Table 3.5: Static evaluation with ChatGPT as backbone and judge. Results are 𝜇±𝜎 repeated over
three runs.

GDP-Zero (ChatGPT)
Win Rate v. ChatGPT

𝑛 𝑘 𝑄0 Run Time

5 3 0.00 18s 50.65 ± 3.31%
10 3 0.00 36s 50.86 ± 1.10%
20 3 0.00 75s 53.24 ± 1.91%
50 3 0.00 740s 59.32 ± 1.84%

10 1 0.00 16s 49.57 ± 2.01%
10 2 0.00 29s 51.30 ± 1.59%

10 3 0.25 36s 57.79 ± 2.95%
10 3 0.50 36s 53.03 ± 2.00%

Table 3.6: Static evaluation ChatGPT as backbone and judge. Runner-up is colored in gray. Results
are 𝜇 ± 𝜎 repeated over three runs.

siveness. As such, we also conducted interactive evaluation.

3.4.4 Interactive Human Evaluation

We conducted interactive human evaluation with crowdworkers on Amazon Mechanical Turk,

using an interface built on top of the LegoEval platform (Li et al., 2021). We primarily sought to

evaluate GDP-ZERO in an end-to-end chatbot against two competitive baselines. Concretely, we

compare the rule-based planner from RAP, ChatGPT, and GDP-ZERO in an end-to-end chatbot

for the persuasion task.

RAP we use the rule-based planner derived from expert knowledge from RAP Chen et al., 2022a,

which produces a dialogue action given a dialogue context. We then use the same prompting tem-

plate in GDP-ZERO (3.4.1, B1), and prompt ChatGPT to produce a system response conditioned
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on the planned dialogue action. To our knowledge, RAP is the current state-of-the-art system on

P4G, using trained modules with fixed dialogue policies derived from expert knowledge. Chen

et al. (2023a) showed that using an LLM (e.g. ChatGPT) as the response generation module for

RAP further improved performance.

ChatGPT we first use the same prompting template in GDP-ZERO (3.4.1, B4) to obtain Chat-

GPT’s own prior distribution of the next dialogue actions. We then take the most probable action

as the planned dialogue action, and use the same template in GDP-ZERO (3.4.1, B1) to prompt

ChatGPT again to produce a system response.

GDP-ZERO we use GDP-ZERO with ChatGPT backbone as policy planner, and use the "Re-

sponse Selection" step to produce both the next dialogue action and the associated system response.

We used 𝑛 = 10, 𝑘 = 3, 𝑄0 = 0.25, which had a high win rate against ChatGPT during static anal-

ysis while also not taking too much time to simulate.

After each conversation, we asked the crowdworkers to evaluate our system based on the crite-

ria in Table 3.7 (e.g. “The chatbot is convincing” or “The chatbot presented a strong argument”).

We require our crowdworkers to be located in the United States and have a HIT acceptance

rate of at least 99%. After interacting with each chatbot, each crowdworker was asked to rate their

conversational experience. This post-task survey included a validation question which asked what

charity they talked to the chatbot about. We had a total of 216 respondents. 74 did not reach or

complete the survey, and 31 were removed due to failing the validation question or responding with

less than 3 unique sentences. This results in 40 survey results for GDP-ZERO, 35 for ChatGPT,

and 36 for RAP. Our study revealed that GDP-ZERO achieves the best performance across all

metrics related to persuasiveness. We also found that RAP is highly rated for strategy diversity

and relevance, indicating the benefit of using expert knowledge in planning. In 3.5 we provide

some analysis of the generated dialogues and the resulting dialogue act distributions using different

planners. In 3.6 we include some example dialogues.
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The chatbot... RAP ChatGPT GDP-Zero

donation prob. ↑ 0.72±0.38 0.73±0.38 0.79±0.37
inc. donation intent ↑ 4.08±0.68 3.77±0.90 4.30±0.71∗∗
strong argument ↑ 3.89±0.97 3.91±0.99 4.28±0.74∗
is convincing ↑ 4.11±0.74 4.10±0.70 4.38±0.66∗∗
diverse strategy ↑ 3.98±0.80 3.83±1.03 3.95±0.82
is manipulative ↓ 2.64±1.36 2.96±1.38 2.29±1.33∗∗
is natural ↑ 4.25±0.68 4.03±0.65 4.38±0.62∗∗
is relevant ↑ 4.64±0.54∗ 4.31±0.86 4.59±0.49
is coherent ↑ 4.28±0.65 4.06±0.89 4.42±0.49∗

Table 3.7: Interactive evaluation using RAP, ChatGPT, and GDP-ZERO as planners, with ChatGPT
used for response generation/backbone. Results are 𝜇 ± 𝜎. All scores scaled to [1, 5] except for
“donation prob.” being [0, 1]. ∗ denotes 𝑝 < 0.05, and ∗∗ denotes 𝑝 < 0.01.

3.4.5 Ablation Studies

To study how various components of GDP-ZERO helped improve task success, we conducted

various ablation studies including 1) using Closed-Loop MCTS instead of the open-loop variant;

2) removing the “response selection” process; and 3) testing with both ChatGPT and Codex (Chen

et al., 2021) as a backbone. In Table 3.8 and Table 3.9, we conduct ablations to study how each

component in GDP-ZERO affect its performance. We use the same 20 dialogues from our static

evaluation (see Section 3.4.3), and test GDP-Zero with ChatGPT (see Table 3.9) and Codex4 (Table

3.8) as the generation backbone. Similar to 3.4.3, we use ChatGPT to evaluate the persuasiveness

of the generated responses.

In all runs, we use 𝑛 = 20, 𝑐𝑝 = 1, 𝑄0 = 0, 𝑘 = 3 for GDP-ZERO, when applicable. Table 3.8

and Table 3.9 shows that GDP-ZERO improves the policy proposed by the raw backbone model,

and also that of a Closed-Loop MCTS implementation (denoted as “w/o OpenLoop”) and without

the “response selection” process (denoted as “w/o Resp.Select”). This indicates that using the

open-loop variant and the proposed “response selection” process are beneficial for GDP-ZERO to

improve dialogue planning.

4At the time of writing, Codex (Chen et al., 2021) was freely accessible from the OpenAI API.
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Algorithm Backbone Win Rate v. GT

Prompting Codex 38.09 ± 2.00%
GDP-Zero Codex 45.46 ± 2.95%

w/o Open Loop Codex 39.16± 3.42%
w/o Response Selection Codex 40.80± 1.47%

Table 3.8: Static evaluation using the first 20 dialogues of P4G with ChatGPT as judge. GT refers
to Ground Truth. Results are 𝜇 ± 𝜎 repeated over three runs.

Algorithm Backbone Win Rate v. GT

Prompting ChatGPT 87.21 ± 0.60%
GDP-Zero ChatGPT 91.13 ± 0.30%

w/o Open Loop ChatGPT 88.09± 0.81%
w/o Response Selection ChatGPT 91.03± 0.75%

Table 3.9: Static evaluation using the first 20 dialogues of P4G with ChatGPT as judge. GT refers
to Ground Truth. Results are 𝜇 ± 𝜎 repeated over three runs. Since ChatGPT generations are
typically long, we use the first 3 sentences of each generation in this evaluation.

3.5 Analysis of GDP-ZERO Dialogues

In our experiments, we utilized GDP-ZERO to generate persuasive responses to convince a

persuadee to donate to a charity. In this section, we provide an analysis of how and when GDP-

ZERO impacts persuasiveness.

Static evaluation. Our static evaluation (3.4.3) uses fixed dialogue contexts from the P4G dataset

Wang et al., 2019, and every turn of the conversation is already annotated with dialogue actions.

We thus utilize those annotations and investigate when GDP-ZERO is producing more persuasive

responses. For this analysis GDP-ZERO used 𝑛 = 10, 𝑘 = 3, 𝑄0 = 0.25, which is the same

configuration as in our interactive evaluation (3.4.4, ??). We found that GDP-ZERO is rated as

more persuasive 70.59% of the time when the user at the previous turn showed negative emotions

(i.e. "negative-reaction-to-donation" or "negative-to-inquiry"), and 59.26% of the time when the

user showed positive emotions (i.e. "positive-reaction-to-donation" and "positive-to-inquiry"). We

believe this implies that GDP-ZERO’s simulations are most beneficial in persuading users who is

having little intent to donation. This is because look-ahead planning may, for instance, help ensure

52



credibility
emotion

greeting
logical

other

prop. donate

task inquiry
0.0

0.1

0.2

0.3

0.4

0.5
Fr

eq
ue

nc
y 

/ T
ur

n
GDP-Zero
ChatGPT
RAP

(a) During turn 1-2

credibility
emotion

greeting
logical

other

prop. donate

task inquiry
0.0

0.1

0.2

0.3

Fr
eq

ue
nc

y 
/ T

ur
n

GDP-Zero
ChatGPT
RAP

(b) During turn 3-5

credibility
emotion

greeting
logical

other

prop. donate

task inquiry
0.0

0.1

0.2

0.3

0.4

0.5

Fr
eq

ue
nc

y 
/ T

ur
n

GDP-Zero
ChatGPT
RAP

(c) During turn 6-10

credibility
emotion

greeting
logical

other

prop. donate

task inquiry
0.00

0.05

0.10

0.15

0.20

0.25

Fr
eq

ue
nc

y 
/ T

ur
n

GDP-Zero
ChatGPT
RAP

(d) Overall

Figure 3.3: Distribution of planned dialogue actions for each planner during interactive evaluations.

a response has covered all of the user’s concerns regarding donation. We present an example in

3.4.

Interactive evaluation. Since each interactive dialogue is unlabeled, here we focus on analyz-

ing the known dialogue actions generated by the different planners during those conversations. In

Figure 3.3 we present the distribution of planned dialogue actions produced by RAP, ChatGPT,

and GDP-ZERO. In general, the planned dialogue actions using ChatGPT and GDP-ZERO are

unevenly distributed across different stages of the dialogue. Across different times of the con-

versation, ChatGPT and GDP-ZERO shared the most frequent DA at each stage is: “greeting”

during turns 1-2, “logical appeal” during turns 3-5, and “emotion appeal” during turn 6-10. How-

ever, during turns 3-5 GDP-ZERO had a relatively even preference between “credibility appeal”,

“emotion appeal”, and “logical appeal”, while ChatGPT strongly preferred “logical appeal.” Ad-
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ditionally, we find that throughout all turns ChatGPT prefers to use “emotion appeal” over other

dialogue actions, while GDP-ZERO balances between “emotion appeal” and “logical appeal,” and

RAP prefers “task related inquiry.” It is also worth noting that GDP-ZERO performs “proposition

of donation” less frequently at turn 1-5 than ChatGPT, and more frequently at turns 6-10. This

indicates GDP-ZERO potentially adopting a more “conservative” strategy than ChatGPT overall.

GDP-ZERO focuses on building up persuasive arguments and is less likely to select “proposition

of donation” at early stages of the conversation in order to avoid over eargly propositions, which

could lead to persuasion failure (also see B6).

3.6 Example Interactive Conversations

We present multiple dialogues from the interactive evaluation (see Section 3.4.4), and compare

the strength and weaknesses of the three planners: RAP, ChatGPT, and GDP-ZERO. In Tables

B5, B7, B9 we present conversations where the persuadee “strongly agreed” that the chatbot has

increased his/her intention to donation for GDP-ZERO, ChatGPT, and RAP, respectively. In Tables

B6, B8, B10 we present conversations where the persuadee rated “neutral“ for the question that the

chatbot has increased his/her intention to donation for GDP-ZERO, ChatGPT, and RAP, respec-

tively. We observe that in Table B6, while GDP-ZERO did not succeed in convincing the user to

donate, GDP-ZERO has been attempting various strategies and does not perform “proposition of

donation” prematurely. On the other hand, in Tables B8, B10 both ChatGPT and RAP performs

“proposition of donation” at an arguably unsuitable timing.

3.7 Limitations

When is using GDP-ZERO appropriate? In this paper, we present GDP-ZERO, a general ap-

proach for close-domain dialogue policy planning at turn-level. However, in this work we only

evaluated GDP-ZERO on P4G. This is because we believe simulation-based plannings would be

most beneficial when the task 1) often requires long-horizon planning to be successful, 2) does not

have “optimal” action annotations readily available for supervised learning, and 3) evaluation does
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not require study participants to follow fake hypothetical scenarios to conduct a conversation, as

otherwise the outcome may be disingenuous. We thus believe tasks like persuasion are most suit-

able, where planning ahead is crucial to success and policy optimality from human demonstrations

is extremely subjective. Additionally, such a user may or may not want to donate to the charity, and

the task of the dialogue system is to try to persuade them. This is in contrast to other goal-oriented

contexts like task-oriented dialogue (TOD), where strong policies can be directly learned due to

TOD’s mostly passive and objective nature (e.g. He et al., 2022), and also to dialogues where a

hypothetical scenario is required. For example, to design a fair and controlled study, a user may

need to make up fake preferences/objectives about a certain product in CraiglistsBargains He et al.,

2018, or pretend that they need emotional support for some fixed set of issues in ESConv Liu et al.,

2021b.

Additionally, while GDP-ZERO can be adapted to task-oriented contexts like MultiWOZ Budzianowski

et al., 2018a, it may not necessarily be appropriate. Such task-oriented contexts often have hier-

archical policies (e.g. “[hotel] [recommend] name price” and “[restaurant] [inform] food price

area”), and adaptation to GDP-ZERO would require converting the hierarchy into a multi-label

classification, resulting in a massive action space. We believe this could be very inefficient, and

approaches such as building multiple search trees to perform high/low-level planning would be

useful Zhang et al., 2020a.

Runtime One important limitation for GDP-ZERO is runtime. The more exhaustive the tree

search (e.g. increasing 𝑛 or 𝑘), the more likely the algorithm is able to find the optimal dialogue

policy (3.6). However, this comes at the cost of longer simulation time, which may affect the

overall user experience, and accordingly, user perceptions of persuasiveness.

With OpenAI API’s rate limit and LLM’s inference speed, we restricted GDP-ZERO to plan

on 7 dialogue acts in P4G, with 𝑛 = 10, 𝑘 = 3 for a simulation time of around 35 seconds during

interactive evaluation. We believe methods to parallelize tree search Chaslot, Winands, and Den

Herik, 2008 or to re-use part of the simulation subtrees could be helpful to speed up GDP-ZERO.
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We expect that as research with LLMs progresses, inference speed will continue to improve. In the

short-term, one may bypass latency limitations by utilizing multiple accounts to parallelize API

calls during simulation.

Simulation Quality GDP-ZERO prompts a LLM (e.g. ChatGPT) to perform dialogue simula-

tion and value estimation. Despite LLM’s strong few-shot performance on many tasks, issues with

controllable generation can still create errors during simulation (e.g. generated system utterances

might not match planned dialogue action). GDP-ZERO accounts for such errors by using an Open-

Loop search with 𝑘 > 1, but this increases simulation runtime. We believe this trade-off between

simulation quality and runtime is also an important aspect for future work to consider.

Using ChatGPT for static analysis While ChatGPT is shown to outperform crowdworkers on

many annotation and evaluation tasks (e.g. Gilardi, Alizadeh, and Kubli, 2023; He et al., 2023;

Pan et al., 2023; Wang et al., 2021; Liu et al., 2023b), recent work has been finding that LLMs

like ChatGPT may favor responses with a higher number of unique tokens Wang et al., 2023c. As

such, we analyzed responses between GDP-ZERO (𝑛 = 20, 𝑘 = 3, 𝑄0 = 0) and ChatGPT, and

found that there is indeed some positive correlation (𝑟 = 0.29, 𝑝 < 0.001) between the number

of words in a response and ChatGPT’s preference for persuasiveness. However, it is not clear

whether this is a limitation in our setting. Our setting of evaluating persuasiveness is not quite

the same as the typical context of considering direct preference; there are many situations where

longer responses which correlate with persuasiveness (for instance, an aptly used logical appeal).

As such, we conducted interactive evaluation with crowdworkers in 3.4.4 and find that GDP-ZERO

generated responses are indeed rated as more persuasive.

3.8 Ethical Considerations

Our work describes an algorithm to perform dialogue policy planning for goal-oriented tasks

without any model training. It is aimed at making future dialogue systems to build, and also better

at helping users/systems achieve their tasks/goals.
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Potential Abuses Generally, while most algorithms are not designed for unethical usage, there

is often potential for abuse in their applications. In our experiments with PersuasionForGood

(Wang et al., 2019), we apply GDP-ZERO on the goal of increasing users’ intention to donate to a

charity. However, because GDP-ZERO is fundamentally goal-agnostic, it is possible to use them

for unethical tasks, such as scamming. We do not condone the use of GDP-ZERO for any unlawful

or morally unjust purposes.

Interactive Human Evaluation In this study, we conducted interactive human evaluation using

crowdworkers on the Amazon Mechanical Turk platform. All crowdworkers were informed that

they were speaking with a chatbot. All study participants were paid at a rate of $15 per hour. Our

study has received IRB approval.

3.9 Summary

In this chapter we propose GDP-ZERO, an algorithm to perform look-ahead policy planning

with a large language model for goal-oriented dialogues. Our experiments included end-to-end

evaluation which demonstrate that using the policy from GDP-ZERO surpasses previous state-of-

the-art system (e.g. RAP as proposed in Chen et al. (2022a)) and direct prompting with state-of-

the-art LLMs on the task of persuasion without any model training. Our findings have three major

implications. First, our strong performance in the zero-data regime opens the possibility of future

work building dialogue systems in more conversational tasks under data-scarce settings. Moreover,

our work reveals that zero-data simulation frameworks like GDP-ZERO may circumvent common

issues with noisy conversational task data (e.g. Chen et al. (2023a)). Second, the general formula-

tion of GDP-ZERO allows for adaptation to any goal-oriented conversational setting with any base

LLM. Our framework does not depend on any task-specific training data, and the variable inputs

to each prompt are model-agnostic. Finally, our work reveals the potential of further LLM policy

optimization at inference time – we observed that increasing the number simulations can greatly

improve performance, which is consistent with the intuition of inference-time compute scaling
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laws (Snell et al., 2024).

While GDP-ZERO demonstrates greatly improved performance, due to current hardware limi-

tations, the reliance on repeated invocations of decoder-only LLMs results does incur a significant

latency tradeoff (e.g., see Table 3.6). Moreover, the current interaction paradigm of systems such as

ChatGPT or Gemini favors end-to-end models without explicit planning modules. This sidesteps

the requirement for potentially expensive planning modules, and thus this motivates the develop-

ment of training methods for end-to-end models which can learn complex planning behavior.
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Chapter 4: Implicit Mixed-initiative Action Planning via Action-based

Contrastive Self-Training in Multi-turn Conversations

In this chapter, we propose the problem of implicit action optimization to better fit the end-to-

end paradigm of current LLM-based assistants. We propose an approach to better adapting LLMs

to conversational environments by reformulating the standard preference learning framework to

specifically optimize action selection and multi-turn trajectories.

4.1 Introduction

Conversations serve as a natural interface for humans and intelligent systems to collaborate (Amer-

shi et al., 2019; Lemon, 2012), and the impressive capabilities of large language models (LLMs)

have been used to power the rapid development of many generalist conversational assistants such

as ChatGPT1 and Gemini (Gemini Team et al., 2023). Such applications present an opportunity for

users to verbalize their need for assistance on complex tasks, but the promises of a conversational

interfaces also come with the complexities of language. Human conversation is riddled with ambi-

guity, whether it be due to humans’ tendency to underspecify (Zipf, 1949) or even due to syntactic

errors (Messer, 1980). Moreover, disambiguation becomes even more important in complex do-

mains where it can be a difficult multi-turn process to achieve common ground (Beers et al., 2006).

As it stands, existing LLM-powered conversational agents continue to struggle with modeling am-

biguity (Liu et al., 2023a), and tend to exhibit unwanted behavior such as overhedging (Ouyang

et al., 2022) or generating responses which represent a “guess” of the user’s intent (Deng et al.,

2023a) (see Figure 4.1).

One of the primary reasons that LLMs may exhibit unwanted conversational behaviors is that

their language modeling objective during pre-training or supervised fine-tuning (SFT) is not di-

1https://openai.com/blog/chatgpt
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Figure 4.1: Simplified example of ambiguity present at tabular-grounded conversational question
answering based on (Deng et al., 2022). A conversational agent should recognize when there is
ambiguity and ask a clarifying question towards a more accurate final answer.

rectly aligned with this goal (Ouyang et al., 2022). While approaches like Ouyang et al. (2022)

propose LLM “alignment” using post-training approaches like reinforcement learning from hu-

man feedback (RLHF; Christiano et al. (2017)), existing models still struggle with conversational

tasks spanning multiple turns (Wang et al., 2023b). This is partly due to the fact that existing

approaches do not directly optimize for pragmatic skills such as timing clarification questions or

logical arguments (e.g. Bai et al. (2022)). Moreover, there is often high variance in the target

distribution of a particular use case, so it is imperative that downstream adaptation approaches can

effectively guide LLMs to learn effective conversational policies. Given large-scale in-distribution

training data, this may be feasible with standard SFT or RLHF. But, dialogue policy learning can

be particularly challenging given limited data (Chen et al., 2022b; Dong et al., 2023) and collect-

ing high-quality conversational datasets can be difficult for reasons such as annotation costs and

privacy concerns (Chen et al., 2023b).

This motivates the design of a conversational adaptation approach for LLMs which is more

closely aligned with the goal of modeling actions in multi-turn conversation. We focus on im-

proving LLMs’ abilities to implicitly select conversational strategies in ambiguous contexts, and

propose an approach called Action-Based Contrastive Self-Training (ACT). ACT is a sample-

efficient, quasi-online Direct Preference Optimization algorithm (Rafailov et al., 2024) which fo-

cuses on contrasting the differences between an agent’s possible pragmatic conversational actions.

We demonstrate ACT’s sample-efficient performance on a diverse range of mixed-initiative con-
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Figure 4.2: ACT greatly outperforms standard tuning approaches in data-efficient settings for con-
versational modeling, as exemplified here on PACIFIC.

versational tasks: (i) tabular-grounded question answering, (ii) machine reading comprehension,

and (iii) text-to-SQL generation, demonstrating large improvements compared to standard adapta-

tion approaches (see Figure 4.2). Our work highlights the necessity of considering action-based

preferences for conversational tasks, and we propose a workflow for evaluating LLMs’ ability to

recognize and reason about ambiguity in conversation.

4.2 Related Work

4.2.1 Mixed-Initiative Conversational Agents

Neural approaches to building mixed-initiative conversational agents typically consist of two

core components: an understanding and planning module (e.g., a binary prediction task to deter-

mine whether to ask a clarifying question or provide an answer), and a generation module which

can be controlled at a pragmatic level using the output of the planning module (Chen, Celikyil-

maz, and Hakkani-Tur, 2017; Chen et al., 2022a; Qian et al., 2022; Yu, 2017) – e.g., forming an
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utterance which follows the predicted action.

Generation Many existing works focus on novel training methodologies to improve conditional

generation as a complement to planning, with approaches such as multi-objective SFT (Chen et al.,

2022a; Wen et al., 2016) or introducing specialized embeddings for control codes (Keskar et al.,

2019). LLMs have vastly improved performance in pragmatically-controlled generation (Chen et

al., 2023a), but all of these approaches still depend on conversational planning. Planning remains

a difficult task – natural interaction is not deterministic and often requires long-horizon planning.

Planning As introduced in Chapter 3, the planning task can be viewed as a stochastic Markov

Decision Process (Wang et al., 2020a; Yang, Li, and Guo, 2021a; Yu, Chen, and Yu, 2023) in which

some dialogue state is drawn from a potentially unknown distribution, given the previous dialogue

state and an imposed action. However, the action itself is not literally presented to the interacting

parties; rather, an action is a low-dimensional representation of the pragmatic intent carried by a

given dialogue utterance (i.e., a dialogue act (Sadek, 1991; Stolcke et al., 2000; Wu et al., 2023a;

Yu and Yu, 2021)). As shown in Chapter 3, developing planning modules that optimize strategies in

a multi-turn conversation often requires complex long-horizon reasoning and simulation to model

the responses and intents of each interacting party. Such efforts have examined combining neural

models with search algorithms (Cheng et al., 2022a; Väth, Vanderlyn, and Vu, 2023b; Yu, Chen,

and Yu, 2023) and simulation (Deng et al., 2023b; Wang et al., 2020c; Yu, Chen, and Yu, 2023).

However, as we have seen with GDP-ZERO, modular approaches can incur high computational

overhead and may result in error propagation while not directly optimizing for response quality

itself. We propose directly optimizing dialogue action planning as an implicit subtask of response

generation in mixed-initiative conversation contexts, as we discuss in Sec. 4.3.2.

4.2.2 Learning for LLM Alignment

The current paradigm of LLM training for downstream use cases consists of three phases:

pre-training, supervised fine-tuning (SFT) for instruction-following, and tuning for alignment with
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human preferences (Tunstall et al., 2023; Rafailov et al., 2024; Lee et al., 2023; Ouyang et al.,

2022). We primarily focus on the phase of tuning for alignment. These approaches typically start

with an initial policy model obtained by conducting SFT on a target task (𝜋𝑆𝐹𝑇 ), before performing

tuning (often with RL), using contrastive preference examples (most commonly collected through

human feedback (Ouyang et al., 2022) or a similar proxy like LLM-generated feedback (Lee et al.,

2023)). In the case of online algorithms like PPO, a reward model is first fit over the preference

examples so that it could be used for RL optimization (Ouyang et al., 2022). Such algorithms have

certain advantages which may benefit the Markov Decision Process-like nature of conversations —

namely, a diverse search space as opposed to a fixed dataset, flexible reward functions, and broader

policy exploration. However, PPO is notoriously difficult to tune, and offline algorithms such as

DPO (Rafailov et al., 2024), SLiC (Zhao et al., 2023), and IPO (Azar et al., 2024) have become

widely adopted as an LLM adaptation approach because they bypasses explicit reward modeling

and thus only require one set of hyperparameters to optimize (Huang et al., 2024; Rafailov et al.,

2024; Zhao et al., 2023; Zheng et al., 2023) while still achieving similar empirical results given a

fixed preference dataset.

On-Policy DPO Many of our contemporaries also question the limits of fully offline preference

learning algorithms and have examined “online” variants of them (Guo et al., 2024; Xu et al., 2023;

Xu et al., 2024b). (Yuan et al., 2024) proposes iterative DPO, and Chen et al. (2024) proposes a

variant where ground-truth responses are considered winning, and responses sampled from the

previous iteration of a policy model are considered losing. (Pang et al., 2024) applies a variant of

iterative DPO to optimize externalized reasoning chains. Our work differs from these in that we are

proposing a novel approach to customize LLMs for specific conversational settings, in particular,

multi-turn conversational settings. While other works look at applying DPO to conversations in

general (e.g. Sun et al. (2024)), their focus is still on single-turn response optimization. ACT

considers multi-turn trajectories for preference optimization, and to our knowledge, our work is

the first paper to consider contrastive learning on the basis of conversational actions.
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4.3 Methods

4.3.1 Problem Setup

We consider the task of tuning an LLM to function as a mixed-initiative conversational agent.

Through a series of dialogue interactions with a user, the LLM is expected to assist the user by

eventually providing a correct response to their request. Unlike the common agent interaction

setting where users completely control the flow of interaction with the expectation that agents may

autonomously complete tasks such as online shopping (Liu et al., 2024b), mixed-initiative agents

should understand how to redirect the flow of the interaction (Allen, Guinn, and Horvitz, 1999)

through the execution of conversational actions or strategies such as clarifying questions (Chu-

Carroll, 2000; Peng et al., 2018b).

Notation Consider a goal-oriented conversational environment. Let 𝜋𝜃𝑖 be an LLM’s policy

parameterized by 𝜃 at timestep 𝑖 ≥ 0, with 𝜋𝑟𝑒 𝑓 being the reference policy model (i.e., 𝜋𝑟𝑒 𝑓 ← 𝜋𝜃0).

Let 𝐷 be a dataset consisting of conversations. Let each conversation 𝑐 in 𝐷 contain 𝑛 dialogue

turns, through which a user is requesting one or more pieces of information from an agent. The

turn state of a conversation (the observed utterances and actions given by each interacting party)

at timestep 𝑖 can be represented by 𝑡𝑖. Implicitly, each 𝑡𝑖 is part of a trajectory which ends when

the user’s question expressed at an earlier timestep 𝑗 ≤ 𝑖 is answered. Any turn 𝑡𝑖 can first be

broken down into two primary components: 𝑝𝑖 and 𝑟𝑖, where 𝑝𝑖 can be a prompt at 𝑖, consisting

of any task-specific information (e.g. a SQL database schema, tabular data or retrieved passages)

combined with any existing dialogue context, and 𝑟𝑖 is the ground truth system-side response at 𝑖.

Next, we can let 𝑔𝑖 be the goal response which resolves 𝑡𝑖’s implicit trajectory, i.e., the answer to

the user’s original question after any possible clarification turns. In the single-turn trajectory case,

𝑔𝑖 ← 𝑟𝑖. Each 𝑟𝑖 implicitly expresses an action, 𝑎𝑖, where 𝑎𝑖 exists in the latent Action Space 𝑆

of a particular task and 𝑎𝑖 can be inferred by some Action Annotation Agent 𝐺2 (e.g. “What kind

2The gold standard for full label supervision in the context of a fixed dataset is the scenario in which 𝐺 may be a
well-designed human annotation framework such as crowdsourcing. However, at inference time or in settings without
label supervision, the implicit action must be inferred by other means such as classification.
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Prompt (pi): "Show me information about
airports related to the Robinson R-22
aircraft."
Winning Action (ai): Clarify
Winning Response (ywi): What specific
information about the ...
Losing Response (yli): 
SELECT avg... FROM ...
Losing Action (ai'): Answer
Information Goal (gi): SELECT avg...

Dpref

Policy at Step i

[sampled
response yi]

Action
Classifier

(A)

Sampled Response (yi): SELECT ... FROM ...
Detected Action (ai): ANSWER

Replace Losing Response with Sampled Response

Scenario A: Wrong Implicit Action

Sampled Response (yi): Are you looking for ..
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Scenario B: Correct Implicit Action
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Goal (gi): SELECT avg...

Scenario B1: Incorrect Simulated Outcome

Scenario B2: Correct Simulated Outcome
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Simulated Trajectory

Replace Winning Response with
Simulated Trajectory

Compute
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Objective

On-Policy Response Sampling Trajectory Simulation and Evaluation Policy Update
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Figure 4.3: Overview of the tuning phase of ACT. For each initial contrastive pairing from 𝐷 𝑝𝑟𝑒 𝑓

(constructed as in Sec. 4.3.2), we sample an on-policy response from the model being tuned. After
evaluating the sampled response’s trajectory, we update the contrastive pairing by either replacing
the existing winning or losing response. The model policy is updated using the objective in Eq. 4.1.

of recorded investment are you asking about?” in Figure 4.1 may be some response expressing a

clarifying question). Thus, we can formally represent turn state 𝑡𝑖 using the tuple (𝑝𝑖, 𝑟𝑖, 𝑔𝑖, 𝑎𝑖). For

the datasets considered in our experiments, 𝑆 = [CLARIFY,ANSWER] (although the method can

be extended to a broader action space). We assume access to a controllable generation model (𝑀),

Action Classifier (𝐴) and model which can be controlled to function as a User Simulator (𝑈). As

we discuss in Sec. 4.3.2, 𝑀 is used for preference data creation whereas 𝐴 and 𝑈 are used during

tuning and evaluation. We illustrate this notation in Fig. C1.

4.3.2 ACT: Action-Based Contrastive Self-training

One of the north stars in developing intelligent conversational models is the ability to automat-

ically produce responses which take actions which lead to the highest probability of conversational

success Wu et al., 2023a; Zhao, Xie, and Eskenazi, 2019. We propose ACT, an approach that

adapts generic LLMs for dialogue generation and models action planning as an implicit subtask.

ACT is a quasi-online extension of the DPO algorithm which maintains its ease of use of offline

method while incorporating the flexible exploration found during online learning. ACT relies on

a few intuitions. 1) Contrastive preferences are an intuitive medium for demonstrating the prag-
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Algorithm 2 Building Contrastive Action Pairs
input Dataset 𝐷, Conditional generation model 𝑀 , Action Space 𝑆, Action Annotation Agent 𝐺

1: Initialize empty dataset 𝐷 𝑝𝑟𝑒 𝑓 .
2: for conversation turn 𝑡𝑖 ∈ 𝐷 do
3: Let 𝑎𝑖 = 𝐺 (𝑝𝑖, 𝑟𝑖) ⊲ Infer Contextual Action
4: Let 𝑎′

𝑖
= 𝑆 \ 𝑎𝑖 ⊲ Determine Rejected Action

5: Let 𝑦𝑤𝑖 = 𝑟𝑖.
6: Sample 𝑦𝑙𝑖 ∼ 𝑃𝑀 (·|𝑝𝑖, 𝑎′𝑖).
7: Let 𝑡′

𝑖
= (𝑝𝑖, 𝑟𝑖, 𝑔𝑖, 𝑎𝑖, 𝑎′𝑖, 𝑦𝑤𝑖, 𝑦𝑙𝑖).

8: Add 𝑡′
𝑖

to 𝐷 𝑝𝑟𝑒 𝑓

output 𝐷 𝑝𝑟𝑒 𝑓

matic differences between the implicit actions of “winning” and “losing” dialogue responses. 2)

Conversational improvements require multi-turn optimization, which are difficult to express using

only single-turn contrast pairings. 3) The gradient of the objective of DPO-like algorithms (see

Eq. 4.2) is weighted based on the log probabilities assigned to the winning and losing responses,

and by construction, on-policy response sampling yields high-probability token sequences. ACT

is summarized in Fig. 4.3. ACT consists of two phases: action-based contrast dataset construction

(Alg. 2) and contrastive self-training (Alg. 3).

Construction of Preference Data

The preference dataset primarily consists of contrastive winning-losing action pairs, as shown

in Alg. 2. That is, for each conversation turn 𝑡𝑖 in a dataset 𝐷, we can construct 𝐷 𝑝𝑟𝑒 𝑓 consist-

ing of augmented 𝑡′
𝑖

tuples. We add rejected action 𝑎′
𝑖

which is sampled from 𝑆 \ 𝑎𝑖, winning

response 𝑦𝑤𝑖
← 𝑟𝑖, and 𝑦𝑙𝑖 which is a losing response sampled using 𝑀 . Given that each 𝑎′

𝑖
is

pre-defined when constructing 𝐷 𝑝𝑟𝑒 𝑓 , we use a high capacity LLM Chen et al., 2023a rather than

tuning a smaller one or asking crowdworkers for losing response construction (more details in

Appendix 4.5.2).

Action optimization for unlabeled conversations “in-the-wild” Obtaining gold-standard am-

biguity annotations may not always be possible. In such settings, one can obtain pseudo-label

supervision using a classifier as the Action Annotation Agent 𝐺 rather than human annotation. We
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discuss details and analyze performance in Sec. 4.6.4. Depending on the data, it may be appropri-

ate to introduce an initial preprocessing step which involves inferring user satisfaction similarly to

Shi et al., 2024.

Self-Training Using On-policy Conversation Trajectory Simulation

As in DPO training, we continuously sample batches from 𝐷 𝑝𝑟𝑒 𝑓 . Although each conversation

turn 𝑡𝑖 in each batch 𝑗 has a default winning (𝑦𝑤𝑖) and losing (𝑦𝑙𝑖) response, we also sample an

on-policy response 𝑦𝑖 from 𝜋𝜃 𝑗
. We use 𝐴 to determine whether the implicit action of 𝑦𝑖 3 matches

the inferred action 𝑎𝑖 of the ground truth response. If the implicit action of 𝑦𝑖 is incorrect, we set

𝑦𝑙𝑖 = 𝑦𝑖. If it does match 𝑎𝑖, then we simulate the outcome 𝑔′
𝑖

of the trajectory resulting from

𝑦𝑖 using 𝑈 4 and 𝜋𝜃 𝑗
. If the trajectory outcome 𝑔′

𝑖
fails to meet task-specific heuristics (e.g., low

semantic similarity or an incorrect execution), we set 𝑦𝑙𝑖 to the entire simulated trajectory resulting

from 𝑦𝑖 (e.g., “Are you looking for...” + “What is the average total number. . . ” + “SELECT max

. . . ” in Figure 4.3). Otherwise, we set 𝑦𝑤𝑖 to the simulated trajectory (e.g. “Are you looking for...”

+ “What is the average total number. . . ” + “SELECT avg . . . ” in Figure 4.3).

Contrastive RL Tuning for Alignment

After constructing the up-to-date winning 𝑦𝑤𝑖 and losing 𝑦𝑙𝑖 pairing at turn 𝑖 through simulation

(Sec. 4.3.2), we update the policy model (𝜋𝜃) using the DPO training objective Rafailov et al., 2024,

which is as follows (we ignore the 𝑖 iterator for simplicity):

LDPO(𝜋𝜃; 𝜋𝑟𝑒 𝑓 ) = −E(𝑝,𝑦𝑤 ,𝑦𝑙)∼D
[
log𝜎

(
𝛽 log

𝜋𝜃 (𝑦𝑤 | 𝑝)
𝜋𝑟𝑒 𝑓 (𝑦𝑤 | 𝑝)

− 𝛽 log
𝜋𝜃 (𝑦𝑙 | 𝑝)
𝜋𝑟𝑒 𝑓 (𝑦𝑙 | 𝑝)

)]
, (4.1)

where 𝑝 is a prompt consisting of a concatenation between task info and conversation history

= {𝑥1, 𝑦1, ..., 𝑥𝑖−1, 𝑦𝑖−1, 𝑥𝑖} with each 𝑥𝑖 and 𝑦𝑖 representing observed user-side and system-side

utterances at turn 𝑖; 𝑦𝑤 and 𝑦𝑙 are the designated “winning” and “losing” responses or trajectories

as set in Sec. 4.3.2; 𝜋𝑟𝑒 𝑓 is the initial reference policy model; and 𝛽 is a hyperparameter that

3Classifying 𝑦𝑖’s action optimizes the following: argmax𝑎𝑘 ∈𝑆 𝑃𝐴(𝑎𝑘 |𝑝𝑖 , 𝑦𝑖)
4The next user turn (denoted 𝑢𝑖+1) is sampled according to 𝑢𝑖+1 ∼ 𝑃𝑈 (·|𝑝𝑖 , 𝑦𝑖)
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Algorithm 3 ACT: Action-Based Contrastive Self-Training
input Initial Policy Model 𝜋𝜃0 , Action Contrast Dataset 𝐷 𝑝𝑟𝑒 𝑓 , Number of Batches 𝐵, Action

Classifier 𝐴, User Simulator 𝑈, Task Heuristic 𝐻, Heuristic Tolerance 𝜖

1: for conversation turn 𝑡𝑖 in batch 𝑏 𝑗 sampled from 𝐷 𝑝𝑟𝑒 𝑓 where 0 ≤ 𝑗 ≤ 𝐵 do
2: Sample 𝑦𝑖 ∼ 𝑃𝜃 𝑗

(·|𝑝𝑖) ⊲ Sample a response from the current model policy
3: if Action 𝐴(𝑦𝑖) ≠ Action 𝑎𝑖 then
4: Set 𝑦𝑙𝑖 = 𝑦𝑖 ⊲ Implicit pragmatic action does not match ground truth
5: else
6: Initialize 𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦
7: Add 𝑦𝑖 to 𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦

8: while 𝐴(𝑦𝑖) ≠ 𝐴𝑁𝑆𝑊𝐸𝑅 do
9: Clarification Answer = 𝑃𝑈 (𝑝; 𝑦𝑖) ⊲ Simulate User Clarification

10: Add Clarification Answer to 𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦

11: 𝑦′
𝑖+1 = 𝑃𝜋𝜃

(𝑃; 𝑦𝑖) ⊲ Simulate next policy response
12: Add 𝑦′

𝑖+1 to 𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦

13: if 𝐻 (𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦 outcome, Ground Truth Outcome 𝑔𝑖) > 𝜖 then
14: Let 𝑦𝑤𝑖 = 𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦 ⊲ Reward acceptable trajectory outcome
15: else
16: Let 𝑦𝑙𝑖 = 𝑇𝑟𝑎 𝑗𝑒𝑐𝑡𝑜𝑟𝑦 ⊲ Penalize bad trajectory outcome
17: 𝜃 ← 𝑈𝑝𝑑𝑎𝑡𝑒(𝜃) until convergence (eq 4.2)
output 𝜋𝜃𝐵

regularizes the ratio between 𝜋𝜃 and 𝜋𝑟𝑒 𝑓 . The gradient of this objective is given as follows:

∇𝜃LDPO(𝜋𝜃; 𝜋𝑟𝑒 𝑓 ) =

− 𝛽E(𝑝,𝑦𝑤 ,𝑦𝑙)∼D

[
𝜎(�̂�𝜃 (𝑝, 𝑦𝑙) − �̂�𝜃 (𝑝, 𝑦𝑤))

[
∇𝜃 log 𝜋(𝑦𝑤 | 𝑝) − ∇𝜃 log 𝜋(𝑦𝑙 | 𝑝)

] ]
, (4.2)

where 𝑅(𝑝, 𝑦) = 𝛽 log 𝜋(𝑦 |𝑝)
𝜋𝑟𝑒 𝑓 (𝑦 |𝑝) for a given policy model 𝜋 and reference model 𝜋𝑟𝑒 𝑓 , as proven

under the assumptions in Rafailov et al., 2024. The intuition behind the objective is that the gra-

dient of the loss function would increase the likelihood of winning responses 𝑦𝑤 ∈ 𝑌𝑤 and would

decrease the likelihood of losing responses 𝑦𝑙 ∈ 𝑌𝑙 , with each example being weighed by the

magnitude of how incorrectly the implicitly defined reward model ranks the paired responses.
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4.4 AmbigSQL: Modeling Ambiguity in Conversational Text-to-SQL

Table 4.1: Overview of AmbigSQL, an ambiguous Text-to-SQL dataset synthesized from Spider.
Train Dev Test

Num. Unambiguous Requests 7,000 1,034 1,034
Num. Ambiguous Requests 7,000 1,034 1,034
Num. Unique Schemas 1,056 145 145
Types of Ambiguity 3 3 3

There is growing interest in using LLM-based agents for coding tasks Liu et al., 2024b. Par-

ticularly, due to the complexity of such tasks, multi-turn interactions in which an agent is able to

clarify assumptions and user intents should intuitively help with goal completion Nijkamp et al.,

2023. Despite this, there are few existing resources for multi-turn code generation tasks. One ex-

ample is CoSQL, a conversational text-to-SQL task which also includes linguistic ambiguities Yu

et al., 2019, but the proposed task does not include agent-style interaction in which a model must

learn to ask clarifying questions. Upon our inspection of the dataset, there are also various incon-

sistencies related to the “system-side” clarification questions given in the dataset’s conversational

contexts, which we highlight in Table 4.2. As a result, we propose AmbigSQL, our own syntheti-

cally constructed resource for ambiguous conversational text-to-SQL.

Table 4.2: Conversations in CoSQL with noisy “clarification questions” (highlighted in red).
Example 1) is a remnant of crowdsourcing in which the system-side party makes mention of the
task guideline. Example 2) demonstrates a system-side clarification question being asked prior
to the user making any information requests. Example 3) The system-side clarification question
makes reference to some prior database search result, but the execution feedback is not made
accessible to the system during inference.

No.Interacting
Party

Utterance

User Can you list all the singer ids that aren’t present in the song table?
Assistant SELECT Name FROM singer WHERE Singer_ID NOT IN ...
User Thanks!

1 Assistant You should ask at least 3 questions

2 Assistant Did you want the full name of makers and the number?

3 Assistant Do you mean the address of the customer with first name Luis?
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4.4.1 AmbigSQL Construction

Table 4.3: In-context example given as part of a prompt for creating information requests in
which the target population is ambiguous. The format of the black text represents how a ground-
truth request would be used to form the prompt for a target example. The blue text represents the
content that would be synthesized from an LLM. We omit the database schema from the paper.
[Database Schema Omitted]
The target SQL query is the following:

SELECT professional_id , last_name , cell_number FROM Professionals
WHERE state = ’Indiana’ UNION SELECT T1.professional_id , T1.last_name ,
T1.cell_number FROM Professionals AS T1 JOIN Treatments AS T2 ON
T1.professional_id = T2.professional_id
GROUP BY T1.professional_id HAVING count(*) > 2

Here is a clear request that would correspond to this SQL query:
“Which professionals live in the state of Indiana or have done treatment on more than 2 treatments?
List his or her id, last name and cell phone.”
Here is the same request converted into an ambiguous format by underspecifying the target columns:
“Which ones live in the state of Indiana or have done treatment on more than 2 treatments?”
Here is an appropriate clarifying question to recover the clear request from the ambiguous request:
“Are you asking about the Professionals?”

We start from Spider, a popular single-turn text-to-SQL dataset and benchmark. An overview

of AmbigSQL is given in Table 4.1. Due to the nature of the single-turn requests in Spider, each

instance can be viewed as a conversation consisting of a single state 𝑡1 (see notation defined in

Section 4.3). In 𝑡1, 𝑝1 contains any instructions, the database schema, and the user’s request. 𝑟1

is the correct SQL query which yields the information requested by the user. 𝑔1 = 𝑟1 because the

trajectory ends on the same turn due to the system yielding the correct query. 𝑎1 = 𝐴𝑁𝑆𝑊𝐸𝑅

because the only action possible is to provide a SQL query.

Our desired result in constructing AmbigSQL is to have a corpus which can be used to demon-

strate to an LLM the linguistic differences between ambiguous and clear user requests. That is,

given a fixed database schema and a target SQL query, we want a pair of requests such that one

requires asking a clarification question and one does not. This would also result in a balanced

dataset in which half of the requests require asking clarification questions, and half do not.

We focus on three fundamental types of ambiguous information requests. Those in which
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the requested information is ambiguous (e.g., “Show details about singers ordered by age from

the oldest to the youngest”), those in which the requested population is ambiguous (e.g., “Which

ones who live in the state of Indiana?”; see Table 4.3), and finally, those in which the requested

presentation of results is ambiguous (e.g. “Show name, country, age for all singers ordered by

age”; see Table 4.4).

We iterate through each of the examples in Spider, and use an LLM (Gemini Ultra 1.0) to

synthesize a perturbed version of each unambiguous query, along with an appropriate clarifying

question. For queries which require some manipulation of results presentation, we prompt an LLM

to perturb the query such that the requested presentation style becomes ambiguous. Otherwise, we

randomly select a perturbation strategy: either masking the requested information (Table 4.4) or

masking the requested population (Table 4.3). For each of these three strategies, we use five in-

context examples demonstrating the appropriate masking process. The exact in-context examples

are given in the attached code. Each of these ambiguous queries are thus associated with conver-

sations containing “ground truth” states at two timesteps, 𝑡1 and 𝑡2. 𝑝1 contains an ambiguous user

request, 𝑟1 is the synthesized clarification question, and accordingly, 𝑎1 = 𝐶𝐿𝐴𝑅𝐼𝐹𝑌 . 𝑝2 con-

tains the disambiguated user request, 𝑟2 is the correct ground truth SQL query, and accordingly,

𝑎2 = 𝐴𝑁𝑆𝑊𝐸𝑅.

The code to create AmbigSQL will be released publicly. Each instance includes the database

metadata included in Spider, but for all experiments used in this paper, the database schema is

linearized into the format used for prompting in Sun et al., 2023b; Sun et al., 2023a.

4.4.2 Examining Clarification Need in AmbigSQL

We primarily are concerned with examining the extent to which clarification questions are nec-

essary in providing the requested SQL queries. Inspired by the notion of “recovery” presented in

Toles et al., 2023, we examine the performance in constructing each of the unique SQL queries

with and without the gold clarification turns. Concretely, we first evaluated the Execution Match

performance achieved by prompting LLMs with only the ambiguous versions of each user request,

71



Table 4.4: In-context example given as part of a prompt for creating information requests in
which the target columns are ambiguous. The format of the black text represents how a ground-
truth request would be used to form the prompt for a target example. The blue text represents the
content that would be synthesized from an LLM. We omit the database schema from the paper.
[Database Schema Omitted]
The target SQL query is the following:

SELECT professional_id , last_name , cell_number FROM Professionals
WHERE state = ’Indiana’ UNION SELECT T1.professional_id , T1.last_name ,
T1.cell_number FROM Professionals AS T1 JOIN Treatments AS T2 ON
T1.professional_id = T2.professional_id
GROUP BY T1.professional_id HAVING count(*) > 2

Here is a clear request that would correspond to this SQL query:
“Which professionals live in the state of Indiana or have done treatment on more than 2 treatments?
List his or her id, last name and cell phone.”
Here is the same request converted into an ambiguous format by underspecifying the target columns:
“Which professionals live in the state of Indiana or have done treatment on more than 2 treatments?”
Here is an appropriate clarifying question to recover the clear request from the ambiguous request:
‘’Which information of the professionals do you want to know?”

with each instruction including the instruction that the LLM must construct a SQL query. Then,

we prompted LLMs to construct the same SQL queries, but given the disambiguation turns as con-

versation history (i.e., with context consisting of the original ambiguous request, the clarification

question, and then non-ambiguous request).

We conducted this analysis on the test set using two competitive LLMs, Gemini Pro and Gemini

Ultra, with the Execution Match tool from Spider and CoSQL Yu et al., 2018; Yu et al., 2019. Our

results are shown in Table 4.5. Given only an ambiguous request, both Gemini Pro and Gemini

Ultra struggle to consistently construct the correct SQL query. However, given disambiguation

turns, Execution Match improves dramatically, approximating the performance on the validation

set given in Sun et al., 2023b; Sun et al., 2023a.

4.4.3 Examples

Table 4.6 and Table 4.7 each contain a pair of examples from AmbigSQL’s test set. Each

example contains the prompt which is provided to an LLM, the immediate ground truth response
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Table 4.5: Examination of ambiguity in AmbigSQL. Competitive high capacity LLMs struggle
with producing “correct” SQL queries given only ambiguous user requests. Including disambigua-
tion turns in the prompts greatly improves execution match.

Model Ambiguous Request Execution Match Execution Match with Clarification Turns

Gemini Pro 28.5 68.7
Gemini Ultra 31.2 77.0

to the user request provided as part of the prompt, and the resulting ground truth trajectory (for

examples which include clarifying questions). The examples in each table are paired — the top

example is directly taken from Spider and converted into a conversational format, and the bottom

example is the result of introducing ambiguity into the first example.

Table 4.6: Examples from the AmbigSQL test set using the “concert_singer” database. Black
text: context provided to an LLM as a prompt. Blue text: ground-truth single-turn response. Purple
text: target trajectory which should be achieved through simulation.
[Instruction]
You are an Assistant having a conversation with a User who would like to retrieve some information
from a SQL database with the schema provided below. If you are confident in the User’s intent, you
should provide the appropriate SQL query. Otherwise, you should ask the User a clarifying question.
[Database Schema Omitted]
[Conversation]
User: How many singers do we have?
Assistant: SELECT count(*) FROM singer

[Instruction]
You are an Assistant having a conversation with a User who would like to retrieve some information
from a SQL database with the schema provided below. If you are confident in the User’s intent, you
should provide the appropriate SQL query. Otherwise, you should ask the User a clarifying question.
[Database Schema Omitted]
[Conversation]
User: Tell me about the singers.
Assistant: What specifically would you like to know about the singers? For example, would you like
to know how many there are, or see a list of their names?
User: How many singers do we have?
Assistant: SELECT count(*) FROM singer
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Table 4.7: Examples from the AmbigSQL test set using the “flight_2” database. Black text:
context provided to an LLM as a prompt. Blue text: ground-truth single-turn response. Purple text:
target trajectory which should be achieved through simulation.
[Instruction]
You are an Assistant having a conversation with a User who would like to retrieve some information
from a SQL database with the schema provided below. If you are confident in the User’s intent, you
should provide the appropriate SQL query. Otherwise, you should ask the User a clarifying question.
[Database Schema Omitted]
[Conversation]
User: Return the number of airports.
Assistant: SELECT count(*) FROM AIRPORTS

[Instruction]
You are an Assistant having a conversation with a User who would like to retrieve some information
from a SQL database with the schema provided below. If you are confident in the User’s intent, you
should provide the appropriate SQL query. Otherwise, you should ask the User a clarifying question.
[Database Schema Omitted]
[Conversation]
User: How many are there?
Assistant: Could you please specify which table you are referring to when you ask ’How many are
there?’
User: Return the number of airports.
Assistant: SELECT count(*) FROM AIRPORTS

4.5 Experimental Setup

ACT is a sample-efficient approach to adapt an LLM to a conversational action policy. We are

primarily concerned with learning optimized implicit selection for agent-side clarification ques-

tion asking, and we thus evaluate ACT as a tuning approach for three complex conversational

information-seeking tasks. As a base model for our tuning experiments, we use Zephyr 𝛽, a ver-

sion of Mistral 7B (Jiang et al., 2023) which has been instruction tuned on UltraChat and aligned

to human preferences on UltraFeedback (Cui et al., 2023; Ding et al., 2023; Tunstall et al., 2023).

4.5.1 Datasets

We investigate three mixed-initiative conversation tasks in which a user interacts with an assis-

tant to retrieve some information. In our setup of each task, a user asks a query which may or may

not be underspecified. The assistant is tasked with providing a response which may either be a
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clarifying question or an attempt to directly answer the user’s query. For each task, we synthesize

the initial rejected responses by prompting Gemini Ultra as the conditional generation model, 𝑀 .

ACT is evaluated on a diverse set of datasets spanning various domains: tabular conversational

QA, conversational QA for machine reading comprehension, and conversational text-to-SQL gen-

eration.

PACIFIC: Conversational QA for Tabular Data

PACIFIC is a task for proactive conversational question answering grounded on a mixture of

tabular and textual financial data (Deng et al., 2022). This may involve generating the correct

words from a given span, from multiple spans, or providing a correct arithmetic expression. The

official evaluation for PACIFIC uses a numeracy-focused token overlap metric called DROP F1.

Abg-CoQA: Conversational QA for Machine Reading Comprehension

Abg-CoQA is a conversational question answering dataset for disambiguation in machine read-

ing comprehension (Guo et al., 2021). As there are no arithmetic expressions, we use embedding-

based semantic distance with SentenceBERT (Reimers and Gurevych, 2019) as an evaluation met-

ric, which has been used to more flexibly measure question-answering performance (Risch et al.,

2021a).

AmbigSQL: Ambiguous Conversational Text-to-SQL Generation

AmbigSQL is our new task for SQL-grounded conversational disambiguation, as described in

Section 4.4.

4.5.2 Conditional Generation Model Details

As mentioned Section 4.3.1, we make use of a high capacity LLM as a conditional genera-

tion model, 𝑀 . For all experiments considered, we use Gemini Ultra 1.0 to construct the initial

action-based contrastive preference dataset. We follow the format of “mixed-initiative prompting”
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described in Chen et al., 2023a, rather than performing zero-shot inference, we use ten in-context

examples to adapt the LLM to the prompting structure. Concretely, for a given input/output pair

to be used as an in-context example, we interweave each System-side utterance with a narrative

instruction that states that the next utterance is either a clarifying question or a direct answer. This

yields “control” over the pragmatic action of the generated utterance.

4.5.3 Action Classifier Details

In the datasets we considered, the possible actions are to either “clarify” or “directly answer” a

question. We directly use few-shot in-context learning as action classifier 𝐴.

Compared to recognizing whether a request is ambiguous or not, action classification (i.e.,

recognizing whether an existing utterance is a question or answer attempt) is considerably simpler.

We directly prompt Gemini Ultra 1.0 with 10 in-context examples to serve as 𝐴 (as per the notation

given in Section 4.3.1).

Table 4.8: In-context example given as part of a prompt to an LLM for action classification
with PACIFIC. The blue text represents the action for this example.
[Table and Passage Omitted]
User: What was the total number of acquisitions in FY19?
Assistant: 35 acquisitions
User: What are the benefits of active growth strategy?
Assistant: strengthens and scales the National Storage operating platform which drives efficiencies
across the business.
User: What was the total NLA?
Assistant: Which region are you asking about?
The last Assistant utterance is a clarifying question.

Table 4.8 is an example of an in-context example used to demonstrate a system-side response

with the “Clarify” action in PACIFIC (“Assistant: Which region are you asking about?”). All of the

conversation history is made available in addition to the relevant table and passage in the prompt.

We include all contextual information available as part of the input to the Action Classifier, along

with the last Assistant response which is an example of the classification target.

Table 4.9 is an example of an in-context example used to demonstrate a system-side response
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Table 4.9: In-context example given as part of a prompt to an LLM for action classification
with Abg-CoQA. The blue text represents the action for this example.
[Passage Omitted]
User: And who in the group was anxious?
Assistant: Peppe
User: Was she well-rested?
Assistant: no
The last Assistant utterance is a direct answer.

with the “Answer” action in Abg-CoQA (“Assistant: no”). As is common in this corpus, a subset

of the conversation is made available in addition to the relevant passage in the prompt. We include

all contextual information available as part of the input to the Action Classifier, along with the last

Assistant response which is an example of the classification target.

Table 4.10: In-context example given as part of a prompt to an LLM for action classification
with AmbigSQL. The blue text represents the action for this example.
[Database Schema Omitted]
User: “Which professionals live in the state of Indiana or have done treatment on more than 2 treat-
ments? List his or her id, last name and cell phone.”
Here is the same request converted into an ambiguous format by underspecifying the target columns:
Assistant:

SELECT professional_id , last_name , cell_number FROM Professionals
WHERE state = ’Indiana’ UNION SELECT T1.professional_id, T1.last_name,
T1.cell_number FROM Professionals AS T1 JOIN Treatments AS T2 ON
T1.professional_id = T2.professional_id
GROUP BY T1.professional_id HAVING count(*) > 2

The last Assistant utterance is a direct answer.

Table 4.10 is an example of an in-context example used to demonstrate a system-side response

with the “Answer” action in AmbigSQL. In AmbigSQL, the information provided as input is the

database schema, and the user’s initial information request. This information is provided as part

of the input to the Action Classifier, along with the last Assistant response which is an example of

the classification target.

77



Table 4.11: In-context example given as part of a prompt to an LLM for intent summarization
with PACIFIC. The purple text represents the system prompt used for this task. The blue text
represents the summarized information-seeking intents.

The following is a conversation between a User and an Assistant. The User is asking some questions.
Summarize what information the User is looking for.
[Table and Passage Omitted]
User: What does Walletron deliver?
Assistant: patented mobile wallet technology.
User: How much did it cost the company to acquire certain technology assets of RevChip, LLC
("RevChip") and TranSend Integrated Technologies Inc. ("TranSend")?
Assistant: $7.0 million
User: What was the pro forma revenue in 2019?
Assistant: $1,382,957
User: What was the change in its amount between 2018 and 2019?
Assistant: 21228
User: How about that in pro forma net income?
Assistant: -6425
[Information] The user wants to know: 1. What technology Walletron delivers, 2. How much it cost
Walletron to acquire certain technology assets of RevChip, LLC and TranSend Integrated Technologies
Inc., 3. What the pro forma revenue was in 2019, 4. What the change in pro forma revenue was between
2018 and 2019, and 5. What the change in pro forma net income was between 2018 and 2019.

4.5.4 User Simulator Details

In order to iterate on system-side dialogue models, many works investigate the use of a user

simulator, 𝑈 (as per the notation given in Section 4.3.1) (e.g. Chandramohan et al., 2011; Kreyssig

et al., 2018; Shah et al., 2018). At its core, it requires a response generation model which can

robustly represent user-side intents. Traditionally, this involved training a model specifically on

user-side responses but due to the aforementioned control capabilities of modern LLMs (Chen

et al., 2023a), we directly perform few-shot prompting for user simulation, following Deng et

al., 2023b; Yu, Chen, and Yu, 2023. For a given conversation during training, we again prompt

a high-capacity LLM with in-context examples to identify the information-seeking user intents.

Then, conditioned on the generated information-seeking intents, we prompt the same LLM with

the responses from the policy model to simulate the sub-goal trajectory. This allows 𝑈 to ground

on the real intents of the user while retaining enough flexibility to respond coherently to some

system-side response. In our work, we use Gemini Ultra 1.0 with three hand-crafted in-context
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examples for both intent summarization and user response generation.

PACIFIC We provide one of our three handcrafted in-context examples of summarizing information-

seeking intent in Table 4.11. While the information summary is handcrafted, the conversation and

grounding data are taken directly from the PACIFIC. After intent summarization, 𝑈 is given the

existing conversation history along with an instruction that includes the information seeking in-

tents and asked to provide the next user response. This format is structurally the same as the three

simulation-specific in-context examples — an example is provided in Table 4.12.

Table 4.12: In-context example given as part of a prompt to an LLM for user simulation with
PACIFIC. The purple text represents the system prompt used for this task, which contains the
information-seeking intents summarized from Table 4.11. The entire conversation is used for this
example to demonstrate grounding between a conversation and intents.

The following is a conversation between a User and an Assistant. The User is asking some questions.
The user wants to know: 1. What technology Walletron delivers, 2. How much it cost Walletron
to acquire certain technology assets of RevChip, LLC and TranSend Integrated Technologies Inc., 3.
What the pro forma revenue was in 2019, 4. What the change in pro forma revenue was between 2018
and 2019, and 5. What the change in pro forma net income was between 2018 and 2019.
[Table and Passage Omitted]
Assistant: $7.0 million
User: What was the pro forma revenue in 2019?
Assistant: $1,382,957
User: What was the change in its amount between 2018 and 2019?
Assistant: 21228
User: How about that in pro forma net income?
Assistant: -6425

Abg-CoQA We conduct user simulation for Abg-CoQA similarly to PACIFIC. Table 4.13 is one

of three hand-crafted examples of intent summarization, and Table 4.14 is one of three hand-crafted

examples used for simulating the final user response.

AmbigSQL We conduct user simulation slightly differently for AmbigSQL. Rather than having

a separate step for knowledge-seeking intent summarization, we directly condition 𝑈 on the target

SQL query. As demonstrated in Table 4.15, the prompt includes the target SQL query, the original

user request, and the clarification question sampled from the Assistant. In the example given in
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Table 4.13: In-context example given as part of a prompt to an LLM for intent summarization
with Abg-CoQA. The purple text represents the system prompt used for this task. The blue text
represents the summarized information-seeking intents.
[Passage Omitted]
User: What was his ranking?
Assistant: General
User: Did someone else have horse fighters?
Assistant: yes
User: Who?
Assistant: Do you want to know who had 2,500 horse fighters initially?
User: No, I want to know who had a considerable force of horse fighters west of him.
Assistant: General (Bishop) Polk.
Instruction: Summarize what information the user is looking for.
Summary: The user wants to know: 1. What his ranking was. 2. Whether someone else had horse
fighters. 3. Who had a considerable force of horse fighters west of him.

Table 4.15, the last line is the ground truth disambiguated query, and in practice, this would be the

generation target of 𝑈.

4.5.5 Evaluation Setup

We conduct evaluations of ACT’s ability to reason about ambiguity in conversation to better

accomplish conversational goals along two dimensions.

Agent task performance: We evaluate whether ACT improves multi-turn task completion capa-

bilities. PACIFIC and Abg-CoQA are initially proposed only with static single-turn evaluations.

We mirror this by conducting a turn-level evaluation where we compare the model’s response to

the ground truth utterance given in response to the user’s query, using the task-specific heuristics

given in Sec. 4.5.1. Since we are specifically concerned with improving LLMs’ multi-turn capa-

bilities, we additionally propose a multi-turn evaluation scheme for the trajectory outcomes in all

three tasks considered. While the sampled response from an LLM is a clarifying question, we sim-

ulate a user response and re-sample another response from the evaluated LLM until it attempts to

answer the original query. We evaluate this outcome against the user’s ground truth information-

seeking goal. We use 𝐴 and 𝑈 for simulation as described in Sec. 4.3.2 for ACT, and use the
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Table 4.14: In-context example given as part of a prompt to an LLM for user simulation with
Abg-CoQA. The purple text represents the system prompt used for this task, which contains the
information-seeking intents summarized from Table 4.13. The entire conversation is used for this
example to demonstrate grounding between a conversation and intents.

The following is a snippet from a conversation between an Assistant and a User who is asking some
questions about the Story below. The user only wants to know the following information: 1. What his
ranking was. 2. Whether someone else had horse fighters. 3. Who had a considerable force of horse
fighters west of him.
[Passage Omitted]
User: What was his ranking?
Assistant: General
User: Did someone else have horse fighters?
Assistant: yes
User: Who?
Assistant: Do you want to know who had 2,500 horse fighters initially?
User: No, I want to know who had a considerable force of horse fighters west of him.
Assistant: General (Bishop) Polk.

heuristics defined in Sec. 4.5.1. An example is illustrated in Fig C2. In PACIFIC and AmbigSQL,

we also compute task performance on the simulated responses in which the model has previously

asked any clarifying questions, in order to get a more fine-grained measure of the model’s ability

to reason about its own clarification questions. In aggregate, we define the following content-level

evaluation metrics:

• Turn-level DROP F1: Average immediate response DROP F1 (Deng et al., 2022; Dua et al.,

2019)

• Trajectory-level DROP F1: Average trajectory-outcome DROP F1 (Deng et al., 2022; Dua

et al., 2019)

• Post-Clarification DROP F1: Average DROP F1 (Deng et al., 2022; Dua et al., 2019) of

responses which follow agent clarification turns

• Turn-level Similarity: Immediate response embedding similarity

• Trajectory-level Similarity: Trajectory outcome embedding similarity

• Trajectory-level Execution Match: Percentage of trajectory outcomes with correct execution

results
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Table 4.15: In-context example given as part of a prompt to an LLM for user simulation
with AmbigSQL. The purple text represents the system prompt used for this task, which contains
ground truth SQL query goal. The entire conversation is used for this example to demonstrate SQL
query-grounded request disambiguation.

A user is asking an assistant to retrieve some information from a SQL database. The command that the assistant
should ultimately return is as follows:

SELECT county FROM campuses where campus = ’California State University-Chico’

The assistant will ask some questions to clarify the user’s intent. The user should respond with a rephrased
request that reflects their desired query.
User: what is the county?
Assistant: Are you asking for a list of all of the counties in the database?
User: I’m looking for the county of the campus ’California State University-Chico’

• Post-Clarification Execution Match: Percentage of trajectory outcomes with correct execu-

tion results out of those that which contain clarification turns

Implicit ambiguity recognition: To help further understand an agent’s multi-turn task comple-

tion ability, we consider “dialogue act accuracy” (Chen et al., 2023a). Assuming access to ground-

truth ambiguity labels, given a contextually-ambiguous user request, a model should generate a

clarifying question, otherwise, it should attempt to provide the requested information. Concretely,

we define the following action-level evaluation metrics:

• Accuracy: Percentage of correct implicit actions

• Weighted F1: Average of F1 for each action, weighted by its support

• Macro F1: Unweighted Average of F1 for each action

PACIFIC As previously described, PACIFIC is a conversational question-answering dataset in

which the final answers may involve generating the correct words from a given span, from multiple

spans, or providing a correct arithmetic expression. As such, the authors propose using DROP

F1 as the official evaluation metric. The way DROP F1 is used in the original paper Deng et

al., 2022 is analogous to our aforementioned “Turn-level DROP F1.” However, as this does not

fully represent a model’s conversational reasoning abilities, we additionally evaluate LLMs in the
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PACIFIC environment using Accuracy, Weighted F1, Macro F1, Trajectory-level DROP F1, and

Post-Clarification DROP F1. Concretely, the evaluation for some LLM 𝜋 is as follows. Assume

we have some example with prompt 𝑝, winning action 𝑎, ground truth response 𝑟, and trajectory-

level information goal 𝑔. We sample a candidate response from the LLM: 𝑦 ∼ 𝑃𝜃 (·|𝑝). We then

simulate the trajectory resulting from each response 𝑦 according to Lines 6-12 in Algorithm 3

and obtain trajectory outcome 𝑔′. The aforementioned action-level metrics are computed using

the implicit actions of each 𝑦 with each ground truth implicit action 𝑎. Turn-level DROP F1 is

computed between all sampled responses 𝑦 and all ground truth responses 𝑟, and Trajectory-level

DROP F1 is computed over all simulated trajectory outcomes 𝑔′ and all ground truth information

goals 𝑔. Post-Clarification F1 is defined as Trajectory-level F1 for only the subset of trajectories

which include clarification turns.

Abg-CoQA As previously mentioned in Section 5.6, Abg-CoQA is a conversational question-

answering dataset for machine reading comprehension. Thus, we use embedding similarity Risch

et al., 2021a as it allows for producing more coherent and diverse responses which may be scored

lowly by criteria such as token-level F1 score. In the original paper, language models are only

evaluated in terms of QA performance Guo et al., 2021, rather than their ability to disambiguate

requests. Thus, for our evaluation, we remove all clarification turns from the prompt and require

the LLM to produce clarifying questions on its own. However, unlike the other tasks considered in

this paper, each ambiguous request is paired with all of the possible trajectories (i.e., the reasons

why the request is considered ambiguous). We thus perform an evaluation for every ground truth

trajectory, so that it is impossible for an LLM to achieve a high cumulative trajectory-level score

simply by getting lucky at guessing the user’s intent.

Concretely, the evaluation for some LLM 𝜋 is as follows. Assume we have some example with

prompt 𝑝, winning action 𝑎, ground truth response 𝑟, and the set of trajectory-level information

goals 𝐺. For every individual trajectory-level goal 𝑔 ∈ 𝐺, we sample a candidate response from the

LLM: 𝑦 ∼ 𝑃𝜃 (·|𝑝) then simulate the trajectory resulting from each response 𝑦 according to Lines
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6-12 in Algorithm 3 and obtain trajectory outcome 𝑔′. As with PACIFIC, we compute Accuracy,

Weighted F1, and Macro F1 using the implicit actions of each 𝑦 with each ground truth implicit

action 𝑎. We compute Turn-level similarity for each unique 𝑝 between sampled responses 𝑦 and

ground truth responses 𝑟. We compute Trajectory-level similarity over all simulated trajectory

outcomes 𝑔′ and all ground truth information goals 𝑔.

AmbigSQL is a ambiguous text-to-SQL generation task. By design, the labels are balanced, so

we only use Accuracy for action-level metrics. The primary objective is to produce SQL queries

which result in correct executions, so we evaluate LLMs in terms of Trajectory-level and Post-

Clarification Execution Match. For each instance in the test set, we sample a response from an

LLM and compute the trajectory as specified in Lines 6-12 in Algorithm 3. Trajectory-level Ex-

ecution Match includes SQL queries which are constructed with or without clarification turns,

whereas Post-Clarification Execution Match only looks at SQL queries which are constructed fol-

lowing clarification turns.

4.5.6 Baselines

Prompting baselines We compare our tuning approaches with smaller models against various

prompt-based approaches for multiple frontier LLMs: Gemini 1.5 Pro, Gemini 1.5 Flash, Claude

3.5 Sonnet, and Claude 3.0 Haiku5. We use 10 conversations as in-context examples, with three

different prompting frameworks: i.) “Standard” which uses the same instruction formatting used

for tuning; ii.) chain-of-thought reasoning (Wei et al., 2022); and iii.) “Proactive MIPrompt”,

the prompting baseline in Deng et al. (2023b), which is a combination of the mixed-initiative

prompting approach used in Chen et al. (2023a) and Proactive Prompting (Deng et al., 2023c).

We use several in-context learning baselines with frontier LLMs in Section 5.6. For each

condition, we randomly sample 10 conversation examples from each task’s 250-instance data pool,

and apply one of the following prompting frameworks. We describe each prompting baseline in

detail below.
5We access each LLM through Vertex AI: https://cloud.google.com/vertex-ai/docs/
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Table 4.16: “Chain-of-Thought” in-context example given as part of a prompt to an LLM for
response generation in PACIFIC. The purple text is the overall system instruction. The blue text
is what an LLM would have to produce at inference time.

You are an Assistant answering questions from a User. You should either attempt to answer the question
or ask a clarifying question if there is any ambiguity.
[Table and Passage Omitted]
User: What is the value of the expected defined contribution plan as a percentage of the defined benefit
plan during the next fiscal year?
Instruction: If the user’s question is ambiguous, ask an appropriate clarifying question. Otherwise,
directly answer the user’s question using the information from the passage context and the table. Let’s
think step by step.
Reasoning: The user’s question is not ambiguous. Assistant: 0.6/5.1 = 11.76
User: How much would change if there is a 1% increase and a 1% decrease respectively in the discount
rate?
Instruction: If the user’s question is ambiguous, ask an appropriate clarifying question. Otherwise,
directly answer the user’s question using the information from the passage context and the table. Let’s
think step by step.
Reasoning: The user’s question was ambiguous. Assistant: [’What kind of change are you asking
about?’]
User: The pension.
Instruction: If the user’s question is ambiguous, ask an appropriate clarifying question. Otherwise,
directly answer the user’s question using the information from the passage context and the table. Let’s
think step by step.
Reasoning: The user’s question is not ambiguous. Assistant: [’$(39,145)’, ’$49,361’]
User: What is the difference in that amount if the discount rate had a 1% increase and a 1% decrease?
Instruction: If the user’s question is ambiguous, ask an appropriate clarifying question. Otherwise,
directly answer the user’s question using the information from the passage context and the table. Let’s
think step by step.
Reasoning: The user’s question is not ambiguous. Assistant: 49,361 - (39,145) = 88506 User: How
much would the pension change if there is a 1% increase and a 1% decrease respectively?
Instruction: If the user’s question is ambiguous, ask an appropriate clarifying question. Otherwise,
directly answer the user’s question using the information from the passage context and the table. Let’s
think step by step.
Reasoning: The user’s question was ambiguous.
Assistant: [’Which rate of increase and decrease are you talking about?’]
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Standard Prompting: We simply provide in-context examples that are structurally identical to

the inputs used for model tuning. Our format is similar to the formats used in Chen et al. (2023a)

and Deng et al. (2023c) and we provide an example in Table C1.

Chain-of-Thought Prompting: We integrate the popular reasoning framework, chain-of-thought

prompting (Wei et al., 2022) into our aforementioned “Standard” conversational prompt format.

Effectively, we ask an LLM to do end-to-end dialogue generation by having it first produce a

reasoning chain which states whether the current context is ambiguous or not. We provide an

example in Table 4.16.

Proactive Mixed-Initiative Prompting: Following the baselines given in (Deng et al., 2023b),

we apply the Proactive Prompting framework (Deng et al., 2023c) mixed with the Mixed-Initiative

Prompting style (Chen et al., 2023a). Ultimately, the LLM conditions on the possible set of actions,

along with interweaved natural language instructions that describe which actions correspond to

existing dialogue turns. We provide an example in Table 4.17. We use this framework for each of

the long-context dialogue corpora (PACIFIC and Abg-CoQA).

Tuning baselines We compare ACT with supervised fine-tuning (SFT) as well as other off-

policy and on-policy approaches to DPO-based alignment. For SFT, we use the ground truth

responses for each dataset’s training split. As for DPO-based alignment, an on-policy variant

called Iterative Reasoning Preference Optimization (IRPO) was recently proposed and has gained

traction for improving model performance in reasoning tasks such as arithmetic. We have thus

evaluated IRPO on our two quantitative reasoning tasks, PACIFIC and AmbigSQL. A popular

off-policy approach is to sample responses from two high capacity models, with 𝑌𝑤 coming from

whichever model is of higher capacity (henceforth DPO-Dist; see (Mitra et al., 2023; Mukherjee

et al., 2023; Xu et al., 2024a)).
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Table 4.17: “Proactive Mixed-Initiative” in-context example given as part of a prompt to an
LLM for response generation in PACIFIC. The purple text is the overall system instruction. The
blue text is what an LLM would have to produce at inference time.

You are an Assistant answering questions from a User. You should either attempt to answer the question
or ask a clarifying question if there is any ambiguity.
[Table and Passage Omitted]
User: How much does the company expect to make contributions to the defined plans during the next
fiscal year?
The user’s last question was ambiguous. The Assistant asks a clarifying question.
Assistant: [’What kind of defined plans are you asking about?’]
User: The defined benefit plans and the defined contribution plan respectively.
The user’s last question was unambiguous. The Assistant directly answers the question.
Assistant: [’5.1𝑚𝑖𝑙𝑙𝑖𝑜𝑛′,′0.6 million’]
User: What is the value of the expected defined contribution plan as a percentage of the defined benefit
plan during the next fiscal year?
The user’s last question was unambiguous. The Assistant directly answers the question.
Assistant: 0.6/5.1 = 11.76
User: How much would change if there is a 1% increase and a 1% decrease respectively in the discount
rate?
The user’s last question was ambiguous. The Assistant asks a clarifying question.
Assistant: [’What kind of change are you asking about?’]
User: The pension.
The user’s last question was unambiguous. The Assistant directly answers the question.
Assistant: [’(39, 145)′,′49,361’]
User: What is the difference in that amount if the discount rate had a 1% increase and a 1% decrease?
The user’s last question was unambiguous. The Assistant directly answers the question.
Assistant: 49,361 - (39,145) = 88506
User: How much would the pension change if there is a 1% increase and a 1% decrease respectively?
Actions: [“Directly Answer”, “Ask a Clarification Question”]
Prompt: Given the task background and the conversation history, please use appropriate actions to
generate the response.
Response: The user’s last question was ambiguous. The Assistant asks a clarifying question.
Assistant: [’Which rate of increase and decrease are you talking about?’]
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Table 4.18: Experimental results on PACIFIC’s public evaluation set with additional results
using Gemini Flash and Claude Haiku. ACT achieves the strongest performance compared to all
tuning approaches across every condition in every metric. Tuning-based adaptation strategies are
not given any in-context examples at inference time, whereas inference-time adaptation strategies
are prompted with 10 in-context conversation examples using the same strategy.

Adaption Setting | Action-level | Content-level
Base Model Approach Conversations Macro F1 ↑ Turn F1 ↑ Traj. F1 ↑ Post-Clarify F1 ↑
Gemini Pro Standard Prompt 10 81.4 59.7 58.7 49.7
Gemini Pro Chain-of-Thought 10 86.3 66.3 17.1 19.2
Gemini Pro Proactive MIPrompt 10 78.9 63.4 61.1 18.9
Gemini Flash Standard Prompt 10 67.4 58.8 58.7 17.9
Gemini Flash Chain-of-Thought 10 77.1 62.0 16.9 20.0
Gemini Flash Proactive MIPrompt 10 76.8 64.0 62.0 24.4
Claude Sonnet Standard Prompt 10 71.9 43.7 42.0 28.5
Claude Sonnet Chain-of-Thought 10 80.0 37.2 13.0 6.8
Claude Sonnet Proactive MIPrompt 10 74.9 47.2 45.9 7.6
Claude Haiku Standard Prompt 10 46.9 26.4 26.2 —
Claude Haiku Chain-of-Thought 10 48.6 23.7 12.0 2.9
Claude Haiku Proactive MIPrompt 10 48.3 18.6 18.2 7.3

Zephyr 7B-𝛽 SFT 50 69.0 57.8 61.3 43.5
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 50 75.5 61.7 55.7 30.8
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 50 74.8 62.0 56.3 31.9
Zephyr 7B-𝛽 IRPO 50 67.7 59.1 56.7 34.4
Zephyr 7B-𝛽 ACT (ours) 50 82.2 62.8 61.9 57.2

Zephyr 7B-𝛽 SFT 100 82.3 58.6 60.3 49.9
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 100 68.8 53.3 53.3 31.7
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 100 83.0 59.0 53.7 29.3
Zephyr 7B-𝛽 IRPO 100 84.5 60.4 55.2 38.2
Zephyr 7B-𝛽 ACT (ours) 100 86.0 65.0 62.0 57.4

Zephyr 7B-𝛽 SFT 250 86.9 65.1 63.3 56.7
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 250 65.6 53.6 54.1 30.9
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 250 82.8 43.3 38.6 19.6
Zephyr 7B-𝛽 IRPO 250 85.4 64.9 58.4 40.3
Zephyr 7B-𝛽 ACT (ours) 250 89.6 68.1 65.7 62.0

4.6 Experimental Results

To emulate real-world scenarios with limited data, we evaluate ACT as a tuning approach in

different scenarios with limited conversation samples across a set of diverse tasks.

4.6.1 Conversational QA with Tabular Grounding

In Table 4.18, we see that across all three data-efficient settings considered, ACT achieves the

strongest performance across all metrics compared to both SFT and IRPO, which has the advan-

88



Table 4.19: Abg-CoQA test set evaluation results with additional results using Gemini Flash
and Claude Haiku. ACT outperforms SFT across all evaluations in all three data settings. How-
ever, Gemini Ultra achieves the strongest downstream task performance when prompted with in-
distribution in-context conversation examples.

Adaptation Setting | Action-level | Content-level
Base Model Approach Conversations Macro F1 ↑ Turn Similarity ↑ Traj. Similarity ↑
Gemini Pro Standard Prompt 10 55.5 67.0 72.2
Gemini Pro Chain-of-Thought 10 61.2 63.4 39.1
Gemini Pro Proactive MIPrompt 10 55.5 63.3 33.3
Gemini Flash Standard Prompt 10 52.6 62.5 67.4
Gemini Flash Chain-of-Thought 10 61.2 56.5 36.6
Gemini Flash Proactive MIPrompt 10 58.1 61.7 36.1
Claude Sonnet Standard Prompt 10 66.0 50.1 54.3
Claude Sonnet Chain-of-Thought 10 63.7 46.2 36.8
Claude Sonnet Proactive MIPrompt 10 57.2 60.8 32.9
Claude Haiku Standard Prompt 10 49.3 40.9 41.7
Claude Haiku Chain-of-Thought 10 46.2 30.7 28.0
Claude Haiku Proactive MIPrompt 10 45.2 34.5 31.4

Zephyr 7B-𝛽 SFT 50 44.6 53.3 64.2
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 50 46.9 57.2 61.2
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 50 44.7 57.9 61.5
Zephyr 7B-𝛽 ACT (ours) 50 52.3 66.2 68.8

Zephyr 7B-𝛽 SFT 100 52.6 63.1 69.4
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 100 47.8 61.9 67.1
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 100 44.8 62.0 66.4
Zephyr 7B-𝛽 ACT (ours) 100 51.1 69.5 71.4

Zephyr 7B-𝛽 SFT 250 53.5 64.0 66.2
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 250 46.0 61.9 66.3
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 250 46.3 62.6 67.0
Zephyr 7B-𝛽 ACT (ours) 250 53.3 72.5 75.1

tage of additional test-time computation (Snell et al., 2024; Pang et al., 2024). In particular, ACT

achieves up to a 19.1% relative improvement over SFT when measuring the tuned model’s ability to

implicitly recognize ambiguity (from 69.0 to 82.2 Macro F1) given only 50 conversations as tuning

data. We also observe that ACT has greatly improved data efficiency compared to adapter-based

SFT with Gemini Pro, with a relative improvement of as high as 35.7% in multi-turn task perfor-

mance (from 45.6 to 61.9 in terms of trajectory-level DROP F1). Additionally, tuning with ACT

in these limited data settings grants the model the ability to match or outperform frontier LLMs

used with in-context learning despite having zero in-context examples during inference. Over-

all, we find that on-policy learning and multi-turn trajectory simulation are crucial for improved

multi-turn goal completion.
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Table 4.20: AmbigSQL test set evaluation with additional results using Gemini Flash and
Claude Haiku. Zephyr tuned with ACT is able to achieve the strongest task performance within
each data setting. There are especially large performance improvements in post-clarification SQL
execution match when data resources are more scarce.

Adaptation Setting | Action-level | Content-level
Base Model Approach Conversations Accuracy ↑ Execution Match ↑ PC Execution Match ↑
Gemini Pro Standard Prompt 10 72.1 63.5 75.2
Gemini Flash Standard Prompt 10 75.6 64.2 66.2
Claude Sonnet Standard Prompt 10 68.5 66.5 72.4
Claude Haiku Standard Prompt 10 73.8 57.3 65.3

Zephyr 7B-𝛽 SFT 50 77.4 21.9 13.9
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 50 77.7 42.6 31.5
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 50 78.0 40.9 41.2
Zephyr 7B-𝛽 IRPO 50 91.0 27.8 30.8
Zephyr 7B-𝛽 ACT (ours) 50 80.8 43.6 38.1

Zephyr 7B-𝛽 SFT 100 97.2 43.3 34.3
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 100 98.7 45.1 45.3
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 100 99.8 47.8 44.8
Zephyr 7B-𝛽 IRPO 100 96.2 45.0 37.0
Zephyr 7B-𝛽 ACT (ours) 100 99.2 48.0 49.6

Zephyr 7B-𝛽 SFT 250 99.8 51.0 50.7
Zephyr 7B-𝛽 DPO-Dist (Pro v. Flash) 250 97.3 49.7 44.2
Zephyr 7B-𝛽 DPO-Dist (Sonnet v. Haiku) 250 99.7 50.7 50.3
Zephyr 7B-𝛽 IRPO 250 97.0 49.7 45.6
Zephyr 7B-𝛽 ACT (ours) 250 99.9 52.3 53.0

Zephyr 7B-𝛽 SFT 14,000 (All) 99.8 63.1 60.4

4.6.2 Conversational QA for Machine Reading Comprehension

Our results for Abg-CoQA are presented in Table 4.19. In all three data settings, we observe

that ACT achieved the strongest performance in terms of task-specific metrics (notably, in terms

of trajectory-level embedding similarity). However, in the setting with 100 and 250 conversa-

tions, Zephyr tuned with SFT slightly outperforms ACT in terms of implicit action recognition,

although action-level performance primarily helps to contextualize clarification reasoning ability.

We discuss this point further in Appendix 4.7. Our approach leads to the strongest turn-level and

trajectory-level task performance in all conditions, indicating improved multi-turn reasoning.

4.6.3 Conversational Text-to-SQL Generation

We find that although the prompting baselines do not achieve as high Action Accuracy, the

benchmarked frontier LLMs can achieve relatively strong downstream performance in terms of
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Task Adaptation Environment | Action-level | Content-level
Base Model Framework Action Supervision Tuning Ex. Macro F1 ↑ Turn F1 ↑ Traj. F1 ↑ Post-Clarify F1 ↑
Zephyr 7B-𝛽 SFT NA 50 69.0 57.8 61.3 43.5
Zephyr 7B-𝛽 ACT Crowdsourced 50 82.2 62.8 61.9 57.2
Zephyr 7B-𝛽 ACT Pseudo-labeled 50 80.1 62.4 61.1 54.7

Zephyr 7B-𝛽 SFT NA 100 82.3 58.6 60.3 49.9
Zephyr 7B-𝛽 ACT Crowdsourced 100 86.0 65.0 62.0 57.4
Zephyr 7B-𝛽 ACT Pseudo-labeled 100 84.8 63.5 61.5 56.1

Zephyr 7B-𝛽 SFT NA 250 86.9 65.1 63.3 56.7
Zephyr 7B-𝛽 ACT Crowdsourced 250 89.6 68.1 65.7 62.0
Zephyr 7B-𝛽 ACT Pseudo-labeled 250 89.0 68.1 64.9 61.0

Table 4.21: Examining ACT on PACIFIC with unlabeled conversational data. We assume no
access to action labels and instead use 0-shot Gemini Pro as the source of action label supervision.

execution match. In contrast, tuning Zephyr with both SFT and ACT results in rather high Action

Accuracy but lower text-to-SQL performance compared to the frontier LLMs. We observe that

holistically, ACT achieves the largest relative performance improvements in multi-turn task per-

formance compared to other tuning approaches, although the downstream SQL generation ability

of larger models is much greater than that of smaller models. This is primarily due to the SQL

generation benefiting greatly from scale (Sun et al., 2023a). It is possible that multi-turn perfor-

mance on larger models can be improved further if ACT is applied, as it is even able to yield larger

performance improvements than baseline approaches for quantitative reasoning such as IRPO.

4.6.4 ACT In-The-Wild: Learning Without Dialogue Action Supervision

Although we have ambiguity labels in the tasks considered here and use them for supervision

in Tables 4.18–4.20, we also demonstrate that it is possible to perform action-based tuning in

the absence of action-label supervision. We use a pre-existing LLM, Gemini 1.5 Pro, as a zero-

shot action annotator to re-label the ground truth Assistant-side turns on the PACIFIC corpus.

We find that there is astonishingly high agreement (98.5%) with the ground truth action labels.

Our results in terms of both Action-level and Content-level metrics reflect that there is nearly no

empirical difference in performance. This highlights the potential of ACT being highly effective

for adaptation to “in-the-wild” settings with smalls amount of unlabeled conversational data.

91



Macro F1 ↑ Turn F1 ↑ Traj. F1 ↑ Post-Clarify F1 ↑
Action Importance

ACT
w/ Random Actions 63.2 55.3 58.7 32.8

Ablation of ACT subcomponents

ACT
w/o on-policy sampling 74.8 61.5 59.1 40.5

ACT
w/ sampling but w/o simulation 81.4 60.8 60.2 50.1

ACT (full) 82.2 62.8 61.9 57.2

ACT with unaligned foundation models

Gemma 2B SFT 57.7 38.0 40.5 17.0
Gemma 2B ACT 62.7 42.6 44.0 24.8

Mistral 7B SFT 57.7 53.8 51.4 27.7
Mistral 7B ACT 75.7 58.1 57.6 31.9

Table 4.22: Ablation study of various conditions using PACIFIC’s 50 conversation setting.

4.6.5 Ablation Studies

Are action-based preferences necessary? One of the key factors of ACT is that the contrastive

pairs highlight differences between conversational actions. In Table 4.22 (“ACT w/ Random Ac-

tions”), we additionally examine the importance of action selection by randomly sampling both the

winning and losing action when constructing the preference pair, and observe this underperforms

normal ACT.

Do we need on-policy sampling? In Table 4.22 (“ACT w/o on-policy sampling”), we examine

the importance of on-policy sampling by evaluating normal off-policy DPO on the dataset as con-

structed in Sec. 4.3.2. While we do observe some improvements over SFT (e.g., from 69.0 to 74.8

Macro F1), the overall improvements are much larger when using on-policy sampling as with full

ACT. This may be due to the fact that the off-policy negative responses are not guaranteed to lie in

the language manifold of the policy model, and distribution shift may be too difficult to overcome

with off-policy learning (Guo et al., 2024).

Is trajectory simulation necessary? ACT is better-aligned with multi-turn conversations due
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to its on-policy trajectory simulation. Without multi-turn simulation, our approach can be viewed

similarly to on-policy DPO variants like Pang et al., 2024, but with a conversation-specific re-

ward signal which accounts for conversation actions and task heuristics. In Table 4.22 (“ACT w/

sampling w/o simulation”), we find that this trajectory-level simulation is critical to improving

multi-turn performance, especially the policy model’s ability to reason about its own clarification

questions.

Is ACT model agnostic? The base model in our main experiments, Zephyr, is obtained by

aligning Mistral. In Table 4.22 (“ACT with unaligned foundation models”) we observe a perfor-

mance gap of 6.5 Action F1 and 4.3 Trajectory F1 after ACT tuning for the two models. However,

our results demonstrate ACT can improve performance regardless of pre-existing alignment with

human feedback, although it can help as an improved model initialization. Overall, we find that

improving base model performance with ACT is model agnostic.

4.7 Limitations, Ethical Considerations, and Broader Impacts

4.7.1 Discussion of Limitations

We assume that the clarification questions are appropriately timed. However, crowdsourced

conversation datasets are often noisy (Chen et al., 2023a), and relying on noisy annotations or token

sequences may result in suboptimal learned policies (from the perspective of asking unnecessary

clarifying questions, as well as generating disfluent language). Depending on the source of data, it

may be necessary to do an additional preprocessing stage in which one infers whether an action is

useful or not. Shi et al. (2024) infers user satisfaction given model responses in-the-wild, whereas

Yu, Chen, and Yu (2023) ranks dialogue actions using Monte-Carlo Tree Search.

Label noise can also affect the implicit action recognition evaluation, which assumes that an

action in a benchmark task is “optimal.” In a corpus like PACIFIC with high inter-annotator agree-

ment (0.62), this is a reasonable assumption. However, we observe inconsistency in Abg-CoQA

which may be a result of the low inter-annotator agreement (0.26) reported in Guo et al. (2021).

Recent work has demonstrated the promise of many-shot in-context learning (Agarwal et al., 2024)
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Table 4.23: Analysis of the impact of additional data on Abg-CoQA. Additionaly many-shot
examples do not necessarily improve implicit action recognition performance. ACT tuning with
Zephyr 7B greatly outperforms many-shot Gemini performance.

Adaptation Setting | Action-level | Content-level
Base Model Approach Conversations Macro F1 ↑ Turn Similarity ↑ Traj. Similarity ↑

Gemini Pro ICL 50 56.4 64.5 68.9
Zephyr 7B-𝛽 ACT (ours) 50 52.3 66.2 68.8

Gemini Pro ICL 100 59.2 67.0 72.0
Zephyr 7B-𝛽 ACT (ours) 100 51.1 69.5 71.4

Gemini Pro ICL 250 58.8 66.0 71.1
Zephyr 7B-𝛽 ACT (ours) 250 53.3 72.5 75.1

compared to supervised fine-tuning at the trade-off of inference-time latency. Yet, Table 4.23 in-

dicates that even with a greatly increased number of in-context conversation examples (e.g. 50,

100, and 250), the downstream disambiguation ability does not improve uniformly. We thus posit

that in such scenarios, it is more important that for such corpora, multi-turn task completion is

a more important measure of a model. We do find that even with 250 in-context examples, tun-

ing a smaller model with ACT and the same conversation samples has the potential to outperform

frontier models with many-shot examples.

ACT also makes use of task-specific heuristics. While this was intentional since success cri-

teria can vary greatly across domains, this may also require more customization and engineering

expertise/effort. Our overall approach to tuning and evaluation also makes heavy use of existing

LLMs. We prompt Gemini for purposes such as Action Classification or User Simulation, but

such approaches are not perfect and may occasionally result in unwanted behavior. These prompt-

ing approaches similarly may require substantial customization efforts. We also realize that not

all researchers may have access to commercial LLMs due to researchers for financial or privacy

reasons.

Our study also focuses specifically on the limited data regime. We believe that such contexts

(e.g., when the target user population is unknown; when conversational data cannot be collected

due to privacy concerns; when a conversational system is in its early stages and collecting abundant
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data for development iteration is not feasible; etc.) would benefit the most from focused adaptation

designed to fundamentally teach conversational skills approaches such as ACT. As such, in our

paper, this was the focus of all of our experiments. It is not clear how much our findings would

generalize in settings in which there is an abundance of training data whose distribution closely

matches the target distribution. Intuitively, if much more in-distribution data is made available,

even the performance of unaligned objectives like SFT would start to catch up to the performance

of focused approaches.

Is ACT online learning? (Levine et al., 2020) defines offline reinforcement learning as using a

fixed dataset of experiences, whereas online reinforcement learning relies on interacting with an

environment in real-time. Additionally, (Guo et al., 2024) defines on-policy sampling in contrastive

RL tuning as settings where both the winning and losing responses are sampled from the policy

model. In our case, during tuning, we sample a single response from the policy model.

As such, we define ACT as a quasi-online contrastive RL tuning approach. ACT does rely on

action-based preference dataset, as is common in fully-offline reinforcement learning. However,

ACT continuously samples responses form the policy model in order to update the contrast pairing

with good or bad trajectories. Overall, it has both dynamic and static components, so we refer to it

as quasi-online. ACT also specifically is different from fully online DPO where both the winning

and losing responses are sampled (i.e. in (Guo et al., 2024)) because our focus is on conversational

actions. There is no guarantee that sampling a response from the policy model twice will result in

differing actions, unless you change the prompt. However, in that case, you would no longer be

computing the DPO objective.

By nature of the domains considered, the extent to which ACT allows for online exploration is

also limited. As previously mentioned, our experiments are constrained by the fact that there is an

objective right/wrong target answer. For instance, if the target answer is an arithmetic expression

as is common in PACIFIC, there are a fairly limited number of unique trajectories (when inspected

in terms of the number of tokens) that will arrive at that particular expression. In such cases, the
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trajectory sampled from the policy model during ACT tuning may not be any different from the

offline trajectory found in the training data.

4.7.2 Ethical Considerations

Usage and Safety We do not condone the use of our work for any unethical, unlawful, and/or

harmful applications. In our work, we do not release any new model artifacts or web-scraped

data, but we do not specifically introduce any model guardrails as a part of ACT. However, our

implementation of ACT relies on other LLMs such as Gemini to produce an initial preference

dataset, and to perform user simulation. Gemini is released with safety guardrails in place, but

these inference-time guardrails may not be available when using open-source LLMs instead. We

advise that any deployments of models tuned with ACT should consider adding safety guardrails

at inference-time.

Hallucinations One commonly documented concern with using LLMs is their tendency to hal-

lucinate answers in Assistant QA contexts. A solution is to provide an LLM with information

from a retriever (i.e., retrieval-augmented generation). Two of the datasets we use, PACIFIC and

Abg-CoQA, mirror this setting by performing grounded QA using a mixture of long-context tex-

tual passages and tabular data. It follows that ACT could be further studied in combination with

approaches for improved retrieval-augmented generation.

Our evaluation criteria in this paper are also rather restrictive towards hallucinations. In PA-

CIFIC, we use a token-level metric (DROP F1); in Abg-CoQA, we evaluate a candidate response’s

semantic similarity with a ground truth answer; in AmbigSQL we use execution match, which is

a fully objective metric. As such, it is difficult to perform well on PACIFIC and Abg-CoQA if a

model consistently hallucinates answers, and in AmbigSQL, a “hallucinated” response would not

consist of the appropriate SQL code.
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4.7.3 Broader Impacts

There is an abundance of modern conversational assistants. ACT seeks to improve multi-turn

conversational experiences, and thus, it can be used to improve many applications used by poten-

tially millions of users around the world. However, the popularity of conversational assistants also

creates an increased risk of misuse. Some people may develop conversational for unethical appli-

cations such as misinformation generation, or gray areas such as optimizing dialogue generation

for content which is not suitable for the workplace. As discussed above, we do not condone the use

of ACT for any unethical, harmful, or unlawful applications, and we suggest the usage of safety

guardrails for any deployments.

4.8 Summary

In Chapter 3, we introduced an approach for explicit conversational action planning, and here in

Chapter 4, we propose ACT, a model-agnostic quasi-online contrastive tuning approach for sample-

efficient conversational task adaptation, along with a workflow for evaluation of conversational

agents. ACT is the one of the first approaches to propose the implicit action recognition paradigm,

and to look at on-policy multi-turn RLHF. We demonstrate encouraging evidence that ACT is

highly effective for task adaptation in the limited data regime, even when there are no action labels

available. It remains to be seen how ACT will translate to a broader, non-binary action space, both

in terms of conversational (e.g., argumentative strategies) and non-conversational actions (e.g.,

internet retrieval tool usage). It is also worth further studying the tradeoffs of on-policy and off-

policy learning, as well as their applicability to the large-scale data regime.

Despite the diversity of tasks considered, our results are also currently only applicable to the

unimodal setting. Written language is not the only way in which humans engage in conversational

interaction – other modalities such as spoken language carries much richer paralinguistic cues and

is much more nuanced, requiring models to be adaptable to individual user patterns. This motivates

the design of training approaches to improve the end-to-end speech modeling ability of MLLMs,
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as well as further investigation into the relationship between spoken language and mixed-initiative

behaviors such as disambiguation.
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Chapter 5: Improving User Modeling in End-to-End Multi-Modal Spoken

Conversation Modeling via Data-centric Multi-task Learning

In this chapter, we apply the notion of implicit action optimization to spoken multimodal inter-

action. We propose a novel mixed-initiative task for disambiguation in spoken listening compre-

hension which also requires the ability to model individual users’ speaking patterns. We introduce

a simple yet effective training approach for adapting MLLMs to such multi-turn, multimodal tasks.

5.1 Introduction

Real-world adoption of intelligent multimodal conversational agents has progressed quickly

in recent years due to the impressive capabilities of Large Language Models (LLMs). How-

ever, despite numerous applications, including smart home systems, contact centers, customer

support/service, personalized education, and others (Hemphill, Godfrey, and Doddington, 1990;

Khatri et al., 2018b; Li et al., 2017a; Von Ahn, 2013; Fatima et al., 2024; Li, Chrysostomou, and

Yang, 2023; Zheng et al., 2024), there has not been the same rapid progress in adapting Multimodal

LLMs (MLLMs) to spoken contexts due to several fundamental challenges.

Speech data constitute high-dimensional signals that are difficult to model even for frontier

models (e.g., Whisper-based models are limited to 30 seconds; Chu et al. (2024) and Radford et al.

(2023)) and Gemini 1.5 represents 1 second of audio using 25 tokens1). These are temporal signals

which include acoustic phenomena (e.g. background noise (Mehrish et al., 2023)) and important

paralinguistic information such as speaking rates or pitch (Hirschberg, 1993; Bhattacharya et al.,

2023). Performance on speech understanding tasks is thus greatly affected by the ability to ro-

bustly comprehend the semantic contents of the input speech (Li et al., 2017a), as illustrated in

1https://ai.google.dev/gemini-api/docs/audio?lang=python

99

https://ai.google.dev/gemini-api/docs/audio?lang=python


Spoken Context
...the logo could prominently
featured the Arabic numerals fifty

Text Question
Rather than Roman numerals, what
did the NFL decide to use?

Direct tuning: misheard context!
arboreal nummular

Multi-task tuning: good "hearing"!
arabic numerals

Figure 5.1: Automatic speech recognition is a necessary implicit skill for MLLM in end-to-end
spoken question answering. We propose a multi-task learning approach which explicitly teaches
these skills, as exemplified by this QA pair from Spoken-SQuAD.

Fig. 5.1. This is further complicated by the long-standing issue of models overfitting to individual

speakers (Jung et al., 2018; Wang et al., 2020d). These can be viewed as a shortcoming of insuf-

ficient training data coverage (Yang et al., 2024b). However, large-scale speech data collection is

notoriously difficult due to privacy concerns (Nautsch et al., 2019; Qian et al., 2018).

Despite the difficulty of large-scale collection, task-specific data is increasingly the most ef-

fective approach to guarantee use-case customization for state-of-the-art MLLMs like Gemini or

GPT (Gemini Team et al., 2023; Brown et al., 2020). These models are closed-source, but offer

commercial tuning APIs, which typically do not permit modifications to the model or learning ob-

jective. Even with smaller open-weight models, it can still be computationally intractable to iterate

on architectures and train from scratch due to the expensive compute resource demands (Groen-

eveld et al., 2024). These motivate the design of efficient data-centric methods (Seedat, Imrie, and

Schaar, 2022) which maximize models’ ability to overcome the aforementioned challenges of long

speech understanding reliably.

In this work, we take a data-centric perspective towards addressing the varied challenges of

adapting multimodal LLMs for speech. Our contributions can be summarized as follows:

• We bring a multi-task learning paradigm to improve speech understanding implemented via a
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simple but effective data-centric approach. Rather than using additional datasets, we instead

design auxiliary tasks to maximize cross-modal learning from a fixed set of recorded speech.

• We propose Ambiguous Spoken Conversational Question Answering (ASK-QA), a novel

dataset which combines the challenges of multimodal speech modeling and mixed-initiative

interaction. ASK-QA features contextually ambiguous questions along with long multi-turn

speech and diverse accents, speaking rates, and pitches.

• We validate the proposed data-centric approach on three spoken question answering (SQA)

corpora: ASK-QA, Spoken-SQuAD, and SD-QA, representing various combinations for

whether input questions and knowledge context are represented as text or speech. Our ap-

proach applied even to open-weight models is able to outperform the existing state-of-the-art

on Spoken-SQuAD using only 10% of the available training data.

5.2 Related Work

Spoken question answering is a fundamental skill for intelligent spoken conversational agents (Kha-

tri et al., 2018a; Zheng et al., 2024). Many tasks have been proposed in order to measure models’

ability to understand spoken context (Li et al., 2018; Shih et al., 2024) and spoken requests (Faisal

et al., 2021). Previously, most approaches to SQA focused on span prediction using “cascade”

approaches which include an intermediate step invoking an Automatic Speech Recognition (ASR)

module followed by a fine-tuned a text classification model (Chuang et al., 2020; Li et al., 2018;

Su and Fung, 2020) like BERT (Devlin, 2018). It is increasingly desirable to develop end-to-end

pipelines to solve SQA tasks (Shih et al., 2024), particularly with the rise of generalist MLLMs (Wu

et al., 2024). Such end-to-end models are desirable in speech as they afford opportunities to di-

rectly encode useful information in acoustic signals such as speaking rate, pitch, or emotions.

In our work, we focus on improving methods for end-to-end SQA using both closed-weight and

open-weight MLLMs.
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Mixed-initiative conversations require each interlocutor to control the interaction flow (Horvitz,

1999) through the use of various pragmatic actions (Chen et al., 2023a) such as clarifying ques-

tions, which can lead to to better goal completion outcomes (Guo et al., 2021; Min et al., 2020; Wu

et al., 2023b). Many works focus on planning these explicit pragmatic actions (Deng et al., 2024b;

Yu, Chen, and Yu, 2023), whereas other works focus on implicit (Chen et al., 2025) and contin-

uous space actions (Wu et al., 2023a), and end-to-end generation capabilities in such settings (Li

et al., 2020b; Deng et al., 2022). While there have been recent efforts in designing multi-turn SQA

corpora (You et al., 2022), to our knowledge, there is not yet any mixed-initiative conversation en-

vironment for speech, despite there being many additional acoustic features which may introduce

ambiguity (Kurata, Itoh, and Nishimura, 2011; Mulholland et al., 2016). In our work, we develop

the first-ever conversational SQA corpus which requires the ability to disambiguate requests and

reason about clarification questions.

Adapting models with limited speech data has received much attention due to well-known

problem of speaker overfitting across a variety of tasks ranging from grammatical error correc-

tion (Wang et al., 2020d) to speaker verification (Jung et al., 2018). This problem is frequently

addressed with the assistance of multi-task learning (Caruana, 1997). Pironkov et al. (2016) pro-

posed a multi-task objective in which they simultaneously train a network for both ASR (their

downstream task) and speaker classification. Chen and Yu (2023) found large downstream task

performance improvements on speech classification tasks following a stage of multi-task pre-

finetuning. In our work, we view multi-task learning through a data-centric lens. While multi-task

pre-finetuning relies on additional datasets (Aghajanyan et al., 2021; Padmakumar et al., 2022),

our approach improves the utilization of a fixed set of speech recordings by introducing auxiliary

tasks designed to improve the cross-modal understanding capabilities of MLLMs.
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Usage Modality Content
Input Speech Alexander Graham Bell. March 3. 1847 August 2. 1922. Was a Scottish-

born. N3. Scientist. Inventor. Engineer and innovator who is credited with
patenting the first practical telephone.

Input Text The audio contains a passage providing some information. Follow the
User’s request.
User: Transcribe the speech in the passage.

Output Text Alexander Graham Bell. March 3. 1847 August 2. 1922. Was a Scottish-
born. N3. Scientist. Inventor. Engineer and innovator who is credited with
patenting the first practical telephone.

Table 5.1: Example of the Listening Comprehension auxiliary task for Spoken-SQuAD.

5.3 Data-Centric Multi-Task Learning for Cross-Modal Understanding

We consider the setting of customizing an MLLM for use in request-based end-to-end speech

modeling, similarly to Shih et al. (2024). An MLLM is provided as input an audio recording and

textual context. The backbone of many MLLM architectures is a textual decoder-only LLM (Liu

et al., 2024a), so the textual context usually contains an instruction. These settings involve rea-

soning about some contextual knowledge and conversation history. The model aims to provide

a correct answer to a target question (i.e. the last conversation turn). Different applications may

involve spoken conversations about written information (e.g. document-grounded QA), or written

conversations about spoken information (e.g. meeting summarization).

Tuning MLLMs with cross-entropy loss is advantageous as it can be used to unify diverse

tasks as a single text-to-text objective (Raffel et al., 2020). Many recent studies find that multi-

task learning (Caruana, 1997) using additional datasets greatly improves downstream task perfor-

mance (Aghajanyan et al., 2021; Padmakumar et al., 2022; Chen and Yu, 2023). Here, we instead

design auxiliary tasks within the same dataset to maximize cross-modal learning gains from a

fixed set of audio recordings for a target dataset. We break down our problem into three inter-

mediate goals: 1) correctly representing the spoken context, 2) learning to reason across all input

modalities, and 3) coherently producing the correct answer.
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Usage Modality Content
Input Speech Alexander Graham Bell. March 3. 1847 August 2. 1922. Was a Scottish-

born. N3. Scientist. Inventor. Engineer and innovator who is credited with
patenting the first practical telephone.

Input Text The audio contains a passage providing some information. The user will
ask a question about some information from the audio. The assistant should
answer the user’s question by selecting the correct answer choice.
User: What is Bell most famous for inventing? Choose from the following
choices: A. britain B. telephone C. major performing arts D. london county
council

Output Text B. telephone

Table 5.2: Example of the commonsense Response Selection auxiliary task for Spoken-SQuAD.

1) Listening Comprehension is an auxiliary task to help the SLM “hear” the spoken context. It

has been consistently reported in traditional cascade-style systems that SQA performance is greatly

affected by automatic speech recognition (ASR) errors (Li et al., 2018), and thus we design a task

to specifically address this point. The objective is for the MLLM to predict a ground-truth (or

pseudo-labeled) audio transcription, given a recording and a task instruction as input. An example

is shown in Table 5.1.

2) Cross-Modal Commonsense Reasoning is an auxiliary task designed to unify the contents

of the spoken and textual inputs. We reframe dialogue response selection (Henderson et al., 2019)

as a multiple-choice reasoning task (Talmor et al., 2019). The answer options consist of the correct

answer (e.g. “It was recovered a few months later”) and commonsense negative answer choices

sampled from other training QA pairs (e.g. “Do you mean the popular generic name?”), as shown

in Table 5.7. The objective is to solve this multiple-choice reasoning task by selecting the correct

answer given the recording, conversation context, knowledge, answer options, and a task instruc-

tion.

3) Response Generation is the primary objective of providing a correct answer. The inputs

are what is expected to be provided to an MLLM at inference time for SQA: the recording, con-

versation context, information context, and a task-specific instruction. An example is shown in

Table 5.10.
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Usage Modality Content
Input Speech Alexander Graham Bell. March 3. 1847 August 2. 1922. Was a Scottish-

born. N3. Scientist. Inventor. Engineer and innovator who is credited with
patenting the first practical telephone.

Input Text The audio contains a passage providing some information. The user will
ask a question about some information from the audio. The assistant should
answer the user’s question using information which can be found in the
passage.
User: What is Bell most famous for inventing?

Output Text telephone

Table 5.3: Example of the Response Generation auxiliary task for Spoken-SQuAD.

These tasks can be fully implemented as modifications to tuning data mixtures. As we will

demonstrate in Section 5.6, this simple modification is observed to be highly effective in improving

an MLLMs’ ability to complete downstream tasks, particularly in the limited data regime.

5.4 Efficient Multimodal Adapters via Audio Representation Projection

Our data-centric approach is easily applicable to both settings with access to tuning APIs

for closed-source MLLMs like Gemini, and settings with access to open-weight models for each

modality. Here, we describe our approach in the open-weight scenario.

Textual instructions serve as a highly controllable interface, and as such, recent work has found

much success in unifying multiple modalities with large pre-trained decoder-only language mod-

els (Liu et al., 2024a; Arora et al., 2024; Kong et al., 2024). These works aim to leverage the

impressive instruction-following capabilities of LLMs to interpret additional modalities (e.g. vi-

sion, speech, video etc.) by effectively mapping their representations to LLM input space.

Architecture: In our work, we consider the high-level architecture presented in Ma et al. (2024).

We projecting the speech input represented by an audio encoder into the embedding space of an

LLM to improve performance on ASR tasks, only tuning the weights of a linear projection layer

and freezing the other model components.2 Our speech encoder is WavLM-Large (Chen et al.,

2022c). We primarily experimented with tuning Qwen 2.5-Instruct (Yang et al., 2024a) with 7B

2As in Ma et al. (2024), the projection layer consists of merely 17.8M parameters for the proposed models.
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parameters as our base decoder-only LLM. We also experimented with Phi 3.5 Mini (Abdin et

al., 2024) with 3B parameters in Table D2. These MLLMs are referred to as Speech-Qwen and

Speech-Phi, respectively. We tune this adapter using standard cross-entropy loss.

Projection Layer Pre-training: While this projection layer is tuned directly on the target ASR

task in Ma et al. (2024), we find that this approach may struggle with direct single-task fine-tuning

on our more difficult SQA tasks which do not have the same abundance of data. Similarly to

how visual MLLMs are often pre-trained on image captioning (Liu et al., 2024a), we pretrain the

projection layer for one epoch on large-scale ASR data.

5.5 A Corpus for Ambiguous Spoken Conversational Question Answering (ASK-QA)

We develop a novel corpus for speech-based mixed-initiative conversation: Ambiguous Spoken

Conversational Question Answering (ASK-QA). The contextual inputs for ASK-QA are fully spo-

ken.

SD-QA S-SQuAD ASK-QA (Ours)

Avg. Audio Len. 4.8s 59s 1m 41s
Speakers/Audio 1 1 3
Knowledge Text Speech Speech
Conversation Speech Text Speech
Unique Voices 248 1 64
Avg. Turns 2 2 5.1
Answer Type Span Span Free-form
Ambiguous ✗ ✗ ✓

Dynamic Eval ✗ ✗ ✓

Disfluencies ✗ ✗ ✓

Table 5.4: Comparison of ASK-QA against existing popular SQA training datasets used for
experimentation here. ASK-QA features ambiguous requests and long audio context.

5.5.1 Dataset Construction

Overview We construct ASK-QA starting from Abg-CoQA (Guo et al., 2021), a span-based

textual conversational QA task. Given a story as context, each conversation consists of dialogue

turns where a user asks questions and an assistant is supposed to provide the correct answer or
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Original Text Conversation
[Story] The driver of a Toyota Prius says he was taken
on a wild ride Monday ...
[Turn 1] Question Asker: What road?
[Turn 2] Question Answerer: The incident occurred
on ...

Narrator
Voice

User
Voice

Assistant
Voice

[Story]

[Turn 1]

[Turn 2]

TTS

TTS

TTS

Spoken
Multi-Turn

Conversation

Figure 5.2: Simplified summary of the pipeline for constructing ASK-QA. For each text conver-
sation in Abg-CoQA, we construct three speaker profiles with randomly sampled voices, speaking
rates, and pitches. We use TTS to synthesize the story context as a spoken narration, then each
individual dialogue turn. The resulting audio files are joined as a single recording.

ask a clarifying question if the user’s request is ambiguous. Our data construction pipeline is

summarized in Figure 5.2. In total, ASK-QA contains 221.8h of speech. The training, validation,

and test sets contain 5,985, 500, and 1,345 conversations.

While Abg-CoQA is a textual conversational QA task, it is span-based, which results in some

unnatural dialogue. Each instance consists of a passage which serves as some necessary contextual

knowledge, and each conversation consists of dialogue turns where a user asks questions and an

assistant is supposed to provide the correct answer or ask a clarifying question if the user’s question

is contextually ambiguous. The first step we take is to paraphrase each question using Gemini 1.5

Pro to convert the task into free-form QA generation.
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Setting speaker roles Each textual conversation can be considered a machine reading compre-

hension task. We break them down into three components: a story, the set of user questions, and

the set of corresponding assistant responses. Our goal is to convert this into a listening compre-

hension task with two speakers having a conversation about some spoken context. Thus, for each

conversation, we construct three unique speaker profiles to represent a story narrator, a user, and

an assistant.

Speaker profiles Earlier works (Li et al., 2018; You et al., 2022) used commercial text-to-speech

(TTS) software to synthesize speech, but at the time there were relatively high word error rate

(WER) with limited options for customization. As a result, such corpora only feature a single

synthetic voice without varied acoustic features (e.g. speaking rate, pitch). Here, we construct a

much more diverse corpus using modern TTS solution from Google Cloud3. To create user speaker

profiles, we aim to maximize diversity and thus sample from 38 unique voice types spanning four

different accents from English-speaking countries (US, AU, GB, IN). We also randomly sample

user speaking rates and pitches from a truncated normal distribution. The mean of each is set to the

default value of the API endpoint. For the assistant and narrator speaker profiles, we aim to create

professional-sounding dialogue, instead sampling from 26 different “news” and “studio” voices.

Text-to-Speech pipeline As per Figure 5.2, we then apply TTS to synthesize the story and each

dialogue turn sequentially, using the appropriate speaker profile. We then concatenate the result-

ing audio files into a single spoken conversation. We do not adjust the default speaking rates and

pitches. Following the suggestions of earlier work in text-based data synthesis (Chen et al., 2022b;

Kim et al., 2023), we apply weakly supervised filtering to ensure that the synthesized speech is

high quality. If any synthesized speech exceeds a WER of 0.20 (as determined by Whisper-Large

v3; (Radford et al., 2023)), we retry the synthesis process. If it fails three times, we discard the

conversation sample. We finally randomly insert white noise into the audio by drawing from a

Gaussian distribution (with an average signal to noise ratio of 21.75dB). The result is a unique

3https://cloud.google.com/text-to-speech
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Spoken Context
Narrator: The driver of a Toyota
Prius says he was taken on a wild ride
Monday ...
[intermediate conversation turns]
User: Who helped?

Evaluated
Model

Do you mean
who initially
tried to help?

User
Simulator

A California
Highway Patrol
officer was
successful

Evaluated Model's Trajectory Resolution: 
A California Highway Patrol officer was
successful
Ground Truth Trajectory Resolution:
A California Highway Patrol officer was
successful

Task
Metrics

Text Context
The driver of a Toyota Prius
says he was taken on a wild
ride Monday ...
User: Who helped?
Assistant: Do you mean who
...

Scenario A: Model asks a clarifying question

Scenario B: Model attempts to resolve User's request with an answer

Concatenate Original Spoken Context with Synthesized Audio Containing Model and User Response

No, I mean who
was successful.

Similarity: 1.0

Trajectory Score

Speaker Metadata
User Voice: en-AU-Standard-C
Assistant Voice: en-US-News-N
User Speaking Rate: 0.8
User Pitch: 1.9

TTS

User: Who helped?
Assistant: Do you mean who ...
User Voice: en-AU-Standard-C
Assistant Voice: en-US-News-N

Figure 5.3: Multi-turn evaluation pipeline for ASK-QA. A model is given an audio record-
ing containing the spoken story and spoken conversation. It is tasked with providing the correct
response. While the model response is a clarifying question (as determined by a prompted Ac-
tion Classifier), the model-generated response is appended to a textual version of the conversation
history and shown to a user simulator. The user simulator provides a coherent response to the clar-
ifying question, and these two generated turns are synthesized using TTS to create a new spoken
context. This process repeats until the model response is not a clarifying question.

speech CQA dataset with disfluencies, multiple speakers, and long audio context. The contribu-

tions of ASK-QA compared to other existing SQA datasets are in Table 5.4.

5.5.2 Evaluation

Following recent work (Chen et al., 2025; Risch et al., 2021b), we apply embedding-based

semantic similarity (Reimers and Gurevych, 2019) to allow for flexible free-form QA evaluation.

We apply this metric to a standard single-turn setting as well as a novel multi-turn setting which

combines TTS with the dynamic input evaluation for Abg-CoQA in Chen et al. (2025).

Single-turn evaluation details: We follow the standard single-turn evaluation setting with pre-

determined inputs similar to existing conversational QA tasks (Guo et al., 2021; Deng et al., 2022).

For an evaluation instance, an agent must produce a correct response conditioned on the speech
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recording. In ASK-QA, the speech recording contains both the knowledge context and a multi-turn

conversation context. We compare the generated answer against the ground truth response.

Multi-turn evaluation details: Chen et al. (2025) propose an automatic multi-turn evaluation

for Abg-CoQA, in which an agent dynamically interacts with a user simulator to work towards the

goal of a conversation. We design a novel dynamic speech evaluation, which is summarized in

Figure 5.3.

The evaluation starts by providing the evaluated MLLM with the audio file (see “Spoken Con-

text” in Figure 5.3) and the text instruction. Next, an action classifier determines whether the

agent response is a clarifying question or a direct answer. The action classifier is an LLM which

is directly prompted with the textual conversation context, the candidate response, and the action

candidates (CLARIFY/ANSWER). In this work, we use Gemini 1.5 Pro. If it is a clarifying ques-

tion, we simulate a user-side response to the clarifying question using a user simulator. This user

simulator is a high-capacity LLM (here, Gemini 1.5 Pro as well) provided with the textual con-

versation context, and a summarization of the user’s ground truth information-seeking intent. Our

implementation of these is the same as for Abg-CoQA in Chen et al. (2025).

In the text setting, they concatenate the original context with the newly simulated trajectory

and provides this as a new prompt to the evaluated agent. Here, we apply the same TTS process as

in Section 5.5.1 using the same speaker profiles for this conversation to dynamically create another

fully spoken input. We then sample another response from the evaluated agent until a direct answer

attempt is provided, or the maximum rollout depth is reached (here, we set this to three clarification

turns). We apply the evaluation metric to the final response.

5.5.3 Conversation Examples

In Table 5.5, we provide a simple example of how a conversation in ASK-QA is paraphrased

from the original conversation in Abg-CoQA (with the passage context omitted). One turn is

grammaically incorrect and so it is paraphrased using Gemini 1.5 Pro.
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Version Turn
No.

Speaker Content

Abg-CoQA 1 User what was the others reaction?
2 Assistant Everyone was happy
3 User was he hungry?
4 Assistant Do you mean at first?
5a User Yes
6a Assistant Yes
5b User No, I mean ultimately.
6b Assistant No, he was not hungry anymore.

ASK-QA 1 User what was the others reaction?
2 Assistant Everyone was happy.
3 User was he hungry?
4 Assistant Do you mean at first?
5a User Yes
6a Assistant Yes, he was hungry at first.
5b User No, I mean ultimately.
6b Assistant No, he was not hungry anymore.

Table 5.5: Comparison of the dialogue turns from a conversation in Abg-CoQA and the para-
phrased version in ASK-QA. Bold: text paraphrased using Gemini. We do not perturb the user
turns in order to maintain the original linguistic diversity. However, for the Assistant turns, we
paraphrase the language concisely if necessary in order to ensure that the speech is grammatically
correct. Here, the only dialogue turn that differs is 6a. (a) and (b) denote differing trajectories,
which are the turns that the Assistant has to navigate successfully during evaluation.

In Table 5.6, we provide an example of a conversation in ASK-QA with more perturbations

from Abg-CoQA. Turn 4 is rephrased as a complete sentence. Turn 5 injects a repeat disfluency

into the User-side speech. Turn 6 is also rephrased as a complete sentence.

Table 5.10 provides a full example of a full example from the ASK-QA dataset. We include

the passage context, as well as the provided dialogue excerpt. We denote the input modalities as

well as our instruction for response generation using the MLLM.

5.6 Experiments

We evaluate our approach on SQA datasets with different combinations of context modalities

(see Table 5.4). We prompt and fine-tune two closed-source models, Gemini Pro and Gemini Flash,
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Version Turn
No.

Speaker Content

Abg-CoQA 1 User Are they related?
2 Assistant yes
3 User How?
4 Assistant brothers
5 User Where do they put the lemonade stand?
6 Assistant by the sidewalk

ASK-QA 1 User Are they related?
2 Assistant Yes, they are related.
3 User How?
4 Assistant They are brothers.
5 User Where do they put the the lemonade stand ?
6 Assistant They put the lemonade stand by the sidewalk.

Table 5.6: A modified conversation in ASK-QA. Bold: paraphrased text using Gemini. Italics:
repeat disfluency injected using LARD (Passali et al., 2022).

on the Vertex AI platform4. We also use Speech-Qwen, which we built by pre-training an 17.8M

parameter projection layer between a frozen audio encoder (WavLM-Large) and a frozen LLM

decoder (Qwen 2.5 7B-Instruct). See Appendix 5.4 for additional details on Speech-Qwen. Here,

we present our findings for ASK-QA (multi-turn speech context with spoken knowledge), Spoken-

SQuAD (single-turn text context with spoken knowledge), and SD-QA (single-turn spoken context

with textual knowledge).

5.6.1 ASK-QA: Spoken Knowledge and Multi-Turn Spoken Dialogue

We first evaluate our proposed data-centric approach on ASK-QA, as introduced in Section 5.5.

The application of our proposed approach to ASK-QA slightly differs than that for Spoken-SQuAD

and SD-QA due to the multi-turn nature of the task. In particular, we break the Listening Com-

prehension task into two components since each recording comprises a narrated story and a con-

versation. We provide concrete examples of the auxiliary tasks for a single instance of ASK-QA

in Tables 5.7, 5.8, 5.9, 5.10. Each of these tables has the exact same speech recording. Table 5.8

demonstrates steering the MLLM to transcribe the conversation. Table 5.9 demonstrates steering

4https://cloud.google.com/vertex-ai/generative-ai/docs/models/tune_
gemini/audio_tune

112

https://cloud.google.com/vertex-ai/generative-ai/docs/models/tune_gemini/audio_tune
https://cloud.google.com/vertex-ai/generative-ai/docs/models/tune_gemini/audio_tune


Usage Modality Content
Input Speech Speaker 1: A few years ago, an Englishman called Roy Jones went on holiday to a small seaside town

in the west of England. He was swimming in the sea one day when, as he opened his mouth, his false
teeth fell out and floated away. The following year, Mr. Jones returned to the same town. As he was
having dinner in a local cafe one evening, he mentioned the story of his lost teeth to the manager. The
manager looked surprised. He explained that he had found a set of false teeth on the beach last month.
Then he asked Roy Jones if he wanted to try them on. OK, said Mr. Jones. I suppose it won’t do any
harm. When the manager brought him the teeth, Mr. Jones put them into his mouth, and laughed and
laughed. They were his. In 1987, an American couple called Jane and Robert Bentley went for a picnic
on a beach in California. When they returned home, Mrs. Bentley realized that she had lost her
wedding ring. It wasn’t a lot of money but it was valuable to Jane Bentley. The Bentleys drove
straight back to the beach, and searched for the ring for three hours, but could not find it. A few
months later, Mr. Bentley went fishing off the same beach. As he pulled a large crab out of the
sea, he noticed that there was something attached to one of its claws. It was his wife’s wedding
ring! At the end of the 19th century, a young woman called Rose Harcourt was on her honeymoon in
Barmouth, North Wales, when she lost a gold bracelet her husband had given her as a wedding gift.
Feeling very upset, she went straight to the police stations and asked if anyone had found her bracelet.
Unfortunately, no one had. Twenty-five years later, the Harcourts returned to Barmouth. They were
sitting on the beach one day when Mrs. Harcourt noticed something gold in the sand by the edge of the
sea. She walked down to see what it was, and discovered her gold bracelet that had been missing for 25
years.
Speaker 2: Was it expensive?
Speaker 3: No, it was not expensive.
Speaker 2: Was it recovered?
Speaker 3: Yes, it was recovered.
Speaker 2: When?

Input Text The audio recording contains a story followed by a conversation between a User and an Assistant. You
will continue the conversation for the Assistant by selecting the most appropriate response from the
following: A. Do you mean the popular generic name? B. Are you asking why the dog was looking at
Sue or why Jack walked up to Sue? C. More Chinese people can afford cars because of them. D. It was
recovered a few months later.

Output Text D. It was recovered a few months later.

Table 5.7: Example of the commonsense Response Selection auxiliary task for ASK-QA.

the MLLM to transcribe the narrated story. Table 5.7 demonstrates how the ground-truth answer is

joined to negatively sampled answers from other QA pairings to form the response selection task.

Table 5.10 is similar and demonstrates the textual instruction used to steer the MLLM to directly

generate the ground-truth answer.

Findings: We benchmark end-to-end performance on ASK-QA in Figure 5.4 and Table D1 using

the multi-task approach described in Section 5.3 and baseline single-task tuning (which represents

standard end-to-end speech-to-text modeling (Shih et al., 2024)). The listening comprehension

sub-task separately models the story and conversation transcripts, inspired by speaker diariza-

tion (Anguera et al., 2012; Gu et al., 2021; Yu, Fu, and Zhang, 2022). With Speech-Qwen, we

see as much as 13.3% relative improvement over standard fine-tuning depending on the amount of

available data on trajectory-level similarity in Figure 5.4. Surprisingly, with Gemini Pro, we also

see relative improvements of 5.7% with 1% of the available training data and 1.6% when using
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Usage Modality Content
Input Speech Speaker 1: A few years ago, an Englishman called Roy Jones went on holiday to a small seaside town

in the west of England. He was swimming in the sea one day when, as he opened his mouth, his false
teeth fell out and floated away. The following year, Mr. Jones returned to the same town. ... They were
sitting on the beach one day when Mrs. Harcourt noticed something gold in the sand by the edge of the
sea. She walked down to see what it was, and discovered her gold bracelet that had been missing for 25
years.
Speaker 2: Was it expensive?
Speaker 3: No, it was not expensive.
Speaker 2: Was it recovered?
Speaker 3: Yes, it was recovered.
Speaker 2: When?

Input Text The audio recording contains a story followed by a conversation between a User and an Assistant.
Transcribe the conversation but not the story. Provide your answer in the format
User: [Utterance]
Assistant: [Utterance]
and so on.

Output Text User: Was it expensive?
Assistant: No, it was not expensive.
User: Was it recovered?
Assistant: Yes, it was recovered.
User: When?

Table 5.8: Example of the Dialogue Listening Comprehension auxiliary task for ASK-QA.

full data, despite frontier MLLMs already having large-scale multi-modal pre-training and the full

ASK-QA corpus containing large-scale, in-distribution data (over 200 hours). This finding is sig-

nificant because it specifically indicates that the MLLM is better learning to model the available

speech data. It is well-documented that 1) high benchmark scores achieved by frontier LLMs on

older corpora may be confounded by data contamination (Roberts et al., 2023; Qian et al., 2024),

and 2) several studies demonstrate the efficacy of direct fine-tuning given abundant data (Sharma

et al., 2024; Yu et al., 2024b). Since ASK-QA is newly synthesized, Gemini cannot have been

trained on this exact version of the data. This accurately highlights the difference between direct

single-task tuning and multi-task tuning with our proposed auxiliary tasks. The improvements with

full data indicate the applicability of the approach for scaled data.

5.6.2 Spoken-SQuAD: Spoken Knowledge and Textual Questions

Spoken-SQuAD (Li et al., 2018) is a speech version of SQuAD (Rajpurkar et al., 2016). Rather

than span-based classification, we solve the task using our end-to-end generative approach. Each

instance has a textual question and spoken knowledge.
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Usage Modality Content
Input Speech Speaker 1: A few years ago, an Englishman called Roy Jones went on holiday to a small seaside town in the west of England. He was

swimming in the sea one day when, as he opened his mouth, his false teeth fell out and floated away. The following year, Mr. Jones
returned to the same town. As he was having dinner in a local cafe one evening, he mentioned the story of his lost teeth to the manager.
The manager looked surprised. He explained that he had found a set of false teeth on the beach last month. Then he asked Roy Jones if
he wanted to try them on. OK, said Mr. Jones. I suppose it won’t do any harm. When the manager brought him the teeth, Mr. Jones put
them into his mouth, and laughed and laughed. They were his. In 1987, an American couple called Jane and Robert Bentley went for a
picnic on a beach in California. When they returned home, Mrs. Bentley realized that she had lost her wedding ring. It wasn’t a lot of
money but it was valuable to Jane Bentley. The Bentleys drove straight back to the beach, and searched for the ring for three hours, but
could not find it. A few months later, Mr. Bentley went fishing off the same beach. As he pulled a large crab out of the sea, he noticed
that there was something attached to one of its claws. It was his wife’s wedding ring! At the end of the 19th century, a young woman
called Rose Harcourt was on her honeymoon in Barmouth, North Wales, when she lost a gold bracelet her husband had given her as a
wedding gift. Feeling very upset, she went straight to the police stations and asked if anyone had found her bracelet. Unfortunately, no
one had. Twenty-five years later, the Harcourts returned to Barmouth. They were sitting on the beach one day when Mrs. Harcourt noticed
something gold in the sand by the edge of the sea. She walked down to see what it was, and discovered her gold bracelet that had been
missing for 25 years.
Speaker 2: Was it expensive?
Speaker 3: No, it was not expensive.
Speaker 2: Was it recovered?
Speaker 3: Yes, it was recovered.
Speaker 2: When?

Input Text The audio recording contains a story followed by a conversation between a User and an Assistant. Transcribe the story but not the
conversation.

Output Text A few years ago, an Englishman called Roy Jones went on holiday to a small seaside town in the west of England. He was swimming
in the sea one day when, as he opened his mouth, his false teeth fell out and floated away. The following year, Mr. Jones returned to the
same town. ... They were sitting on the beach one day when Mrs. Harcourt noticed something gold in the sand by the edge of the sea. She
walked down to see what it was, and discovered her gold bracelet that had been missing for 25 years.

Table 5.9: Example of the Story Listening Comprehension auxiliary task for ASK-QA.

Usage Modality Content
Input Speech Speaker 1: A few years ago, an Englishman called Roy Jones went on holiday to a small seaside town

in the west of England. He was swimming in the sea one day when, as he opened his mouth, his false
teeth fell out and floated away. ... In 1987, an American couple called Jane and Robert Bentley went
for a picnic on a beach in California. When they returned home, Mrs. Bentley realized that she had
lost her wedding ring. It wasn’t a lot of money but it was valuable to Jane Bentley. The Bentleys
drove straight back to the beach, and searched for the ring for three hours, but could not find it.
A few months later, Mr. Bentley went fishing off the same beach. As he pulled a large crab out of
the sea, he noticed that there was something attached to one of its claws. It was his wife’s wedding
ring! ... She walked down to see what it was, and discovered her gold bracelet that had been missing
for 25 years.
Speaker 2: Was it expensive?
Speaker 3: No, it was not expensive.
Speaker 2: Was it recovered?
Speaker 3: Yes, it was recovered.
Speaker 2: When?

Input Text The audio recording contains a story followed by a conversation between a User and an Assistant. You
will continue the conversation for the Assistant by providing the next response. If you do not have
enough information or context to answer the User’s last question, you should ask a clarifying question.

Output Text It was recovered a few months later.

Table 5.10: Example of the Response Generation task for ASK-QA.

Findings: In Figure 5.5, we benchmark our multi-task learning approach against single-task tun-

ing via Speech-Qwen. Our performance is evaluated in terms of exact match and F1 score using

the SQuAD evaluator. Our approach, applied to an open-weight model like Speech-Qwen, out-

performs the existing state-of-the-art model proposed in You et al. (2022) using just 10% of the

available training data, indicating that it is highly efficient and effective for cross-modal learning.

We present expanded results which include an additional MLLM are shown in Table D2.
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Figure 5.4: Multi-task (MT) learning improves upon Single-task (ST) fine-tuning with both Gemini
and Speech-Qwen on ASK-QA’s multi-turn evaluation.

5.6.3 SD-QA: Textual Knowledge and Spoken Questions

We examine the setting where the single-turn QA context is provided in the recorded speech,

and the knowledge necessary to answer the question correctly is provided in the text.

Dataset: SD-QA (Faisal et al., 2021) is a large single-turn SQA benchmark with diverse data –

spanning 5 languages (Arabic, Bengali, English, Kiswahili, and Korean) and 24 regional dialects.

SD-QA is also proposed as a span-based QA task, but we apply our end-to-end generative approach

as in Section 5.6. We tune our models on up to 9,008 of the 10,0008 samples made available

for training, withholding the remaining samples for validation. We evaluate our approach on the

12,975 evaluation samples.

Findings: We evaluate performance on SD-QA in terms of exact match and token-based F1.

Consistent with our findings in Section 5.6, we see that our multi-task approach is able to outper-

form single-task tuning in all evaluation settings. This is inclusive of experiments with Gemini Pro

as the base MLLM for tuning. We see a large 16.13% relative improvement (46.33 to 55.24) for
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Figure 5.5: Our multi-task approach applied to Speech-Qwen outperforms the state-of-the-art ap-
proach on Spoken-SQuAD using only 10% of the available data.

exact match in the limited data setting with Gemini.

We observe that Gemini Pro is already a strong base MLLM, achieving competitive zero-shot

performance on this corpus. This is likely due to it having a strong initialization on multilingual

ASR. We see that our Speech-Qwen model is able to outperform zero-shot Gemini using our multi-

task approach with full data. We also observe up to a 52.8% relative improvement over single-task

tuning with Speech-Qwen in the 1% data regime. This is consistent with findings from Chen

and Yu (2023) in which pre-finetuning yields strong improvements in the extremely limited data

regime. Overall, the particularly large performance improvements on this particular corpus may

be an indication that the base models have not been trained on as much multi-lingual data.

5.6.4 Ablation Studies

In Table 5.12, we systematically remove each individual task: Dialogue Listening Comprehen-

sion (DLC), Story Listening Comprehension (SLC), and Response Selection (RS). The removal of

each auxiliary task results in performance degradation relative to full multi-task tuning, indicating

their importance towards improved cross-modal understanding. We observe that removing SLC
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Base Model App. Data EM ↑ F1 ↑

Gemini Pro – 0% 42.44 64.18
Gemini Pro ST 1% 46.33 67.74
Gemini Pro MT 1% 55.24 70.73
Gemini Pro ST 10% 62.79 77.80
Gemini Pro MT 10% 63.04 79.02
Gemini Pro ST 100% 63.10 78.15
Gemini Pro MT 100% 64.17 79.06

Speech-Qwen ST 1% 13.44 25.28
Speech-Qwen MT 1% 24.70 38.63
Speech-Qwen ST 10% 29.70 43.84
Speech-Qwen MT 10% 39.92 54.35
Speech-Qwen ST 100% 46.83 61.76
Speech-Qwen MT 100% 49.54 64.94

Table 5.11: Experimental results comparing single-task SFT and our proposed multi-task
approach on SD-QA’s test set.

Approach Data Single-Turn Sim. ↑ Multi-Turn Sim. ↑

Speech-Qwen MT w/o DLC 1% 53.77 53.10
Speech-Qwen MT w/o SLC 1% 52.32 51.89
Speech-Qwen MT w/o RS 1% 53.53 52.67
Speech-Qwen MT 1% 54.54 53.60
Speech-Qwen MT w/o DLC 10% 65.09 64.19
Speech-Qwen MT w/o SLC 10% 64.75 64.24
Speech-Qwen MT w/o RS 10% 66.89 66.01
Speech-Qwen MT 10% 68.27 67.58

Table 5.12: Systematic ablations of each individual task type on ASK-QA.

results in the most performance degradation, which follows the intuition in Figure 5.1 and Li et al.

(2018).

5.7 Limitations

Transcription supervision: One of the crucial auxiliary tasks in our approach is listening

comprehension, as demonstrated by the performance degradation in our ablations (Table 5.12). In

our implementation, we use ground-truth transcriptions as the target for this generation task. These

transcriptions may not be available — for instance, the ones provided by Spoken-SQuAD and SD-
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QA were obtained via ASR. Our transcription for ASK-QA is not guaranteed to perfectly match

the generated speech either, despite our efforts to filter the data quality (see Section 5.5). It is not

clear whether the possibility of slight transcription errors improves model robustness to noise or

degrades performance, and this warrants further study in future work.

TTS quality: Our data generation approach is bottlenecked by current capabilities of TTS

software. While TTS has greatly improved in recent years in terms of WER, we do still witness

generation errors and naturalness issues when working with long context (hence the need for fil-

tering). We are also not at the point in which we have perfect controllability in paralinguistic

attributes.

Generalization to paralinguistic tasks: We propose a multi-task approach which can be used

to greatly improve performance in SQA. In the three corpora here, listening comprehension proves

to be crucial as the primary objective is auditory semantic understanding. However, in more nu-

anced contexts like task guidance (Schlager and Feiner, 2024), it is more important to monitor

different paralinguistic aspects of the user such as frustration.

Use in large-scale model post-training: We believe that our overall data generation process

can be useful for improving MLLM post-training. However, verifying this claim is beyond the

scope of this work due to computational constraints. We see improved performance on our down-

stream task after supervised fine-tuning of Gemini, which does indicate positive signal that there

are correlations between our training and evaluation data.

5.8 Summary

In this Chapter, we designed ASK-QA, a novel corpus that highlights the challenges of mul-

timodal spoken conversation modeling. In particular, not only does ASK-QA require the ability

to perform implicit action optimization, but it involves being able to model a diverse set of users’

voices and speaking patterns. As part of our work, we propose a data-centric multi-task learning

approach which helps improve speech data utilization for MLLM tuning. Tuning on various cor-

pora with Gemini and open-weight MLLMs, we observe consistent performance improvements
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regardless of model scale and tuning access, surpassing state-of-the-art performance on Spoken-

SQuAD with open-weight MLLMs. Our tuning strategy indicates that the design of auxiliary tasks

can help facilitate optimal utilization of training data, regardless of the amount that is available.

Our improvements demonstrated with Gemini demonstrate that such quality improvements are

even applicable at large model scales. Future work may build upon our insights by designing new

auxiliary tasks, incorporating more expressive TTS approaches (e.g., emotion modeling), or ex-

amining more complex action optimization strategies for ASK-QA (e.g., reinforcement learning).

Our dataset and synthesis process can also be contributed to post-training data mixtures to improve

construction of MLLMs’ for improved long-context speech modeling abilities. The synthesis pro-

cess combined with the multi-task manipulation procedure could potentially be used to construct

large-scale diverse data generation to improve the audio understanding capabilties of MLLMs.
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Conclusion

Given the rapid progress in modern conversational AI (e.g. Gemini, ChatGPT, etc.), it is worth-

while to consider the remaining open challenges in developing conversational intelligence. In past

years, coherent neural language generation was a difficult challenge (Roller et al., 2021), but

with the rise of high-capacity LLMs, this issue of coherence has largely been addressed (Brown

et al., 2020), with many such systems shifting from modular frameworks (Yu, 2017) to singular

end-to-end models (Chen et al., 2025). However, despite these advances, conversational AI is not

“solved.” Rather, this requires refocusing on the remaining challenges that make such generative

models useful for society at large.

Even in the “assistant” paradigm, LLM-based systems still lack human-level conversational

skills, whether it be the ability to handle ambiguity or express genuine empathy. This dissertation

identified the core challenges in developing mixed-initiative conversational intelligence, to bridge

the existing gaps preventing current conversational AI from functioning initiative-taking agents

which can take on larger assistive roles in society. The research presented here proposes novel

solutions to addressing three fundamental obstacles hindering the development of truly intelligent

and adaptive conversational agents: the scarcity of high-quality, in-domain conversational data; the

complexities of optimizing pragmatic action planning in multi-turn interactions; and the limitations

in understanding and integrating multimodal signals, especially in spoken dialogue.

To address data scarcity, Chapter 2 introduced PLACES, a novel framework for synthesiz-

ing high-quality, topic-conditioned dyadic and multiparty conversations from a small set of expert

examples. The results demonstrated that these synthetic datasets are comparable in quality to
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human-collected data and effective for fine-tuning dialogue models, opening avenues for system-

atic construction resources for understudied areas.

Chapters 3 and 4 investigated pragmatic action planning from two different perspectives.

Chapter 3 focused on explicit planning within modular systems, proposing ACT. This approach

utilizes prompt-based Monte-Carlo Tree Search with LLMs to perform look-ahead planning with-

out requiring specific training data, proving effective in complex, subjective tasks like persuasion.

Chapter 4 addressed some of the limitations of modern explicit action planning and proposed

implicit action planning for end-to-end systems. We introduced a novel algorithm called Action-

Based Contrastive Self-Training, building on modern frameworks for LLM alignment. ACT adapts

LLMs to mixed-initiative contexts even given limited data, such as handling ambiguity in conver-

sational question answering across various domains (e.g. tabular QA, machine reading comprehen-

sion, or text-to-SQL), by balancing action selection with multi-turn optimization in a quasi-online

contrastive learning framework.

Finally, Chapter 5 unified the notion of implicit action recognition in the multimodal realm

with large-scale user-specific speech modeling, proposing several solutions to improving end-to-

end spoken dialogue systems. Recognizing the unique challenges of speech (which include vari-

ability in different speakers’ behavior), this work introduced ASK-QA, the first mixed-initiative

spoken conversational question-answering dataset which features contextual ambiguity, long au-

dio contexts, and carefully constructed perturbations to speaking style. Furthermore, we proposed

a simple yet effective data-centric multi-task learning approach which demonstrated significant im-

provements in MLLM robustness and performance on spoken QA tasks, even for state-of-the-art

models and particularly in limited data settings.

Given these identified challenges and the work described in this dissertation sets the foundation

for a number of future directions.

Augmenting agentic workflows with mixed-initiative intelligence. Many recent efforts focus

on developing fully autonomous agentic workflows (Yu et al., 2024a; Koh et al., 2024). However,
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as described in Chapters 3 and 4, it may actually be more important that agents recognize when

they need to elicit help from potential experts whether it be the users or expert models. There are

scenarios in which experts may possess knowledge that is not explicitly provided to the model a

priori which may lead to significant safety risks (e.g., an agent could accidentally access sensi-

tive information or interact with malicious software). Such efforts would require generalizing the

proposed methods in Chapters 3 and 4 to generic settings beyond specific tasks.

Inference-time strategy distillation. Many recent efforts towards improving agentic workflows

focus on trading inference-time computation costs for novel capabilities (e.g. Yao et al. (2023)).

As indicated in Chapter 3, such efforts are not necessarily realistic in real-world applications where

latency is crucial. It remains an open problem to re-examine how to absorb some of these capabil-

ities during training time where high computational costs are more manageable. In particular, it is

worth studying how each of these trajectory modeling approaches work and in what scenarios they

are optimal. Future work can consider ACT-style learning as in Chapter 4 as a framework to distill

these types of strategies.

Multi-modal user modeling. This dissertation touches on the importance of improving agents’

ability to model users across different modalities. However, an especially important forward-

looking direction is investigating how to leverage different modalities to model user signals. There

exist many current modeling challenges with non-textual modalities (e.g., Chapter 5 describes the

long-context limitations in audio modeling), but beyond common modalities such as vision or

speech, there are many untapped modalities. These include ones accessible by wearable technolo-

gies such as eye gaze or heart rate. These signals are likely highly correlated with user sentiment.

The development of an agent which can reason about phenomena such as emotions from heart rate

on a smartwatch has the potential to be far more ubiquitous and useful than a standard unimodal

agent.
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Multi-surface user modeling. As we have seen throughout this dissertation, there are already

several challenges in conversational agent development that arise from the multi-turn nature of

conversations. Multi-turn historical consistency can pose a complex modeling challenge, and these

challenges remain largely explored in multi-surface modeling. Beyond the development of single

agent on a single surface (e.g., a chatbot on a single webpage), unified agents that can reason

about user history across multiple surfaces (e.g. web and mobile) largely remain explored. The

selection of different mixed-initiative action strategies should vary across individual users, and the

understanding of these types of preferences requires the ability to model many different types of

interaction surfaces.

There remain many open challenges before AI systems are truly conversationally intelligent

and able to reach their full potential in society. The contributions of this dissertation serve as the

foundation for further research towards the efficient development of highly capable human-centric

agents.
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Appendix A: Supplementary Material on Conversation Synthesis

Party Utterance
Alice I love it here in New York!
Bob What do you like most about New York?
Alice New York has the best bagels!
Bob Which bagels are your favorite?
Alice They all taste amazing. I really like their Italian ones!
Bob That’s great. I guess I’ll be eating Italian bagels from now on.

Alice I’m from New York City.
Bob Wow! I’ve never been to New York.
Alice I’ve also been to Austin. few times.
Bob What did you think of it? Did you like it?
Alice I really liked it. I thought it was a really cool city.
Bob I’m glad you liked it. What did you like so much about it?
Alice I really like the music scene there.
Bob What kind of music do you like?
Alice I like a lot of different kinds of music. I like jazz, rock, and country.
Bob I’ve never been to a country concert.
Alice You should go sometime. They’re a lot of fun.
Bob I’ll have to check it out.
Alice I’ll hagve to visit Austin again soon.
Bob Yeah, I’d like to visit New York sometime too.
Alice It’s a great city.

Table A1: Pair of dyadic conversations generated using OPT 30B. The prompt recipe given is:
“The following is a conversation between Alice and Bob about their hometowns. Bob is from
Austin, Texas, and Alice is from New York City.”
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Party Utterance
Alice What’s your major?
Bob I’m a computer science major.
Alice Me too! What year are you?
Bob I’m in my third year. What about you?
Alice I’m in my third year too. What classes are you taking this quarter?
Bob I’m taking a class called Operating Systems. It’s really interesting.
Alice I’m taking a class called Computer Graphics. It’s pretty interesting too.
Bob I’ve heard that class is really hard.
Alice Yeah, it’s not easy.

Alice Hi!
Alice What are you studying?
Bob I’m a Computer Science major.
Alice Me too!
Bob What year are you?
Alice I’ll be a junior next year.
Bob I’ll be a senior.
Alice Cool!
Bob What classes are you taking this quarter?
Alice I’ve got a couple of clases in the School of Engineering. I’m taking a class in Computer

Graphics and a class in Artificial Intelligence.
Bob I’m taking a class on Machine Learning.
Alice That’s cool.
Bob What are you doing this summer?
Alice I’d like to work at a start-up.
Bob That’s cool. I’m going to intern at Google.
Alice Wow! That’s awesome!
Bob Yeah, I’m really excited.
Alice I’m excited for you!

Table A2: Pair of dyadic conversations generated using OPT 175B. The prompt recipe given is:
“The following is a conversation between Alice and Bob about their majors. They are both students
at Stanford University.”
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Party Utterance
Alice I was thinking about applying at the coffee shop on the corner.
Bob That’s a great idea! It’s a really fun place to work.
Alice I’m glad to hear that. What do you do there?
Bob I work as a barista.
Alice Oh cool! I bet you get to meet a lot of interesting people.
Bob That’s right. I really enjoy working there.
Alice Do you know if they are hiring?
Bob I’m not sure, but you should definitely apply.
Alice Thanks! I’ll go in and see if they are hiring.

Table A3: Example dyadic conversation generated using OPT 175B. The prompt recipe given is:
“The following is a conversation between Alice and Bob about part-time jobs. Bob works at a
coffee shop and Alice is thinking about applying.”

Party Utterance
Alice I’d love to start a garden! I’ve always wanted to grow my own vegetables.
Bob That’s a great idea! It’s so much more fun to eat vegetables that you’ve grown yourself.
Claire What vegetables are you thinking about growing?
Alice I’d love to try growing some tomatoes, peppers, and squash.
Bob That sounds like a good start.
Claire I’ve grown tomatoes before. I also have a few pepper plants.

Alice I’ve always wanted to have a garden in my backyard, but I never really had the time.
Claire That’s awesome! How do you plan to grow your garden?
Alice I’ve been doing a lot of research. I think I’ll start with a few simple vegetables like

tomatoes, onions, and potatoes.
Bob That’s great! I would love to have a garden like that. I’m a big fan of cooking.
Alice I’ll definitely invite you over for dinner then!
Claire I’m so jealous! I’ve always wanted to grow my own vegetables.
Bob Have you considered getting a garden plot?
Claire That’s a great idea. I should look into that.
Alice You should! Gardening is a really healthy hobby.

Table A4: Pair of triadic conversations generated using OPT 30B. The prompt recipe given is: “The
following is a conversation between Alice and Bob and Claire about gardening. Alice is interested
in growing vegetables.” The ordering of the speakers in multi-party scenarios is variable.
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Party Utterance
Alice Have you ever had Southern Ice Tea?
Bob I love to make it at home.
Claire I’m not familiar with that. What is it?
Bob It’s a sweet tea that’s brewed with mint and lemon.
Alice That sounds really good. I’m going to have to try that!
Claire I’ve never had that. What is it like?
Bob It’s kind of like a sweet, lemonade-like drink.
Alice I’m going to have to make some this weekend. Thanks for the idea!
Claire That sounds really good. I might try it too.

Table A5: Example triadic conversation generated using OPT 175B. The prompt recipe given
is: “The following is a conversation between Alice and Bob and Claire about cooking. Alice is
interested in Southern Ice Tea. Bob has a great recipe. Claire loved trying Bob’s Southern Ice Tea.”

Party Utterance
Alice I try to eat healthy, but it’s hard to stay on track.
Bob I know what you mean. I try to eat healthy too, but I love ice cream too much!
Claire What kinds of foods do you like to eat?
Alice I love fruit. I eat a lot of berries.
Bob I love berries too! Strawberries are my favorite.
Claire What about leafy greens? Do you eat them?
Bob I love salads!
Alice I love salads too!
Claire Do you like any vegetables?
Alice I love vegetables! I like broccoli and asparagus.
Claire Great! Do you eat many whole grains?

Table A6: Example triadic conversation generated using OPT 175B. The prompt recipe given is:
“The following is a conversation between Alice and Bob and Claire about health. Alice and Bob
are discussing healthy foods. Claire is a nutritionist.”

Party Utterance
Phoebe Then I’m gonna have to ask you to keep it down.
Mr. Heckles Who are you?
Eric Hi, I’m Eric, I’m gonna be Chandler’s new roommate.
Mr. Heckles I’m Chandler’s new roommate.
Eric I-I-I don’t think so.
Mr. Heckles I could be Chandler’s new roommate.
Eric But, he told me over the phone.
Mr. Heckles He told me in person.
Eric That’s weird.
Mr. Heckles Well, I’m going to go into my new apartment now. Ehh!

Table A7: Conversation from the MELD corpus (Poria et al., 2019). Three speakers are involved,
discussing a living situation regarding a fourth character who does not appear in this scene.
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Party Utterance
john sure
john i think so, meg
mara how did i know that was coming
meg its not just the public eye
john haha mara
mara hushh.. ***
nick There are already other countries who are investigating the Bush administration for war crimes

- Spain
meg with the breton woods
george they need to be prosecuted...that’s in obama’s hands

nick wow, george, right win propaganda... huh
meg look at how well Iraq is doing
mara goodness
meg there’s a point at which interrogation becomes torture and is just inhumane
john agree to george
mara ?
mara im in albany btw
meg Which we signed!

amy well it is the way the world is going– email, chat„ etc
john yes
jordan And this is one of the tricky things in this virtual world. You know nothing about the people

u r talking to!!!!
amy u r right you just used online language haha
mara hes not much fun either haha, what do you think?
amy hi john- can you see my message here?
jordan Hi, amy
mara i dont know what is better really!!!
john haha

Table A8: Three excerpts of the same conversation from the MPC corpus (Shaikh et al., 2010).
The conversation spans topics ranging from the Bush administration to meta-discussion about the
collection task.
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Subtopic Background Information
Pacific Theater Alice is interested in Pacific theater.
Growing residential grass Alice is interested in growing residential grass.
Breakfast food Alice likes to try different breakfast foods. Bob loves waffles.
music Alice likes music. Bob plays the viola.
skincare Alice is interested in skincare. Bob has a great skincare routine.
Planting flowers Alice is interested in planting flowers. Bob has a nice garden.
Southern Ice Tea Alice is interested in Southern Ice Tea. Bob has a great recipe.
herb garden Alice is interested in planting an herb garden.
Hiking Alice is going hiking tomorrow.
Plant a garden Alice wants to plant a garden.
Italian food Alice likes Italian food.
book recommendations Alice is interested in book recommendations.
anniversaries Alice keeps track of all of her anniversaries.
Existential Psychology Alice is interested in Existential Psychology.
The Outlander Series Alice is interested in The Outlander Series.
camping gear Alice is looking for advice on camping gear. Bob works at REI.
Movie Alice is interested in movie recommendations. Bob is a film buff.
Ford Vehicles Alice is interested in Ford vehicles. Bob prefers Japanese cars.
Beauty Alice is interested in beauty. Bob works at Sephora.
Syrian War Alice is interested in the Syrian War. Bob is a political scientist.
Elon Musk Alice and Bob are talking about Elon Musk.
Healthy foods Alice and Bob are discussing healthy foods. Alice is on a paleo diet.
Soren Kierkegaard Alice is a fan of Soren Kierkegaard.
investing money Alice is interested in investing money. Bob is an investment banker.
Post-structuralism Alice is interested in post-structuralism.
baking Alice is interested in baking. Bob has baked cakes and brownies before.
Nuts Alice likes to eat nuts.
braids Alice braids her hair. Bob is interested in learning how.
Growing vegetables Alice is interested in growing vegetables.
Martin Luther Alice is learning about Martin Luther.
paint brushes Alice is interested in paint brushes.
Stock Trading Alice is interested in stock trading.
Install TV applications Alice wants to install TV applications. Bob is helping her.
History Alice is interested in history. History was Bob’s favorite school subject.
Feminism Alice is interested in feminism. Bob majored in gender studies.
Tell a joke Alice wants to hear Bob tell a joke.
artists Alice is interested in learning about modern artists.
Turtles Alice likes turtles. Bob has been scuba diving.
Anthony Trollope Alice likes the work of Anthony Trollope. Bob prefers modern literature.
Paris Alice wants to go to Paris.
Bread Alice likes bread. Bob’s favorite bread is a baguette.
movie cast members Alice and Bob are talking about movie cast members.
Gay Marriage Alice is a proponent of gay marriage. Bob is interested in learning more.
U.S. Senate Alice and Bob are discussing the U.S. Senate.
growing tomatoes Alice is interested in growing tomatoes.
family issues Alice is interested in family issues.
Automotive parts Alice is interested in automative parts.
Bee life Alice is interested in bee life.
Taylor Swift Alice’s favorite musician is Taylor Swift. Bob likes Ariana Grande.
biking Alice’s favorite hobby is biking. Bob prefers rock climbing.
Juicers Alice wants to get a juicer.
islands Alice likes visiting islands. Bob prefers hiking.
Planets Alice is learning about the planets in school.
Pokemon Alice likes to play Pokemon. Bob also likes Pokemon.

Table A9: Corresponding background information written for each of the subtopics found in the
FITS dataset. There is a mixture of prompts which only mention one speaker and prompts which
mention two speakers. Every synthetic conversation involves both speakers.
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Topic Conversation Recipe
Growing residential
grass

Alice is interested in growing residential grass. Claire has a really neat yard.

Breakfast food Alice likes to try different breakfast foods. Bob loves waffles. Claire prefers
pancakes.

music Alice likes music. Bob plays the viola. Claire played the violin in high school.
skincare Alice is interested in skincare. Bob has a great skincare routine. Claire wants to

hear Bob’s routine.
Planting flowers Alice is interested in planting flowers. Bob has a nice garden. Claire has a veg-

etable garden.
Southern Ice Tea Alice is interested in Southern Ice Tea. Bob has a great recipe. Claire loved

trying Bob’s Southern Ice Tea.
herb garden Alice is interested in planting an herb garden. Claire has some gardening tips.
Hiking Alice is going hiking tomorrow. Claire hates hiking.
Plant a garden Alice wants to plant a garden. Claire has a greenroom.
Italian food Alice likes Italian food. Claire prefers Asian food.
book recommenda-
tions

Alice is interested in book recommendations. Claire is a part of a book club.

anniversaries Alice keeps track of all of her anniversaries. Claire is not well-organized.
Existential Psychol-
ogy

Alice is interested in Existential Psychology. Claire is a psychologist by training.

The Outlander Series Alice is interested in The Outlander Series. Claire has never seen the series.
camping gear Alice is looking for advice on camping gear. Bob works at REI. Claire loves the

outdoors.
Movie Alice is interested in movie recommendations. Bob is a film buff. Claire is also

a film buff.
Ford Vehicles Alice is interested in Ford vehicles. Bob prefers Japanese cars. Claire prefers to

drive a BMW.
Beauty Alice is interested in beauty. Bob works at Sephora. Claire is shopping with

Alice.
Syrian War Alice is interested in the Syrian War. Bob is a political scientist. Claire is studying

modern political theory.
Elon Musk Alice and Bob are talking about Elon Musk. Claire is a Tesla owner.
Healthy foods Alice and Bob are discussing healthy foods. Alice is on a paleo diet. Claire is a

nutritionist.
Soren Kierkegaard Alice is a fan of Soren Kierkegaard. Claire is not familiar with Soren

Kierkegaard.
investing money Alice is interested in investing money. Bob is an investment banker. CLaire is an

expert in personal finance.
Post-structuralism Alice is interested in post-structuralism. Claire is an expert on the subject.
baking Alice is interested in baking. Bob has baked cakes and brownies before. Claire

wants to learn how to bake.
Nuts Alice likes to eat nuts. Claire is allergic to peanuts.
braids Alice braids her hair. Bob is interested in learning how. Claire braids her hair

every day.
Growing vegetables Alice is interested in growing vegetables. Claire has a vegetable garden. Bob

grows flowers.
Martin Luther Alice is learning about Martin Luther. Claire is a historian.
paint brushes Alice is interested in paint brushes. Claire is a painter and has several sugges-

tions.
Stock Trading Alice is interested in stock trading. Claire is a stock broker.
Install TV applica-
tions

Alice wants to install TV applications. Bob is helping her. Claire is also good
with technology.

History Alice is interested in history. History was Bob’s favorite school subject. Claire is
a historian.

Feminism Alice is interested in feminism. Bob majored in gender studies. Claire does not
know much about feminism.

Tell a joke Alice wants to hear Bob tell a joke. Claire is a stand-up comedian.
artists Alice is interested in learning about modern artists. Claire is a photographer.
Turtles Alice likes turtles. Bob has been scuba diving. Claire wants to try scuba diving.
Anthony Trollope Alice likes the work of Anthony Trollope. Bob prefers modern literature. Claire

is not familiar with much literature.
Paris Alice wants to go to Paris. Claire has never been to Europe.
Bread Alice likes bread. Bob’s favorite bread is a baguette. Claire loves to bake bread.
movie cast members Alice and Bob are talking about movie cast members. Claire has seen a lot of

movies recently.
Gay Marriage Alice is a proponent of gay marriage. Bob is interested in learning more. Claire

is an activist.
U.S. Senate Alice and Bob are discussing the U.S. Senate. Claire is a politician.
growing tomatoes Alice is interested in growing tomatoes. Claire has a large garden with many

tomatoes.
family issues Alice is interested in family issues. Claire is a therapist.
Automotive parts Alice is interested in automative parts. Claire is a mechanic.
Bee life Alice is interested in bee life. Claire is a beekeeper.
Taylor Swift Alice’s favorite musician is Taylor Swift. Bob likes Ariana Grande. Claire does

not like pop music.
biking Alice’s favorite hobby is biking. Bob prefers rock climbing. Claire prefers

archery.
Juicers Alice wants to get a juicer. Claire has a suggestion for a great juicer.
islands Alice likes visiting islands. Bob prefers hiking. Claire likes the beach.
Planets Alice is learning about the planets in school. Claire is an astronomer.
Pokemon Alice likes to play Pokemon. Bob also likes Pokemon. Claire prefers to play

Stardew Valley.

Table A10: Triadic background information written for each of the subtopics given in the FITS
dataset. Unlike Table A9, each of these may include background information for up to three
people.
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The following is a conversation between Alice and Bob about past travel experiences. Alice has been to Japan and Bob is considering flying there.
Alice: Hi!
Bob: Hey, how are you doing?
Alice: I’m doing well! I just got back from my vacation in Japan.
Bob: Wow that’s awesome! What did you think of it?
Alice: Japan was such an amazing place to visit!
Bob: Wow! What was your favorite part?
Alice: I really enjoyed the food in Tokyo.
Bob: Which airline did you take?
Alice: I flew using Japan Airlines.

The following is a conversation between Alice and Bob about their hobbies. Alice enjoys tennis and Bob likes playing soccer.
Alice: What do you like to do for fun?
Bob: I used to play soccer in college, so I still like to play for fun on the weekends!
Alice: That’s great. Soccer is a great way to stay in good shape.
Bob: I agree - it’s really good cardio. What about you?
Alice: I love to play tennis. I’ve been taking lessons for a few months now!
Bob: Tennis is fun too!

The following is a conversation between Alice and Bob about their favorite movies. Bob loved the new Batman movie. Alice really liked watching Pride and Prejudice.
Alice: I just saw Pride and Prejudice for the fifth time!
Bob: That’s a lot of times! What do you like so much about that movie?
Alice: Well, as a teenager I really liked the book. But I just really loved Keira Knightley’s portrayal of Elizabeth.
Bob: I see. I haven’t seen the movie myself. I prefer action films.
Alice: What’s your favorite action movie?
Bob: Hm, I really liked the Batman movie that just came out.
Alice: I haven’t seen it yet. I heard it got pretty good reviews.

The following is a conversation between Alice and Bob about their hometowns. Alice is from New York City. Bob grew up in Seattle.
Alice: Hello! How are you doing?
Bob: Hi, I’m doing great! What about yourself?
Alice: I’m doing well! Where are you from?
Bob: I’m originally from Seattle, but now I live in Palo Alto.
Alice: Oh cool! I live in Palo Alto too. Do you like Seattle or California more?
Bob: Well, Seattle is always going to be home for me. Even if the weather in California is nicer.
Alice: Haha, I get that! I miss New York City - there’s no place like home.
Bob: What is your favorite neighborhood of New York City?
Alice: I love going to Chelsea. The Highline has a great view, and Little Island is close by too! Have you ever been?
Bob: Unfortunately I have not. I have never been to the East Coast!

The following is a conversation between Alice and Bob about art. Alice’s favorite artist is Michelangelo. Bob does not know much about art.
Alice: Hi, how’s it going?
Bob: It’s going well, what about you?
Alice: I’m doing great! I’ve been really interested in art recently.
Bob: What got you interested in art?
Alice: Art can be so breathtaking!
Bob: I feel like I don’t know how to properly appreciate art, but certain pieces of artwork certainly look very complex.
Alice: Have you ever heard of Michelangelo?
Bob: I have heard of him, but I don’t know anything that he has created.
Alice: Michelangelo is really famous for his statue of David.
Bob: Huh? Who is David?
Alice: David is a Biblical figure who was a king of Israel. Michelangelo built a really magnificent statue of him in Florence.

The following is a conversation between Alice and Bob about drinks. Alice is a wine expert, whereas Bob prefers cocktails.
Alice: How are you doing?
Bob: Pretty great! I’m planning to go to a brewery this weekend.
Alice: Do you know much about alcohol?
Bob: Yeah, I really like beer! I drink a lot of IPAs.
Alice: Oh - what do you like about IPAs? I can’t get over the bitter taste.
Bob: Well, I don’t think it’s just bitter. Sometimes there are really interesting citrusy or herbal flavor notes.
Alice: I see. That kind of reminds me of wine tasting.
Bob: There’s definitely a lot of depth to it like there is with wine. Do you know much about wine?
Alice: Yeah, I took several classes on wine tasting back in the day. I really love Pinot Noir.
Bob: Oh I love red wines too.
Alice: Right? I love the dryness and fruity notes of Pinot Noir.

The following is a conversation between Alice and Bob about relationships. Bob recently got engaged.
Alice: Congrats on your engagement! When do you think you will have your wedding?
Bob: Thank you!! We’re thinking of having it in November.
Alice: That’s amazing! Will you pick a fancy destination?
Bob: I wanted to! I was thinking of having it somewhere in Europe, but my partner and I ultimately decided we wanted to have it close to home so our friends could all make it.
Alice: That’s a good point. My husband and I had similar thoughts when we were planning our wedding.
Bob: What did you plan in the end?
Alice: We had a small ceremony in my hometown!

The following is a conversation between Alice and Bob about their jobs. Alice works in the financial industry and Bob is a musician.
Alice: I’m so burnt out from my work! I just want to quit already!
Bob: Whoa - what do you do for work?
Alice: I’m an investment banker. It’s been four years at this company and I’m absolutely exhausted.
Bob: That sounds intense. Is there anything you actually like about the job?
Alice: Well, the money is good.
Bob: It sounds like you could use a break. Maybe you could use some of that money to go travel.
Alice: I really want to go to South America, but I don’t have a lot of time.

The following is a conversation between Alice and Bob about their pets. Alice has a dog and Bob prefers cats.
Alice: Do you have any pets?
Bob: No, but I really want to get a cat.
Alice: What, why a cat? Cats seem so boring. They never want to play.
Bob: Yeah, but cats are so cute! They also are a lot easier to take care of. They can clean themselves. What do you prefer?
Alice: Well, I have a dog. He is a corgi and his name is Bo.
Bob: Aww that’s cute! I’m not usually a dog person, but corgis are adorable.
Alice: Haha, thank you! Bo is a really friendly dog.
Bob: How old is he?
Alice: Bo is one year old now.

The following is a conversation between Alice and Bob about grocery shopping. Alice has a shopping list for Bob.
Alice: Could you run to the grocery store and pick up some bananas for me?
Bob: Will do - how many do you need?
Alice: Oh, I don’t know, maybe ten bananas. I’m planning to make banana bread, but I also want to save some for us to eat at home.
Bob: That sounds delicious! I’ll head out in a second. Is there anything else you need?

Table A11: Handwritten conversation examples of varying length. In-context examples are ran-
domly sampled from this pool and used as part of a prompt for dyadic conversation generation.
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The following is a conversation between Alice and Bob and Claire about past travel experiences. Alice has been to Japan and Bob is considering flying there. Claire has been to Taiwan and Korea,
but not Japan.
Alice: Hi!
Bob: Hey, how are you doing?
Alice: I’m doing well! I just got back from my vacation in Japan.
Bob: Wow that’s awesome! What did you think of it?
Alice: Japan was such an amazing place to visit!
Claire: Wow, I’ve always wanted to visit Japan!
Bob: What was your favorite part?
Alice: I really enjoyed the food in Tokyo. I had the best sushi of my life!
Bob: Which airline did you take?
Alice: I flew using Japan Airlines.
Claire: How expensive are tickets these days?

The following is a conversation between Alice and Bob about their hobbies. Alice enjoys tennis and Bob likes playing soccer. Claire plays football.
Alice: What do you like to do for fun?
Bob: I used to play soccer in college, so I still like to play for fun on the weekends!
Claire: Oh wow! Did you play varsity soccer?
Bob: Yeah, I was a four-year starter!
Alice: That’s great. Soccer is a great way to stay in good shape.
Bob: I agree - it’s really good cardio. What about you all?
Claire: I’m in a flag football league! We play every Saturday afternoon.
Alice: I love to play tennis. I’ve been taking lessons for a few months now!
Bob: Cool, football and tennis are fun too!

The following is a conversation between Alice and Bob and Claire about their favorite movies. Claire is looking for movie recommendations. Bob loved the new Batman movie. Alice really liked
watching Pride and Prejudice.
Alice: I just saw Pride and Prejudice for the fifth time!
Claire: Would you recommend watching it? I’ve never seen it!
Bob: Yeah, five times is a lot of times! What do you like so much about that movie?
Alice: Well, as a teenager I really liked the book. But I just really loved Keira Knightley’s portrayal of Elizabeth.
Bob: I see. I haven’t seen the movie myself. I prefer action films.
Alice: What’s your favorite action movie?
Bob: Hm, I really liked the Batman movie that just came out.
Alice: I haven’t seen it yet. I heard it got pretty good reviews.

The following is a conversation between Alice and Bob and Claire about their hometowns. Alice is from New York City. Bob grew up in Seattle. Claire is from Boston and would like to visit
New York City.
Alice: Hello! How are you doing?
Claire: I’m doing good!
Bob: Hi, I’m doing great! What about yourself?
Alice: I’m doing well! Where are you both from?
Claire: I’m from Boston! I’m just visiting the Bay Area.
Bob: I’m originally from Seattle, but now I live in Palo Alto.
Alice: Oh cool! I live here in Palo Alto. Do you like Seattle or California more?
Bob: Well, Seattle is always going to be home for me. Even if the weather in California is nicer.
Alice: Haha, I get that! I miss New York City - there’s no place like home.
Claire: Oh you’re from New York? I’ve always wanted to visit!
Bob: Me too! What is your favorite neighborhood of New York City?
Alice: I love going to Chelsea. The Highline has a great view, and Little Island is close by too! Have you ever been?
Bob: Unfortunately I have not. I have never been to the East Coast!

The following is a conversation between Alice and Bob and Claire about art. Alice’s favorite artist is Michelangelo. Bob does not know much about art. Claire is a painter.
Alice: Hi, how’s it going?
Bob: It’s going well, what about you?
Alice: I’m doing great! I’ve been really interested in art recently.
Claire: Oh that’s great to hear! I love art as well.
Bob: What got you interested in art?
Alice: Art can just be so breathtaking!
Bob: I feel like I don’t know how to properly appreciate art, but certain pieces of artwork certainly look very complex.
Alice: Have you ever heard of Michelangelo?
Bob: I have heard of him, but I don’t know anything that he has created.
Claire: Michelangelo has some truly magnificent paintings, such as The Creation of Adam.
Alice: Michelangelo is also really famous for his statue of David.
Bob: Huh? Who is David?
Alice: David is a Biblical figure who was a king of Israel. Michelangelo built a really magnificent statue of him in Florence.

The following is a conversation between Alice and Bob and Claire about drinks. Alice is a wine expert, whereas Bob prefers cocktails. Claire likes to drink beer.
Alice: How are you doing?
Bob: Pretty great! I’m planning to go to a brewery this weekend.
Alice: Do you know much about alcohol?
Bob: Yeah, I really like beer! I drink a lot of IPAs.
Claire: Oh, beers are my favorite type of drink! I can really appreciate the taste of a good IPA.
Alice: Oh - what do you like about IPAs? I can’t get over the bitter taste.
Bob: Well, I don’t think it’s just bitter. Sometimes there are really interesting citrusy or herbal flavor notes.
Claire: Yeah, there’s a whole science to the hops used in making IPAs!
Alice: I see. That kind of reminds me of wine tasting.
Claire: The science behind tasting is similar for sure.
Bob: I agree, there’s definitely a lot of depth to it like there is with wine. Do you know much about wine?
Alice: Yeah, I took several classes on wine tasting back in the day. I really love Pinot Noir.
Bob: Oh I love red wines too.
Alice: Right? I love the dryness and fruity notes of Pinot Noir.

Table A12: Triadic conversation recipes written for each of the “generic topics” given in the FITS
dataset. These conversation recipes are included after the in-context examples when prompting
LLMs to generate synthetic conversations. Unlike Table A9, each of these conversation recipes
may include background for up to three people. Continued in Table A13.
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The following is a conversation between Alice and Bob and Claire about relationships. Bob recently got
engaged.
Alice: Congrats on your engagement!
Claire: Yes, congrats! When do you think you will have your wedding?
Bob: Thank you! We’re thinking of having it in November.
Alice: That’s amazing! Will you pick a fancy destination?
Bob: I wanted to! I was thinking of having it somewhere in Europe, but my partner and I ultimately decided
we wanted to have it close to home so our friends could all make it.
Claire: Oh wow, that is very considerate of you.
Alice: Yeah, that’s a good point. My husband and I had similar thoughts when we were planning our
wedding.
Bob: What did you plan in the end?
Alice: We had a small ceremony in my hometown!
Claire: It turned out nicely! It was such a beautiful ceremony.

The following is a conversation between Alice and Bob and Claire about their jobs. Alice works in the
financial industry and Bob is a musician. Claire is an architect.
Alice: I’m so burnt out from my work! I just want to quit already!
Bob: Whoa - what do you do for work?
Alice: I’m an investment banker. It’s been four years at this company and I’m absolutely exhausted.
Bob: That sounds intense. Is there anything you actually like about the job?
Alice: Well, the money is good.
Claire: That doesn’t sound like a healthy relationship with your job!
Bob: It sounds like you could use a break. Maybe you could use some of that money to go travel.
Alice: I really want to go to South America, but I don’t have a lot of time.
Claire: Don’t you have vacation days? I think breaks are important.
Alice: Yes, but I really want to get promoted this year.

The following is a conversation between Alice and Bob and Claire about their pets. Alice has a dog and
Bob prefers cats. Claire has a pet hamster.
Alice: Do you have any pets?
Claire: I have a pet hamster! He is so adorable. What about you two?
Bob: I don’t, but I really want to get a cat.
Alice: What, why a cat? Cats seem so boring. They never want to play.
Bob: Yeah, but cats are so cute! They also are a lot easier to take care of. They can clean themselves. What
do you prefer?
Alice: Well, I have a dog. He is a corgi and his name is Bo.
Claire: That’s so adorable! How old is he?
Alice: He just turned one!
Bob: Aww that’s cute! I’m not usually a dog person, but corgis are adorable.
Alice: Haha, thank you! Bo is a really friendly dog.

The following is a conversation between Alice and Bob and Claire about grocery shopping. Alice has a
shopping list for Bob. Claire is helping Alice cook at home.
Alice: Could you run to the grocery store and pick up some bananas for me?
Bob: Will do - how many do you need?
Alice: Oh, I don’t know, maybe ten bananas. We are planning to make banana bread, but I also want to
save some for us to eat at home.
Bob: That sounds delicious! I’ll head out in a second. Is there anything else you need?
Claire: Oh, could you also pick up some more eggs? I think we’re running low here.

Table A13: Triadic conversation recipes written for each of the “generic topics” given in the FITS
dataset continued from Table A12.
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Appendix B: Supplementary Material on Explicit Action Planning

Role Utterance
One-shot Example system Save the Children is head-quartered in London, and they work to help fight poverty

around the world. Children need help in developing countries and war zones. Small
donations like $1 or $2 go a long way to help.
You are Persuader who is trying to persuade the Persuadee to donate to a charity
called Save the Children.
The following is an example conversation between a Persuader and a Persuadee.

user Persuadee: Hello. How are you?
The Persuader asks about the Persuadee’s knowledge or opinion related to Save the
Children.

assistant Persuader: Very well. I’m just up organizing info for my charity called Save the
Children. Have you heard of this charity before?

user Persuadee: No, I have not. Can you tell me more?
The Persuader establishes credibility of Save the Children by citing its impact.

assistant Persuader: Save the Children is an organization that helps children in developing
countries, by promoting children’s rights and providing relief. It is an amazing
charity that helps kids who are in desperate need. They can help with safety, edu-
cation and more.

user Persuadee: That sounds great. I believe in this charity, but still wonder how much
of the money I donate actually helps. I am always worried if I donate it will just go
to some higher up that is living the high life.
The Persuader uses an emotion appeal to convince the Persuadee.

assistant Persuader: Every little bit makes a difference. When you have people who are so
poor, it’s amazing what a tiny amount can do. I usually donate in hopes I can at
least feel like I did my part. If I donated and some corrupt person took it, that’s the
worst karma and even worst scandal imaginable

user Persuadee: With that all said I do feel like any organization that aims to help the
children I am more inclined to donate to them than most. I think helping children
is an important thing as they are our future!
The Persuader asks if the Persuadee would like to make a small donation.

assistant Persuader: I think donating to this cause would def be a step in the right direction
to hopefully helping across the world the children that are in despair. I don’t want
you to donate any more than you want, so if you want to donate how much do you
to do?

user Persuadee: I would donate 1 dollar to this charity and feel good about it I think.
Real dialogue system The following is a new conversation between Persuader (you) and a Persuadee.

The Persuader greets the persuadee.
assistant Persuader: Hello. How are you?
user Persuadee: I am good. What about you?

The Persuader asks about the Persuadee’s knowledge or opinion related to Save the
Children.

assistant Persuader: I’m doing well, thanks for asking. I wanted to talk to you about an
important cause that I am passionate about - Save the Children. Have you heard of
them before?

user Persuadee: No I have not.
The Persuader establishes credibility of Save the Children by citing its impact.

Generation assistant Save the Children is an international non-governmental organization that is com-
mitted to improving the lives of children through education, healthcare, and other
support programs. They work in over 100 countries around the world to help chil-
dren who are living in poverty or affected by conflict.

Table B1: Prompting LLM to generate a system response conditioned on a dialogue act. “Role” is
used to be consistent with ChatGPT’s API. Blue texts are prompts characteristic of this task.
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Role Utterance
One-shot
Example

system You are a Persuadee. A Persuader is trying to persuade you to donate to a charity called Save
the Children.
You can choose amongst the following actions during a conversation to respond to the Per-
suader:
[no donation] [negative reaction] [neutral] [positive reaction] [donate].
The following is an example conversation between a Persuader and some Persuadee.

assistant Persuadee: [neutral] Hello. How are you?
user Persuader: Very well. I’m just up organizing info for my charity called Save the Children.

Have you heard of this charity before?
assistant Persuadee: [neutral] No, I have not. Can you tell me more?
user Persuader: Save the Children is an organization that helps children in developing countries,

by promoting children’s rights and providing relief. It is an amazing charity that helps kids
who are in desperate need. They can help with safety, education and more.

assistant Persuadee: [negative reaction] That sounds great. I believe in this charity, but still wonder
how much of the money I donate actually helps. I am always worried if I donate it will just
go to some higher up that is living the high life.

user Persuader: Every little bit makes a difference. When you have people who are so poor, it’s
amazing what a tiny amount can do. I usually donate in hopes I can at least feel like I did
my part. If I donated and some corrupt person took it, that’s the worst karma and even worst
scandal imaginable

assistant Persuadee: [positive reaction] With that all said I do feel like any organization that aims to
help the children I am more inclined to donate to them than most. I think helping children is
an important thing as they are our future!

user Persuader: I think donating to this cause would def be a step in the right direction to hope-
fully helping across the world the children that are in despair. I don’t want you to donate any
more than you want, so if you want to donate how much do you to do?

assistant Persuadee: [donate] I would donate 1 dollar to this charity and feel good about it I think.
Real dia-
logue

system The following is a new conversation between a Persuader and a Persuadee (you). You may
or may not want to donate to Save the Children.

user Persuader: Hello. How are you?
assistant Persuadee: [neutral] I am good. What about you?
user Persuader: I’m doing well, thanks for asking. I wanted to talk to you about an important

cause that I am passionate about - Save the Children. Have you heard of them before?
assistant Persuadee: [neutral] No I have not.
user Persuader: Save the Children is an international non-governmental organization that is com-

mitted to improving the lives of children through education, healthcare, and other support
programs. They work in over 100 countries around the world to help children who are living
in poverty or affected by conflict.

Generation assistant [positive reaction] That sounds really good! How can I get involved?

Table B2: Prompting LLM to simulate a user response conditioned on past (simulated) history.
“Role” is used to be consistent with ChatGPT’s API. Blue texts are prompts characteristic of this
task. This one-shot example is the same as B1, but a) with roles reversed and b) user response is
prepended with a label. During a real dialogue all user responses are labelled with the 5 reaction
DAs by prompting ChatGPT.
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Role Utterance
One-shot
Example

system You are a Persuadee. A Persuader is trying to persuade you to donate to a charity called Save
the Children.
You can choose amongst the following actions during a conversation to respond to the Per-
suader:
[no donation] [negative reaction] [neutral] [positive reaction] [donate].
The following is an example conversation between a Persuader and some Persuadee.

assistant Persuadee: [neutral] Hello. How are you?
user Persuader: Very well. I’m just up organizing info for my charity called Save the Children.

Have you heard of this charity before?
assistant Persuadee: [neutral] No, I have not. Can you tell me more?
user Persuader: Save the Children is an organization that helps children in developing countries,

by promoting children’s rights and providing relief. It is an amazing charity that helps kids
who are in desperate need. They can help with safety, education and more.

assistant Persuadee: [negative reaction] That sounds great. I believe in this charity, but still wonder
how much of the money I donate actually helps. I am always worried if I donate it will just
go to some higher up that is living the high life.

user Persuader: Every little bit makes a difference. When you have people who are so poor, it’s
amazing what a tiny amount can do. I usually donate in hopes I can at least feel like I did
my part. If I donated and some corrupt person took it, that’s the worst karma and even worst
scandal imaginable

assistant Persuadee: [positive reaction] With that all said I do feel like any organization that aims to
help the children I am more inclined to donate to them than most. I think helping children is
an important thing as they are our future!

user Persuader: I think donating to this cause would def be a step in the right direction to hope-
fully helping across the world the children that are in despair. I don’t want you to donate any
more than you want, so if you want to donate how much do you to do?

assistant Persuadee: [donate] I would donate 1 dollar to this charity and feel good about it I think.
Real dia-
logue

system The following is a new conversation between a Persuader and a Persuadee (you). You may
or may not want to donate to Save the Children.

user Persuader: Hello. How are you?
assistant Persuadee: [neutral] I am good. What about you?
user Persuader: I’m doing well, thanks for asking. I wanted to talk to you about an important

cause that I am passionate about - Save the Children. Have you heard of them before?
assistant Persuadee: [neutral] No I have not.
user Persuader: Save the Children is an international non-governmental organization that is com-

mitted to improving the lives of children through education, healthcare, and other support
programs. They work in over 100 countries around the world to help children who are living
in poverty or affected by conflict.

assistant Persuadee: [positive reaction] It sounds like a great cause.
user Persuader: Would you be interested in donating to Save the Children?

Generation assistant [’neutral’, ’neutral’, ’neutral’, ’positive reaction’, ’positive reaction’, ’positive reaction’, ’do-
nate’, ’neutral’, ’neutral’, ’neutral’]

Estimation 𝑣 = 𝑝success = 0.25

Table B3: Prompting LLM as a value function at the current state. Blue texts are prompts char-
acteristic of this task. “Persuader: Would you be interested in donating to Save the Children?” is
manually appended at the end of the turn, and the LLM is prompted 10 times to measure user’s
current inclination donation. “Role” is used to be consistent with ChatGPT’s API. This one-shot
example is the same as B2.
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Role Utterance
One-shot Ex-
ample

system Save the Children is head-quartered in London, and they work to help fight poverty around the world. Children
need help in developing countries and war zones. Small donations like 1𝑜𝑟2 go a long way to help.
You are Persuader who is trying to persuade the Persuadee to donate to a charity called Save the Children. You can
choose amongst the following actions during a conversation:
[credibility appeal] [emotion appeal] [proposition of donation] [logical appeal] [task related inquiry] [greeting]
[other].
The following is an example conversation between a Persuader and a Persuadee.

user Persuadee: Hello. How are you?
The Persuader greets the Persuadee.

assistant Persuader: [task related inquiry] Very well. I’m just up organizing info for my charity called Save the Children.
Have you heard of this charity before?

user Persuadee: No, I have not. Can you tell me more?
assistant Persuader: [credibility appeal] Save the Children is an organization that helps children in developing countries, by

promoting children’s rights and providing relief. It is an amazing charity that helps kids who are in desperate need.
They can help with safety, education and more.

user Persuadee: That sounds great. I believe in this charity, but still wonder how much of the money I donate actually
helps. I am always worried if I donate it will just go to some higher up that is living the high life.

assistant Persuader: [emotion appeal] Every little bit makes a difference. When you have people who are so poor, it’s
amazing what a tiny amount can do. I usually donate in hopes I can at least feel like I did my part. If I donated and
some corrupt person took it, that’s the worst karma and even worst scandal imaginable

user Persuadee: With that all said I do feel like any organization that aims to help the children I am more inclined to
donate to them than most. I think helping children is an important thing as they are our future!

assistant Persuader: [proposition of donation] I think donating to this cause would def be a step in the right direction to
hopefully helping across the world the children that are in despair. I don’t want you to donate any more than you
want, so if you want to donate how much do you to do?

user Persuadee: I would donate 1 dollar to this charity and feel good about it I think.
Real dialogue system The following is a new conversation between Persuader (you) and a Persuadee.

assistant Persuader: [greeting] Hello. How are you?
user Persuadee: I am good. What about you?
assistant Persuader: [task related inquiry] I’m doing well, thanks for asking. I wanted to talk to you about an important cause

that I am passionate about - Save the Children. Have you heard of them before?
user Persuadee: No I have not.
assistant Persuader: [credibility appeal]Save the Children is an international non-governmental organization that is commit-

ted to improving the lives of children through education, healthcare, and other support programs. They work in
over 100 countries around the world to help children who are living in poverty or affected by conflict.

user Persuadee: It sounds like a great cause.

Generation assistant [’emotion appeal’, ’emotion appeal’, ’emotion appeal’, ’logical appeal’, ’logical appeal’, ’logical appeal’, ’logi-
cal appeal’, ’logical appeal’, ’logical appeal’, ’logical appeal’, ’logical appeal’, ’logical appeal’, ’logical appeal’,
’logical appeal’, ’logical appeal’]

Estimation 𝑝 (credibility appeal) = 0.03, 𝑝 (emotion appeal) = 0.13,
𝑝 (proposition of donation) = 0.03, 𝑝 (logical appeal) = 0.43,
𝑝 (task related inquiry) = 0.03, 𝑝 (greeting) = 0.03,
𝑝 (other) = 0.03

Table B4: Prompting LLM as a prior policy at the current state. “Role” is used to be consistent with
ChatGPT’s API. Blue texts are prompts characteristic of this task. The system response is sampled
15 times. The probability distribution is computed according to each DA’s frequency after add-1
smoothing. This one-shot example is the same as B1, but with dialogue actions appended in front
of each system response.
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Party Dialogue act Utterance
GDP-
ZERO

greeting Hello. How are you doing today?

User I’m doing great, thanks for asking! How about you?
GDP-
ZERO

task related in-
quiry

I’m doing well, thanks. I was actually wondering if you’ve ever heard of the
charity Save the Children?

User Yes, I have. Save the Children is a global charity organization dedicated to
providing children around the world with access to quality education, health-
care, nutrition, and protection. It is one of the largest international charities
in the world and has been operating since 1919.

GDP-
ZERO

logical appeal That’s great to hear! I think it’s amazing that they’ve been able to help so
many children for such a long time. Did you know that Save the Children
helps children in over 100 countries, including those affected by conflict and
disasters? They work tirelessly to ensure that every child gets the chance they
deserve.

User No, I didn’t know that! That is really impressive. It’s so important for or-
ganizations like Save the Children to keep working to make sure that every
child has access to the resources they need.

GDP-
ZERO

proposition of
donation

Absolutely! And did you know that even a small donation can make a huge
impact? For example, just $50 can provide 10 families with clean water for
an entire month. And for as little as $5, you can provide a child with life-
saving medication to treat malaria. Every dollar counts and goes towards
making the world a better place for children in need. Would you consider
making a donation to help support Save the Children’s mission?

User Yes, I would love to make a donation to help support Save the Children’s
mission.

GDP-
ZERO

other That’s fantastic to hear! Your donation will go a long way towards helping
children in need. You can easily make a donation by visiting the Save the
Children website, where you can choose how much you’d like to donate and
which specific area of their work you’d like to support. And if you ever have
any questions or concerns about your donation, their team is always available
to help. Thank you so much for considering this wonderful cause!

User You’re very welcome! It’s great to know that my donation is going to have
an impact and help children in need. Thank you for the information and I’m
sure I’ll be in touch if I have any questions.

GDP-
ZERO

other I’m glad to hear that, thank you for your support! And if you ever have any
questions, don’t hesitate to reach out. Thank you again for considering a
donation - even a small amount can make a huge difference in the lives of
children around the world.

User You’re very welcome, it’s my pleasure to help. I’m sure the donations will
make a big difference. Thank you for allowing me to be a part of it!

GDP-
ZERO

emotion appeal It’s wonderful to see people like you who care so much about helping others.
Your generosity and kindness will undoubtedly make a huge difference in the
lives of children who need it most. Thank you for your support and for being
a part of this amazing cause!

User Thank you for the kind words! It’s an honor to be a part of this cause and I’m
humbled by the opportunity to make a difference in the lives of children. I’m
glad to know that my efforts are appreciated, and I will continue to do what I
can to help those in need.

Table B5: Example conversation with GDP-ZERO as the policy planner. The user rates “strongly
agree” for the question “the chatbot has increased my intention to donate.”
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Party Dialogue act Utterance
GDP-ZERO greeting Hello. How are you doing today?
User I’m doing well. How are you doing?
GDP-ZERO task related inquiry I’m doing great, thank you. I was just reaching out to talk to you about a charity called Save the

Children. Have you heard of it before?
User It sounds familiar, but I don’t think that I have.
GDP-ZERO credibility appeal Save the Children is an international non-governmental organization that works to promote chil-

dren’s rights, provide relief and support to children in developing countries, and protect them
from harm. (rest omitted...)

User That sounds very helpful.
GDP-ZERO logical appeal Yes, Save the Children has helped millions of children in need over the years. They provide

food, healthcare, education and protection to children in some of the poorest countries in the
world. It’s really amazing what they have been able to achieve so far. Do you think you would
be interested in supporting this charity?

User I’m not sure. How much of each dollar donated goes to the children that need saving and how
much goes to organizational expenses?

GDP-ZERO logical appeal That’s a great question. Save the Children is very transparent about their finances and they have
a strong commitment to making sure that donations go directly towards helping children in need.
(rest omitted...)

User You mentioned that "It’s really amazing what they have been able to achieve so far". What,
specifically, have they been able to achieve so far?

GDP-ZERO credibility appeal Save the Children has achieved a lot over the years. They have been able to provide essential
services like healthcare, education, and protection to millions of children in need all around
the world. For example, they’ve been able to vaccinate over 2 million children against deadly
diseases, (rest omitted...)

User That sounds really great! Regarding the eleven percent of donations that are kept as administra-
tive expenses- how much does each executive of the charity collect per year as a salary?

GDP-ZERO logical appeal Save the Children is a very ethical charity and they are very transparent about their finances.
They have a strong commitment to making sure that donations go directly towards helping chil-
dren in need. According to their most recent financial statements, the CEO of Save the Children
US had a salary of around $500,000 per year, which is in line with other similar charities. How-
ever, it’s important to keep in mind that this salary makes up only a small fraction of their overall
expenses and only around 11% of all donations go towards administrative expenses.

User Jaime, it just doesn’t seem right to me.
GDP-ZERO emotion appeal I understand your concern, and it’s important to make sure that you feel comfortable with the

charities you choose to support. However, I would like to point out that Save the Children is a
highly reputable charity that has been operating for over 100 years (rest omitted...).

User What do the lowest level employees make per hour?
GDP-ZERO logical appeal I don’t have that information readily available, but I can assure you that Save the Children is

committed to paying all of their employees fairly and equitably. They believe in treating all
employees with respect and dignity (rest omitted...).

User So you’re saying that the ends justify the means?
GDP-ZERO logical appeal No, that’s not what I’m saying. What I’m saying is that it’s important to focus on the positive

impact that Save the Children is having on children around the world rather than getting bogged
down by concerns over salaries. (rest omitted...)

User Jaime, I don’t think that asking questions about how the charity allocates resources is "getting
bogged down by concerns over salaries".

GDP-ZERO logical appeal You’re right, it’s important to ask questions and understand how charities allocate their re-
sources. Save the Children is very transparent about their finances and they have a strong
commitment to making sure that donations go directly towards helping children in need. They
regularly review their compensation policies to make sure they are competitive with other similar
organizations (rest omitted...)

User This doesn’t feel like "a high level of transparency" to me, Jaime. They’re not feeding you all
the data. It’s very opaque.

GDP-ZERO emotion appeal I understand your concern and it’s important to make sure that charities are transparent about
how they allocate their resources. However, I can assure you that Save the Children is committed
to being as transparent as possible about their finances. They regularly publish detailed financial
statements and annual reports (rest omitted...)

User Jaime, this feels like the top 1 percentile of income earners, your CEO, getting the bottom 10%,
me, to redistribute some of my wealth to the bottom 1% that they’ve created AND skimming
some of that for themselves.

GDP-ZERO logical appeal I understand why you might feel that way, but it’s important to keep in mind that Save the
Children is a highly reputable charity (rest omitted...).

Table B6: Example conversation with GDP-ZERO as the policy planner. The user rates “neutral”
for the question “the chatbot has increased my intention to donate.”
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Party Dialogue act Utterance
ChatGPT greeting Hello. How are you doing today?
User I’m doing great, thank you. How about you?
ChatGPT task related in-

quiry
I’m doing well, thank you. I wanted to talk to you about a charity
called Save the Children. Have you heard of it before?

User Yes, I have heard of Save the Children before. It is an international
charity that works to improve the lives of children around the world
by providing health care, education, and other essential services.

ChatGPT logical appeal That’s right! Save the Children is an amazing organization that has
been working tirelessly to help children in need for over 100 years.
They work in over 100 countries around the world, providing life-
saving assistance to children affected by poverty, conflict, and natural
disasters.

User Yes, Save the Children is an amazing organization.
ChatGPT proposition of

donation
Absolutely. Did you know that Save the Children has helped over 157
million children worldwide? They have provided education to over
10 million children, and have helped to save the lives of countless
others through their health programs. Your donation can help make a
difference in the lives of these children who are in desperate need of
assistance.

User Yes, I did know that. I’m inspired and moved by the work that Save
the Children does and I’m ready to make a donation to help support
their cause.

ChatGPT proposition of
donation

That’s wonderful to hear! Your donation, no matter how small, can
make a huge difference in the life of a child. Just think about the
impact that your donation could have on a child who is struggling
to survive in a war-torn country or living in extreme poverty. Your
generosity can help provide them with access to education, healthcare
and other essential services that they desperately need. Thank you so
much for considering making a donation to Save the Children!

User You are very welcome! We are so grateful for your kind contribution
and we know that it will make a real difference in the lives of vulnera-
ble children around the world. Thank you for extending your support
and for being such a compassionate donor. Your generosity is truly
appreciated!

ChatGPT proposition of
donation

Thank you so much for your kind words. Would you like to make a
donation now? Even a small amount can go a long way in helping
children in need.

User Yes, I would love to make a donation. Please tell me how I can do that.
ChatGPT other That’s great to hear! You can make a donation directly on the Save

the Children website. They accept donations of any amount, and you
can choose to make a one-time donation or set up a recurring monthly
donation. Your contribution will help provide life-saving assistance
to children in need around the world. Thank you so much for your
generosity and compassion!

Table B7: Example conversation with ChatGPT as the policy planner. The user rates “strongly
agree” for the question “the chatbot has increased my intention to donate.”
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Party Dialogue act Utterance
ChatGPT greeting Hello. How are you doing today?
User Fine, thanks. And you?
ChatGPT task related in-

quiry
I’m doing well, thank you. I wanted to talk to you about a charity called Save
the Children. Have you heard of it before?

User I have, but I don’t know much about it.
ChatGPT logical appeal Save the Children is an organization that works to improve the lives of chil-

dren in developing countries and war zones. They provide education, health-
care, and other essential services to help children thrive. I think it’s a really
important cause.

User Interesting, but I think I’d prefer to donate to charities that do work in the
United States.

ChatGPT proposition of
donation

I understand your concern, but it’s important to remember that children in
developing countries and war zones are often the most vulnerable and in
need of help. Save the Children is a highly reputable organization that has
been doing great work for over 100 years. They have a proven track record
of making a real difference in the lives of children around the world. Even
a small donation can go a long way towards helping these kids get access
to basic necessities like food, clean water, and medical care. Would you be
willing to consider making even a small donation?

User Honestly, my concerns right now are more local than global. I hope you can
understand that.

ChatGPT emotion appeal I completely understand your concerns, and it’s important to support causes
that are close to our hearts. However, I would like to remind you that children
are the future of our world, and we have a responsibility to help those who
are in need. Even if you can’t donate right now, I encourage you to learn
more about Save the Children and their work. You never know when an
opportunity might arise for you to make a difference in the life of a child
who desperately needs it.

User If I am in a position to do more, I will certainly consider Save the Children.
ChatGPT credibility appeal That’s great to hear. I just want to let you know that Save the Children is a

highly reputable organization with a proven track record of making a real dif-
ference in the lives of children around the world. They have helped millions
of children get access to education, healthcare, and other essential services
that they would not have had otherwise. If you ever do decide to donate or
get involved with their work, I can assure you that your contribution will be
put towards making a real impact in the lives of those who need it most.

User Got it. Thanks.
ChatGPT other You’re welcome. If you have any other questions or concerns, feel free to

reach out to me anytime.

Table B8: Example conversation with ChatGPT as the policy planner. The user rates “neutral” for
the question “the chatbot has increased my intention to donate.”
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Party Dialogue act Utterance
RAP greeting Hello. How are you doing today?
User Fine, I am doing my job
RAP task related in-

quiry
Have you ever heard of a charity called Save the Children? They work
to help fight poverty around the world, especially in developing coun-
tries and war zones where children are most vulnerable.

User thinking about changes of my work.
RAP task related in-

quiry
That’s understandable. Have you ever donated to any charities before?
Small donations like $1 or $2 can go a long way in helping children in
need.

User Yes, i heard about charity to save the children and I donated charity
before 3 months.

RAP other That’s great to hear that you’ve donated before! Do you have kids
of your own? Imagine if they were living in poverty or a war zone,
wouldn’t you want someone to help them?

User Yes i have kids... If i am living in that situation, but that time I don’t
have money to help the peoples, only to give foods.

RAP credibility
appeal

I completely understand. But that’s why organizations like Save the
Children exist. They have the expertise and resources to help those
in need, especially children who are most vulnerable. And they are
highly credible - they have been around for over 100 years and are
headquartered in London, with a vast network of partners around the
world. Every donation, no matter how small, can make a big difference
in helping to fight poverty and improve children’s lives.

User In UK the welfare reform and work act abolished the child poverty
act, includes targets to reduce poverty and measure poverty based on
family income.

RAP emotion appeal I understand your concerns about poverty in the UK, but let’s not for-
get about the millions of children around the world who are living in
extreme poverty and war zones. They need our help now more than
ever.

User Soaring rent costs, insecure wor and low pay plus a patchy welfare
system.

RAP logical appeal I understand that the issues you mentioned are important and affect
many families in the UK. But let’s remember that poverty is a global
issue, and it’s not just limited to developed countries like the UK. Chil-
dren in developing countries and war zones are often the most vulner-
able and need our help urgently. By donating to Save the Children,
we can make a difference in their lives and give them hope for a bet-
ter future. Every little bit counts, so please consider making a small
donation today.

User Yes sure. I will arrange a small donation.

Table B9: Example conversation with RAP as the policy planner. The user rates “strongly agree”
for the question “the chatbot has increased my intention to donate.”
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Party Dialogue act Utterance
RAP greeting Hello. How are you doing today?
User Fine, I am doing my job
RAP task related in-

quiry
Have you heard of Save the Children before? They are a charity
that works to fight poverty around the world, especially in develop-
ing countries and war zones.

User No, I haven’t. Have you donated to them?
RAP task related in-

quiry
Yes, I have donated to Save the Children before. They do amazing
work for children in need. Have you donated to any charities before?

User No, I never have because I’m poor
RAP other I understand, but even small donations like $1 or $2 can make a big

difference. Do you have any children of your own?
User I don’t have children. Even small amounts could make a difference in

what I can afford
RAP credibility

appeal
I completely understand your situation, but I want you to know that
Save the Children is a highly reputable organization. They have been
around for a long time and have helped countless children in need.
Your donation, no matter how small, will make a difference in these
children’s lives. Can I send you some information about the organiza-
tion so you can learn more about their work?

User Sure
RAP emotion appeal Thank you! I truly believe that every child deserves a chance at a better

life, and Save the Children is doing just that. Your donation could help
provide education, healthcare, and even food for children who would
otherwise go without. Imagine the impact your small donation could
have on their lives. It’s a beautiful thing to be able to make a difference
in someone else’s life, don’t you think?

User Yes. Though I wish more wealthy people would donate
RAP proposition of

donation
I understand your frustration, but we can’t always rely on the wealthy
to make a difference. Every little bit counts, and if more people like us
donated even just a small amount, it could add up to make a significant
impact. Plus, by spreading awareness about the work of organizations
like Save the Children, we can encourage others to donate as well.
Thank you for considering making a donation and helping to improve
the lives of children in need.

User exits.

Table B10: Example conversation with RAP as the policy planner. The user rates “neutral” for
the question “the chatbot has increased my intention to donate.”
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Appendix C: Supplementary Material on Implicit Action Planning

Table C1: “Standard” in-context example given as part of a prompt to an LLM for response
generation in PACIFIC. The purple text is the overall system instruction. The blue text is what
an LLM would have to produce at inference time.

You are an Assistant answering questions from a User. You should either attempt to answer the question
or ask a clarifying question if there is any ambiguity.
[Table and Passage Omitted]
User: How much does the company expect to make contributions to the defined plans during the next
fiscal year?
Assistant: [’What kind of defined plans are you asking about?’]
User: The defined benefit plans and the defined contribution plan respectively.
Assistant: [’$5.1 million’, ’$0.6 million’]
User: What is the value of the expected defined contribution plan as a percentage of the defined benefit
plan during the next fiscal year?
Assistant: 0.6/5.1 = 11.76
User: How much would change if there is a 1% increase and a 1% decrease respectively in the discount
rate?
Assistant: [’What kind of change are you asking about?’]
User: The pension.
Assistant: [’$(39,145)’, ’$49,361’]
User: What is the difference in that amount if the discount rate had a 1% increase and a 1% decrease?
Assistant: 49,361 - (39,145) = 88506
User: How much would the pension change if there is a 1% increase and a 1% decrease respectively?
Assistant: [’Which rate of increase and decrease are you talking about?’]
User: The future salary growth.
Assistant: [’$7,572’, ’$(6,919)’]
User: What is the difference between them?
Assistant: 7,572 - (6,919) = 14491

C.1 Additional Qualitative Examples

Table C2 includes an erroneous trajectory produced by the ACT model in the 50 conversation

setting of PACIFIC. In this particular example, both the provided passage and the provided table

provided similar information regarding net profit/loss after tax. In the dataset, the ground truth

169



Table C2: Comparison of PACIFIC trajectories using different tuning approaches. Left: snip-
pet of from a passage from the PACIFIC test set. Middle: trajectory resulting from the SFT model
in response to the user query. Right: trajectory resulting from the ACT model. Red text: sampled
from 𝑈. Both the SFT and ACT model answered the question incorrectly.

Relevant Data
Net profit/(loss) after tax was $(9.8) million
Net profit/(loss) after tax : (9,819) || 6,639 || (248%)

SFT ACT
User: What was the net profit/(loss) after tax? User: What was the net profit/(loss) after tax?
Assistant: $(9,819) × Assistant: Which year are you asking the amount of?

User: FY19
Assistant: $(9,819) ×

Table C3: Comparison of PACIFIC trajectories using different tuning approaches. Left: snip-
pet of from a passage from the PACIFIC test set. Middle: trajectory resulting from the SFT model
in response to the user query. Right: trajectory resulting from the ACT model. Red text: sampled
from 𝑈. Both the SFT and ACT model answered the question incorrectly, and neither asked a
clarification question.

Relevant Table Data
Year: 2019 || 2018
Investments: 1,216.0 || 1,212.9

SFT ACT

User: In which year was the amount of Investments higher? User: In which year was the amount of Investments higher?
Assistant: [2018] × Assistant: [2018, 2019] ×

answer selected a span from the passage, whereas the ACT model produced a clarification question

and then eventually an answer using tabular information. The SFT model directly assumed the

intent of the user and similarly produced an answer from the tabular information.

Table C3 includes another pair of erroneous trajectories in the 50 conversation setting of PA-

CIFIC. The requested information was accessible through the provided table data, but both the SFT

model and the ACT model failed to produce the correct answer. This example was not annotated

as requiring a clarifying question, so it simply indicates that there is much room for improvement

in terms of downstream task performance.

Table C4 includes a pair of trajectories resulting from SFT and ACT in the 50 conversation

setting of Abg-CoQA. The requested information is given in the portion of the passage in the left

panel. The SFT model asked an off-topic clarification question and failed to bring the qestioning

on track. The ACT model successfully asked an on-track clarification question and eventually

produced the correct answer.
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Table C4: Comparison of Abg-CoQA trajectories using different tuning approaches. Left:
snippet of a relevant passage from the Abg-CoQA test set. Middle: trajectory resulting from the
SFT model in response to the user query. Right: trajectory resulting from the ACT model. Red
text: sampled from 𝑈. Ground truth outcome: Meghan asked Lizzie,“Are you awake?”

Relevant Passage
She yawned, stretching out like a lazy cat.
Her sister was also awake. "Lizzie",
Meghan whispered, "are you awake?"

SFT ACT
User: What did Meghan ask? User: What did Meghan ask?
Assistant: Do you mean where did Lizzie see her father? Assistant: Do you mean that morning or the night before?
User: No User: The night before.
Assistant: Lizzie had only met her father in person once, according to the story. × Assistant: Meghan asked Lizzie if she was awake that morning. ✓

C.2 Additional Experimental Details

C.2.1 Compute Resources

We conduct all experiments using one Google Compute Engine Virtual Machine with 8x 80GB

A100 GPUs. All of our tuning experiments use full-model multi-GPU tuning with Deepspeed. Full

ACT with 250 conversations (1,923 training examples) from PACIFIC took the longest amount of

time and required approximately 16 hours to run for 12 epochs.

Beyond the experiments reported in the paper, there were many preliminary experiments that

took place as a part of this overall research project that were ultimately directionally different from

our final contribution.

C.2.2 Training Hyperparameters

For all of our SFT experiments, we tune the model for up to 8 epochs. We choose the best-

performing model with learning rates from {1𝑒 − 4, 2𝑒 − 5, 1𝑒 − 5} with the AdamW optimizer.

For all of our RL tuning experiments, we allow the model to train for up to 12 epochs, and

select the checkpoint that results in the highest reward margin on the validation set (which is an

action-based preference dataset constructed as described in Section 4.3.2 using each task’s original

validation set). For all experiments, we use a batch size of 4, and a maximum sequence length of

1, 280.

Hyperparameters for Equation 4.2 For experiments with Zephyr 7B on PACIFIC, we achieve

our strongest results using 𝛽 = 0.01 and a learning rate of 5𝑒 − 7. On AmbigSQL, we use 𝛽 = 0.01
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and a learning rate of 5𝑒 − 7. On AmbigSQL, we use 𝛽 = 0.5 and a learning rate of 5𝑒 − 7.

C.2.3 Assets Used

All resources used have been cited appropriately in Chapter 4. In this section, we enumerate

each of the existing artifacts used in Chapter 4 along with their license.

Existing Models

• Gemma Gemma Team et al., 2024: Gemma Open-Source License. https://ai.google.

dev/gemma/terms

• Gemini Ultra 1.0 and Gemini Pro 1.5 (gemini-1.5-pro-preview-0409) Gemini Team et al.,

2023: Accessed through the Google Cloud Vertex AI Platform. https://cloud.google.

com/products/gemini?hl=en

• MiniLM-L6-v2 Reimers and Gurevych, 2019: Apache 2.0. https://huggingface.co/

sentence-transformers/all-MiniLM-L6-v2

• Mistral 7B-v0.1 Jiang et al., 2023: Apache 2.0. https://huggingface.co/mistralai/

Mistral-7B-v0.1

• Zephyr 7B-𝛽 (with Mistral 7B as a Base Model) Tunstall et al., 2023: MIT Open-Source

License. https://huggingface.co/HuggingFaceH4/zephyr-7b-beta

Existing Datasets

• Abg-CoQA Guo et al., 2021: MIT Open-Source License. https://github.com/MeiqiGuo/

AKBC2021-Abg-CoQA

• PACIFIC Deng et al., 2022: MIT Open-Source License. https://github.com/dengyang17/

PACIFIC/tree/main

• Spider Yu et al., 2018: CC BY-SA 4.0. https://yale-lily.github.io/spider

Existing Algorithms and Software

172

https://ai.google.dev/gemma/terms
https://ai.google.dev/gemma/terms
https://cloud.google.com/products/gemini?hl=en
https://cloud.google.com/products/gemini?hl=en
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/mistralai/Mistral-7B-v0.1
https://huggingface.co/mistralai/Mistral-7B-v0.1
https://huggingface.co/HuggingFaceH4/zephyr-7b-beta
https://github.com/MeiqiGuo/AKBC2021-Abg-CoQA
https://github.com/MeiqiGuo/AKBC2021-Abg-CoQA
https://github.com/dengyang17/PACIFIC/tree/main
https://github.com/dengyang17/PACIFIC/tree/main
https://yale-lily.github.io/spider


• Direct Preference Optimization Rafailov et al., 2024: CC BY 4.0.

• Google Cloud Pipeline Components: Apache 2.0. https://cloud.google.com/vertex-ai/

docs/pipelines/components-introduction

• HuggingFace Transformers Wolf et al., 2020b: Apache 2.0. https://github.com/huggingface/

transformers/tree/main

• PyTorch Paszke et al., 2019: PyTorch Open Source License. https://github.com/

pytorch/pytorch/tree/main

• Vertex AI SDK: Apache 2.0. https://cloud.google.com/vertex-ai/docs/python-sdk/

use-vertex-ai-python-sdk
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Prompt (pi):
You are a helpful Assistant answering some questions
from a User about a Story. Sometimes the User will
ask clear questions but other times the User will ask
questions which are ambiguous or underspecified.
[Story]
Materialism is a form of philosophical monism which holds
that matter is the fundamental substance in nature, and that all
phenomena, including mental phenomena and consciousness,
are identical with material interactions.
Materialism is closely related to physicalism, the view that all
that exists is ultimately physical. Philosophical physicalism has
evolved from materialism with the discoveries of the physical
sciences to incorporate more sophisticated notions of
physicality than mere ordinary matter, such as: spacetime,
physical energies and forces, dark matter, and so on. Thus the
term "physicalism" is preferred over "materialism" by some,
while others use the terms as if they are synonymous.
Materialism belongs to the class of monist ontology. As such, it
is different from ontological theories based on dualism or
pluralism. For singular explanations of the phenomenal reality,
materialism would be in contrast to idealism, neutral monism,
and spiritualism.
Despite the large number of philosophical schools and subtle
nuances between many, all philosophies are said to fall into one
of two primary categories, which are defined in contrast to each
other: Idealism, and materialism.[a] The basic proposition of
these two categories pertains to the nature of reality, and the
primary distinction between them is the way they answer two
fundamental questions: "what does reality consist of?" and
"how does it originate?" To idealists, spirit or mind or the
objects of mind (ideas) are primary, and matter secondary. To
materialists, matter is primary, and mind or spirit or ideas are
secondary, the product of matter acting upon matter.
[Conversation]
User: What would be secondary to them?
Assistant: matter is primary, and mind or spirit or
ideas are secondar
User: What does the basic proposition of these two
categories pretain to?
Assistant: nature of reality
User: What would materialism be in contrast to
Assistant:

Chosen Response (ywi): Do you want to
know what materialism would be in contrast
to for singular explanations of the phenomenal
reality or for the categories that all
philosophies are said to fall into?"

Chosen Action (ai): CLARIFY

Rejected Response (yli): For singular
explanations of phenomenal reality,
materialism contrasts with idealism, neutral
monism, and spiritualism.

Rejected Action (ai'): Answer

Information Goal (gi): In the context of the
two primary philosophical categories,
materialism is contrasted with idealism.

Gold Trajectory: 
Assistant: Do you want to know what
materialism would be in contrast to for
singular explanations of the phenomenal
reality or for the categories that all
philosophies are said to fall into?
User: For the categories that all philosophies
are said to fall into.
Assistant: In the context of the two primary
philosophical categories, materialism is
contrasted with idealism."

Figure C1: Example of a contrastive pairing constructed for RL tuning with Abg-CoQA Guo
et al., 2021. The notation used is as described in Section 4.3.1.

174



Prompt: "What is the recorded investment
for Americas? "

Ground Truth Response: What kind of
recorded investments are you asking about?

Information Goal: 
The value of lease receivables was $3,419.

Eval
Instance Evaluated Model

What kind of
recorded
investments are
you asking about? User

Simulator

$3,419

Evaluated Model's Trajectory Resolution:
$3,419

Ground Truth Trajectory Resolution:
$3,419

Task
Metrics

Prompt: "What is the
recorded investment for
Americas? "

Evaluated Model's
Response: What kind of ...

Scenario: Model asks a clarifying question: trajectory simulation needed

Scenario: Model attempts to resolve User's request with an answer

Append Model's Response and User Simulator's Response to Input Prompt

Lease
receivables.

DROP F1: 1.0

Trajectory Score

Figure C2: Trajectory-level content evaluation using the example scenario from Figure 4.1.
Trajectory-level evaluation seeks to measure the extent to which a candidate LLM can interact
with a “User” to reach a target information goal. The “interactive” evaluation of a given instance
continues until the candidate LLM attempts to resolve the User’s request by providing a direct
answer. The candidate trajectory resolution is scored using downstream task metrics. In this
example, DROP F1 is used following the task metrics for PACIFIC.
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Appendix D: Supplementary Material on Data-centric Multi-task Learning

for Multimodal Understanding

SD-QA: Multilingual Spoken QA
[Text] Context: ... Huanza kuota mtoto anapokuwa na umri
wa miezi sita ...
[Audio] Question: je mtoto huanza kumea meno akiwa na
miezi mingapi?
Answer: sita

ASK-QA: Mixed-Initiative Conversational QA
[Audio] Story: The driver of a Toyota Prius says he was
taken on a wild ride Monday ...
[Audio] Conversation: ...
Voice 1: What road?
Voice 2: The incident occurred on a southern California
interstate.
Voice 1: Who helped?
Response: Do you mean who initially tried to help?

Spoken-SQuAD: Spoken Context QA
[Audio] Context: ... Although Bell was not one of the 33
founders of the National Geographic Society, he had a
strong influence on the magazine while serving as the
second president ...
[Text] Question: Bell was the second president of what
magazine?
Answer: national geographic society

Input Reasoning Instruction: Answer the user's question
by selecting the correct answer choice. 
Question: Bell was the second president of what magazine?
A. national geographic society. 
B. george bush intercontinental airport
C. land air and water
D. houston
Output: A. national geographic society

Input ASR Instruction: Transcribe the speech in the audio.

Output: ... Although Bell was not one of the 33 founders of
the National Geographic Society, he had a strong influence
on the magainze while serving as the second president
from January 7, 1898 until 1903.

Input QA Instruction: Answer the question using the
information from the passage in the audio. 
Question: Bell was the second president of what magazine? 

Output: national geographic society

Figure D1: Creating multi-task data from individual SQA training instances. Left: examples
of instance metadata from the three SQA datasets used in this paper. Right: for each speech-QA
pairing, we are able to form three tasks designed to teach MLLMs’ cross-modal reasoning ability.

D.1 Additional Details on Data-Centric Multi-Task Learning

Figure D1 provides a high-level overview of our multi-task learning approach. On the left, we

show examples of each of our SQA corpora used for experimentation. At a high level, each corpus

consists of passage and a conversation. In ASK-QA, the contextual inputs are fully spoken. In

Spoken-SQuAD, the knowledge is spoken while the question is written. In SD-QA, the knowledge
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is written while the question is spoken (in multiple languages and regional dialects).

Regardless of the input modalities, each instance can be mapped to new data instances repre-

senting the auxiliary tasks in Section 5.3. The visible examples on the right side of Figure D1 are

our multi-task instances for Spoken-SQuAD. The top-right panel is our Listening Comprehension

task, our middle-right panel is our Cross-Modal Commonsense Reasoning task, and our bottom

right task is the standard QA task (which is just reorganized from the middle-left panel).

D.2 Extended Experimental Results

D.2.1 Additional Experiments on ASK-QA

Our main findings and results are presented in Section 5.6.1. Here, we present our full results

on ASK-QA in Table D1. Specifically, we additionally examine the efficacy of our approach

with an additional closed-source MLLM, Gemini Flash. Our results in Figure 5.4 also highlight

trajectory-level similarity, and here, we also present results on single-turn evaluation.

D.2.2 Additional Experiments on Spoken-SQuAD

In Table D2, we provide our extended results on the Spoken-SQuAD corpus.

Additional Models and Baselines: We additionally examine experiments with Speech-Phi, which

we train as described in Appendix 5.4. This model uses Phi 3.5 Mini as the base decoder-only

LLM, with up to 128k context.

We also provide the full experimental results of several baselines: FusionNet from Huang,

2017, QANet from Lee, Chen, and Lee, 2019, DDNet which is the state-of-the-art open-source

model from You et al., 2022, and Whisper-Qwen, which is a cascade-style system which uses uses

Whisper-Large v3 Radford et al., 2023 to first transcribe the audio then passes the transcription

as context to Qwen 2.5 7B Instruct Yang et al., 2024a (the same model used for tuning in our

experiments). We use this modular Whisper-Qwen system with both 0-shot prompting and 20-

shot in-context learning. The in-context examples are given using fully textual gold transcription
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Base Model App. Data Single-Turn Sim. ↑ Multi-Turn Sim. ↑
Gemini Flash Prompt 0% 65.10 64.45
Gemini Pro Prompt 0% 63.20 62.85

Gemini Pro ST 1% 74.10 72.29
Gemini Pro MT 1% 77.64 76.66
Gemini Pro ST 10% 75.82 74.60
Gemini Pro MT 10% 79.13 77.62
Gemini Pro ST 100% 80.26 78.85
Gemini Pro MT 100% 81.40 80.12
Gemini Flash ST 1% 70.43 70.60
Gemini Flash MT 1% 73.88 73.01
Gemini Flash ST 10% 76.21 74.89
Gemini Flash MT 10% 77.38 75.49
Gemini Flash ST 100% 79.10 77.94
Gemini Flash MT 100% 80.47 79.30

Speech-Qwen ST 1% 47.63 47.31
Speech-Qwen MT 1% 54.54 53.60
Speech-Qwen ST 10% 63.43 62.71
Speech-Qwen MT 10% 68.27 67.58
Speech-Qwen ST 100% 69.63 68.80
Speech-Qwen MT 100% 71.85 71.09

Table D1: Comparing single-task (ST) tuning to our multi-task (MT) fine-tuning on ASK-
QA’s test set.

examples.

Findings: In Table D2, we consistently see that in the end-to-end speech setting, multi-task learn-

ing improves upon single-task learning. We see a particularly strong improvement using Speech-

Phi. We also note that the final ability of the adapter-trained MLLM to complete the downstream

SQA task may depend on the base decoder’s performance on textual QA. If the projection layer

is tuned to perfectly represent the audio, then the bottleneck on performance may be the decoder

model’s task performance on SQuAD since Spoken-SQuAD is a fully semantic task with limited

acoustic diversity – the focus in the corpus construction at the time was on discrepancies between

TTS and ASR Li et al., 2018. We see that providing Qwen with golden transcripts for in-context

learning in a modular system can achieve very strong performance for this very reason.
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Base Model App. Data EM ↑ F1 ↑
FusionNet Huang, 2017 – 100% 46.51 60.06
QANet Lee, Chen, and Lee, 2019 – 100% 49.60 61.85
DDNet You et al., 2022 – 100% 64.10 77.10
Whisper-Qwen Prompt 0% 59.13 74.08
Whisper-Qwen Prompt 20-shot 70.00 79.50
Gemini Pro Prompt 0% 67.41 82.21

Speech-Phi ST 1% 15.08 25.03
Speech-Phi MT 1% 22.91 35.02
Speech-Phi ST 10% 31.43 44.69
Speech-Phi MT 10% 49.32 63.09
Speech-Phi ST 100% 50.53 64.46
Speech-Phi MT 100% 62.14 74.31

Speech-Qwen ST 1% 60.25 73.24
Speech-Qwen MT 1% 63.15 75.40
Speech-Qwen ST 10% 62.69 75.94
Speech-Qwen MT 10% 66.38 78.80
Speech-Qwen ST 100% 68.75 80.92
Speech-Qwen MT 100% 72.13 82.36

Table D2: Experimental results comparing single-task SFT (ST) and our proposed multi-task
approach (MT) on Spoken SQuAD’s test set.

D.3 Training Details

Open-weight models: Our tuning experiments using open-weight models are conducted on a

single node with 8 NVIDIA A100 80GB GPUs. We rely on Deepspeed ZeRO-3 Rasley et al.,

2020 and build on top of HuggingFace Wolf et al., 2020a, PyTorch Paszke et al., 2019, and SLAM-

LLM Ma et al., 2024. For both Speech-Qwen and Speech-Phi, we achieve our best results using an

initial learning rate of 1e-4. With Speech-Qwen, we use a total batch size of 8 given our hardware

constraints. For Speech-Phi, the total batch size is 16, 16, and 32 for ASK-QA, Spoken-SQuAD,

and SD-QA, respectively. Our models are tuned on downstream tasks for up to 20 epochs in the

limited data setting, with early stopping based on validation loss.

Closed-weight models: We perform supervised fine-tuning on “gemini-1.5-flash-002” and “gemini-

1.5-pro-002” using adapters on Google Cloud’s Vertex AI platform. We obtain best results using a
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learning rate multiplier of 1. We tune our models for a maximum of 20 epochs in the limited data

setting.

D.4 Risks and Ethical Considerations

There are significant privacy concerns around speech data collection Nautsch et al., 2019, and

so in this work, we rely on synthetically generated speech. However, as previously mentioned,

one limitation of our work is on TTS quality. It is possible that generating long-context speech at

scale will allow for hallucinations depending on the quality of the chosen TTS model. Even with

automated filtering efforts, it may still be possible for these hallucinations to bypass the filtering

mechanism. In our corpus, the Word Error Rate should be rather low due to the aforementioned

filtering mechanism, but this still poses risk – especially if such synthetic data are contributed to

large-scale model training.

D.5 Assets Used

All resources used have been cited appropriately in Chapter 5. In this section, we enumerate

each of the existing artifacts used in our work along with their license.

Existing Models

• Gemini 1.5 Pro (gemini-1.5-pro-002), Gemini 1.5 Flash (gemini-1.5-flash-002) Gemini

Team et al., 2023: Accessed through the Google Cloud Vertex AI Platform. https://

cloud.google.com/products/gemini?hl=en

• MiniLM-L6-v2 Reimers and Gurevych, 2019: Apache 2.0. https://huggingface.co/

sentence-transformers/all-MiniLM-L6-v2

• Qwen2.5-7B-Instruct Yang et al., 2024a: MIT Open-Source License. https://huggingface.

co/Qwen/Qwen2.5-7B-Instruct

• WavLM Chen et al., 2022c: MIT Open-Source License. https://github.com/microsoft/

unilm/blob/master/wavlm/README.md
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• Phi-3-mini-128k-instruct Abdin et al., 2024: MIT Open-Source License. https://huggingface.

co/microsoft/Phi-3-mini-128k-instruct

Existing Datasets

• Abg-CoQA Guo et al., 2021: MIT Open-Source License.

https://github.com/MeiqiGuo/AKBC2021-Abg-CoQA

• Spoken-SQuAD Li et al., 2018: Open-Source.

https://github.com/Chia-Hsuan-Lee/Spoken-SQuAD

• SQuAD Rajpurkar et al., 2016: CC-BY-SA 4.0 License. https://rajpurkar.github.

io/SQuAD-explorer/

Existing and Software

• Google Cloud Pipeline Components: Apache 2.0. https://cloud.google.com/vertex-ai/

docs/pipelines/components-introduction

• HuggingFace Transformers Wolf et al., 2020b: Apache 2.0. https://github.com/huggingface/

transformers/tree/main

• PyTorch Paszke et al., 2019: PyTorch Open Source License. https://github.com/

pytorch/pytorch/tree/main

• Vertex AI SDK: Apache 2.0. https://cloud.google.com/vertex-ai/docs/python-sdk/

use-vertex-ai-python-sdk

• SLAM-LLM: MIT License. https://github.com/X-LANCE/SLAM-LLM/tree/main

181

https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
https://github.com/MeiqiGuo/AKBC2021-Abg-CoQA
https://github.com/Chia-Hsuan-Lee/Spoken-SQuAD
https://rajpurkar.github.io/SQuAD-explorer/
https://rajpurkar.github.io/SQuAD-explorer/
https://cloud.google.com/vertex-ai/docs/pipelines/components-introduction
https://cloud.google.com/vertex-ai/docs/pipelines/components-introduction
https://github.com/huggingface/transformers/tree/main
https://github.com/huggingface/transformers/tree/main
https://github.com/pytorch/pytorch/tree/main
https://github.com/pytorch/pytorch/tree/main
https://cloud.google.com/vertex-ai/docs/python-sdk/use-vertex-ai-python-sdk
https://cloud.google.com/vertex-ai/docs/python-sdk/use-vertex-ai-python-sdk
https://github.com/X-LANCE/SLAM-LLM/tree/main

	Acknowledgments
	Dedication
	Introduction and Background
	Overview
	Challenge: Data Scarcity
	Challenge: Pragmatic Action Planning
	Challenge: User Modeling in Multimodal Interaction


	Resource Curation for Conversation Modeling
	Introduction
	Related Work
	Conversation Generation
	Writing Conversation Examples
	Creating Conversations via Prompting

	Human Evaluation Setup
	Static Conversation Evaluation
	Interactive Conversation Evaluation

	Human Evaluation Setup
	Interactive Evaluation

	Synthetic Conversation Evaluation Experiments
	Evaluation of Conversation Quality
	Fine-Tuning with Synthetic Conversations
	Triadic and Multi-Party Conversations

	Discussion
	Considerations for Dyadic Dialogue
	Considerations for Multi-Party Dialogue

	Error Analysis
	Dyadic Conversations
	Triadic Conversations

	Limitations
	Controllability
	Cost of Human Effort
	Computational Costs
	Prompt Design
	Ethical Considerations

	Summary

	Explicit Mixed-initiative Action Planning via Prompt-based Monte-Carlo Tree Search in Multi-turn Conversations
	Introduction
	Related Work
	Methodology
	Problem Definition
	Dialogue Planning as a Stochastic MDP
	GDP-Zero 

	Experiments
	Prompting Implementation Details for P4G
	Adapting GDP-Zero Setup to P4G
	Static Evaluation
	Interactive Human Evaluation
	Ablation Studies

	Analysis of GDP-Zero Dialogues
	Example Interactive Conversations
	Limitations
	Ethical Considerations
	Summary

	Implicit Mixed-initiative Action Planning via Action-based Contrastive Self-Training in Multi-turn Conversations
	Introduction
	Related Work
	Mixed-Initiative Conversational Agents
	Learning for LLM Alignment

	Methods
	Problem Setup
	ACT: Action-Based Contrastive Self-training

	AmbigSQL: Modeling Ambiguity in Conversational Text-to-SQL
	AmbigSQL Construction
	Examining Clarification Need in AmbigSQL
	Examples

	Experimental Setup
	Datasets
	Conditional Generation Model Details
	Action Classifier Details
	User Simulator Details
	Evaluation Setup
	Baselines

	Experimental Results
	Conversational QA with Tabular Grounding
	Conversational QA for Machine Reading Comprehension
	Conversational Text-to-SQL Generation
	ACT In-The-Wild: Learning Without Dialogue Action Supervision
	Ablation Studies

	Limitations, Ethical Considerations, and Broader Impacts
	Discussion of Limitations
	Ethical Considerations
	Broader Impacts

	Summary

	Improving User Modeling in End-to-End Multi-Modal Spoken Conversation Modeling via Data-centric Multi-task Learning
	Introduction
	Related Work
	Data-Centric Multi-Task Learning for Cross-Modal Understanding
	Efficient Multimodal Adapters via Audio Representation Projection
	A Corpus for Ambiguous Spoken Conversational Question Answering (ASK-QA)
	Dataset Construction
	Evaluation
	Conversation Examples

	Experiments
	ASK-QA: Spoken Knowledge and Multi-Turn Spoken Dialogue
	Spoken-SQuAD: Spoken Knowledge and Textual Questions
	SD-QA: Textual Knowledge and Spoken Questions
	Ablation Studies

	Limitations
	Summary

	Conclusion or Epilogue
	References
	Supplementary Material on Conversation Synthesis
	Supplementary Material on Explicit Action Planning
	Supplementary Material on Implicit Action Planning
	Additional Qualitative Examples
	Additional Experimental Details
	Compute Resources
	Training Hyperparameters
	Assets Used


	Supplementary Material on Data-centric Multi-task Learning for Multimodal Understanding
	Additional Details on Data-Centric Multi-Task Learning
	Extended Experimental Results
	Additional Experiments on ASK-QA
	Additional Experiments on Spoken-SQuAD

	Training Details
	Risks and Ethical Considerations
	Assets Used


