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The rapidly increasing volume of accessible information in the digital age underscores the need for

developing automated models to facilitate our daily information-seeking tasks. Moreover, as humans often

have exploratory information needs and do not always come up with very descriptive initial queries, it is

important to build an AI agent that can converse and collaborate with human users to find the information

they are interested in. Upon receiving and interpreting a user’s request in a conversation, the AI agent should

compose a response grounded in relevant information from a knowledge source.

In this thesis, we introduce our proposed solutions to three pivotal challenges in this interactive process.

First, identifying relevant knowledge to be used in conversational systems that are grounded in long docu-

ments is critical to effective response generation. We introduce a knowledge identification model DIALKI,

that leverages the document structure to provide dialogue-contextualized passage encodings and better locate

knowledge relevant to the conversation. An auxiliary loss captures the history of dialogue-document con-

nections. We demonstrate the effectiveness of DIALKI on two document-grounded conversational datasets

and provide analyses showing generalization to unseen documents and long dialogue contexts. When the

knowledge source contains millions or more documents or passages, passage retrieval is performed before

response generation. As it is often not practical to re-train well-established retrievers like a search engine



to handle conversational queries specifically, we develop a query rewriting model CONQRR that rewrites a

question that depends on dialogue context in the context into a standalone question. It is trained with a novel

reward function to directly optimize towards retrieval using reinforcement learning and can be adapted to

any off-the-shelf retriever. CONQRR achieves state-of-the-art results on a recent open-domain conversa-

tional question answering dataset containing conversations from three different sources, and it is effective

for two different off-the-shelf retrievers. Our extensive analysis also shows the robustness of CONQRR to

out-of-domain dialogues as well as to a scenario where no query rewriting supervision is available.

The second challenge comes from the need for AI agents to collaborate with users during the information-

seeking process. To facilitate this line of research, we presents INSCIT, a dataset for Information-Seeking

Conversations with mixed-initiative Interactions. It contains 805 human-human conversations where the

agent searches over Wikipedia and either directly answers, asks for clarification, or provides relevant infor-

mation to address user queries. Along with the data, we propose two subtasks, evidence passage identifi-

cation and response generation, as well as a human evaluation protocol to assess model performance. We

develop two strong baselines. Both of them significantly underperform humans, suggesting ample room for

improvement in future studies.

Finally, to teach an AI agent to generate responses that can provide the maximized utility to the user, we

propose to use fine-grained human feedback (e.g., which sentence is false, which sub-sentence is irrelevant)

as an explicit training signal. We introduce FINE-GRAINED RLHF, a framework that enables training and

learning from reward functions that are learnt from such fine-grained human feedback. Our experiments

illustrate how learning with such reward functions leads to improved performance in response generation

for information queries, supported by both automatic and human evaluation. Additionally, we show that LM

behaviors can be customized using different combinations of fine-grained reward models.
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Chapter 1

Introduction

People seek information on a daily basis. As the accessible information has expanded exponentially with

the digital age, developing models to automatically support such information needs becomes increasingly

important. Humans often have exploratory information needs which lead them to ask sequential questions,

which calls for the development of AI agents that can interact or converse with the human users to provide

information. Furthermore, in practice, humans do not always come up with very descriptive queries, in

which case an AI agent should converse with them to collaboratively find the information that they are

interested in, as a human agent would.

To conduct such an information-seeking conversation with a human user, an AI agent usually inter-

acts with both the user and a knowledge source. Specifically, after the user sends an initial or follow-up

information request in natural language, the agent interprets it and searches for relevant information from

the knowledge source. Then the agent composes a response to the user that is grounded in the acquired

knowledge. Information-seeking dialogues can be grounded in knowledge of different formats like unstruc-

tured texts [Choi et al., 2018; Reddy et al., 2019; Feng et al., 2020; Anantha et al., 2021; Adlakha et al.,

2022], structured knowledge graphs [Iyyer et al., 2017; Saha et al., 2018] and/or visual knowledge like

images [Zhao et al., 2018]. In this thesis, we focus on building agents for information-seeking dialogues

grounded in textual documents or passages. We aim to propose solutions to research challenges for such an

AI agent in the above interactive information seeking process. In the rest of the introduction, we outline our

proposed solutions to three challenges: 1) identifying relevant knowledge from the information source, 2)
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collaborating with humans to find information and 3) generating responses with optimized utility to users.

1.1 Knowledge Retrieval and Identification in Conversations

Knowledge identification aims to locate the specific information from grounding documents for response

generation. Early benchmarks of document-grounded information-seeking dialogues [Choi et al., 2018;

Reddy et al., 2019] mostly consider a single short grounding passage. Since then, an increasing number of

studies [Feng et al., 2020; Adlakha et al., 2022; Anantha et al., 2021] introduce new datasets with much

longer grounding documents. They also propose models for knowledge identification, and these models are

mostly borrowed from existing question answering models [Devlin et al., 2019; Yang et al., 2019; Karpukhin

et al., 2020] without dialogue structure modeling. In this thesis, we propose DIALKI [Wu et al., 2021d] for

the problem of knowledge identification for response generation in document-grounded information-seeking

dialogues that leverage conversation features (e.g., dialogue structure) as well as document structures. We

show the effectiveness of DIALKI in knowledge identification on two public benchmarks [Feng et al., 2020;

Dinan et al., 2019] for which the identified knowledge by DIALKI greatly improves model performance in

response generation.

In practice, the knowledge source for information seeking can often be enormous and contains millions

or more passages. Passage retrieval [Voorhees and Tice, 2000; Bajaj et al., 2018] is the task that aims to

identifying a small set of passages from a large corpus that contain relevant information to a given user

query. Compared to standard retrieval tasks that only handle standalone information queries, conversational

passage retrieval poses unique challenges in understanding the current user question, as each question needs

to be interpreted within the dialogue context. On the other hand, it is not always practical to retrain well-

established retrievers (e.g., a search engine) to handle conversational queries specifically. In this case, the

conversational agent should learn to effectively query a given retriever which can only be seen as a black-

box. The task of query rewriting (QR) [Elgohary et al., 2019; Dalton et al., 2020] in a conversation is

to convert a context-dependent question into a self-contained question, which enables the use of any off-

the-shelf retriever. Previous work that leverages QR for conversational passage retrieval [Anantha et al.,

2021; Dalton et al., 2020] collects human-written rewrites to train a supervised QR model. However, there

exist certain limitations of such QR models. First, they rely on human rewrites for supervised training. In
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addition, when collecting such rewrites, humans are usually instructed to rewrite conversational queries to

be unambiguous to a human outside the dialogue context. This can make human rewrites sub-optimal for

the retrieval performance. In addition, the resulting QR model is agnostic to the downstream retriever. To

address these issues, we propose CONQRR [Wu et al., 2022] that trains a QR model to directly optimize for

retrieval performance. CONQRR adopts a reinforcement learning (RL) to train a QR model, optimizing a

reward coming from the retrieval performance by querying the black-box retriever with the re-written query.

An advantage of this approach is the training does not have to rely on human rewrites, i.e., human annotation

costs are reduced.

1.2 Interactive and Collaborative Information Seeking

One important advantage of conversational information-seeking systems is that users do not need to come

up with a very descriptive query by themselves. In realistic settings, users can start with a request that is

under-specified, and through conversational interactions, the agent can collaboratively guide users to refine

or clarify their intent. In addition, when users start with a request that has no direct answer, the agent can

collaboratively relax their queries and proactively suggest relevant information that may partially satisfy

the user’s information needs. Most existing information-seeking dialogue datasets have a very restricted

format (e.g., consecutive question and answer pairs) [Choi et al., 2018; Reddy et al., 2019; Anantha et al.,

2021; Adlakha et al., 2022]. There exists work that studies clarification questions but they use artificially

created data [Feng et al., 2020; Saeidi et al., 2018; Aliannejadi et al., 2021], which fails to capture natural

information-seeking interactions.

To address the above issue, we build a new dataset INSCIT containing information-seeking dialogues

that cover a variety of conversation topics and are collected from human-human conversations with natural

interactions like clarification [Wu et al., 2023b]. We follow the dialogue data collection pipeline in Wen

et al. [2017] to collect human-human dialogues with careful quality control mechanisms. We propose two

subtasks for this dataset—passage identification and response generation, as well as a novel paradigm for

human evaluation that is missing in most work of document-grounded information-seeking dialogues. Fi-

nally, we propose a model that leverages DIALKI [Wu et al., 2021d] to address the challenge of limited

training data for both subtasks in INSCIT.
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1.3 Response Generation Informed by Human-centered Objectives

As the essential goal of an AI agent for information-seeking users is to provide helpful information, a natural

question one may ask is what kind of agent response the user would find to be the most helpful? Intuitively,

to teach the AI agent to optimize the response helpfulness, we can have users act as evaluators and provide

feedback. This allows us to directly train the model with human definitions of helpfulness.

Reinforcement learning from human feedback (RLHF) [Ziegler et al., 2019] is an increasingly popular

training method to optimize model generations towards human objectives, due to its success in building

state-of-the-art AI models [Ouyang et al., 2022; OpenAI, 2023; Fu et al., 2023]. In a standard RLHF

pipeline, the first step is to collect preference feedback. Humans are presented with two or more outputs

and asked to select one or rank them. This signal is then used to train a reward model, which computes a

single scalar reward for each LM output. Then, in the second step, the LM is trained with a reinforcement

learning algorithm called proximal policy optimization (PPO) to optimize the reward it receives from the

reward model. However, such human preferences over model outputs provide very coarse-grained feedback

and do not necessarily capture clear human-centered objectives. Intuitively, fine-grained feedback can be

more explicit and reliable. Therefore, we propose to localize and categorize human feedback, to get explicit

information about which part of the model output has what type of problem. To leverage that feedback, we

propose a language model training framework called FINE-GRAINED RLHF [Wu et al., 2023a] to train a

language model to optimize such specific human objectives.

1.4 Thesis Overview

To summarize, this thesis addresses three challenges towards building an interactive AI agent to support

the needs of information seeking users. The remainder of this thesis is organized as follows. In Chapter 2,

we provide detailed background and related work for interactive information seeking, with a focus on the

challenges described above that this thesis targets. In Chapter 3-4, we present the models we propose

for knowledge identification and retrieval in document-grounded information-seeking dialogues, namely

DIALKI and CONQRR. In Chapter 5, we introduce INSCIT, the dataset we collect to facilitate research

in interactive and collaborative information-seeking, as well as the proposed tasks, evaluation and models
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along with the dataset. Chapter 6 presents FINE-GRAINED RLHF that trains a model to generate responses

informed by specific human feedback. We conclude in Chapter 7 by summarizing the work, and identifying

some future directions for building AI agent that more effectively support interactive information seeking.
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Chapter 2

Background

Before introducing our proposed solutions to research challenges explained in Chaper 1, in this Chapter, we

first provide a background work review of interactive AI agents for information-seeking. Upon receiving

a user’s request in a conversation, an AI agent for information-seeking tasks should first identify relevant

information from a knowledge source and then compose a response grounded in this information. In § 2.1,

we first briefly review existing work that aims to build conversational models that ground their response

generation in external knowledge. We categorize and differentiate these grounded dialogue systems by their

target conversation types including information-seeking conversations. In § 2.2, we provide a deeper dive in

related work of information-seeking conversations grounded in documents specifically, which is the focus

of this thesis. Finally, in § 2.3, we provides an overview of existing language model training approaches

involving reinforcement learning and learning from human feedback, which closely relate to our proposed

methods CONQRR and FINE-GRAINED RLHF that will be introduced in Chapter 4 and Chapter 6.

2.1 Grounded Dialogue Systems

Grounded dialogue systems aim to condition their response generation on the given external information

like textual knowledge sources or a visual setting. This concept has been applied to a variety of dialogues

including social chats, task-oriented and info-seeking dialogues. In general, grounding in the given infor-

mation leads to a conversation that is more relevant and consistent with that information. In addition, unlike

ungrounded conversational models, a grounded model will be able to conduct conversations about informa-
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tion that is unseen during training. In this section, we categorize existing work in dialogue systems grounded

in textual knowledge sources by their target conversation types and introduce their associated task or goals.

2.1.1 Social Chats

The main goals of social chats are to keep users engaged and to deliver information. Most existing work

incorporates external knowledge into social chat systems in order to make the conversations more engaging

and informative. Conversations for social chats are often very casual and users are not expected to have

a clear information need, which is different from information-seeking conversations. Ghazvininejad et al.

[2018] develop a memory network based model to conduct casual conversations in the restaurant domain

by leveraging tips from Foursquare. Dinan et al. [2019] crowd-source conversations where each utterance

is grounded in up to one single sentence from 7 Wikipedia paragraphs. Zhou et al. [2018b] and Moghe

et al. [2018] collect movie discussion conversational datasets grounded on movie plots and infoboxes from

sources like Wikipedia and IMDB. Zhou et al. [2018a] leverage ConceptNet as a commonsense knowledge

graph to enhance response generation.

2.1.2 Information-Seeking Dialogues

Different from social chat, information-seeking dialogues, the focus of this thesis, are generally conducted

when the user has one or a sequence of specific information requests. In response, the agent is targeted to

find and provide such requested information to the user. Here, we outline previous work under different task

settings for information-seeking conversations. We further discuss existing modeling and evaluation work

in § 2.2.

The task of conversational question answering (CQA) or reading comprehension [Choi et al., 2018;

Reddy et al., 2019] falls into this category and is generally defined as the task of answering a series of in-

terconnected questions about a short text passage in a conversation. More recently, some work also propose

to have other types of grounding knowledge sources including knowledge graphs [Iyyer et al., 2017] or a

corpus with millions of documents in the open-domain setting [Anantha et al., 2021; Adlakha et al., 2022].

Most CQA datasets have the strict format of question and answer pairs in each conversation and some of

them restrict each answer to be a short string span in the grounding passage.
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In contrast, a few studies explore more diverse scenarios in information-seeking dialogues like asking

for clarification. Saeidi et al. [2018] introduces a conversational machine reading dataset to address under-

specified questions in the regulatory domain (e.g., government policies) by requiring agents to ask follow-up

questions grounded in a short text snippet that are answerable with “yes / no” answers. Aliannejadi et al.

[2021] collect data for asking clarification question(s) to an ambiguous or faceted user query in order to

provide a specific answer, with up to 3 user-agent turns in a conversation. Their conversations are collected

based on synthetic rules or made-up dialogues based on predefined dialogue scenes, instead of being natu-

rally collected as human-human dialogues. Feng et al. [2020] and Gustavo Penha and Hauff [2019] provide

conversations with varied user intents that are grounded in documents from social welfare websites or the

Stack Exchange website. Feng et al. [2020] also have their conversations collected in a rather artificial

way as they first synthesize the flow of grounding knowledge in a conversation and then asks an annotator

to write utterances based on the pre-determined grounding knowledge. Gustavo Penha and Hauff [2019]

heuristically define hyperlinks included in conversations from the Stack Exchange website as the ground-

ing document and most of their conversations only consist of 2 user-agent turns. The lack of datasets and

benchmarks for information-seeking conversations with diverse and collaborative interactions motivates us

to collect INSCIT [Wu et al., 2023b] with over 800 human-human conversations, introduced in Chapter 4.

2.1.3 Task-Oriented Dialogues

There are also other knowledge-grounded dialogues that involve assisting the user with a task, such as

restaurant reservations or flight ticketing booking. Task-oriented dialogues [Williams et al., 2013; Wen et al.,

2017; Budzianowski et al., 2018] rely on structured data, with a task specific schema as well as a database,

which can be the same for all dialogues performing the same task. For example, for the task of restaurant

reservations, the schema can consist of required slots like “location”, “price range”, “date” and so on. The

corresponding database usually stores all available restaurants for reservation with information related to

the slots mentioned above. Such schema and databases are considered as the grounding environment for

task-oriented dialogues, although the way the conversational agents normally retrieve information from the

environment is different from agents that perform social chats or provide information for user requests as

discussed in the above two sections. Task-oriented dialogue systems normally track and update the values for
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slots in the schema throughout the conversation and form a SQL query to retrieve results from the database

at the end of each user turn. Success is evaluated based on retrieved results.

Another type of task-oriented is system is a conversational recommender system [Li et al., 2018; Jannach

et al., 2021], which is designed to allow the system to provide explanation for the recommended items

(e.g., movie, product or information), refine their recommendation based on user feedback, or even help

the user discover their preferences through conversational interactions. These systems usually target to

optimize the user satisfaction with recommended items. Such conversations are grounded in information

about items available for recommendation, which can be structured [Liu et al., 2020; Volokhin et al., 2021] or

unstructured [Kang et al., 2019]. They can also ground in user information like past interactions [Thompson

et al., 2004].

2.2 Document-Grounded Information-Seeking Dialogues

Among all the different types of knowledge grounded dialogue systems, this thesis will specifically focus

on addressing some key issues in information seeking dialogues grounded in documents. We discuss more

details about the evaluation metrics and existing models below.

2.2.1 Evaluation

A few early CQA benchmarks [Choi et al., 2018; Reddy et al., 2019] only consider extractive agent responses

(i.e., a string span from the given grounding passage). In other words, the response generation task in

such dialogues is essentially a knowledge span extraction problem. Therefore, they simply adopt question

answering evaluation metrics [Rajpurkar et al., 2016] including exact match and word-level F1 scores.

In contrast, more recent benchmarks have abstractive agent responses in conversations, that are grounded

in a much longer document or a large corpus of documents [Anantha et al., 2021; Adlakha et al., 2022; Feng

et al., 2020]. Therefore, most of these benchmarks consider separate evaluations for response generation and

knowledge identification. We discuss the current commonly used metrics for evaluating response generation

and knowledge identification respectively below.
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Response Generation Most commonly used automatic evaluation metrics for response generation in an

information-seeking dialogue are untrained automatic metrics like BLEU [Papineni et al., 2002] and word-

level F1-score. These metrics are simply calculated based on string overlap between the generated response

and one or a set of reference responses. SacreBLEU Post [2018] is the most commonly used implementa-

tion for BLEU to reduce inconsistencies in the score reporting due to different implementation variations.

Recently, some work [Sellam et al., 2020; Hashimoto et al., 2019] proposes model-based evaluators to be

trained on human judgment data to mimic human judges on generated text quality like naturalness. However,

due to their complexity and potential problems such as overfitting and “gaming of the metric” [Gao et al.,

2018; Celikyilmaz et al., 2020], these model-based evaluators have not been widely used. As a result, We

follow most previous work to use SacreBLEU and token-level F1-score to automatically evaluate response

generation in Chapter 3 and Chapter 5.

Although automatic evaluation is more efficient and useful for model development, human evaluation is

usually seen as more important for response generation as automatic metrics can be unreliable and incon-

sistent with human decisions [Mathur et al., 2020; Celikyilmaz et al., 2020]. However, most information-

seeking dialogue studies mentioned above only report automatic evaluation on response generation. We

only found one follow-up study [Gao et al., 2022] that includes human evaluation in their results. They

give human evaluators the dialogue context and the generated response to give scores on dimensions like

“relevance” and “informativeness.” Such evaluation overlooks the importance of evaluating the consistency

between the grounding knowledge and generated responses. Although human evaluation on response gener-

ation in those document-grounded information-seeking dialogues has not yet brought much attention, it has

been widely used in evaluating knowledge-grounded social chats. Most existing work [Ghazvininejad et al.,

2018; Zhou et al., 2018b; Moghe et al., 2018; Dinan et al., 2019; Qin et al., 2019] present the dialogue con-

text to human raters and ask them to rate or compare generated responses from different systems in aspects

like “fluency,” “appropriateness” and “informativeness,” or simply with an overall score. A few present

grounding knowledge to the user raters to evaluate the consistency between the response and grounding

knowledge [Wu et al., 2021c; Shuster et al., 2021]. We also conduct human evaluation in Chapter 5.

Knowledge Identification Knowledge identification (KI) is the task of locating knowledge in the given

grounding knowledge source (e.g., a long or multiple documents) that is relevant to the current user query
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given the conversation context. Depending on the task setup, the knowledge to be identified can be one or

a set of string spans, sentences or paragraphs. Feng et al. [2020] define the knowledge used in each agent

turn to be a string span and as a result, they adopt automatic evaluation metrics including exact match and

word-level F1 scores as used for question answering tasks [Rajpurkar et al., 2016]. Anantha et al. [2021]

and Adlakha et al. [2022] introduce datasets for open-domain CQA which requires the agent to perform

knowledge passage retrieval first before generating the response. Therefore, KI in their settings is basically

a passage retrieval problem and is evaluated with retrieval metrics like Recall at K and mean reciprocal rank

(MRR). Following such previous work, we report exact match and word-level F1 scores in Chapter 3 for

knowledge identification within a document, and Recall at K and MRR in Chapter 4 for passage retrieval.

2.2.2 Models

Many existing models [Feng et al., 2020; Anantha et al., 2021; Adlakha et al., 2022] are largely borrowed

from models for question answering tasks [Devlin et al., 2019; Yang et al., 2019; Karpukhin et al., 2020],

without explicit modeling of dialogue structure. Intuitively, models for other knowledge-grounded dialogues

like social chats should also be able to be adapted to these information-seeking dialogues as long as they

have the same grounding knowledge format (e.g., documents). However, most such prior work has explored

architectures for document-grounded dialogues in an end-to-end framework, optimizing a loss function

targeting response generation only [Ghazvininejad et al., 2018; Zhou et al., 2018b; Yavuz et al., 2019; Zhao

et al., 2020; Lin et al., 2020b; Li et al., 2019b]. Only a few works [Dinan et al., 2019; Lian et al., 2019;

Kim et al., 2020; Zheng et al., 2020] build models for and evaluate on the knowledge identification task.

Specifically, their models aims to identify a string span or a sentence from a given document. These models

separately encode sentences in documents, which may have strong contextual dependencies among each

other. As described in Chapter 3, our work [Wu et al., 2021d] proposes a KI model DIALKI that leverages

document structure dividing each document into multiple passages to process, and applies a multi-task

learning framework to model relations between grounding documents and history turns. We then show

that better knowledge identified by DIALKI leads to better response generation performance. Similar to

DIALKI, Kim et al. [2020] and Zheng et al. [2020] incorporate previously used knowledge, but they use a

single vector to sequentially track the state of the used knowledge.
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In an open-domain scenario where a large document or passage corpus instead of a single document

is given as the knowledge source, a conversational agent needs to retrieve the most relevant passage(s)

before generating an answer to the question. Most existing conversational retrieval models require fine-

tuning a retriever of a specific type. Yu et al. [2021], Lin et al. [2021] and Kim and Kim [2022] attempt

to fine-tune a dual encoder retriever [Xiong et al., 2021; Karpukhin et al., 2020] to handle conversational

queries. Kumar and Callan [2020] propose a framework focusing on improving the passage re-ranker after

the retrieval. However, it is not always practical to fine-tune retrievers for handling conversational user

queries, as discussed in Chapter 1. In order to directly use an off-the-shelf retriever, conversational query

rewriting (QR) [Elgohary et al., 2019] has been applied in prior work [Vakulenko et al., 2021; Lin et al.,

2020a; Yu et al., 2020; Voskarides et al., 2020] to first convert a conversational query into a standalone one.

Yu et al. [2020] propose a supervised QR model trained with human rewrites and weak QR supervisions

specifically for conversational search tasks that are generated from additional search session resources. Lin

et al. [2020a] and Vakulenko et al. [2021] also use human rewrites to train a supervised QR model based on

pre-trained language models like T5 [Raffel et al., 2020] or GPT2 [Radford et al., 2019]. Voskarides et al.

[2020] use human rewrites to train a model that classifies whether each token in the dialogue context should

be used to construct the query for retrieval. In contrast, in Chapter 4, we show the limitations of human

rewrites used as QR supervision and design reinforcement learning based QR model which can achieve

better performance than supervised models even without human rewrites.

2.3 Learning from Human Feedback

2.3.1 Reinforcement Learning (RL) for NLP

Prior work applies RL approaches to address text generation tasks like machine translation [Ranzato et al.,

2016; Wu et al., 2016], text summarization [Paulus et al., 2018; Celikyilmaz et al., 2018] and image caption-

ing [Rennie et al., 2017; Fisch et al., 2020] by training a model directly optimized towards generation quality

metrics like BLEU, ROUGE or CIDEr. Most of these works use a vanilla policy gradient or a self-critical

sequence RL training algorithm [Rennie et al., 2017]. Ouyang et al. [2022] use reinforcement learning

to improve the instruction-following capability of large language models, where the reward comes from a
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trained reward model from collected human feedback. Specifically, they use an actor-critic RL algorithm

called Proximal Policy Optimization (PPO) [Schulman et al., 2017] for training. This line of work closely

relates to our proposed framework FINE-GRAINED RLHF in Chapter 6, and we provide more details below.

2.3.2 Reinforcement Learning from Human Feedback (RLHF)

RLHF [Ziegler et al., 2019; Xu et al., 2023a; Ouyang et al., 2022] aims to optimize the policy language

model to generate content that is desired by the human user. This framework has been explored to improve

the model performance on a variety of natural language processing tasks such as text summarization [Sti-

ennon et al., 2020], instruction following [Ouyang et al., 2022], question answering [Menick et al., 2022;

Nakano et al., 2021] and reducing harmfulness [Bai et al., 2022b,a; Lu et al., 2022; Ganguli et al., 2023].

Most of these studies collect human preferences over pairs of model outputs on one or a set of desired at-

tributes, which is used to train a reward model to assign a holistic score for a generation output during RL

training. Glaese et al. [2022] trains separate reward models that assign scores for different desired attributes,

but still uses a single reward that combines scores from all reward models. In contrast, our FINE-GRAINED

RLHF [Wu et al., 2023a] introduced in Chapter 6 explores RLHF with fine-grained reward models trained

on human feedback where each reward model provides a reward after every small text segment for a specific

type of desired behavior.

2.3.3 Non-RL Learning from Human Feedback in NLP

There also exists work that explores non-RL methods to learn from human feedback. Yuan et al. [2023]

trains a reward model that predicts a single holistic score for each model output and selects samples with

the highest reward scores for supervised fine-tuning, which is often called rejection sampling. Touvron

et al. [2023] show the effectiveness of RLHF compared to rejection sampling. Shi et al. [2022]; Hancock

et al. [2019]; Xu et al. [2023a] train a conversational model to predict both the response and a binary

user satisfaction score in order to improve the response generation. Besides numerical or preference human

feedback that is often used in RLHF, natural language (NL) human feedback has also been explored. Madaan

et al. [2022]; Dalvi Mishra et al. [2022] collect and store NL human feedback in a feedback memory for the

model to retrieve and then perform the end task conditioning on the retrieved feedback. Chen et al. [2023];
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Scheurer et al. [2023, 2022] use a refinement model to refine model outputs conditioning on NL human

feedback and then use a reward model to select the best refined outputs for supervised fine-tuning. Paul et al.

[2023] explore using model-generated NL feedback to iteratively improve LM performance on reasoning

tasks. Methods for using a reward model to guide LM generation towards desired behaviors at inference

time [Liu et al., 2021; Dathathri et al., 2020] can complement our work that aims to improve the LM during

training. Korbak et al. [2023] also explore incorporating human feedback into LM pre-training by using

strategies like conditional training. Specifically, they append control tokens associated with preferences to

each textual segment in the training data, labeled by a reward model trained from human feedback.
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Chapter 3

DIALKI: Knowledge Identification in

Conversational Systems through

Dialogue-Document Contextualization

3.1 Introduction

[Sec 1] Private Service Bureau Licenses

• Request Name Approval
• Before you can apply for a license to 

operate a PSB, …

• After your application is reviewed by the 
DMV in Albany, …

• When the inspector visits your location, …

[User]: Hi, can you tell me 
something about the private 
service bureau licenses?

…
[Agent]: Do you want to 
apply for a PSB?

[User]: No, I was being 
curious. Just in case, what 
should I do if I apply for 
PSB?

[Agent]: Your application 
will be reviewed in Albany's 
DMV. After that, it will be 
sent to your local DMV 
office and you'll be 
scheduled for an inspection.

[Sec 3] How to Apply?

[Sec 30] After you apply

• A Private Service Bureau PSB 
license is required of …

Grounding documentDialogue Context

Figure 3.1: In a document-grounded conversation,
knowledge identification targets to locate a knowledge
string within a long document to assist the agent in ad-
dressing the current user query.

Many conversational agent scenarios require knowledge-

grounded response generation, where knowledge is

represented in written documents. Most prior work

has explored architectures for knowledge grounding

in an end-to-end framework, optimizing a loss func-

tion targeting response generation [Ghazvininejad

et al., 2018; Zhou et al., 2018b; Yavuz et al., 2019].

However, the knowledge needed at any one turn in

the dialogue is typically localized in the document,

and some studies have shown that directly optimiz-

ing for knowledge extraction helps resolve complex

user queries [Feng et al., 2020] and increases user
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engagement in social chat [Dinan et al., 2019; Moghe et al., 2018]. For long documents, explicit knowledge

identification can also be useful for model interpretability and human-in-the-loop assistant scenarios.

Following Feng et al. [2020], we define knowledge identification as the task of locating knowledge

in a long document that is relevant to the current user query given the conversation context (Figure 3.1).

Knowledge identification is similar to open question answering [Chen et al., 2017; Min et al., 2019], the

task of answering a factoid question given a large grounding, except that it is not an interactive setting

like dialogues. With the assumption of a long grounding document, our task differs from prior work in

conversational question answering [Choi et al., 2018; Reddy et al., 2019], which focuses on answering a

sequence of factoid questions about a short text snippet. Additionally, real user information needs can

involve conversations with diverse forms of user queries and dialogue acts (e.g., asking for user preference,

etc) as shown in Figure 3.1. Previous work in knowledge identification encodes the grounding document as

a single string [Feng et al., 2020], or splitting it into isolated sentences [Dinan et al., 2019; Kim et al., 2020;

Zheng et al., 2020] which potentially loses important discourse context.

In this chapter, we introduce DIALKI to address knowledge identification in conversational systems with

long grounding documents. In contrast to previous work, DIALKI extends multi-passage reader models in

open question answering [Karpukhin et al., 2020; Cheng et al., 2020] to obtain dense encodings of different

spans in multiple passages in the grounding document, and it contextualizes them with the dialogue history.

Specifically, DIALKI extracts knowledge given a long document by dividing it into paragraphs or sections

and individually contextualizes them with dialogue context. It then extracts knowledge by first selecting

the most relevant passage to the dialogue context and then selecting the final knowledge string within the

selected passage. Processing each passage rather than the full document greatly shortens the knowledge

context, while preserving enough discourse context for reasoning. DIALKI also uses a multi-task objective

to identify knowledge for the next turn, as well as used knowledge for previous turns that helps improve the

learning of both dialogue and document representations by capturing interdependencies between the next

agent utterance, previous utterances, and the grounding document.

Our model significantly improves over baselines on two conversational datasets, particularly on previ-

ously unseen documents or topics. Analyses show good generalization to longer grounding documents and

longer dialogue context, as well as improvements in response generation. Model robustness can be further
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improved with an f-divergence based posterior regularization.

This chapter contains material that was originally published in Wu et al. [2021d]. Bo-Ru Lu and I were

the main contributors of this work. We discussed and wrote the paper with the other collaborators throughout

the project. I initiated the project idea and made the first implementation of the system. Bo-Ru Lu refactored

the codebase for more efficient experimentation. We made equal contributions in conducting experiments

and analysis.

3.2 Method

1. Forgetting to Update Address 
… you must report a change of address to 
DMV within ten days of moving. … for 
the address associated with your license. 
… It is not sufficient to only. … 

𝑝"

2. Leaving the State …
States communicate with each other , so 
when you move to another state, … That 
means resolving any unanswered tickets, 
suspensions or revocations, …

History knowledge (training only)

Next-turn knowledge (main task)

[usr]: I forgot to update my address. 
Could this be a problem? 

[agt]: Yes, by statute, you have to … a 
change of address before ten days …

[usr]: Is it common to delay … 
forgetting prerequisite …?

Dialogue Context Passage

About ten percent of … performed online 

Span

begin end
pooled global vector

1. Forgetting … Address…

… address associated  …

It is not sufficient to only…

…

…𝑝"

2. Leaving the State  …

... move to another state …

That means resolving …
…

…

[usr]: … update address…?

[agt]: Yes, by statute, …

[usr]: Is it … forgetting …?

B
ERT

1. Forgetting … Address

… address associated … 

5. Proper Document …

It is not sufficient to  …

begin

1. Forgetting … Address 

end
5. Proper Document …

Passage

Span

𝑝"
𝑝"

𝑝#

𝑝#

5. Proper Documentation …
… ten percent of customers visiting .. do 
not bring what they need, … not bringing 
sufficient funds ... if your transaction can 
be performed online, …

5. Proper Document …

About ten percent of …
…

… performed online …
…

…

Grounding Document

Section 3.1 Section 3.2

𝑝$

𝑝#

𝒖&
𝒛 𝒔)𝑔&,)

Knowledge
Contextualization

𝑝$

𝑝#

[cls]

Figure 3.2: The overview of DIALKI. Each document is divided into passages. We apply BERT and a
knowledge contextualization mechanism to obtain dialogue context and knowledge representations (left),
for performing both next (main) and history (auxiliary) turn knowledge identification tasks (right). For each
turn, DIALKI identifies knowledge by selecting the relevant passage as well as the begin/end spans in the
passage.

Problem Definition Knowledge identification in a document-grounded dialogue is defined as follows. At

inference, given the dialogue context consisting of a sequence of n previous utterances (u1, u2, . . . , un) and

a grounding document D, select a substring y in D that is relevant to the dialogue context and will be used

in the next turn (i.e., utterance) in a conversation. We denote u1 as the last (user) turn and un as the earliest

turn in the available dialogue history, which may be truncated.

Each document consists of a sequence of passages D = {p1, p2, . . . , p|D|} based on paragraphs or

sections. Each passage p consists of a sequence of semantic units p = (s1, s2, . . . , sl), where each semantic
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unit (SU) can be either a token or a span or a sentence depending on how the document is segmented. For

simplicity, we use “span” as the semantic unit (SU) in this section to describe our model.

Method overview In this section, we introduce DIALKI, a multi-task learning model for knowledge iden-

tification as illustrated in Figure 3.2. We first introduce how we obtain dialogue utterance and knowledge

span representations from BERT [Devlin et al., 2019] and a span-level knowledge contextualization mech-

anism (§ 3.2.1). These representations are then used for knowledge identification in our multi-task learning

framework, which includes the main task of next-turn knowledge identification and an auxiliary task of

history knowledge prediction applied during training only (§ 3.2.2). Finally, we describe our joint training

objective and inference details (§ 3.2.3).

3.2.1 Encoding Dialog Context and Knowledge

Multi-Passage Encoding

Here, we describe how we initially obtain dense vector representations of each passage in the grounding

document as a set of span representations. Inspired by the recent open-domain question answering multi-

passage reader models [Karpukhin et al., 2020; Cheng et al., 2020], we concatenate the dialogue context

(u1, u2, . . . , un) with u1 to be the most recent user turn, the document title t and each passage p, and use

a pretrained language model like BERT [Devlin et al., 2019] to encode the concatenated sequence. More

formally, the model input X for a passage p of length l becomes:

X = [cls][usr]u1[agt]u2 · · · [usr]un

[sep] t [cls] s1 [cls] s2 · · · [cls] sl [sep]

where ‘[usr]’ and ‘[agt]’ are special tokens indicating the start of a user or agent turn. ‘[cls]’ indicates the

start of the whole sequence or each knowledge span. ‘[sep]’ are separator tokens. Then we encode X and

gather a sequence of pooled output vectors H = G(BERT(X)) where G(.) gathers vectors of all ‘[cls]’,

‘[usr]’ and ‘[agt]’ tokens. We decompose H as [z,u1, . . . ,un, s1, . . . , sl] where z,ui, sj are pooled repre-

sentations of the whole input (the first ‘[cls]’ token in X), dialogue utterance ui and span sj respectively.
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Knowledge Contextualization

We leverage the pooled global, utterance and span representations z,ui, sj obtained above for each passage

p to further contextualize knowledge span representations. Inspired by how EntNet [Henaff et al., 2017]

updates each entity representation based on an input sequence, for each span sj we calculate an updated

span embedding ŝj contextualized with the sequence of previous user utterance representations as below.

We use a gating function g which determines how much the span embedding should be updated based on ui

and z.

ai,j = Ws sj +Wz z+Wu ui , i ∈ Cu

ŝj = υ
( ∑
i∈Cu

[
ϕ(ai,j)⊙ gi,j

]
+ sj

)
gi,j = σ

(
ui

⊤ z+ ui
⊤ sj

)
,

where Ws,Wz,Wu ∈ Rd×d are model parameters, and Cu indexes the most recent user turns. υ(.) is the

vector normalization operation. σ is the sigmoid function and ϕ can be any non-linear activation function.

In our model, we use ReLU for ϕ. Similarly, we calculate s̃j with previous agent turns. Then new span

embedding denotes as ṡj = [sj , ŝj , s̃j ]. In our experiments, we set Cu to contain the most recent 2 user

turns only, which leads to the best results.

3.2.2 DIALKI with Multi-Task Learning

Next-Turn Knowledge Identification

The main task in DIALKI is next-turn knowledge identification consisting of two parts: passage predic-

tion and knowledge span prediction (upper right in Figure 3.2). At inference, given a set of passages

{p1, p2, . . . , p|D|} and the dialogue context (u1, u2, . . . , un), our multi-passage knowledge identification

model targets to predict the most relevant passage pk based on the softmax probability in Eq. (3.1), as well

as the most relevant knowledge string y = (sb . . . se) in pk to the next agent turn in the conversation, based

on the begin and end span probabilities in Eq. (3.2-3.3)

We obtain the pooled global vector z, each utterance and span representation ui, ṡj for each passage p
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as described in § 3.2.1. We denote Z as the matrix containing the pooled global vectors for all passages and

Ui as utterance representations for ui in all passages. Ṡ denote the matrix with all span representations after

knowledge contextualization.

Training Objectives Eq. (3.1-3.3) show objective functions of knowledge passage Lpsg, begin Lbegin and

end Lend span predictions. q(.)t denotes the t-th index of the vector resulting from the softmax function.

The variables k̂, b̂ and ê correspond to the gold passage, begin and end span indices.

Lpsg = − log q(Wp Z)k̂ (3.1)

Lbegin = − log q(Wb Ṡ)b̂ (3.2)

Lend = − log q(We Ṡ)ê (3.3)

where Wp,Wb,We ∈ Rd. Therefore, the combined next turn knowledge selection loss function becomes:

Lnext = Lpsg + Lbegin + Lend.

History Knowledge Identification

The auxiliary task during training is to predict previously used knowledge, with the intuition that used

knowledge in documents by history turns would guide the search for the next knowledge to use.

Training Objectives With the same representations used in next-turn knowledge identification, similar to

Eq. (3.1-3.3), we calculate both passage- and span-level prediction losses for each history turn ui if the

knowledge string for ui can be found in D. We calculate the passage prediction loss Lhpsg of previous turns

as follows:

Lhpsg =
1

∥U∗∥
∑
ui∈U∗

− log q
(
Wh

p ϕ(W
hUi)

)
ki

where Wh ∈ Rd×d,Wh
p ∈ Rd are model parameters. U∗ is the set of history turns that can find their

knowldge strings in the document D. ki is the gold passage index for turn ui. ϕ is a non-linear activation

function, with ReLU used in our model.
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Similarly, we calculate the average losses of predicting the gold begin Lhbegin and end Lhend knowledge

spans of all history turns in U∗ in their gold passages. To do so, for each ui, we compute the dot product

between a linearly transformed ui and each span embedding sj in pki and apply a cross-entropy loss for the

begin or end span prediction. Therefore, the combined knowledge selection loss function of history turns

becomes:

Lhist = Lhpsg + Lhbegin + Lhend.

3.2.3 Training and Inference

Posterior Regularization During training, we incorporate a posterior regularization mechanism [Cheng

et al., 2021] to enhance the model’s robustness to domain shift. Specifically, we add an additional adversarial

training loss as below. Div is some f-divergence.1 Let x be the encoded X (defined in § 3.2.1) after the BERT

word embedding layer, DIALKI outputs fpsg(x), fbegin(x) and fend(x) as the next turn passage, begin and

end knowledge span logits (the results before the softmax function q(.) in Eq. (3.1-3.3)) respectively.

Ladv = max
∥ϵ∥≤a

∑
f∈{fpsg ,fbegin,fend}

Div
(
f(x)||f(x+ ϵ)

)

The above loss function essentially regularizes the g-based worst-case posterior difference between the clean

and noisy input (with norm of the added noise no larger than some scalar a) using an inner loop to search

for the most adversarial direction.

Joint Training Objective Combining all the above components, our final model optimizes the joint ob-

jective L:

L = Lnext + αLhist + βLadv (3.4)

where α and β are tunable hyperparameters.

Inference During inference, we perform next-turn knowledge prediction only. We first predict the pas-

sage with the highest probability and enumerate over all possible knowledge span sequences in the selected

1We use Jensen-Shannon divergence in all experiments.
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passage with a maximum length. Then we select the span sequence with the highest score to be the fi-

nal knowledge string. The score of each span sequence is calculated as the sum of begin and end span

probabilities.

3.3 Experiment

3.3.1 Datasets and Evaluation Metrics

Datasets We use two datasets for our experiments: Doc2Dial [Feng et al., 2020] and Wizard of Wikipedia

(WoW) [Dinan et al., 2019]. We follow all original preprocessing and evaluation scripts for data process-

ing of the following datasets.2 These original data preprocessing scripts contain the step of downloading

data. Doc2Dial Feng et al. [2020] contains about 4.8k English goal-oriented dialogues in 4 social-welfare

domains, with an additional Covid-19 domain in the blind held-out test set. Each dialogue has an average

of 14 turns, grounded on a long document with more than 1k tokens on average. Each user or agent turn is

grounded in a sequence of knowledge spans as annotated in the dataset.3 In terms of the number of agent

turns, there are about 20k / 4k examples in the train / dev set. The blind held-out test set contains 800 ex-

amples. WoW Dinan et al. [2019] contains over 20k English social chat conversations with an average of 9

turns on over 1k open-domain topics. For each agent turn, the agent (i.e., wizard) chose one or no grounding

sentence from on average 7 Wikipedia passages retrieved by a pre-defined retriever based on the dialogue

history for composing the response. Each passage contains 10 sentences. The original data has its dev/test

set split to two subsets, which contain conversations about topics seen or unseen in training. It contains

about 18k dialogues for training, 2k dialogues for validation and 2k dialogues for test. The test set is split

into two subsets, Test Seen and Test Unseen. Test Seen contains 965 dialogues on the topics overlapped

with the training set, while Test Unseen contains 968 dialogues on the topics never seen before in training

and validation set.

Evaluation Metrics For evaluation, we use exact match (EM) and token-level F1 score as originally used

in [Feng et al., 2020; Dinan et al., 2019].

2Doc2Dial: https://github.com/doc2dial/sharedtask-dialdoc2021; WoW: https://github.com/
facebookresearch/ParlAI/tree/master/parlai/tasks/wizard_of_wikipedia

3Note that the knowledge identification task only targets to predict grounded knowledge for agent turns.
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3.3.2 Implementation Details

Doc2Dial Documents are automatically split into passages by parsing the html files into smaller sections

with different titles, resulting in an average of 8 passages per document. All passages from a single html file

are used throughout each conversation. Knowledge semantic units (SU) are spans as segmented in the data.

During inference, we set the maximum knowledge length to be 5 spans based on the dev set distribution.4

WoW Passage segmentation is automated in the WoW pre-defined retriever and the dataset provides 7

passages on average for each agent turn in the dataset. Since agents are allowed to select no grounding

sentence, we add an additional passage with only one single sentence “no passages used” following the

original data processing script.5 Knowledge SUs are sentences. We set the maximum knowledge length to

be 1 sentence during inference. Passages may differ for each agent turn in the same conversation. Thus,

during training, we only calculate history loss for previous agent turns whose ground truth knowledge can

be found in next turn passages, which on average cover over 70% of history agent turns.

Experimental Setup We initialize and finetune on BERT [Devlin et al., 2019] downloaded from Hug-

gingface Transformers [Wolf et al., 2020].6 We use the uncased base BERT in most of our experiments,

and set 3e−5 as the learning rates and 1000 as warm-up steps. For each experiment, we search the weights

in Eq. (3.4) on the dev set in the ranges of α = {0.5, 1, 2}, β = {0.5, 2.5, 5}. We do not observe much

difference with different weight combinations, but the best result is achieved when β = 5 for both datasets,

and α = 1 for Doc2Dial and α = 0.5 for WoW. We search for fewer than 5 hyperparameter trials for each

experiment. All models are trained for 20 and 10 epochs for Doc2Dial and WoW respectively. Models are

selected based on the best dev set EM score. The maximum length of dialogue context is 128. The maxi-

mum lengths of model input are 512 and 384 for Doc2Dial and WoW respectively, due to the larger variation

in passage length in Doc2Dial. In training, we provide multiple passages from the grounding document as

the input, where only one of them is the gold passage. We find that learning benefits from having more

negative passage examples, and the number used is constrained by memory consumption (up to 10 for the

4We use data, baselines, preprocessing & evaluation scripts at: https://github.com/doc2dial/sharedtask-
dialdoc2021

5https://github.com/facebookresearch/ParlAI
6https://github.com/huggingface/transformers
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models with posterior regularization and up to 20 otherwise). For inference, up to 20 passages from the

target document are considered. For longer documents, the first 20 passages are used. Each training process

is run on 2 NVIDIA Quadro Q6000 GPUs. It takes about 18 and 10 hours to train with or without posterior

regularization for both datasets. The inference time takes less than 1 minutes per 1000 examples for all

experiment settings on 2 GPUs. All our models based on uncased BERT base model contains between 110

to 115 million parameters.

3.3.3 Compared Systems

BERTQA-Token: The original baseline [Feng et al., 2020] and the best published model on Doc2Dial

before our work was published. It uses BERTQA [Devlin et al., 2019] with each dialogue context as the

question and sliding windows to process each document, and predicts the start and end tokens in the docu-

ment.

BERTQA-Span: Similar to BERTQA-Token, but predicts the start and end knowledge spans instead of

tokens. Instead of using sliding windows, we increase the number of position embeddings to be 2048,

initialized with 512 position embeddings in BERT repeated 4 times, following Beltagy et al. [2020]. We

observe better results with this operation than when using sliding windows.

Transformer MemNet: The original baseline [Dinan et al., 2019] of WoW, which uses a vanilla Trans-

former [Vaswani et al., 2017] to encode all knowledge sentences separately and a memory network for

sentence selection. Another model version includes pre-training on Reddit conversations.

SLKS: The state-of-the-art model [Kim et al., 2020] on WoW that encodes all knowledge sentences and

dialogue turns separately with BERT (or RNN). It uses two GRUs to update the states of dialog history and

previously selected sentences.

DiffKS: This model [Zheng et al., 2020] is similar to SLKS. Additionally, it computes the representation

difference between each candidate knowledge sentence and the state of previously used knowledge for in

the final decision function.
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Method Overall
EM F1

BERTQA-Token 34.6 53.2
BERTQA-Token (our version) 35.8 52.6
DIALKI (Lnext only) 51.2 64.7
DIALKI 59.5 71.0
DIALKI (BERT-large) 61.8 73.1

Table 3.1: Evaluation results on the Doc2Dial test set.

Multi-Sentence: This baseline is designed to be similar to DIALKI, but divides documents into sentences

instead of passages. It calculates the next knowledge prediction loss Lnext only. For Doc2Dial, we use

subsections, mostly single sentences, as segmented in documents. Knowledge strings rarely exceed the

subsection boundaries.

DIALKI (Ours): Our multi-passage knowledge identification model with the next turn knowledge pre-

diction loss Lnext, history knowledge prediction loss Lhist, contextualization mechanism (know-ctx) and

posterior regularization loss Ladv.

3.3.4 Quantitative Results

Doc2Dial Table 3.1 reports the results of different systems in the blind held-out test set with an unseen

Covid-19 domain. All models are based on the BERT-base model except the last one that uses BERT-

large. The full model of DIALKI achieves best results, demonstrating the effectiveness of combining all

components of the system described in § 3.2. The significant improvement from DIALKI (Lnext only) over

BERTQA-Token, which takes the full document as a single string, shows the benefit of our multi-passage

framework. BERT-large helps further improve the overall results.7

WoW Results on both test sets are presented in Table 3.2, containing conversations on seen and unseen

topics in training. DIALKI significantly outperforms all other systems, which encode knowledge sentences

disjointly. This again confirms the advantage of our multi-passage framework and the modeling of dialogue-

document relations.
7After ensemble with other large language models of RoBerTa and ELECTRA [Liu et al., 2019; Clark et al., 2020], our model

achieves EM / F1 scores as 67.09 / 76.34, achieving the best scoring system on the leaderboard outperforming beating the second-
best scores 63.53 / 75.94.
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Method Seen Unseen
EM F1 EM F1

Transformer MemNet 22.5 33.2 12.2 19.8
Transformer MemNet + Pretrain 24.5 36.4 23.7 35.8
DiffKS (RNN) 25.5 – 19.7 –
SLKS (RNN) 23.4 – 14.7 –
SLKS (BERT-base) 26.8 – 18.3 –
Multi-Sentence (BERT-base) 30.4 37.7 27.6 35.4
DIALKI (BERT-base) 32.9 40.7 35.5 43.4

Table 3.2: Evaluation results of WoW test sets.

Method
Doc2Dial WoW

Overall Seen Unseen Overall Seen Unseen
EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

BERTQA-Token 42.2 58.1 48.3 61.1 37.0 55.6 – – – – – –
BERTQA-Span 46.3 59.3 54.4 63.5 39.4 55.6 – – – – – –
Multi-Sentence 59.5 68.8 63.6 71.6 56.0 66.4 29.2 37.0 32.4 39.7 26.1 34.3

DIALKI (Lnext only) 60.4 71.2 64.2 72.3 57.1 70.2 31.5 39.7 33.3 41.1 29.8 38.3
+Lhist 63.0 72.6 66.5 73.9 59.9 71.9 33.6 41.6 35.1 42.7 32.2 40.5
+Lhist, know-ctx 63.8 73.4 67.7 74.8 60.5 72.3 33.6 41.5 35.2 42.8 32.1 40.3
+Ladv 64.4 73.8 66.2 73.9 62.8 73.7 32.9 40.8 34.6 42.2 31.1 39.5
+Lhist,Ladv, know-ctx 65.9 74.8 67.6 74.9 64.4 74.7 34.2 42.1 35.9 43.5 32.6 40.7

Table 3.3: Ablation results on Doc2Dial and WoW dev sets.

Surprisingly, DIALKI achieves even higher results on the unseen test set while others observe perfor-

mance drops. One potential reason is that blindly dividing passages into disjoint sentences to process may

hurt the model’s reasoning ability and generalization. In addition, Transformer MemNet, DiffKS and SLKS

decouple the encoding of dialogue history and grounding sentences, which prevents the model to effectively

reason over their relations. With more investigation into the data, we found that two thirds of the grounding

passages used in those conversations about unseen topics actually appear in the training set based on title

matching.8 Moreover, all topics in the dataset are similar lifestyle topics collected from persona description

sentences in [Zhang et al., 2018]. These observations support the possibility of better performance on the

original unseen set.

Impact of different components of DIALKI Table 3.3 reports results of ablating different components

of our system on the dev set of both datasets. Although Doc2Dial does not provide separate seen and unseen

8Only 1.6% of agent turns in the WoW unseen (topic) test set have all of their retrieved passages not seen in training.
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KI Model Knowledge Input sacrebleu

– full doc 22.84
BERTQA-Token pred span 21.42
DIALKI pred span 25.16
DIALKI pred span & passage 25.84

Table 3.4: Response generation results on Doc2Dial dev set. KI stands for Knowledge Identification.

Dialogue
Context

User: I want to trade in my license for a New
York one.
Agent: You have to exchange your-out-state
driver license within 30 days of . . .
User: What if I need my license for when I go
back to my other country?
. . .
Agent: Are you studying in New York State?
User: No

User: I heard something about co-op training
program. Could you tell me about it, please?
Agent: A co-op training program refers to . . .
User: Sounds awesome. What should I do to
get that?
Agent: Well, for that, lets do a little fact check,
shall we? Are you using VA educational assis-
tance?
User: Yes, I’m using that.

Baseline Do you need a New York State driver license? Good. In that case, you may be able to get
money for books, tuition and housing.

Ours Are you a driver from another country? Are you enrolled at an approved institution of
Higher Learning?

Gold
Response

Are you a licensed driver from another country? Good. Now, are you enrolled at an approved
institution of Higher Learning or IHL?

Table 3.5: Sample generated responses from BART with the full grounding document (baseline) or the
predicted grounding span and passage by DIALKI (ours) as the additional input to the dialogue context.

sets as WoW does, we split the dev set into examples that have grounding documents seen or unseen in

the training set. Note that “seen” and “unseen” refer to documents and topics for Doc2Dial and WoW

respectively.

We observe that DIALKI consistently beats baseline models that either process the full document as a

single string or isolated sentences. Our framework leads a to smaller performance gap between seen and

unseen examples. Adding the auxiliary history knowledge prediction loss (Lhist) leads to further improve-

ments on both datasets. Adding know-ctx helps enhance the performance on Doc2Dial while does not appear

to be effective on WoW, as explored further below. Adding posterior regularization (Ladv) is effective on

both datasets, while Doc2Dial gets more advantage from it especially on the unseen subset. Combining all

model components yields the best results.
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Method Doc2Dial WoW
Seen Unseen Seen Unseen

BERTQA-Span 76.9 72.7 – –
Multi-Sentence 85.3 81.6 68.0 57.8
DIALKI (Lnext only) 86.6 84.4 72.9 69.0
DIALKI 88.5 87.5 73.4 69.7

Table 3.6: Passage prediction accuracy on dev sets.

Figure 3.3: Similarity between z and the latest 4 history turn representations (i.e.,u1 . . .u4 from left to
right) on Doc2Dial (left) and WoW (right).

3.3.5 Analysis

Impact on Response Generation We apply BART [Lewis et al., 2020] to decode agent responses given

the concatenated dialogue context and grounding knowledge (e.g., document or predicted knowledge string)

as the input. BART is also used as the baseline for the agent response generation task on Doc2Dial [Feng

et al., 2020],9 where the model is given the dialogue history concatenated with the full document to decode

the next agent response. We conduct experiments on the same model architecture, with the knowledge

input being the predicted knowledge string or passage. Without changing the model at all, using knowledge

predicted by DIALKI leads to almost 3 points in the sacrebleu score [Post, 2018], as shown in Table 3.4.

Examples of generated responses are shown in Table 3.5.

Passage Identification Accuracy We map predicted knowledge strings back to the passages and calculate

the passage-level accuracy. Table 3.6 shows that DIALKI outperforms baseline models in locating the

passage containing the knowledge string. Notably, our models generalize well in passage prediction to

unseen documents or dialogue topics.

Similarity Between Global and History Turn Representations The dot product between z (the encoding

of the whole input sequence) and each history utterance representation ui (sigmoid normalized) is used

in the gating function g (defined in § 3.2.1) that gates the effect of each utterance ui in calculating span

9https://github.com/doc2dial/sharedtask-dialdoc2021
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Figure 3.4: EM versus the length of dialogue context (# previous turns) or document (# tokens).

embeddings. Figure 3.3 shows such normalized dot product scores between z and the latest four history turn

vectors. In Doc2Dial, the score is relatively high for the more recent user turn and decreases for earlier turns.

Such patterns are not observed in WoW. One potential reason is that each agent in a Doc2Dial conversation

has a clear goal to directly address user queries, while WoW conversations are more like social chat. This

distinction may explain why know-ctx does not work well on WoW. The reason for even higher similarities

with earlier turns in WoW could be that knowledge is related to people being referred to with pronouns with

names being introduced earlier.

Availability of History Knowledge Labels In Doc2Dial, we calculate the history knowledge prediction

loss (Lhist) for all history turns, since all the labels are available in the training set. In practice, it might not

be feasible to annotate all history turns, particularly user turns. Hence, we conduct experiments comparing

scenarios where history knowledge labels are given for all turns, agent turns only, random 50% agent turns,

or no turns. We get EM scores of 63.0, 62.7, 62.4 and 60.4 respectively, finding that removing user turn

labels and half of agent turn labels do not affect the results much.

Impact of Dialogue / Document Length Figure 3.4 shows the average EM scores vs. the dialogue context

and grounding document length on the Doc2Dial and WoW dev set. Dialogue context lengths are grouped

into 0-2 (short), 3-5 (medium) and ≥ 6 (long) history turns. In Doc2Dial, documents are categorized

as short, medium and long: 0-500, 501-1000 and 1000+ tokens, respectively. In WoW, documents are

categorized as short, medium and long: 0-800, 801-1600 and 1600+ tokens, respectively. DIALKI shows

less performance drop as the two input lengths increase compared with baselines that do not leverage the
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multi-passage structure of grounding documents.

Span Prediction Error Analysis We randomly select and analyze 50 examples from both Doc2Dial and

WoW where DIALKI makes wrong predictions (EM=0). Since DIALKI can achieve relatively high passage-

level prediction accuracy as shown in Table 3.6, we focus on analyzing prediction errors where the passage is

predicted correctly. Among the 50 examples from Doc2Dial, we find 6 error types of predicted knowledge:

(1) overlapped with the ground truth knowledge string while including redundant or missing relevant details

(38%); (2) relevant to the user query but at an incorrect granularity level (18%); (3) completely irrelevant

(16%); (4) relevant to history user queries instead of the current one (14%); (5) contains keywords of the

last user utterance that are irrelevant (10%); (6) wrong gold labels (4%).

For WoW, the conversation style is different and the predicted knowledge is a single sentence instead

of multiple spans, so prediction errors fall into different classes: (1) open-ended situations where the pre-

dicted knowledge is appropriate (48%); (2) unnatural for use in the next response (30%); (3) the predicted

knowledge is more appropriate to use than the ground truth (12%); (4) irrelevant knowledge that does not

answer the user’s questions (10%). The high percentage of open-ended examples explains the relatively low

evaluation scores of knowledge identification on WoW.

3.4 Summary

In summary, we introduce DIALKI to address knowledge identification in conversational systems with long

grounding documents, taking advantage of document structure to contextualize document passages together

with the dialogue history. DIALKI uses a multi-task objective that identifies knowledge for the next turn and

used knowledge for previous turns, which captures interconnections between the dialogue and the document.

Additional posterior regularization in learning further improves results. The model gives state of the art

performance for this task on Doc2Dial and Wizard of Wikipedia, respectively. We show that improvements

in knowledge selection transfer to response generation with a baseline generator.

The current study is limited by the static nature of the available data. Further work is needed to assess

performance in an interactive setting. In Chapter 5, we propose a task and models for information-seeking

conversations that consider a more interactive and realistic scenario; e.g., the user intent is ambiguous or no
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direct answer can be found in the document.

Ethical Considerations

Our work is primarily intended to address and encourage future work on the task of knowledge identifica-

tion in document-grounded dialogue systems. We believe that locating relevant knowledge to be used in

the following conversation can be useful for improving the interpretability of response generation models.

Knowledge identification can also play an important role in human-in-the-loop assistant scenarios. This

places greater control into the hands of human agents instead of automatic response generation models,

which tend to suffer from ethical issues like generating hallucinated [Zellers et al., 2019; Wu et al., 2021c]

or toxic content [Pavlopoulos et al., 2020].
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Chapter 4

CONQRR: Conversational Query

Rewriting for Retrieval with Reinforcement

Learning

4.1 Introduction

Who was the last person 
eliminated from 
Masterchef season 10?

Sarah Faherty was the 
last person eliminated …

When did the season air?

MasterChef season 10 
aired May 29 to 
September 18, 2019.

Who won?

Rewrite: 
Who won MasterChef 

season 10?

Off-the-shelf 
Retriever

Figure 4.1: A CQA agent rewrites the current user
question into a more effective one (in orange) for the
given off-the-shelf retriever to find the most relevant
passage.

In DIALKI (Chapter 3), the goal is to identify spe-

cific knowledge in a given document that is relevant

given the current dialogue context. In contrast, this

chapter addresses the problem of identifying a rele-

vant passage in a document collection. Passage re-

trieval in an open-domain conversational question

answering (CQA) system [Anantha et al., 2021],

compared to standard retrieval tasks [Voorhees and

Tice, 2000; Bajaj et al., 2018], poses new challenges

of understanding user questions within the dialogue

context. Most existing conversational retrieval models [Yu et al., 2021; Lin et al., 2021; Kim and Kim,

2022] rely on training specific retrievers like dual encoders [Karpukhin et al., 2020]. However, re-training
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well-established retrievers for conversational queries can be expensive or even infeasible due to their com-

plicated system designs (e.g., those used in search engines). Moreover, the preference and availability of

such off-the-shelf retrievers can vary depending on the end users.

The task of question-in-context rewriting or query rewriting (QR) in a conversation [Elgohary et al.,

2019; Dalton et al., 2020] is to convert a context-dependent question into a self-contained question. It

enables the use of any off-the-shelf retriever, which we define as a retriever that cannot be fine-tuned or

provide access to any of its internal architecture design or intermediate results (i.e., can only be seen as a

black-box).

Therefore, in this chapter, we focus on query rewriting for the task of conversational passage retrieval

in a CQA dialogue with any off-the-shelf retrieval system that can only be used as a black box. Specifically,

we seek to build a QR model that rewrites a user query into the input of the retriever, in such a way that

optimizes for passage retrieval performance. Figure 4.1 shows an example of our task, where given an off-

the-shelf retriever, the agent rewrites the current user query “Who won?” into a more effective query for

retrieval.

Recent work that leverages QR for conversational passage retrieval [Anantha et al., 2021; Dalton et al.,

2020] collects human-rewritten queries to train a supervised QR model. However, humans are usually

instructed to rewrite conversational queries to be unambiguous to a human outside the dialogue context,

which does not necessarily align with the goal in our task—to optimize the retrieval performance. Our

experiments will show that these human rewrites indeed sometimes omit information from the dialogue

context that is useful to the retriever. This limitation of human query rewrites impacts supervised training.

In addition, prior supervised QR models are agnostic to downstream retrievers as they are separately trained

using human rewrites that summarize the context from a human understanding perspective, i.e. without

considering what might be most effective for a retriever.

We propose a reinforcement learning (RL)-based model CONQRR (Conversational Query Rewriting

for Retrieval). It directly optimizes the rewritten query towards retrieval performance, using only weak

supervision from retrieval. We adopt a novel reward function that computes an approximate but effective

retrieval performance metric on in-batch passages at each training step. Our reward function does not as-

sume any specific retriever model design, and is generic enough for CONQRR to adapt to any off-the-shelf
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retriever.

We show CONQRR outperforms existing QR models on a recent large-scale open-domain CQA dataset

QReCC [Anantha et al., 2021] by over 12% and 14% for BM25 and a neural dual encoder retriever model

[Ni et al., 2022] respectively, averaging over three retrieval metrics. We observe the performance boost on

all three QReCC subsets from different conversation sources, including one that only appears in the test set

(i.e., out-of-domain).

This chapter contains material that was originally published in Wu et al. [2022]. I was the main contrib-

utor of this work, and discussed and wrote the paper with the other collaborators throughout the project.

4.2 Approach

Problem Definition We focus on the task of query rewriting (QR) for conversational passage retrieval

in a CQA dialogue, with an off-the-shelf retriever. The task inputs include a dialogue context x consisting

of a sequence of previous utterances (u1, u2, . . . , un−1), the current user question un, a passage corpus P

and an off-the-shelf retriever R.1 R cannot be fine-tuned but returns a ranked list of top-k passages when

given a query string and a passage corpus, and no other assumption about the model architecture of R can

be made. The task aims to rewrite x into a query q such that R can take q as the input query to retrieve

passages relevant to x from P . Specifically, a passage p is relevant to x if p provides enough information to

answer un in the context of (u1, u2, . . . , un−1).

In this section, we first describe a supervised QR model based on T5 (T5QR) [Lin et al., 2020a] that ap-

plies a generic Seq2Seq training objective with QR labels (§ 4.2.1). Then we introduce our RL-based frame-

work CONQRR (Conversational Query Rewriting for Retrieval) that trains a QR model to optimize towards

retrieval and is adaptable to any given off-the-shelf retriever, with weak retrieval supervision (§ 4.2.2).

4.2.1 T5QR

T5 is an encoder-decoder model that is pre-trained on large textual corpora [Raffel et al., 2020]. Following

Lin et al. [2020a], we fine-tune T5 to rewrite a conversational query with the input as the concatenation

of utterances in the dialogue context x and the output as the human rewrite q̂. Note that we concatenate

1To mimic practical use cases, R is usually assumed to be general purpose retriever with standard search queries.
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Figure 4.2: Our CONQRR framework. Yellow and blue arrows mark the flow of CE (unused when α =
1.0) and RL loss calculation, respectively. During inference, only q (dashed border) is generated as the final
rewrite.

the utterances in a reversed order such that un becomes the first one in the input string and any truncation

impacts more distant context. Utterances are separated with a separator token “[SEP]” in the concatenated

string. The model is then trained with a standard cross entropy (CE) loss to maximize the likelihood of

generating q̂, which is a self-contained version of the query un that can be interpreted without knowing

previous turns (u1, u2, . . . , un−1) in x.

4.2.2 CONQRR

QR models trained with a standard CE loss are agnostic to the retriever. In addition, human rewrites are not

necessarily the most effective ones for passage retrieval (see § 4.3.3 for an exploration).

This motivates us to design our RL-based framework CONQRR (Figure 4.2) that trains a QR model

directly optimized for the retrieval performance and can be adapted to any given off-the-shelf retriever.

Here, the RL environment includes the retriever model, dialogue context and passage candidates, in which

the QR model takes actions by generating rewritten queries and obtains rewards accordingly.

To be comparable with supervised QR models that do not use gold passages in training, we first describe

how we obtain weak retrieval supervision for the RL reward calculation in CONQRR. Then we introduce

the RL training details of CONQRR.
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Weak Retrieval Supervision In a CQA dialogue, each question naturally comes with an answer in its

following conversational utterance. For each x, we mark its weak passage label p as the one having a string

span with the highest token overlap score with the following answer string un+1:

p = argmax
p′∈P

[
argmax
s∈p′

sim(s, un+1)
]

(4.1)

where s is a string span in the passage p′ and sim() calculates the token overlap score as F1 assuming

un+1 is the target and s is the prediction.2 Tokens are lower-cased from the NLTK tokenizer.3 However,

as searching within all candidates in P is very time-consuming, we instead first use BM25 to retrieve the

top 100 passages from P with the BM25 input being the human rewrite,4 and then locate the best passage p

from these 100 candidates.

RL Training CONQRR also has T5 as the base model architecture, but it can also be initialized with

T5QR, which we explore in our analysis in § 4.3.

For each training example with the dialogue context x, we use the concatenated utterances in x as the

model input. For each input, we generate m sampled rewritten queries (qs1 , . . . , qsm) as well as a baseline

generated rewrite q. To generate each sampled rewrite qs, at time step t of the decoding process, a token

qts is drawn from the decoder probability distribution Pr(w|x, q1:t−1
s ) The baseline rewrite q is the output

of greedy decoding,5 which is also applied for query rewriting during inference. We then apply a self-

critical sequence training algorithm [Rennie et al., 2017] to calculate the reward for each qs relative to q as

r(qs, q) = score(qs) − score(q). The intuition is to reward/penalize the generation of sampled rewrites

that lead to better/worse retrieval performance than greedy decoding used during inference. Ideally, the

score() function should be some retrieval evaluation metric like mean reciprocal rank (MRR) or Recall@K.

However, as it is very costly to run actual retrieval for each training step, we instead use an approximate

scoring function described below.

To compute score(q̄) for a rewrite q̄, we first use q̄ to do retrieval from the in-batch passage candidates

2We randomly choose a passage if there is a tie in scores.
3https://www.nltk.org
4We show in § 4.3.3 that using the dialogue context as the BM25 input to induce weak supervision gives similar performance

(Figure 4.3), where no human rewrites are used.
5We tried beam search with various beam sizes and got similar results as greedy decoding.
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PX defined as follows, instead of from the full passage corpus P . We pre-compute one positive and one

negative passage (p and pn) for each training example x where pn is a randomly selected passage that is

different from p, 50% of the time from the top 100 BM25-retrieved candidates as hard negatives (with the

BM25 input being the human rewrite) and remaining 50% of the time from P . We define the set of all

such positive and negative passages of input examples in a batch X as the in-batch passage candidates PX .

Formally, we define PX = {pi, pin|xi ∈ X} as the set of in-batch passage candidates for the batch X . Then

for a generated rewritten query q̄ of x ∈ X , we calculate score(q̄) as a binary indicator of whether the

retriever R ranks the assigned positive passage p highest from PX . We denote R(q̄, PX , k) as the k-th most

relevant passage retrieved by R from the candidate pool PX , and define:

score(q̄) = 1
[
R(q̄, PX , 1) = p

]
(4.2)

Then the RL training loss for x becomes:

LRL = − 1

m

m∑
i=1

r(qsi , q) logPr(qsi |x)

Pr(qsi |x) =
|qsi |∏
t=1

Pr(qtsi |x, q
1:t−1
si )

Following prior work [Paulus et al., 2018; Celikyilmaz et al., 2018], we experiment with a pure RL loss

(LRL) and a mixed RL and CE loss in training:

Lmix = αLRL + (1− α)LCE (4.3)

where α ∈ [0, 1] is a tunable parameter.

Inference At inference time, both T5QR and CONQRR work in the same way. The trained QR model

greedily generates the rewritten query given a dialogue context. Then, the predicted rewrite is given to the

provided retriever to perform retrieval.

58



4.2.3 Retriever Models

We evaluate the effectiveness of CONQRR in experiments with two general-domain retrieval systems.

BM25 We follow Anantha et al. [2021] using Pyserini [Yang et al., 2017] with default parameters k1 =

0.82 and b = 0.68. These values were chosen based on retrieval performance on MS MARCO [Bajaj

et al., 2018], which contains non-conversational queries only. During the RL training of DIALKI, due to the

complexity of applying Pyserini to calculate rewards on-the-fly, we instead use a Pyserini approximate called

BM25-light. The only differences between them are that BM25-light (1) uses T5’s subword tokenization

instead of whole word tokenization and (2) does not use special operations (e.g., stemming) as applied

in Pyserini. After training, we still run inference and report retrieval performance on BM25. Pyserini

simply encodes the whole query input and each passage without truncating. We set maximum query and

passage length as 128 and 2000 for BM25-light, but only less than 0.1% cases require truncation with these

thresholds.

Dual Encoder (DE) We use a recent T5-base dual encoder model [Ni et al., 2022] which achieves state-

of-the-art performance on multiple retrieval benchmarks. This model is fine-tuned on MS MARCO, and

kept fixed for our experiments. The maximum query or passage length is 384. The average passage length

is 378, but we observe performance drop by further increasing the maximum length for the dual encoder.

4.3 Experiment

Dataset QReCC [Anantha et al., 2021] is a dataset of 14k open-domain English conversations in the

format of alternating user questions and agent-provided answers with 80k question and answer pairs in

total. The conversations are collected from different sources: QuAC [Choi et al., 2018], Natural Questions

[Kwiatkowski et al., 2019] and TREC CAsT-19 [Dalton et al., 2020] with additional annotations by crowd

workers. QReCC reuses questions in QuAC and TREC conversations and re-annotates answers. For each

NQ-based conversation, they only use one randomly chosen question from NQ to be the starting question

and then annotate the remaining conversation. Therefore, QReCC can be divided into three subsets for

evaluation. We name them as QuAC-Conv, NQ-Conv and TREC-Conv respectively to differentiate them
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from the original datasets from which they are derived. In total, there are 63k, 16k and 748 question and

answer pairs in QuAC-Conv, NQ-Conv and TREC-Conv respectively, where TREC-Conv only appears in

the test set. The original data is only divided into train and test sets. We randomly choose 5% examples from

the train set to be our validation set. Each user question comes with a human-rewritten query. For each agent

turn, gold passage labels are provided if any. In some conversations from QuAC-Conv, the first user query is

ambiguous as it depends on some topical information from the original QuAC dataset. Therefore, in order

to fix this issue, we follow Anantha et al. [2021] to replace all first user queries in QReCC conversations

with the their corresponding human rewrites.

QReCC is a publicly available dataset that was released under the Apache License 2.0 and we use the

same task set-up proposed by the original QReCC authors. The entire text corpus for retrieval contains 54M

passages, segmented in the released data.6

Evaluation Metrics Following Anantha et al. [2021], we use mean reciprocal rank (MRR), Recall@10

and Recall@100 to evaluate the retrieval performance by using the provided evaluation scripts.7 We use

their updated evaluation script for most experiments, except that we also use the original version for cal-

culating scores in Table 4.2 to compare with their reported QReCC baseline results. We note that these

two evaluation scripts only differ by a scaling factor8 so they should lead to the same conclusions regarding

model comparisons.

Implementation Details Our models are implemented using JAX.9 For training, we set 64, 1k and 10k

as the batch size, warm-up steps and total training steps, respectively. We use e−3 and e−4 as the learning

rate for T5QR and DIALKI, respectively. We use Adafactor [Shazeer and Stern, 2018] as our optimizer with

the default parameters. Linear decay is applied after 10% of the total number of training steps, reducing

the learning rate to 0 by the end of training. Following prior work on RL for text generation [Paulus et al.,

2018; Fisch et al., 2020], we first initialize CONQRR with a supervised model (T5QR) [Lin et al., 2020a]

as a warm-up. Our RL optimization (self-critical sequence training [Rennie et al., 2017]) uses a policy

6Original QReCC data: https://zenodo.org/record/5115890#.YZ8kab3MI-Q.
7Both original and updated evaluation scripts: https://github.com/scai-conf/SCAI-QReCC-21.
8This is due to the exclusion of test examples with no valid gold passage labels (roughly 50%) in the updated evaluation, which

results in 6396, 1442 and 371 test instances for QuAC-Conv, NQ-Conv and TREC-Conv, respectively.
9https://github.com/google/jax
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QR Model IR System
QReCC (Overall) QuAC-Conv NQ-Conv TREC-Conv (OOD)∗

MRR R10 R100 MRR R10 R100 MRR R10 R100 MRR R10 R100

T5QR BM25 0.328 52.5 84.7 0.33 52.7 85.0 0.345 54.2 83.9 0.230 44.5 82.3
DIALKI (mix) BM25 0.373 58.5 90.2 0.379 59.2 90.9 0.385 58.8 88.9 0.229 44.7 82.7
DIALKI (RL) BM25 0.383 60.1 88.9 0.395 61.6 90.2 0.378 58.0 86.7 0.198 43.5 75.9

Human Rewrite BM25 0.398 62.6 98.5 0.403 62.9 98.4 0.408 63.8 99.0 0.273 53.8 98.9

T5QR DE 0.361 56.2 75.9 0.349 55.7 76.1 0.417 58.7 74.2 0.343 55.9 79.2
DIALKI (mix) DE 0.395 61.9 81.8 0.387 62.0 82.4 0.439 62.2 79.0 0.361 58.9 81.0
DIALKI (RL) DE 0.418 65.1 84.7 0.416 65.9 85.8 0.453 64.1 80.9 0.327 55.2 79.6

Human Rewrite DE 0.422 64.8 84.0 0.409 64.5 84.1 0.483 65.8 83.2 0.411 66.0 86.5

Table 4.1: Passage retrieval performance on QReCC test set and 3 subsets. DIALKI (mix) beats the super-
vised T5QR model on all retriever system and test set combinations. ∗ OOD (out-of-domain): only appear
in the test set.

gradient method with Monte Carlo sampling. In § 4.3.2, our models use T5-base as the base model, and in

§ 4.3.3 we explore initializing with T5QR showing the potential for some additional performance gains. We

experiment with CONQRR trained with either a mixed (Lmix) or pure RL (LRL) loss. For the mixed loss,

we observe that CONQRR works well when the RL loss weight α is large.10 We tune its values in 0.9, 0.95,

0.97, 0.99, and use 0.99 as the final value. For supervised training, models are selected based on the best dev

set Rouge-1 F1 score with the human rewrites, following Anantha et al. [2021]. For RL-based training of

DIALKI, models are selected based on the average in-batch gold passage prediction accuracy as in Eq. (4.2)

on dev set with greedily decoded rewrites. For the experiment with the pure RL loss and the retriever BM25,

our results are obtained with the initialized T5QR model being fine-tuned with only 10% QR labels, as we

find initializing with a model using 100% QR labels is unstable for BM25. Previous work [Wu et al., 2021b]

also had a similar observation that initializing with a less trained model leads to more stable RL training.

The maximum length of the dialogue context fed into the QR model is 384 (longer than 97.9% dialogue

contexts in QReCC) and the maximum output rewrite length is 64 (longer than 99.9% human rewrites). To

generate each sampled rewrite qs (see § 4.2.2), we apply top-k sampling where k = 20. For each training

example, we sample 5 rewrites in total (i.e., m = 5 for the RL training explained in Section 4.2.2). Each

training process is run on 8 TPU nodes. It takes about 2 and 9 hours for the supervised and RL-based

training, respectively. For each experiment, we observe similar performance or training curves for 2-3 runs

and report numbers on a random run. Both T5QR and DIALKI are based on T5-base and have about 220M

10We also experiment with α = 0.0, where the RL loss is removed for both retrievers, and get similar results as T5QR.
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parameters.

4.3.1 Compared Systems

For QR models, we compare three supervised models including GPT2 with weak supervision (WS) [Yu

et al., 2020], a GPT2-medium based system that additionally leverages search sessions to create weak su-

pervision for QR training before fine-tuning, T5QR [Lin et al., 2020a] and Transformer++, the previous

state-of-the-art model based on GPT2-medium [Vakulenko et al., 2021] and reported in the original dataset

paper [Anantha et al., 2021], as well as CONQRR (mix/RL) with a mixed (Lmix) or pure RL (LRL) loss.

For analysis purposes, we also report performance for directly using the concatenated dialogue context as

the retriever input without any query rewriting in § 4.3.3. We experiment with two off-the-shelf retrievers,

BM25 and DE (§ 4.2.3).

4.3.2 Quantitative Results

To have a direct comparison with the original QR baseline Transformer++, which has the retrieval perfor-

mance reported on the overall QReCC test set by using BM25 as the off-the-shelf retriever, we first compare

all QR models in the same setting in Table 4.2 and use both the original and updated versions of the pro-

vided evaluation script. GPT2 + WS has similar performance as Transformer++. T5QR and CONQRR

outperform the Transformer++ baseline by 5% and 18% respectively, averaged on three metrics,11 although

Transformer++ is based on a larger base model - GPT2-medium. Therefore, CONQRR (RL) becomes the

state-of-the-art QR model for conversational passage retrieval on QReCC with the original BM25 retriever

in Anantha et al. [2021].

Table 4.1 shows more comprehensive retrieval results comparing CONQRR and the supervised model

T5QR, with the updated evaluation script. For the overall QReCC test set, CONQRR outperforms T5QR

for all three metrics. For MRR and Recall@10, gains are roughly 15% with the RL loss and 9-14% with

the mixed loss for both retrievers. Gains in Recall@100 vary more (4-12%). Breaking down the results

by subset shows that the mixed loss is more robust. CONQRR (RL) is less effective for the TREC-Conv

subset, which only appears in the test set. This suggests that RL loss alone does not generalize well to out-

11We obtained prediction results from the authors and reran their evaluation script. The numbers we got are slightly lower than
what they reported, but do not affect the conclusions.
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QR Model
Original Eval Updated Eval

MRR R10 R100 MRR R10 R100

GPT2 + WS 0.152 24.7 41.5 0.304 49.6 83.1
Transformer++ 0.155 24.8 40.6 0.311 49.8 81.4
T5QR 0.164 26.2 42.3 0.328 52.5 84.7
DIALKI (mix) 0.186 29.2 45.0 0.373 58.5 90.2
DIALKI (RL) 0.191 30.0 44.4 0.383 60.1 88.9

Human 0.199 32.8 49.4 0.398 62.6 98.5

Table 4.2: Passage retrieval performance of QR models, comparable to scores in Anantha et al. [2021] by
using the same BM25 retriever for QReCC test set. DIALKI achieves state-of-the-art results. Recall@10
and Recall@100 are abbreviated as R10 and R100.

of-domain examples. Across all subsets, the best MRR and Recall@10 results are consistently from DE,

whereas BM25 has better Recall@100 scores. Although previous work [Karpukhin et al., 2020] shows that

DE retrievers generally lead to better recall scores than BM25, one potential reason for a lower Recall@100

score of DE is that we use an off-the-shelf retriever for our retrieval task while most previous work that

compares BM25 and DE focuses on fine-tuning the DE model. Without being fine-tuned, a DE model may

be more vulnerable to domain shift than BM25. On the other hand, prior work [Luan et al., 2021] shows that

a DE model’s performance would drop as the passage length increases. In the QReCC dataset, the average

passage length is 378, which is relatively long according to [Luan et al., 2021].

4.3.3 Analysis

Zero or Few QR Supervision We investigate how sensitive CONQRR and T5QR are to the availability

of QR labels. We experiment with training T5QR with 0%, 1%, 10% or 100% of QR labels in the QReCC

train set. For the case of 0% examples, we simply use the original T5 checkpoint without fine-tuning. When

training CONQRR, we mask out the CE loss in Eq. (4.3) for unused QR labels in training its initialized

T5QR model, and we use the concatenated dialogue context as the BM25 input to obtain weak gold and

hard negative passages for each training example, instead of using human rewrites. Figure 4.3 plots the

curve of MRR on the overall QReCC test data using DE as the retriever versus the percentage of QR labels

used for training. We see that CONQRR can already significantly outperform T5QR with even 0% or 1% of

QR supervision.

The 0% QR label result for RL is similar to RL result in Table 4.1 (≈ 0.42 MRR), showing that using
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Figure 4.3: MRR on QReCC versus the percentage of QR supervision used for training, with DE as the
retriever.

the dialogue context is as effective as the QR label for choosing positive and hard negative passages for

RL training. Performance of the RL and mixed loss are similar when there is little supervision, roughly

tracking the trends of the T5QR model that it is initialized with. The small difference between training with

the mixed and RL loss with 0% QA label comes from their difference in α in Eq. 4.3. The finding that

performance degrades for the mixed loss with 100% supervision may be due to a mismatch in the CE and

RL losses as minimizing the CE loss does not directly optimize the retrieval performance. Training with

RL reaching the best performance with 100% QR labels shows that initializing with T5QR gives a benefit.

T5QR is more sensitive to QR supervision but also does not require many QR labels for training, as its curve

becomes flattened after 1% supervision.

Effects of Topic Shift & Human Rewrites We hypothesize that a context involving a topic shift will

present the greatest challenges for conversational passage retrieval. To explore this factor, we split the

QReCC data into topic-concentrated and topic-shifted subsets as follows. A test example (with at least one

previous turn) is considered topic-concentrated if the gold passage of the current question comes from a

document that was used in at least one previous turn. In contrast, a test example (with at least one previous

turn) is considered topic-shifted if the gold passage of the current question comes from a document that

was never used in any previous turn. There are about 4.7k and 1.1k examples in the topic-concentrated

and topic-shifted subsets, respectively. We compare the retrieval performance of different retriever inputs:

dialogue context (which uses the concatenated dialogue history without QR), the predicted rewrite from

T5QR and CONQRR with two loss alternatives, and the human rewrite. Table 4.3 shows that the dialogue
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Input IR
Topic-Concentrated Topic-Shifted
MRR R10 R100 MRR R10 R100

Dial Context BM25 0.620 81.4 94.9 0.154 39.1 68.6
T5QR BM25 0.352 54.4 84.0 0.252 45.1 79.1
DIALKI (mix) BM25 0.419 63.1 91.2 0.252 45.9 82.1
DIALKI (RL) BM25 0.444 66.2 90.3 0.233 44.5 78.4

Human Rewrite BM25 0.440 66.7 98.8 0.318 56.7 98.4

Dial Context DE 0.551 78.1 93.2 0.179 35.7 61.4
T5QR DE 0.353 55.7 75.4 0.329 50.8 69.2
DIALKI (mix) DE 0.404 63.8 83.4 0.334 53.2 72.6
DIALKI (RL) DE 0.445 69.3 87.8 0.303 50.4 73.3

Human Rewrite DE 0.424 65.5 84.5 0.397 61.0 79.8

Table 4.3: Performance of using different retriever inputs for Topic-Concentrated or Topic-Shifted exam-
ples.

context outperforms even the human rewrite on the topic-concentrated set by 22% and 17%, averaging over

three metrics, for BM25 and DE respectively, which shows the limitation of human rewrites. We also see

that CONQRR (RL) surpass the human rewrite on the topic-concentrated set on MRR for BM25 and all

three metrics for DE.

However, for the topic-shifted set, the human rewrite outperforms the dialogue context by 52% and 61%,

averaging over three metrics, on BM25 and DE, respectively. The predicted rewrite by CONQRR (mix)

outperforms the dialogue context by 30% and 44% on BM25 and DE, respectively. Therefore, compared

with dialogue context, QR has great value in the aspect of robustness to topic shifts. When comparing with

human rewrites, we also see room for improvement for QR models.

These observations are largely unexplored in previous work, and they motivate our work on the task of

QR for conversational passage retrieval in general, and optimizing directly towards retrieval.

Effect of Dialogue Context Length Figure 4.4 shows the MRR score on topic-concentrated and topic-

shifted subsets with DE as the retriever for various dialogue context lengths. Dialogue context lengths are

grouped into 1-2, 3-4 and ≥ 4 previous utterances (including the current question). For topic-concentrated

conversations, all compared models have similar robustness to the dialogue context length and CONQRR

(mix) is slightly more robust than T5QR. For topic-shifted conversations, both QR models and human

rewrites show little drop or even an increase in performance as the context length gets longer. In con-

trast, the robustness of the dialogue context worsens with longer contexts, which confirms the importance
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Figure 4.4: MRR versus the number of questions in the dialogue context, with DE as the retriever.
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Figure 4.5: Evaluation scores on QReCC for T5QR w/ or w/o brevity penalty and DIALKI (mix), with DE
as the retriever. Recall scores (R@k) are divided by 100.

of QR discussed above. We have similar observations for other metrics as well as for the BM25 retriever.

Quantitative Attributes of Rewrites Table 4.4 shows the average number of tokens per rewrite, and

the percentage of overlapping tokens (excluding stopwords) between the rewrite and the gold passage(s).

CONQRR generally generates longer rewrites with more overlapping tokens with gold passage(s), compared

with T5QR. With DE as the retriever, CONQRR (RL) generates more than double the length of T5QR,

CONQRR (mix) and even human rewrites.

We hypothesize that simply generating a longer rewritten query is not the only factor that contributes

to better retrieval performance. We investigate this by applying a brevity penalty [Wu et al., 2016] during

decoding for T5QR such that its average query length matches that of DIALKI (mix). Figure 4.5 shows that

DIALKI (mix) still outperforms T5QR with the brevity penalty for all three evaluation metrics on QReCC.
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QR Model
QuAC-Conv NQ-Conv TREC-Conv

L % OL L % OL L % OL

T5QR 10.9 35.8 8.9 40.4 8.2 37.8
Ours (mix) w/ BM25 12.1 37.2 9.5 42.1 8.5 38.8
Ours (RL) w/ BM25 11.2 40.2 10.1 44.6 9.4 39.4
Ours (mix) w/ DE 12.1 37.2 9.6 41.7 8.7 39.1
Ours (RL) w/ DE 28.2 51.1 21.7 55.8 18.3 44.3

Human 12.1 37.2 9.3 43.0 8.4 41.7

Table 4.4: Average number of tokens (L) and the percentage of overlapping tokens (OL) with the gold
passage(s) in output rewrites.

Dialogue
Context

Q: What were John Stossel’s most popular publica-
tions?
A: Give Me a Break: How I Exposed Hucksters,
Cheats, and Scam Artists and Became . . .
. . .
Q: What was the response?

Q: What were some notable live performances at the Buena
Vista Social Club?
A: Ibrahim Ferrer and Rubén González . . .
. . .
Q: What other live performances are important?

Gold
Passage

Stossel has written three books. Give Me a Break:
. . . It was a New York Times bestseller for 11 weeks
. . .

The first performances . . . Ibrahim Ferrer and Rubén
González performed together . . . a 1999 Miami perfor-
mance . . .

DIALKI
(mix)

What was the response to John Stossel’s book, Give
Me a Break? (Rank=2)

What other live performances at the Buena Vista Social
Club are important besides Ibrahim Ferrer and Rubén
González? (Rank=2)

T5QR What was the response to the book Give Me a Break?
(Rank >100)

What other live performances are important at the Buena
Vista Social Club? (Rank=18)

Human What was the response to Give Me a Break: How I
Exposed Hucksters, Cheats, and Scam Artists and Be-
came the Scourge of the Liberal Media? (Rank >100)

What other live performances of the Buena Vista Social
Club are important? (Rank=17)

Table 4.5: Examples of predicted rewrites and the gold passage ranks by using them as the DE retriever
input. The gold answer is italicized in the gold passage.

Rewrite Quality Analysis and Examples In order to understand why rewrites generated by CONQRR

lead to better retrieval performance and even sometimes outperform human rewrites,12 we sampled 50 ex-

amples where CONQRR (mix) leads to better ranking of gold passages than human rewrites (using DE

retriever). We notice that 70% of CONQRR generated rewrites contain additional context and (correct)

information when compared to human rewrites. The remaining 30% contain alternative or less context in-

formation than human rewrites. In such cases, potentially because the information in human rewrites is

less relevant to gold passages, it led to a lower gold passage rank. Overall, these CONQRR rewrites are as

fluent as human rewrites and contain no major misinterpretation of the dialogue context. Table 4.5 shows

12This is only for analysis purposes. Note that the goal of our predicted rewrites is to improve retrieval performance instead of
directly being used by end users.
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Dialogue
Context

Q: What is Get ’Em Girls?
A: Jessica Mauboy’s second studio album, Get ’Em
Girls (2010).
. . .
Q: Did she receive any awards or honors during these
years?

Q: What is one actress who was a Bond girl?
A: Ursula Andress in Dr. No is widely regarded as the
first Bond girl. . . .
. . .
Q: Who was another Bond girl?

Gold
Passage

. . . Mauboy performed “Get ’Em Girls” at the 2010

. . . received her first nomination for Young Australian
of the Year . . .

. . . Ursula Andress (as Honey Ryder) in Dr. No (1962)
is widely regarded as the first Bond girl, although she
was preceded by both Eunice Gayson as Sylvia Trench
and . . .

DIALKI
(mix)

Did Jessica Mauboy receive any awards or honors dur-
ing the years she released Get ’Em Girls? (Rank=7)

Who was another Bond girl besides Ursula Andress in
Dr. No? (Rank=7)

T5QR Did Jessica Mauboy receive any awards or honors dur-
ing these years? (Rank >100)

Who was another Bond girl? (Rank=68)

Human Did Jessica Mauboy receive any awards or honors dur-
ing the 2010s? (Rank=24)

Who was another Bond girl, besides Ursula Andress?
(Rank=12)

Table 4.6: Examples of predicted rewrites and the gold passage ranks by using them as the BM25 retriever
input. The gold answer is italicized in the gold passage.

Dialogue
Context

Q: What did Jan Howard do in the early 60s?
A: In 1960, Jan Howard went to Nashville, Tennessee, where they appeared on The Prince Albert Show, the
Grand Ole Opry segment carried nationally by NBC Radio.
Q: Did she get a record deal?

DIALKI
(mix)

Did Jan Howard get a record deal? (Rank=69)

Human Did Jan Howard get a record deal in 1960 after her appearance on The Prince Albert Show? (Rank=6)

Table 4.7: Error analysis example 1: DIALKI (mix) rewrite contains less context than the human rewrite,
which leads to worse ranking of the gold passage.

two examples of generated rewritten queries of T5QR and CONQRR (mix) trained with DE in the loop, as

well as the human rewrites. In the left example, the CONQRR rewrite includes an entity “John Stossel”

that is mentioned in the gold passage but not included by rewrites from T5QR or Human. Thus, even if the

human rewrite is longer by containing the book’s full name, CONQRR enables more efficient retrieval with

a partial book name along with its author name. In the right example, CONQRR generates a longer rewrite

containing richer contextual information. We have similar observations for BM25 and put predicted rewrites

from DIALKI (mix) that is trained towards BM25 in Table 4.6. Gold passage ranks are shown in the table,

using the predicted rewrites as the BM25 retriever input.

For error analysis, we sampled another 50 examples where CONQRR (mix) leads to worse ranking of

gold passages than human rewrites with DE. All were deemed fluent. We found in most of these cases,

CONQRR rewrites contain less context than human rewrites (56%) or additional information with a misin-
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Dialogue
Context

Q: What is the keto diet?
. . .
A: The Paleolithic diet, Paleo diet, caveman diet, or stone-age diet is a modern fad diet requiring the sole or
predominant eating of foods presumed to have been available to humans during the Paleolithic era.
Q: What do they have in common?

DIALKI
(mix)

What do the Paleolithic diet and the stone-age diet have in common? (Rank=78)

Human What do paleo diet and keto diet have in common? (Rank=1)

Table 4.8: Error analysis example 2: DIALKI (mix) rewrite contains a misinterpretation of the user
request, which leads to worse ranking of the gold passage than the human rewrite.

terpretation of the user request (34%). Table 4.7 and 4.8 contain examples where CONQRR (mix) rewrites

have worse ranking of the gold passage than human rewrites, from our error analysis. In the two examples,

the DIALKI rewrite contains less context than human rewrites or a misinterpretation of the user request.

4.4 Summary

To summarize, we introduce CONQRR to address query rewriting for conversational passage retrieval with

an off-the-shelf retriever. Motivated by our analysis showing both the limitations and utility of human

rewrites, which are unexplored by prior work, we adopt RL with a novel reward to train CONQRR directly

towards retrieval. As shown, CONQRR is the first QR model that can be trained adaptively to any off-

the-shelf retriever, and achieves state-of-the-art retrieval performance on QReCC with conversations from

3 different sources. It shows better performance with zero QR supervision when compared with strong

supervised baselines trained with full QR supervision.

A direction for future work includes leveraging QR to facilitate other tasks like question answering

and response generation in a full CQA system, as well as sentence rewriting in a document [Choi et al.,

2021]. Future investigation is needed to explore conversations with other discourse relations like asking for

clarifications besides alternating questions and answers in current CQA datasets.

Limitations

We show in § 4.3.3 (Table 4.3) that compared to directly use dialogue context without QR, a QR model

has great value in robustness to topic shifts when used with an off-the-shelf retriever. However, if most
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Input
Topic-Concentrated Topic-Shifted
MRR R10 R100 MRR R10 R100

Dial Context 0.643 87.7 96.9 0.312 56.2 81.9
DIALKI (mix) 0.588 84.0 96.9 0.259 48.3 77.2

Human Rewrite 0.510 79.9 95.2 0.380 61.3 86.0

Table 4.9: Results of using the dialogue context, predicted rewrite or human rewrite as the retriever input
with the finetuned DE as the retriever.

conversations of interest are topic-concentrated, we show that using the dialogue context itself may already

work well. Although we focus on the fixed retriever setting in this work, we illustrate in Table 4.9, that if

the downstream retriever is allowed to be fine-tuned, our best QR model CONQRR (mix) underperforms

compared to the dialogue context in both topic-concentrated and topic-shifted scenarios, and thus the benefits

of QR as an intermediate step require further justification in that setting. Nevertheless, the table still shows

that human rewrites have an advantage on topic-shifted conversations over dialogue contexts. Therefore, it

would be interesting for follow-up studies to investigate the design of a QR model that reaches close to the

performance with human rewrites on topic-shift scenarios with a fine-tunable retriever. Then, combining

the dialogue context with the rewritten query for retrieval may help further improve the overall retrieval

performance.

The training time of CONQRR is longer than fine-tuning a DE retriever of a similar model size (9 vs 2

hours) because for each training step of CONQRR, CONQRR needs to do autoregressive decoding to get

greedily decoded and sampled q and qs. However, re-indexing passages after fine-tuning the retriever can

be very time-consuming (about 24 hours) and memory-consuming. In addition, CONQRR can also be used

for any blackbox retriever such as search engines that are infeasible to fine-tune or be replaced.

Another downside of QR is that for out-of-domain and topic-shifted scenarios, QR may still require

additional labels to achieve robust performance. Although we show that CONQRR (RL) initialized with T5

can work well without QR labels on the overall QReCC test set, CONQRR (RL) does show worse robustness

to out-of-domain and topic-shifted examples when compared with CONQRR (mix). Therefore, training a

more robust CONQRR model may still require additional annotation efforts to collect human rewrites.

CONQRR has only been tested on the standard CQA dialogue format of alternating questions and an-

swers. To facilitate more practical use cases with more diverse dialogue acts or discourse relations (e.g., the
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agent asks a clarification question to the user), further investigation is needed.

Ethical Considerations

Our work is primarily intended to leverage query rewriting (QR) models to facilitate the task of conver-

sational passage retrieval in an open-domain CQA system. Retrieving the most relevant passage(s) to the

current user query in a conversation would help to generate a more appropriate agent response. Predicted

rewrites from our QR model are mainly intended to be used as intermediate results (e.g., the inputs to the

downstream retrieval system). They may also be useful for interpretability purposes when a final response

does not make sense to the user in a full CQA system, but that introduces a potential risk of offensive text

generation. In addition, to prevent the retriever from retrieving passages from unreliable resources, filtering

of such passages in the corpus should be performed before any practical use.
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Chapter 5

INSCIT: Information-Seeking

Conversations with Mixed-Initiative

Interactions

5.1 Introduction

What system is film speed 
measured on?

Would you like to know about 
historical or current systems?

I would like to know more 
about the current system.

The current International 
Standard for measuring the 
speed …

What about the historical 
systems?

There were many historical 
systems including ... Would 
you like to know more about 
one of these …?

How many people attended the 63rd 
Annual Grammy Awards ceremony?

I only found that 8.8 million 
viewers in the US watched it, 
making it the least-viewed ...

If that was the least viewed, which 
Grammys were the most viewed?

What system was implemented for the 
first time in the 2010 UK general election?

I have not found any system that 
was claimed to be first used ... 
However, I found a voting system 
used called the first-past-the-post.

What’s the first-past-the-post system?

#1

#2

#3

Figure 5.1: INSCIT examples show that user
queries can often be under-specified and require
clarification (left), or have no direct answer but
where providing relevant information may fulfill
users’ information needs (right).

An important advantage of conversational information-

seeking systems is that users do not need to come up

with a very descriptive query by themselves [Webb

and Webber, 2009; Rieser and Lemon, 2009; Kon-

stantinova and Orasan, 2013]. In realistic settings,

as shown in Figure 5.1, users can start with a re-

quest that is under-specified or has no direct answer,

and through conversational interactions, the agent can

collaboratively guide users to refine (left) or relax

their queries and proactively suggest relevant infor-

mation that may partially satisfy the user’s infor-

mation needs (right). This collaboration requires a
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mixed-initiative dialogue, where both the user and agent can direct the flow of the conversation.

Handling such realistic user requests poses challenges to a conversational agent system. A compre-

hensive search can result in multiple passages from the knowledge source, which may provide different

components of an answer (possibly incomplete) or multiple answers that surface ambiguities in the user

query. Depending on the available information, the agent needs to use different strategies, which might

involve summarizing the results, providing partial information, or trying to clarify an ambiguity. However,

existing information-seeking conversation datasets rarely contain conversations where agents initiate dif-

ferent interaction strategies. As a result, most conversational question answering (CQA) work focuses on

user-initiative interactions, where the agent simply responds to user questions with direct answers or uses no

answer for out-of-scope queries [Choi et al., 2018; Reddy et al., 2019; Adlakha et al., 2022]. Other work

studies clarification questions using artificially-created data, failing to capture natural information-seeking

interactions [Saeidi et al., 2018; Feng et al., 2020; Aliannejadi et al., 2021; Guo et al., 2021]. In addition,

most of them only rely on a single evidence string or passage for agent response construction.

To support research in mixed-initiative conversations, we introduce INSCIT (pronounced Insight), a

dataset for Information-Seeking Conversations with mixed-initiative Interactions, where agents take vari-

ous strategies, such as providing direct answers (72%), raising clarifications (13%), and presenting relevant

partial information (13%), to address users’ information needs. It contains 805 natural human-human con-

versations with 4.7K user-agent turns over diverse topics, collected through a scalable annotation pipeline

and careful quality control. To simulate realistic information-seeking scenarios, users write queries with

minimal restriction, and human agents decide on different strategies to respond, after searching over the

knowledge source (i.e., Wikipedia) for evidence passages.

We formulate two tasks for the conversational agent system: (1) identify a set of evidence passages from

Wikipedia, and (2) generate a response grounded in the evidence. Since handling queries with multiple

evidence passages or no direct answer can be open-ended, we emphasize the need for human evaluation,

and propose a systematic human evaluation protocol that considers diverse aspects including coherence,

factual consistency and information comprehensiveness.

We present two strong baselines based on the state-of-the-art in open-domain question answering [Karpukhin

et al., 2020; Izacard and Grave, 2021] and conversational knowledge identification [Wu et al., 2021d]. While
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the systems achieve substantial improvements over a trivial baseline, there is still significant room for im-

provements, especially for scenarios requiring agent strategies other than providing a direct answer. Our

analysis suggests that the key remaining challenges are improving passage identification and fusing com-

prehensive information from multiple passages by leveraging different strategies. We present detailed dis-

cussion and avenues for future work.

This chapter contains material that was originally published in Wu et al. [2023b]. I was the main contrib-

utor of this work, and Ryu Parish helped with setting up data collection pipeline as well as baseline models.

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

5.2 Task Formulations

We define two task formulations for INSCIT, namely passage identification and response generation. These

two tasks mimic how an agent responds to each information-seeking user request, by first searching for rel-

evant information over the knowledge source and then constructing the response based on the gathered

information. Comparing with prior studies on open-domain information-seeking conversations [Anantha

et al., 2021; Adlakha et al., 2022], the key challenges in our tasks come from identifying and fusing com-

prehensive information from multiple passages to construct responses using different strategies, rather than

a single passage and a short answer.

At the nth agent turn, both tasks have the same input: all previous utterances (i.e., dialogue context)

X = [u1, a1, u2, a2, ..., un], the corpus of all passage candidates C, and the previously used passages

{P1,P2, ...,Pn−1} where each Pi = {p1i , p2i , ..., p
|Pi|
i } is the set of passages used in the ith agent turn

ai. C is defined as all textual paragraphs (i.e., passages) in a full Wikipedia dump.1

For passage identification, we require the model to predict a set of passages P̄n from C, containing

comprehensive and relevant information to the current user request un in the dialogue context X , which

serves as evidence for the response generation task—generating the next agent response ān. This is different

from the passage retrieval task where only a ranked list of relevant passages is predicted. Identifying specific

knowledge to be used in the response can be important for model interpretability purposes as well as for

evaluating how well a model grounds the response generation in the knowledge source. Ideally, all factual

1We use the dump of 04/20/2022.
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Dialogue Context:
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      Direct answer 
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Your Response:
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…
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…

Valid?

           A             B
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           A             B
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…

Your Response:

I would like to know 
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current system.

Dialogue Context:
[User]: What system is 
film speed measured 
on?
[Agent]: Would you like 
to know …

User

…

(a) (b) (c) (d)2 Agents

A
Task Input

Annotation

Figure 5.2: Each conversation is annotated in a series of user → agent → validator tasks. One worker
is dedicated to each user/validator task but two workers work in parallel on the agent turn annotation (see
discussion in § 5.3.1).

information contained in ān should be consistent with P̄n, and every passage in P̄n should provide at least

one unique information piece as evidence for ān.

In interactive dialogues, each predicted evidence P̄i and response āi are used in the dialogue context for

later conversations. However, to use pre-collected dialogues with automatic evaluation metrics, the input

context must be the same as that leading to the human reference response. This is also consistent with

setups in previous information-seeking dialogue studies that are discussed in § 2. Therefore, the gold {Pi}

and {ai} are used here as inputs in testing.

5.3 Data: INSCIT

INSCIT is a new information-seeking conversation dataset where the agent interprets the user intent and

provides comprehensive information grounded in Wikipedia via natural human-human interactions. In this

section, we present our data collection pipeline, quality control mechanisms, and analyses that show the

characteristics and diversity of the user and agent turns.
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5.3.1 Data Collection Pipeline

We recruit user, agent and validation workers2 to create and annotate user/agent turns and validate agent

annotations, respectively. Due to the asymmetric time spent by the user and the agent workers in a con-

versation, we design a separate annotation task for each user or agent turn, following Wen et al. [2017] to

annotate each dialogue in a pipelined fashion. This framework has proved to be efficient while maintaining

the conversation coherence by requiring each worker to read all previous utterances. Our data collection has

IRB approval and is deemed exempt.

Figure 5.2 illustrates the data collection and annotation pipeline. Each conversation starts with an initial

user turn, where the worker asks a question after reading a text snippet from a seed document. Then, two

agents independently search for relevant passages in Wikipedia, provide a response, and categorize their

response. Validation follows after each user-agent turn. We refer to the retrieved passages, contributed text,

and validations collectively as “annotations.” The user/agent/validation process is repeated for 7 turns or

until responses are found to be invalid. Details for each step follow.

Seed Document Selection To diversify conversation topics, we sample seed Wikipedia articles, used for

triggering initial user requests, from 5 different topic categories—food and drink, hobby, historical events,

geography and weekly top-25 pages. Additionally, we leverage the top-down tree structure of Wikipedia

categories3 and sample articles at various tree depths under each of the first 4 categories. Weekly top-25

pages are from Wikipedia weekly reports of 2021.4 Figure 5.3 (left) shows the distribution of sampled seed

documents under each category and their corresponding depths.

User Turn Here, a user worker is asked to write an initial query or follow-up response to continue the

existing conversation. To trigger each conversation (Figure 5.2 (a)), the user worker is presented with the

leading paragraph of a seed article, and is instructed to ask a question they are interested in but cannot find the

answer from the paragraph. The article content outline containing all section titles is also provided to help

with the question construction. The annotation for each following user turn (d) starts after the completion of

the previous agent annotation (b) and the validation step (c), based on all previous conversation utterances.

2We use Amazon Mechanical Turk (https://www.mturk.com/) for data collection.
3https://en.wikipedia.org/wiki/Wikipedia:Contents/Categories
4https://en.wikipedia.org/wiki/Category:Wikipedia_Top_25_Report
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Agent Turn Different from the user worker, in addition to the dialogue context, each agent worker (Fig-

ure 5.2 (b)) is given all evidence paragraphs used by each previous agent turn as additional context. Then,

the worker is told to use the provided search engine5 to find answer(s) from Wikipedia for the current user

request. They are asked to select all (up to 4) evidence paragraphs from Wikipedia, which they then use to

construct their response. They are also asked to categorize their response, choosing one of four response

strategies: {direct answer (DIRECT), clarification (CLAR), relevant answer (REL), and no information (NI)}.

In contrast to a direct and complete answer, we consider a response as a relevant answer when the agent

finds information that only partially satisfies the user need (e.g., relax a constraint in the request). For each

agent turn, we collect two different annotations to increase reference diversity.

Validation After each user turn, we send the two agent annotations to a validator (Figure 5.2 (c)). For

each agent turn annotation, the validator determines whether i) each selected evidence paragraph is properly

used in the response; ii) the response is factually consistent with the evidence; iii) the response is coherent

to the dialogue context; and vi) the labeled response strategy is faithfully reflected in the response. If both

are valid, the validator is asked to rate which one is more comprehensive, where a tie is permitted. An agent

response is considered as more comprehensive if it contains more information relevant to the user request.

The more comprehensive (or the only valid) annotation6 is then used to continue the conversation. The

annotation is terminated if both annotations are invalid, and we include the conversation up to the previous

turn in our data.

5.3.2 Quality Control

Worker Qualification To recruit agent workers, we manually review > 150 submissions of a qualification

task and select 24 highly qualified workers who consistently produce valid annotations during the qualifica-

tion. The qualification task consists of 12 agent annotation tasks, where each dialogue context is written by

the first two authors of this work. Similarly, we create different qualification tasks to select 35 qualified users

and 10 validators who consistently produce reasonable user responses or validations based on our manual

review.
5based on Google Search API from https://developers.google.com/custom-search and restricted to the

https://en.wikipedia.org/ domain.
6We randomly select one if there is a tie.
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Annotation Control To discourage users from chit-chatting or raising inappropriate requests (e.g., too

subjective), each agent worker can decide to either continue the conversation or flag their previous user turn

as incoherent or an invalid request. The validation process ensures that only valid agent annotations are

included in our final dataset. To encourage extensive search for comprehensive information, we assign a

bonus to an agent worker if their annotation is labeled as equally or more comprehensive than the other

worker.

We constantly monitor the annotation process and send feedback to workers. Our user and agent workers

have over 99% and 96% average passing validation rate respectively. About 13% of agent annotations are

marked as less comprehensive.

Worker Payment Structure We actively communicate with workers throughout the annotation process to

clarify any questions they have and to give them feedback. We also check in with them early on to make sure

they are satisfied with the pay and bonus structure. Most workers report that they are paid with an hourly rate

of 15-20 USD, depending on their annotation speed. We pay 0.2/0.5/0.5 USD for each user/agent/validator

annotation, plus a 0.1 USD bonus for each agent annotation if the worker passes validation over 80% of the

time (all qualified). In addition, we assign a bonus of 0.3 USD to the agent annotation that is marked as

equally comprehensive as its peer annotation by the validator, or 0.5 to those marked as more comprehensive

or with multiple evidence passages found.7 On average, we pay over 0.9 USD to each agent annotation.

5.3.3 Data Analysis

We collect 805 conversations, which includes 4712 user-agent turns after dropping agent annotations if their

evidence passages cannot be found in the post-processed Wikipedia corpus.8 Table 5.1 shows summary

statistics of the train/dev/test subsets of INSCIT. Word token counts are based on the spaCy [Honnibal

et al., 2020] tokenizer. The test set contains conversations triggered with seed documents from all 5 topic

categories, while the training and dev sets only contain those from “food and drink”, “hobby” and “top-25”.

7At the beginning of our training set collection (before the collection of dev/test sets), we only assign a 0.3 USD bonus to agent
annotations marked as more comprehensive. After communicating with our workers, we adjust our bonus structure, which leads to
more comprehensive agent responses.

8We use wikiextractor to process Wikipedia articles: https://github.com/attardi/wikiextractor.
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Train Dev Test Total

# Convs 250 86 469 805
# Turns 1443 502 2767 4712
# Turns / Conv 5.8 5.8 5.9 5.9
# References / Turn 1.8 1.6 1.6 1.7
# Tokens / User 10.6 10.5 10.7 10.6
# Tokens / Agent 35.7 44.3 45.1 41.9
# Passages / Agent 1.5 1.7 1.6 1.6

Table 5.1: Overall statistics of INSCIT.

What are some 
examples of 
pseudocereals?

What companies 
have banned plastic 
straws from their 
premises?
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made out of?

Thank you. Now 
can you tell me 
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dish, too?
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eat it for 
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it be eaten at 
any time of day?
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Hugo?
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the film adaptation 
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the Front?
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Tell me about 
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governance.
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Figure 5.3: Left: seed document topic category breakdown (D → category depth). Middle and right:
treemaps of top 7 (and other: MISC) first tokens in user turns from conversations under “food & drink”
and “historical events” topic categories. For each figure, the size of each colored area is proportional to its
percentage in the data.

In the training set, we keep all valid agent annotations as well as their comprehensiveness comparison results.

In the dev and test sets, we did not include agent responses flagged as less comprehensive during validation.

In addition, as discussed in § 5.3.2, we adjust the worker incentives to obtain more comprehensive responses

when collecting dev/test sets, leading to the difference in the average agent turn length.

Diversity of User and Agent Turns

User Request We analyze the distribution of wh-words of user questions, and non-question user utterances

(e.g., responses to clarification). The treemaps in Figure 5.3 (middle and right) show the 7 most frequent

leading unigrams of user utterances in “food & drink” and “historical events” conversations respectively.

“MISC” refers to utterances with less frequent leading unigrams. Each box size is proportional to its per-

centage in the data. As shown, most user requests are “what” and “how” questions. There are also many user

turns starting with words like “can” and “tell”, most of which are responses to agent clarification questions.

The user utterances are fairly long-tailed as “MISC” shares a large portion (about 30%) for both treemaps.

Instead of being mostly factoid questions, open-ended user requests are well represented in INSCIT.
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DIRECT CLAR REL NI

% Turns 71.5 12.7 13.1 2.7
# Tokens 43.7 33.5 46.6 10.6
# Passages 1.5 2.8 1.4 0.0

Table 5.2: Agent response strategy statistics. DIRECT, CLAR, REL, and NI indicate direct answer, clarifica-
tion, no direct but relevant answer, and no information.

Clarification (CLAR)

Too long / many answers
(86%)

. . . <Agent>: In the Battle of New Orleans, . . . the Americans had 13 dead, totaling 304 dead.
<User>: Were there any long-term consequences that came as a result of the War of 1812?
<Agent>: There were many! Would you like to know what they were for Bermuda, . . . , or Great Britain?

Ambiguous entity (13%) <User>: Washington University is classified as what for its high research activities?
<Agent>: Do you want to know about Washington University in St. Louis or in Baltimore, Maryland?

No Direct but Relevant Answer (REI)

Constraint relaxation /
No definite answer (70%)

<User>: Was the Matrix franchise adapted from any other work?
<Agent>: While not explicitly adapted from another work, the Matrix did draw heavily on Jean . . .

. . . <User>: Who authored the Torah?
<Agent>: It was originally thought that a majority of the Torah was written by . . . However, it’s now
thought that . . . though the number of authors is up for debate.

Relevant but side info
only (29%)

. . . <User>: What countries have an ecological footprint under 5 hectares per person?
<Agent>: The world-average ecological footprint in 2013 was 2.8 global hectares per person . . . But I
don’t have a list of countries with an ecological footprint under 5 global hectares per person.

Table 5.3: Examples of clarification and no-direct-but-relevant-answer agent responses. Factual informa-
tion from evidence passages is italicized in agent responses.

Agent Response Strategy Table 5.2 shows the diversity of agent response strategies in INSCIT. When

no direct answer exists, agents in INSCIT can respond to the user with a relevant answer (see § 5.3.1). If

no direct or relevant answer is found, the agent can then respond with no information. The average response

length and number of evidence passages differ dramatically across various response strategies. Compared

with direct or relevant answer cases, clarification responses tend to be shorter and are more likely to happen

when more evidence passages are present. We also calculate that 30% direct or relevant answer agent turns

have multiple evidence passages, which potentially require information summarization.

Analysis of Agent Initiatives

In this section, we present qualitative analysis to understand how different agent initiatives get triggered,

with a focus on clarification and relevant answer agent responses.
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Different Evidence; Different Response Strategies

Dialogue Context: . . . <User>: What are some of the health consequences of oats?

<Agent> (CLAR): Oat related health concerns include oat allergies, and gluten-related disorders. Which type of health issue would
you like to learn more of? (evidence from Wikipedia page: Oat Sensitivity)
<Agent> (DIRECT): Oat toxicity in people with gluten-related disorders depends on the oat cultivar consumed because the im-
munoreactivities of toxic prolamins are different among oat varieties. Furthermore, oats are frequently cross-contaminated with the
other gluten-containing cereals . . . (evidence from Wikipedia page: Oat)

Same Evidence; Different Response Strategies

Dialogue Context: . . . <User>: Who is the major competitor of PepsiCo?

<Agent> (CLAR): Would you like to know PepsiCo’s major competitor in the beverage market or the snack food market?
<Agent> (DIRECT): PepsiCo has two main competitors in different market sectors. The Coca-Cola Company is its largest competitor
in the beverage market, and Kraft Foods is its largest competitor in the snack foods market.

Dialogue Context: . . . <User>: Were the directors involved in any controversy?

<Agent> (REL): I couldn’t find anything about themselves in any controversy but their film . . . had a controversial storyline and
themes.
<Agent> (DIRECT): The Wachowskis’ V for Vendetta was considered to have controversial storyline and themes, but have been both
criticized and praised by sociopolitical groups.

Table 5.4: Examples of two agent reference responses with different response strategies.

. . . <User>: What kinds of regional varieties are there?
<Agent>: Would you like to know about East Asia, Southeast Asia, South Asia, or Europe?
<User>: Tell me about East Asia.
<Agent>: Sorry, but each country is detailed as well, do you want to know more about congee in China, Japan, Korea or Taiwan?

Table 5.5: An example of consecutive clarifications.

Fine-Grained Categorization We randomly sample and analyze 100 clarification and relevant answer

responses respectively. Table 5.3 (upper half) shows that in most cases, the agent raises a clarification when

they find a long answer or too many answers (86%) or notice an ambiguous entity in the user request (13%).

In 70% of relevant answer cases (bottom half of Table 5.3), the agent relaxes some constraint in the user

request or provides evidence that no definite answer can be found. In 29% of these cases, they simply

provide some relevant but side information only. We also observe that in rare cases (1%), the agent points

out some mistake (e.g., a false assumption) in the user request.

Clarification Occurrences We next look at contexts where agents are more likely to ask for clarification

in a conversation. Clarification questions occur more frequently at the very beginning (ex. 2, Table 5.3),

rather than later in a conversation (18.8% vs. 11.5%). If a clarification is raised in the previous agent turn,

the chance of a subsequent clarification (see Table 5.5) is 7.6%, compared to 12.2% if the previous turn is

not a clarification (ex. 1, Table 5.3).
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Response Strategy Selection In 23% of examples with 2 agent annotations marked as equally compre-

hensive by validators, workers take different response strategies given the same dialogue context. Of this set,

82% have different evidence passages labeled by the two workers, potentially due to the open-endedness of

user queries in INSCIT and the large knowledge source. In addition, as suggested by our analyses in § 5.5.2,

it is more likely that agents will choose different evidence passages when there is no direct answer to the

question. As illustrated in the first example in Table 5.4, the different evidence passages often trigger dif-

ferent agent response strategies. The second and third examples show that even if two agents find the same

evidence set, deciding whether it indicates an under-specified user request, a direct or only a relevant answer

can be subjective.

5.4 Experiment Setup

5.4.1 Systems

We build two systems for each of the tasks formulated in § 5.2. Both systems build on retriever-reader mod-

els, inspired by recent advances in open-domain single-turn or conversational question answering [Karpukhin

et al., 2020; Izacard and Grave, 2021; Adlakha et al., 2022]. Here, the main function of the retriever is to

gather a ranked set of top-k candidate evidence passages from the entire Wikipedia to facilitate passage

identification and response generation for the later reader model. We first describe the retriever models, and

then introduce the two reader models that perform the two main tasks based on retrieval results.

Retriever Models

We experiment with two retrievers: BM25 and DPR. BM25 [Robertson and Zaragoza, 2009] uses sparse

bag-of-word representations for ranking passages with regard to each query. We use Pyserini [Yang et al.,

2017] in our experiments. DPR [Karpukhin et al., 2020] is a BERT-based [Devlin et al., 2019] dual encoder

model, that produces learned dense representations for queries and passages, and measures the relevance

using the dot product similarity in the vector space. We finetune DPR on INSCIT. As the training set is

small in INSCIT, we initialize it with a downloadable checkpoint9 that is pre-trained on a much larger (>

9https://github.com/McGill-NLP/topiocqa
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30×) open-domain conversational question answering dataset, TopioCQA [Adlakha et al., 2022].

Reader Models

Our two readers are based on state-of-the-art models in open-domain question answering and conversational

knowledge identification—Fusion-in-Decoder [Izacard and Grave, 2021] and DIALKI (Chapter 3).

Fusion-in-Decoder (FiD) FiD is a generative reader model. It first encodes all retrieved passages with a

given query, and then decodes the task output (e.g., an answer string) by attending over all encoded passages.

To adapt FiD to our tasks, we prepend a passage identifier (ID) to each of the top-k retrieved passages (here,

k = 50, following Adlakha et al. [2022]) and separately concatenate each passage with the dialogue context

for encoding. Given the 50 encoded contextualized passage vectors, the decoder generates a sequence of

evidence passage IDs (passage identification), followed by the final response (response generation). After

the first turn, the encoded passage vectors associated with {Pi, . . . ,Pn−1} are concatenated with the top-k

retrieved passages, limiting k to give a total of 50. In training, we use the same hyperparameters as in

Adlakha et al. [2022], with the batch size adjusted for the memory constraint and training steps adjusted to

have the same epochs.

DIALKI + FiD The second reader adopts a pipelined approach to perform the two tasks. It first uses

DIALKI (Chapter 3) to select evidence passages and then feeds the identified passages into FiD to generate

the agent response. DIALKI predicts a passage score for each input passage (i.e., each top-k retrieved

passage). To adapt it for passage identification, we simply keep evidence passages (up to 4, as in data

collection) with ranking scores higher than γ for multiple passage prediction, where γ is tuned on the

dev set. We apply the same method to incorporate previously used evidence passages into DIALKI as in

the first reader model. We set the number of input passages of DIALKI to be 50 and keep other original

hyperparameters. Parameters in FiD are the same as the first reader model, except that the number of input

passages is 4 in the DIALKI+FiD system.

Trivial Baseline: Last Turn We report performance of a simple baseline: use the most recent agent turn

in the dialogue context and associated evidence (P̄n = Pn−1; ān = an−1). For first-turn instances, we use
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the most frequent evidence passage and agent response seen in the training set as the prediction. We also

tried using a random previous turn as the prediction, which gives lower scores than using the last turn.

Human We collect one additional annotation for each agent turn in the test set and evaluate it as the human

performance. These additional annotations are annotated by the same agent workers we select in § 5.3.2.

Note that these additional prediction data do not go through the same validation step as those that are used

as references.

5.4.2 Evaluation

Below, we describe automatic metrics and a new human evaluation protocol for the passage identification

(PI) and response generation (RG) tasks in § 5.2.

Passage Identification INSCIT allows for multiple evidence passages, so we measure the model perfor-

mance by computing the F1 score (PI-F1), comparing the set of predicted evidence passages P̄n to the set

of reference passages Pn. For turns where there are two valid reference annotations, we use the maximum

F1 score between the two.

Response Generation For a generated agent response ā, we calculate the SACREBLEU score [Post,

2018] (BLEU in tables) and token-level F1 (RG-F1) scores against the reference response, following previ-

ous studies [Feng et al., 2020; Adlakha et al., 2022]. Again, when there are two valid annotations, we use

the maximum.

Human Evaluation As the two tasks are dependent on each other, decoupled automatic evaluations may

not capture aspects like factual consistency between predicted passages and the response. Moreover, han-

dling queries with multiple evidence passages or no direct answer can be open-ended.

Therefore, we design a human evaluation protocol to evaluate the model performance on both tasks.

Specifically, we focus on the evaluation of 4 dimensions: 1) evidence passage utility (EU): how many

predicted evidence passages are used in the generated response; 2) factual consistency (FC) between the

predicted response and evidence; 3) response coherence (CO) with the dialogue context; and 4) response
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comprehensiveness (COMP): how much information, that is both relevant to the user request and factually

consistent with the predicted evidence, is contained in the response. While most prior work on information-

seeking dialogues only relies on automatic metric scores [Choi et al., 2018; Anantha et al., 2021; Adlakha

et al., 2022], a few studies collect human ratings on dimensions like response “coherence” and “informa-

tiveness” [Gao et al., 2022; Feng et al., 2022]. However, as they do not require models to predict evidence,

the factual consistency between the response and the knowledge source cannot be evaluated [Nakano et al.,

2021].

We provide outputs for both tasks of our two systems and “Human” to a human judge. We ask them to

rate the first 3 dimensions for each system output on a 4- or 5-point Likert scale10 and then rank the system

responses in terms of response comprehensiveness (ties are permitted). We have 3 raters for each agent turn

and take the average rating score or rank place on each dimension for each system. Since human evaluation

can be time-consuming and costly, we run it on a sampled test subset with 50 conversations (290 turns) and

encourage future studies to report on the same subset.

The inter-rater agreement measured as Krippendorf’s alpha is 0.66, 0.64, 0.42 and 0.37 for EU, FC,

CO and COMP, respectively, which can be interpreted as good or moderate agreements. We observe two

main types of coherence disagreements: 1) some workers are more strict and indicate one response as more

preferred due to minor differences (e.g., a connecting word), or 2) both responses are incoherent, but in

very different ways (e.g., have very different content). Similarly, most comprehensiveness disagreements

involve either: 1) two responses that are similar except that one includes additional side information, or 2)

two responses that provide different answers but both are good.

5.5 Experiment Results

5.5.1 Quantitative Results

Table 5.6 shows the overall automatic evaluation results of all systems for our main tasks (PI and RG)

on the dev set. The simple baseline performs very poorly. Using retrieval results from DPR (vs. BM25)

leads to the best overall performance for both tasks. For both BM25 and DPR retrievers, DIALKI + FiD

10The 4-point scale is used only for coherence to discourage neutral ratings. We report all scores normalized to a 1-5 scale.
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Retriever Reader PI-F1 BLEU RG-F1

Last Turn Last Turn 10.5 4.2 14.1

BM25 FiD 14.1 9.4 22.5
DIALKI + FiD 17.0 13.8 24.8

DPR FiD 17.1 8.8 21.6
DIALKI + FiD 21.5 16.6 26.6

Table 5.6: Automatic scores on the dev set.

Retriever Reader Automatic Human
PI-F1 BLEU RG-F1 EU FC CO

DPR FiD 17.5 9.6 22.2 2.35 2.52 3.76
DIALKI + FiD 23.7 16.0 27.8 4.33 4.74 3.77

- Human 52.5 33.8 43.5 4.76 4.77 4.85

Table 5.7: Automatic scores on the test set, and human scores on 50 sampled test conversations (290 turns)
for dimensions rated with Likert scales: evidence utility (EU), factual consistency (FC) and coherence (CO).

achieves better performance than FiD in all metrics. A possible reason could be that the smaller number of

context vectors used with DIALKI+FiD is better suited to learning from limited data than the end-to-end

FiD approach. DIALKI leverages previous evidence passages in passage identification, so its following

FiD response generation has only 4 context vectors (vs. 50 for FiD). This hypothesis is also supported

by a separate observation during our experiment that incorporating previously used evidence hurts the RG

performance slightly for FiD but for DIALKI+FID it helps (roughly 1 point decrease vs. increase in scores,

respectively, with DPR).

Table 5.7 shows both automatic and human evaluation results on the test set for FiD and DIALKI+FiD

with the DPR retriever, confirming the dev set findings. Experiments with BM25 also confirm dev set trends.

Figure 5.4 presents comparative human evaluation results. DIALKI+FiD greatly outperforms FiD except in

coherence where scores are similar. DIALKI+FiD substantially underperforms the human "system" in both

automatic and human evaluation scores, except for factual consistency where the difference is small. This

could indicate that, although DIALKI+FiD generates responses consistent with the predicted evidence, it

identifies less relevant passages which lead to less coherent and less informative responses.

The reason for imperfect human performance on passage identification, shown in Table 5.7, is two-

fold. Due to the open-endedness of information-seeking queries in INSCIT and the large search space over

Wikipedia, annotators may find different (but both valid) sets of evidence passages. In addition, annotations

87



Figure 5.4: Human evaluation on system comparison for all dimensions: evidence utility (EU), factual con-
sistency (FC), coherence (CO) and response comprehensiveness (COMP). Win/lose refers to DIALKI+FiD.

Retriever Dev Test
HIT@20 HIT@50 HIT@20 HIT@50

BM25 35.3 48.0 35.6 48.1
DPR (FT only) 62.5 70.1 51.3 60.8
DPR (PT only) 66.4 76.3 68.4 77.5
DPR 71.1 79.8 69.9 77.5

Table 5.8: Passage retrieval results. PT and FT refer to pretraining on TopioCQA and finetuning on IN-
SCIT.

corresponding to the Human “system” do not go through the validation process, so they could have errors

or be less comprehensive.

5.5.2 Analysis

Passage Retrieval Table 5.8 reports the performance for passage retrieval in HIT@k scores, following

Karpukhin et al. [2020]; Adlakha et al. [2022]. HIT@k is calculated as 1
[
|RK ∩ P| > 0

]
, where RK

denotes the top K retrieved passages and P denotes the union of the two reference passages sets (or a single

reference set if only one is valid). We evaluate both BM25 and DPR models used in our main experiments,

as well as two DPR ablations: with pretraining (PT) on TopioCQA or finetuning (FT) on INSCIT only.

BM25 underperforms DPR models significantly, which explains the main task performance differences

between BM25 and DPR in Table 5.6. DPR with PT alone is more effective than FT only, which can be

explained by the much larger training data in TopioCQA. The best retrieval results are achieved with PT

and FT combined. We do not leverage TopioCQA for pretraining on our two main tasks, because 1) it does

not come with the passage identification task and only has short answers or no answer as their agent
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PI-F1 RG-F1

Figure 5.5: PI-F1 and RG-F1 scores by reference response strategy (direct answer, clarification, relevant
answer) on the one-strategy test subset, excluding instances where two references differed in strategy.

responses; 2) we observe poor zero-shot response generation performance on INSCIT for FiD trained on

TopioCQA.

Passage Identification & Response Generation Performance Breakdown Figure 5.5 shows the system

and task performance breakdown by reference response strategy (direct answer, clarification and relevant

answer) for the test set, excluding examples where two annotations differed in the response strategy category

(16%). DPR is used for retrieval. Only RG-F1 is shown for response generation; trends for BLEU are

similar. For all response types, DIALKI+FiD is similar or outperforms FiD, but significantly underperforms

humans. For both systems and humans, the non-direct-answer responses have lower automatic scores. The

lower PI-F1 scores for humans suggest that the retrieval task is more difficult (with more variety in evidence)

when a simple direct answer is not available. Lower automatic response generation scores may be explained

by lower retrieval scores (less reliable evidence), larger number of passages, and/or challenges in learning

non-direct-answer response strategies. Note that for both systems, the largest percentage gap with respect

to human scores is for clarifications.

Response Generation Results with Human Evidence Passages To explore the above hypotheses, we

generated responses using the DIALKI+FiD response generator with passages selected in the “Human”

annotation of the test data. The resulting responses had 26.5 and 37.4 for BLEU and RG-F1 scores, respec-

tively, compared to 16.0 and 27.8 when using DIALKI passages. We sample and analyze 20 examples each

of single and multiple “Human” evidence passages. Given multiple evidence passages, most DIALKI+FiD

responses either do not use all passages or introduce incorrect facts. With one passage, responses are con-

sistent with the evidence but not always as comprehensive as for humans. In the 20 examples with multiple
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Model Input Dev Test
BLEU RG-F1 BLEU RG-F1

DC+OEP+RT (Oracle) 32.6 48.7 31.6 47.4
DC+OEP+RT (Predicted) 32.6 46.3 31.7 45.4
DC+OEP 32.0 45.3 30.6 44.3

Table 5.9: Automatic RG scores for FiD with inputs: dialogue context (DC), oracle evidence passages
(OEP), and different (oracle/predicted/no) response types (RT).

passages, DIALKI+FiD asks one clarification, whereas humans ask nine.

Impact of Response Type Prediction for Response Generation As explained in § 5.3.3, the agent re-

sponse type depends on the selected evidence passages. To analyze how incorporating response types can

help with response generation, we conduct a controlled experiment to generate agent responses with the

dialogue context and oracle evidence passages as the input to FiD, and compare the performance when

no/oracle/predicted response type is given. For examples that have two labels with different sets of evidence

passages, we split them into two separate instances. To predict the response type, we use a sequence clas-

sification model based on BERT-base [Devlin et al., 2019], given the dialogue context and oracle evidence

passages. To provide the oracle or predicted response type as the response generation model input, we sim-

ply append a formatted string—response type: {response_type_name}11—at the end of the

dialogue context, when feeding it to FiD.

The response type classification model gives an overall accuracy of 0.75, compared to 0.73 when pre-

dicting everything as “direct answer.” Table 5.9 shows that adding either oracle or predicted response types

improves BLEU and RG-F1 scores, compared with no response type being used, with greater gains in RG-F1

for oracle response type. We observe consistent performance gains on examples with either “direct answer”,

“clarification” or “no information” oracle response types, but not for the “relevant answer” response type.

5.6 Ethical Considerations for Dataset Collection

Our work is primarily intended to encourage future work in information-seeking conversation factually

grounded in given knowledge sources. Our knowledge sources come from Wikipedia articles, where the

11Candidate response type names are “direct answer,” “clarification,” “no answer but relevant information” and “no answer and
no information.”
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content follows principles emphasizing on a neutral point of view and reliable sources. Before and during

the data collection, we carefully guide our user workers not to ask subjective or opinion-driven questions,

and our agent workers not to include any content without evidence from the knowledge sources in their

conversational responses. Therefore, all contents exposed to our workers during data collection should

contain minimal risk to the workers. Our data collection has IRB approval from University of Washington

and is deemed exempt. We also actively communicated with the workers to address any concern they had

and we usually replied back within an hour during the whole data collection process. This communication

also helped us to make sure that our workers were compensated fairly. As explained in § 5.3.2, most of our

workers report that they are paid with an hourly rate of 15-20 USD.

5.7 Summary

In summary, we introduce INSCIT, a new open-domain information-seeking conversational dataset grounded

in Wikipedia, with mixed-initiative user-agent interactions. INSCIT supports two tasks (passage identifica-

tion and response generation), for which we present results of two strong baselines, with best results obtained

with the pipelined DIALKI+FiD system. We also introduce a new human evaluation protocol.

Both models significantly underperform humans in both tasks in all metrics. The relative performance

gap is greatest for scenarios that require the agent to provide a non-direct answer. We find that passage iden-

tification significantly impacts response generation (particularly coherence) by providing relevant grounding

knowledge. Thus, improving methods for selecting relevant passages is critical for future work. A key chal-

lenges that remains in response generation is how to fuse and present comprehensive information from

multiple passages, which we address in the next chapter.
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Chapter 6

Fine-Grained Human Feedback Gives

Better Rewards for Language Model

Training

6.1 Introduction

State-of-the-art AI is built on pre-trained language models that are then trained through interaction with

humans [Ouyang et al., 2022; OpenAI, 2023; Fu et al., 2023], with a combination of supervised learning and

reinforcement learning. Incorporating human feedback into the process of language model (LM) training

has been shown as effective in reducing false, toxic and other undesired model generation outputs [Ouyang

et al., 2022; Bai et al., 2022b,a; Ramamurthy et al., 2023; Ganguli et al., 2023]. Many of these studies

adopt reinforcement learning from human feedback (RLHF) [Ziegler et al., 2019], a framework that converts

human feedback into an effective LM training signal to reach these goals. Specifically, humans are presented

with two or more outputs and asked to select one or rank them, and this signal is then used to train a reward

model, which computes a single scalar reward for each LM-generated sequence. The LM is then trained

with RL to optimize the reward it receives (from the reward model).

Such a reward provides a relatively sparse training signal, especially for tasks that require the generation

of long-form text—making RLHF in such domains unreliable [Ramamurthy et al., 2023]. Furthermore,

previous research into automated evaluation of generated text [Dou et al., 2022; Krishna et al., 2023; Gao
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Figure 6.1: Comparison of (a) RL with human preference and (b) our FINE-GRAINED RLHF on long-
form QA. Different from (a), which collects human preferences on the overall quality of LM outputs, we ask
annotators to mark which part of an output contains what type(s) of errors. We train a fine-grained reward
model for each type of error and optimize LM against these reward models. In this example, we provide a
relevance reward and a factuality reward after each sentence is generated. There is also a holistic infor-

mation completeness reward after the whole text is generated.

et al., 2023; Yue et al., 2023; Min et al., 2023; Xu et al., 2023b] shows that it can be challenging for human

annotators to reliably compare the overall quality of two or more model outputs when the outputs contain

a mixture of diverse undesired behaviors. They demonstrate how categorizing and localizing model errors

(i.e., fine-grained evaluation) provides explicit insights about which part of the model output has what type

of problem. We thus ask the question: how can we improve rewards for LM training via RLHF by using

more fine-grained human feedback?

In this chapter, we propose that humans give fine-grained feedback to the LM, associating categories of

undesired behavior (e.g., false or irrelevant generations) and a text span at a density (e.g., sentence or sub-

sentence-level). To enable LMs to learn from such fine-grained feedback, we introduce the FINE-GRAINED
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RLHF framework. As shown in Figure 6.1, we first use collected human feedback to train fine-grained reward

models such that each of them focuses on one category and provides rewards at the density associated with

that category. We then integrate these reward models into Proximal Policy Optimization (PPO) [Schulman

et al., 2017], a commonly used RL algorithm for training LMs with preference-based human feedback

(§6.2).

We conduct experiments on two language generation tasks—detoxification [Gehman et al., 2020] (§6.3)

and long-form question answering (QA) [Stelmakh et al., 2022] (§6.4). For detoxification, toxicity is the

only error category and we explore learning with a dense reward. We adopt PERSPECTIVE [per], a widely

used language toxicity detection model trained on millions of human annotations, as our reward model. We

use it to calculate a fine-grained reward after the generation of every sentence. Our experimental results show

the efficacy and data efficiency of training models with dense reward compared to a holistic sequence-level

reward, supported by multiple automatic evaluation results.

With experiments on long-form QA, we aim to examine training models with fine-grained rewards at the

two granularity dimensions (density and error category), for which we construct a long-form QA dataset,

QA-FEEDBACK, along with our collected human feedback. We carefully develop a pipeline to collect fine-

grained human feedback on three error categories at different density levels: i) irrelevance, repetition, or

incoherence (sub-sentence), ii) incorrect or unverifiable facts (sentence), and iii) incomplete information

(whole sequence; see Figure 6.1). Our experimental results show improved results in each error category

by learning with such fine-grained feedback, supported by both automatic and human evaluation results.

In a scenario with multiple reward models representing different error types, we also show FINE-GRAINED

RLHF allows us to combine reward models with different weights and thus control the model training process

towards a customized combination of desired behaviors.

This chapter contains material that was originally published in Wu et al. [2023a]. Yushi Hu and I were

the main contributors of this work. I initiated the project idea and then we made equal contributions in

carrying out the project. I was mainly responsible for data collection and reward modeling, and Yushi

was mainly contributing to RL training. We discussed and wrote the paper with the other collaborators

throughout the project.
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6.2 FINE-GRAINED RLHF

We introduce FINE-GRAINED RLHF, a framework that enables us to train fine-grained reward functions

for generation outputs across different feedback types. We first define the RL environment and learning

algorithm. Then we define the fine-grained reward models and describe how to incorporate the fine-grained

reward model(s) into an RL algorithm, in contrast to previous RLHF studies that only consider a single

reward.

Environment: language generation as a MDP. We focus on language generation tasks. For each task,

we are given a set of task input prompts D = {xn}Nn=1. We follow Ramamurthy et al. [2023] to define

language generation as a Markov Decision Process (MDP) ⟨S,A,R, P, γ, Tmax⟩ with a finite vocabulary

V . Each MDP episode starts with a sampled prompt x = (x1, x2, . . . , xl) with xi ∈ V , and ends when

the current time step exceeds Tmax or an end of sequence token is generated. S is the state space and

s0 = (x1, x2, . . . , xl) ∈ S is the initial state. An action in the environment at ∈ A is a generated token

(by the policy LM model Pθ) at time t from V (a0 is the begin sequence token). The transition function

P : S × A → ∆S appends at at the end of the state st = (x1, x2, . . . , xl, a0, a1, . . . , at−1). This process

continues until the end time step T ≤ Tmax is reached, which gives a generated sequence y = (a1, . . . , aT ).

A reward function R : S × A → R, which comes from the reward model(s) in FINE-GRAINED RLHF,

provides dense rewards before and when T is reached. Pθ can be initialized with a pre-trained language

model, and optionally also with supervised fine-tuning on task-specific demonstrations. The reward function

is defined separately for each task.

Learning algorithm: proximal policy optimization (PPO). PPO [Schulman et al., 2017] is an actor-critic

RL algorithm that is widely used in previous RLHF work to optimize the policy model against a reward

model of human feedback. It uses a value model Vψ(st) to estimate the value of state st, and optimizes

the policy model with a PPO clipped surrogate training objective. The advantage At at timestep t is esti-

mated by a generalized advantage estimation function [Schulman et al., 2016]: At =
∑T

t′=t(γλ)
t′−t(rt′ +

γVψ(st′+1) − Vψ(st′)), with γ as a hyperparameter and λ as the discounting factor for rewards. rt is the

reward assigned to at, which in our case is acquired using one or multiple learned reward models. The

value model Vψ(st) is optimized with an expected squared-error loss with the value target as V targ(st) =∑T−1
t′=t γ

t′−trt′ + γT−tVψold(sT ), where Vψold is the lagging value model. Finally, PPO is trained to optimize
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both policy (Pθ) and value (Vψ) models with their respective objectives. No reward model is being optimized

during PPO training. See Appendix A.1 for more details.

Fine-grained reward models. Previous RLHF work adopts a holistic reward model Rϕ that maps input

prompt x and generated output y to a single scalar reward representing its overall quality (Figure 6.1(a)).

This single scalar reward is only assigned to the final token in the generated sequence, aT . Formally,

rt = Rϕ(x, y) if t = T and 0 otherwise.

In contrast, we consider a reward function that is derived from one or multiple fine-grained reward

models that (1) provide rewards densely (i.e., for subsequences of the generated output), and (2) compute

rewards on distinct categories of undesired behaviors (e.g., false or repetitive generation), where each cate-

gory is associated with an individual reward model.

For a fine-grained reward model Rϕk that gives feedback on error category Ck, we first segment y

into Lk segments (yk1 , y
k
2 , . . . , y

k
Lk
) corresponding to the density (e.g., sentence-level) of Rϕk , where each

segment ykj ends at timestep T kj . Rϕk outputs a rewardRϕk(x, y, j) for each segment ykj given x and y as the

input, which is assigned to the final token in ykj . Additionally, to ensure the fluency of generated outputs, we

follow Wu et al. [2021a] and add an approximate KL divergence penalty to each token at with a weight β,

that is not backpropagated through during training. Formally, assuming that we have K fine-grained reward

models that represent different error categories, we will have a combined reward function for each token at

as:
rt =

K∑
k=1

Lk∑
j=1

(
1(t = T kj )wk Rϕk(x, y, j)

)
− β log Pθ(at | st)

Pθinit(at | st)
(6.1)

where wk ∈ R is a weight assigned to reward model Rϕk . Then we follow the same PPO training algorithm

to optimize the policy model. We discuss details of how we define and train fine-grained reward models for

the detoxification and long-form QA task in our experiments in § 6.3 and § 6.4 respectively.

6.3 Task 1: Detoxification

The task of detoxification aims to reduce the toxicity in the model generation y when given a prompt x.

Toxicity is the only undesired behavior in this task, and we aim to explore learning with a dense reward in

comparison to a single holistic reward. We conduct our experiments on REALTOXICITYPROMPTS, a dataset

of 100K sentence-level prompts derived from the web that are known to easily elicit problematic generations
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in GPT-2 [Radford et al., 2019]. Using a dense sentence-level fine-grained reward, we demonstrate that our

fine-grained reward exhibits greater sample efficiency compared to a holistic reward, achieving lower

toxicity with fewer training steps while maintaining better fluency (§6.3.1).

Holistic reward for (non-)Toxicity. We use the PERSPECTIVE API [per] as our reward model, which is

widely used for language toxicity detection and is trained with millions of examples gathered from several

online platforms and annotated by human annotators for toxicity. That means we use an off-policy reward

model that is not trained on outputs from Pθinit
. The API outputs a score between 0 (non-toxic) and 1

(toxic). Given the entire model output y, the holistic reward for RL is 1−PERSPECTIVE(y).

Sentence-level (fine-grained) reward for (non-)Toxicity. To calculate the fine-grained reward, we query

the API after the model generates each sentence instead of generating the full sequence. For each generated

sentence yj , we assign R(x, y, j) =PERSPECTIVE([y1, . . . , yj−1]) - PERSPECTIVE([y1, . . . , yj ]) as the sen-

tence reward (i.e., how much toxicity is changed from generating yj). Since there is only one error category,

we omit the category indicator ϕk superscript k, using yj to denote the jth segment (e.g., sentence) in y.

6.3.1 Experiments

Implementation details. We follow previous work [Krause et al., 2021; Liu et al., 2021] and use GPT-2

large model as the initial policy model Pθinit
. During both the exploration stage in RL training and inference,

we use nucleus sampling decoding with p = 0.9 and temperature = 1.0. The generation length limit is set to

48. The value model used during RL training is initialized with GPT-2-base due to GPU memory constraint.

We report RL training parameters in Appendix A.1. All scores are averaged over 3 independent runs.

Compared systems and evaluation. We report the performance of FINE-GRAINED RLHF, RLHF with

holistic reward (Hol. RLHF), and the state-of-the-art controlled generation approaches GeDi [Krause et al.,

2021] and DEXPERTS [Liu et al., 2021]. We follow previous work [Krause et al., 2021; Liu et al., 2021]

to report the toxicity score calculated on each full generation sequence from the PERPLEXITY API, as well

as other commonly used metrics for REALTOXICITYPROMPTS, including n-gram diversity and GPT-2 XL

perplexity (PPL) as a proxy for fluency. The lower the perplexity, the more fluent the generated text. The

toxicity score is reported as the maximum score among 4 sampled model outputs, averaged over all test input

prompts. Other metrics are reported as the average score of the same 4 samples.
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Toxicity Fluency Diversity
avg max (↓) PPL (↓) dist-2 (↑) dist-3 (↑)

GPT-2 0.192 9.58 0.947 0.931

Controlled Generation
GeDi 0.154 24.78 0.938 0.938
DEXPERTS 0.136 22.83 0.932 0.922

Hol. RLHF 0.130 11.75 0.943 0.926
F.G. RLHF 0.081 9.77 0.949 0.932

Table 6.1: Results on the REALTOXICI-
TYPROMPTS test set.

Figure 6.2: Curves of toxicity and perplexity on the
dev set vs. training steps.

Main results. Table 6.1 shows the experimental results on the REALTOXICITYPROMPTS test set. FINE-

GRAINED RLHF with sentence-level fine-grained reward attains the lowest toxicity and perplexity among

all methods, while maintaining a similar level of diversity.

Sample efficiency analysis. Figure 6.2 shows the max toxicity and average perplexity on the development

set during training. FINE-GRAINED RLHF has the toxicity drop much faster while keeping a low-level

perplexity. This shows that learning from a denser fine-grained reward is more sample efficient than a

holistic reward. One explanation is that the fine-grained reward locates where the toxic content is, which

is a stronger training signal compared with a scalar reward for the whole text. The cost is that we have to

query the reward model more times per example.

6.4 Task 2: Long-Form Question Answering (QA)

Long-form QA requires an LM to generate a textual response to a question with a comprehensive answer

and explanation. To examine learning with fine-grained rewards at the two granularity dimensions (error

category and density), we collect QA-FEEDBACK (§6.4.1), a long-form QA dataset annotated with human

feedback on LM-generated responses. We define three error categories at different density levels and train

a reward model for each (§6.4.2). We describe the experimental setup in §6.4.3. Both human and au-

tomatic evaluation show that FINE-GRAINED RLHF outperforms preference-based RLHF and supervised

fine-tuning models on all error categories (§6.4.4). We then show that adjusting the weights of fine-grained

reward models during RL training leads to distinct behaviors in LM generation, allowing us to customize

the LM for users with different needs (§6.4.5). Finally, we conduct an in-depth analysis of the fine-grained

reward models, revealing that they compete against each other, and provide an analysis of their impact on
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the resulting policy model.

6.4.1 QA-FEEDBACK: Long Form QA with Human Feedback

QA-FEEDBACK is based on ASQA [Stelmakh et al., 2022], a dataset that focuses on answering ambiguous

factoid questions [Min et al., 2020] in an open-domain setting. We use their provided oracle knowledge con-

texts to reformulate the task into a reading comprehension setting: given the input x that contains a question

q and a set of knowledge passages P = {p1, . . . , p|P |}, generate a long-form response y. On average, there

are roughly 65 words in each gold response. To construct P for each input x, we use the oracle knowledge

contexts provided by ASQA for each x, that are text snippets from the passage corpus. We use BM251

to map each knowledge context (text snippet) to the closest passage from the passage corpus and use the

resulting passages as P . Since ASQA does not release the test set, we create our own train/development/test

data split from the original train and development sets. Our train and dev examples come from the original

ASQA train set and our test examples are the original ASQA dev examples. Overall, QA-FEEDBACK has

3,853 training, 500 development, and 948 test examples.

Initial policy. Before collecting human feedback, we follow Ramamurthy et al. [2023] to initialize the

policy model with supervised fine-tuning on a small set of examples. Specifically, we use 1K training

examples to supervise fine-tuning of T5-large (the original baseline for ASQA) [Raffel et al., 2020] to get

Pθinit
. We name this initial policy model SFT. We then sample outputs from SFT for the remaining training

and development examples and collect fine-grained human feedback in three error categories— C1: irrele-

vance, repetition, or incoherence ; C2: incorrect or unverifiable facts based on knowledge passages; and C3:

incomplete information . The collected feedback instances are then used as the training and development

examples for training reward models. For each task prompt x, we only collect fine-grained feedback for one

model output. Our data collection has IRB approval and is deemed exempt.

Fine-grained human feedback. We instruct workers to identify any error in each model output y =

(a1, . . . , aT ), marking the span of text associated with each identified error type. Formally, we define the set

of user-annotated feedback for a task prompt x and model output y as F = {fi} where each fi = ⟨ci, bi, ei⟩

represents the user-identified span (abi , . . . , aei) of the error categoryCci , where ci ∈ {1, 2, 3}. Importantly,

1https://github.com/castorini/pyserini
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we impose three restrictions in the annotation: (1) error spans of category C1 or C2 should not overlap with

each other; (2) only spans that do not have error C1 need to be assessed as containing error C2 or not; (3)

C3 can only apply to whole output sequences. Additionally, we ask workers to mark passage sentences that

contain missing information if a C3 error is annotated. We also ask workers to rewrite y into a corrected ver-

sion y′ that addresses all annotated feedbackF . Details about the feedback collection interface, instructions,

and quality control are in Appendix A.2.

To analyze human-human agreement, a subset of 300 examples receive annotations from two distinct

workers. We observe that while exact agreement in error span boundaries is low, workers achieve reasonably

high agreement on whether a sub-sentence contains C1 and whether a sentence contains C2.2 Therefore, we

decide to have the density for error type C1, C2, and C3 as sub-sentence, sentence and full sequence. We

provide more data analysis including human agreement in Appendix A.2.

Preference-based human feedback. For comparison purposes, we follow Ouyang et al. [2022] to sepa-

rately collect pairwise human preferences from the same group of workers. We sample 4 model outputs for

each prompt x, which gives 6 pairs of model outputs. We ask the workers to indicate pairwise preferences

(ties are allowed) based on all errors they can find in each model output. They are not asked to explicitly

annotate these errors.

Annotation costs. On average, both annotation tasks of fine-grained and preference feedback for one ques-

tion take a worker about 6 minutes to finish. In contrast, Stelmakh et al. [2022] report that they spend about

15 minutes to label a human-written response for each question, which is much more time-consuming than

our feedback annotation. On average, we pay $1.65 per example for both tasks, leading to $16.50 hourly pay

for our workers. We include details of the pay structure in Appendix A.2. We observe that human annota-

tors can reach a higher agreement in each aspect of fine-grained feedback compared to pairwise comparisons

because the feedback definitions are more concrete.

6.4.2 Fine-Grained Reward Models

We train three separate reward models Rϕ1 , Rϕ2 , and Rϕ3 for C1, C2, and C3 error categories respectively

with a density of sub-sentence, sentence, and full sequence, respectively. Since reward models provide

2We use spaCy [Honnibal et al., 2020] to segment generated model outputs into sentences. We then split sentences into sub-
sentences using a comma or semicolon.
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scalar reward scores and do not perform generation, we use the encoder-only Longformer-base [Beltagy

et al., 2020] as our backbone model to handle long input sequences (more details of each reward model are

in Appendix A.3).

C1: Irrelevance, repetition, or incoherence.Rϕ1 targets to predict whether each sub-sentence in y contains

a C1 type error. We denote y = (y11, . . . , y
1
L1
), where y1j is the jth segment at Rϕ1’s density (i.e., sub-

sentence), with L1 segments in total. We add a 2-class token-level classification layer (a single feed-forward

layer) on the top of the Longformer encoder. The model input has the format of “question: q answer:

[sep] y11 [sep] y
1
2 . . . ”, and we take the classification output at each [sep] token to indicate whether

the following y1j contains a C1 error. We do not add passages in the model input because the detection of C1

errors does not depend on them. To trainRϕ1 , we apply a token-level classification loss to each [sep] token

before y1j , where its gold label gj is “has error” if there is a fi ∈ F that has (abi , . . . , aei) overlapped

with y1j and ci = 1, and “no error” otherwise. When Rϕ1 provides a reward during RL training as in

Eq. 6.1, we read a reward Rϕ1(x, y, j) for every y1j given x and y. We define Rϕ1(x, y, j) = +1 if Rϕ1

predicts “no error” for y1j and −1 otherwise.

C2: Incorrect or unverifiable facts. Rϕ2 is developed for detecting a C2 error at the sentence level in a

similar way. The model input has the format of “question: q context: p1 p2 . . .answer: [sep]

y21 [sep] y
2
2 . . . ”, where p’s denotes the grounding passages and y2j represents the jth sentence. We train

Rϕ2 similarly to Rϕ1 , with one exception: as we instruct the workers not to annotate a C2 error for a span

that is already labeled as containing a C1 error, we do not calculate loss on sentences that are labeled as

containing C1 but not C2 during Rϕ2 training.

C3: Incomplete information. Rϕ3 is trained to measure the information completeness of y, at the full

sequence level. Motivated by Li et al. [2019a], Rϕ3 predicts a single scalar reward and is trained with a

pairwise comparison loss [Ouyang et al., 2022]:

Lr(ϕ) = −E(x,ȳp,ȳl)∼Dp

[
log

(
σ(Rϕ3(x, ȳp)−Rϕ3(x, ȳl))

)]
(6.2)

where Rϕ3(x, y) is the scalar output of the reward model for input x and output y; ȳp and ȳl are sampled

from the same input x, and ȳp has less missed information compared with ȳl; Dp contains the pairwise

comparisons bootstraped from human feedback on C3 errors (see details in Appendix A.3).
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Preference-based reward model. The preference-based reward model is trained in a similar way to Rϕ3 ,

with ȳp representing the human preferred response against ȳl in the loss function Eq. 6.2. It outputs a scalar

score for the given x and y that represents the overall response quality.

6.4.3 Experimental Setup

Compared systems. We compare our proposed method, FINE-GRAINED RLHF with the initial T5 pol-

icy model trained with 1K examples (SFT) and RLHF with holistic preference-based rewards (Preference

RLHF). The reward models used in RLHF experiments are trained on 2.8K examples with annotated feed-

back (but no gold human response). For analysis, we also use the human gold responses of all training

examples to finetune a fully supervised T5 model (SFT-Full). Notice that SFT-Full requires much higher

annotation cost because it takes longer (15 minutes per example [Stelmakh et al., 2022]) for annotators to

draft long-form responses.

Implementation details. Our policy model is based on T5-large [Raffel et al., 2020] and is supervised

finetuned on 1K training examples, as explained in §6.4. During RL exploration, we use top-k (k = 20)

sampling decoding with temperature = 0.7, which is set based on previous RLHF work [Ramamurthy et al.,

2023]. The value model used during RL training is initialized with T5-base due to GPU memory constraint.

The reward model weights we used in FINE-GRAINED RLHF are w1 = 0.3, w2 = 0.5, w3 = 0.3, unless

otherwise specified. Although we use three reward models during RL training, we only observe very small

relative additional cost (roughly 1% training time) compared to preference RLHF. During inference, we

use greedy decoding to generate responses. We report more details including RL training parameters in

Appendix A.1. All scores reported are averaged over 3 independent runs.

Evaluation. We conduct both human and automatic evaluation. Human evaluation is run on 200 randomly

sampled test set examples of QA-FEEDBACK to compare Fine-Grained RLHF with all baselines. Each

model output is sampled from inference results of 3 training runs. We use the same protocol of feedback

collection to have the same set of workers annotate spans in each model output that contain (1) irrelevance,

repetition, or incoherence error (rel.) and (2) incorrect or unverifiable facts (fact.) . They are also asked to

compare the information completeness (comp.) for each output pair. To report evaluation scores for rel. and

fact. error spans, we first map them to their corresponding error type density (sub-sentence and sentence).
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Then we report the error rate for each error type, measured as the percentage of sub-sentences that contains

this type of error. Since spans with rel. error are not checked for fact. error (discussed in §6.4.1), we exclude

sub-sentences with only rel. error when report the error rate of fact. error. For automatic evaluation, we

report RougeLSum [Lin, 2004] as used for the original ASQA data, as well as the score from each fine-

grained reward model (Rϕ1 , Rϕ2 , and Rϕ3). Specifically, we report the percentage of all sub-sentences (or

sentences) in the test set predicted as “no error” by Rϕ1 (or Rϕ2). For Rϕ3 , we report the averaged

output score for all test examples.

6.4.4 Main Results

Figure 6.3 shows the human evaluation results for rel. and fact. error types. Table 6.2 shows the human

pairwise comparison results for information completeness (comp.).

Er
ro

r R
at

e

Figure 6.3: Human evaluation on rel. (left) and fact. (right) error, measured by % of sub-sentences that
contain the error type (↓).

Ours vs. Win Tie Lose

SFT 23.0% 65.5% 11.5%
SFT-Full 22.0% 61.0% 17.0%

Pref. RLHF 19.5% 71.0% 9.5%

Table 6.2: Human pairwise comparison on information completeness (comp.) , where win/lose refers to
FINE-GRAINED RLHF.

FINE-GRAINED RLHF outperforms SFT and Preference RLHF on all error types. Figure 6.3 and

Table 6.2 show that our FINE-GRAINED RLHF leads to generation that is much more factually correct and

contains more complete information, compared to all other systems. It generates fewer irrelevance, repeti-

tion, and incoherence errors, compared with SFT and Preference RLHF. In the meantime, Preference RLHF,

104



despite greatly reducing factual errors compared to the initial policy model SFT, generates even more irrel-

evance, repetition, and incoherence errors than SFT. FINE-GRAINED RLHF outperforms Preference RLHF

potentially due to more specific and localized training signals. In addition, we ask annotators to compare

the overall generation quality of FINE-GRAINED RLHF and preference RLHF. Although Preference RLHF

is trained directly with such preference feedback, FINE-GRAINED RLHF was rated better than Preference

RLHF in 30.5% of all examples and worse in 24.5% of examples, although it is not statistically significant

according to a binomial model based on win and loss counts. The annotators indicate a tie in the remaining

45% of cases. Surprisingly, FINE-GRAINED RLHF outperforms SFT-Full with more factual and complete

generation, despite a much lower annotation cost.

RLHF is particularly effective in reducing factual errors. Figure 6.3 shows that both FINE-GRAINED

RLHF and Preference RLHF are effective in reducing factual errors in model generation. Meanwhile, we

see little or no improvement in reducing irrelevance, repetition, or incoherence errors. We provide more

in-depth analysis for this observation in §6.4.5.

Table 6.3 shows automatic scores on the QA-FEEDBACK test set, which show similar trends as human

evaluation in terms of system comparisons, while all four systems achieve similar Rouge scores.

rel. fact. comp.
Rϕ1

(↑) Rϕ2
(↑) Rϕ3

(↑) Rouge(↑)

SFT-Full 0.508 0.756 0.044 49.63

SFT 0.513 0.749 -0.053 48.96
+ Pref. RLHF 0.482 0.781 0.101 49.84
+ F.G. RLHF 0.513 0.816 0.139 49.93

Table 6.3: Automatic evaluation on the QA-
FEEDBACK test set.

rel. fact. comp. avg.
Config Rϕ1

(↑) Rϕ2
(↑) Rϕ3

(↑) Rouge(↑) len

Short 0.637 0.760 -0.231 48.99 74.92
Medium 0.513 0.816 0.139 49.93 98.66
Long 0.425 0.860 0.241 48.72 109.63

Table 6.4: Automatic evaluation results (test set) of
FINE-GRAINED RLHF trained with different reward
model weight configurations.

6.4.5 LM Customization with FINE-GRAINED RLHF

Since we use multiple reward models in FINE-GRAINED RLHF, adjusting their weights (see Eq. 6.1) during

RL may lead to different LM behaviors. For example, adding more weight to a reward model associated with

one specific desired behavior type (e.g., information completeness) may lead the generation more towards

that behavior type compared to others (e.g., information relevance). This flexibility can potentially fit users

with diverse needs. Therefore, in this section, we explore FINE-GRAINED RLHF’s ability to customize the
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LM behavior.

LM customization. As in Table 6.4, we explore three configurations of reward model weights (w1, w2, and

w3 for Rϕ1 , Rϕ2 , and Rϕ3) and name them ‘short’, ‘medium’, and ‘long’ according to the LM’s average

generation length. For simplicity, we fix w2 = 0.5 and w3 = 0.3, and use 0.4, 0.3, and 0.2 for w1, which

leads to ‘short’, ‘medium’, and ‘long’ generation outputs respectively. We manually inspect 30 random

examples and observe that (1) ‘short’ generates more relevant content, but is less factual and complete; (2)

‘long’, in contrast, gives the most factual and complete generation. This reflects that the LM is referencing a

large amount of content from passages; (3) The ‘medium’ configuration balances the three rewards and has

the highest Rouge score. 24/30 examples follow the above rule. Qualitative analysis and examples of LM

customization are in Appendix A.4.

Trade-off between error types. We observe that a higher w1 leads to a bigger rel. reward, smaller fact. and

comp. rewards, and shorter generated outputs. One interpretation is that Rϕ1 penalizes text spans that are

irrelevant to the questions. As such, it encourages answering the question directly and penalizes referencing

passages and generating auxiliary information. This reduces the model generation length and information

completeness, and introduces more factual errors.

6.4.6 Analysis

Figure 6.4: Dynamics of each type of re-
ward during training (reward vs. training
steps). All rewards are z-normalized.

rel. fact. comp. avg.
Rϕ1

(↑) Rϕ2
(↑) Rϕ3

(↑) Rouge(↑) len

SFT 0.514 0.735 0.065 43.13 96.69

F.G. RLHF 0.516 0.825 0.266 44.29 101.76
w/o. Rϕ1 0.249 0.771 0.742 38.52 179.31
w/o. Rϕ2 0.716 0.640 -0.177 43.18 78.08
w/o. Rϕ3

0.565 0.799 0.123 43.61 93.92

Table 6.5: Ablation of reward models on the development
set. Rϕ1 , Rϕ2 , and Rϕ3 correspond to the reward model for
relevance, factuality, and information completeness.

Reward models are competing against each other. In the prior section, we find that there is a trade-off

between error types. To further look into this phenomenon, we explore the dynamics of each reward model

during training. Figure 6.4 shows each reward model’s rewards on the development set during training. All

rewards are z-normalized for visualization. We see that the fact. reward is consistently increasing. The rel.
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reward increases rapidly in the first 250 steps and then starts decreasing, while the comp. reward exhibits an

opposite trend, decreasing at first and then starting to increase. As discussed earlier, one interpretation is that

relevance (precision) and information completeness (recall) can be adversarial objectives, so the rewards are

competing. The three rewards reach an equilibrium point in later steps.

Ablation: Does the LM learn from all reward models? What if we remove one reward model? Ta-

ble 6.5 explores the policy LM behavior when one of the three reward models is removed during training.

Qualitative examples are in Appendix A.4. First, we observe that the corresponding reward decreases dra-

matically when the model is removed. When the rel. reward model ( Rϕ1 ) is removed, the outputs become

extremely long and the comp. reward is extremely high. We observe the outputs and find the model is

copying a lot of content from the passages. When the fact. reward model ( Rϕ2 ) is removed, the rel. reward

becomes the highest. We observe that the LM tends to answer the question directly and not reference the

passages, which causes a lot of hallucinations. When the comp. reward model ( Rϕ3 ) is removed, the

outputs are concise and factual but not providing all relevant information to the question. Thus, it has lower

information completeness and Rouge score compared with the LM trained with all reward models.

Reward model performance. We report and analyze the performance of each reward model in predicting

its corresponding error category. The rel. reward modelRϕ1 has a binary classification accuracy of 69.6, and

an F1 score (for the “has error” class) of 68.5 on model-generated sub-sentences from the development

set. We sample 20 sub-sentences where Rϕ1 predicts the opposite of the human label, and observe that all

of them either 1) contain relevant auxiliary information and are marked as “no error” by humans, or 2)

are marked as irrelevant by humans but provide closely related background information to the question. In

other words, Rϕ1 is mostly struggling with predicting the relevance of auxiliary information, and it rarely

fails to predict a direct answer as “no error”.

The fact. reward model Rϕ2 has an accuracy of 77.8 and an F1 score of 67.5. We sample 20 sentences

where Rϕ2 makes a prediction mistake and we observe that the mistakes often happen when the generated

sentence is highly abstractive instead of directly copying information from the passage. We also observe

that more than 80% of human labeled factual errors occur when the model generates a direct answer (not

auxiliary information) that contains hallucinated information or a random entity from a passage. We notice

that Rϕ2 correctly captures more than 80% of such errors.
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The comp. reward modelRϕ3 has an accuracy of 70.9 in pairwise comparison. In contrast, the preference-

based reward model only reaches an accuracy of 57.2. This helps confirm our intuition that assessing long-

form generation outputs holistically can be more ambiguous and subjective than evaluating the outputs with

a focus on a specific undesired behavior type.

Comparison with ChatGPT responses. We experiment with answering the questions with ChatGPT.3

To familiarize ChatGPT with the style of our LFQA task, we prompt it with the task instruction and a

single random QA example (due to length limitation). ChatGPT achieves a RougeLSum score of 40.92 on

the test set, which is much lower than our models. We do not use our trained reward models to evaluate

ChatGPT outputs because reward models trained on T5-large may not generalize well to ChatGPT. We

instead manually inspect the ChatGPT responses, and observe that they are mostly concise and factual,

yet lack the auxiliary information necessary to clarify ambiguous questions. Qualitative examples are in

Appendix A.4. This shows the difficulty for ChatGPT in learning user-desired behaviors through simple

prompting.

6.5 Discussion

6.5.1 Broader Impacts

We propose the FINE-GRAINED RLHF framework that can incorporate multiple reward models to provide

dense rewards for RL training with costs similar to preference-based feedback, which leads to LM outputs

that are optimized towards such rewards. Our framework can be applied to any text generation task, thereby

enhancing LM performance by offering more nuanced guidance than holistic feedback. The key advantages

of the FINE-GRAINED RLHF framework are two-fold:

Flexibility. Our framework significantly expands the versatility of reward models for RLHF. For example,

future work involving fact-checking, sentiment classification, toxicity detection, among others, can all be

incorporated within this framework. LMs can be trained against all these reward models via FINE-GRAINED

RLHF.

Controllablility. Having multiple reward models that stand for different feedback types allows the end user

to exert greater control over RL training (e.g., through different combinations of reward model weights; see

3We used gpt-3.5-turbo.
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details in § 6.4.5). This leads to customized model behaviors, a benefit particularly valuable for applications

like educational tools where model personalization is crucial.

6.5.2 Limitations

One major limitation of our framework comes from the additional compute cost of getting fine-grained

rewards, compared to RLHF with a holistic reward. For instance, in the detoxification task, we need to make

multiple PERSPECTIVE API calls for each model output depending on how many sentences are generated,

while RLHF with a holistic reward only requires one. In the long-form QA task, we need to calculate a

dense reward from multiple reward models, which takes more compute time and GPU memory than a single

reward model. However, since running reward models accounts for only a small percentage of the total

training time, training FINE-GRAINED RLHF requires less than an additional 5% of the time compared to

preference-based RLHF.

Another limitation is that different tasks may have different definitions of fine-grained feedback in terms

of the feedback types and the density level of each type. Therefore, defining feedback that is well-suited for

a task, easy to annotate, and training reward models accordingly requires non-trivial manual effort.

6.6 Summary

In this work, we introduce FINE-GRAINED RLHF, a framework that enables LMs to learn from multiple

fine-grained reward models trained from human feedback, where each reward model detects a specific error

category and provides dense rewards. We conduct experimental analysis on two text generation tasks to

illustrate the performance gain of FINE-GRAINED RLHF than RLHF over holistic rewards, supported by

both automatic and human evaluation. Furthermore, we show that an LM can be customized for specific

needs using different combinations of fine-grained reward models.
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Chapter 7

Conclusion

7.1 Summary and Contributions

In this thesis, we propose solutions to address key challenges towards building an interactive agent to support

human users’ information-seeking needs. The three challenges and our corresponding contributions are

summarized as follows.

7.1.1 Knowledge Retrieval and Identification in Conversations

We introduce DIALKI, a knowledge identification model to address the problem of locating relevant infor-

mation from long documents in a conversational context (Chapter 3). Specifically, we introduce a multi-task

learning framework that models the dialogue-document interactions via an auxiliary task of history knowl-

edge prediction and a knowledge contextualization mechanism. DIALKI advances the state of the art in

knowledge identification tasks for two conversational datasets, with more than 60% and 20% gains over

previous work. DIALKI also won the first place in the knowledge identification subtask in the DialDoc

Shared Task [Feng et al., 2022].

Further, we introduce CONQRR to address the problem of retrieving relevant passages from a large

corpus. CONQRR is the first RL-based QR model that can be adapted to and optimized towards any off-the-

shelf retriever for conversational QA (Chapter 4). We demonstrate that CONQRR achieves state-of-the-art

results with off-the-shelf retrievers on QReCC with conversations from three sources and is effective for two
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retrievers, including BM25 and a dual encoder model. Our analysis shows CONQRR trained with no hu-

man rewrite supervision provides better retrieval results than strong baselines trained with full supervision,

and it is robust to out-of-domain dialogues, topic shifts and long dialogue contexts. We conduct a novel

quantitative study to analyze the limitations and utility of human rewrites in retrieval performance, which

are largely unexplored in prior work. We observe that human rewrites sometimes omit information from the

dialogue context that is useful to the retriever, which motivates the development of CONQRR, but they can

still serve as useful supervision for conversations with frequent topic shifts.

7.1.2 Interactive and Collaborative Information Seeking

As most existing studies either fail to or artificially incorporate agent-side initiatives to collaborate with the

human user in a information-seeking conversation, we collect INSCIT, a dataset for Information-Seeking

Conversations with mixed-initiative Interactions (Chapter 5). It contains 4.7K user-agent turns from 805

human-human conversations where the agent searches over Wikipedia and either directly answers, asks for

clarification, or provides relevant information to address user queries. The data supports two subtasks, evi-

dence passage identification and response generation, as well as a human evaluation protocol to assess model

performance. We report results of two systems based on state-of-the-art models of conversational knowl-

edge identification and open-domain question answering. Since both systems significantly underperform

humans, we conduct systematic analysis to suggest ways for improvement in future studies.

7.1.3 Response Generation Informed by Human-centered Objectives

We introduce FINE-GRAINED RLHF, a framework that enables training and learning from reward functions

that are fine-grained in two respects: (1) density, providing a reward after every segment (e.g., a sentence)

is generated; and (2) incorporating multiple reward models associated with different feedback types (Chap-

ter 6). We collect QA-FEEDBACK, a dataset of both coarse-grained and fine-grained human feedback for

long-form question answering tasks. We conduct experiments on detoxification and long-form question an-

swering to illustrate how learning with such reward functions leads to improved performance, supported by

both automatic and human evaluation. Additionally, we show that LM behaviors can be customized using

different combinations of fine-grained reward models.
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The contributions in this thesis include modeling frameworks, datasets, evaluation frameworks, and

learning strategies. We have released all code and data for all our work discussed in this thesis, expect for

CONQRR, which was done in the industry lab. We believe the challenges discussed in this thesis are crucial

to enhance the experience of an information-seeking user when interacting with the agent model and to

optimize the helpfulness of information being returned to the user. We hope that our proposed approaches

can be useful for future research with similar goals.

7.2 Future Directions

We discuss a few important future directions to further improve agent models for human-centered interactive

information-seeking.

Interactive and collaborative agents. We show in Chapter 5 that there is still improvement room for the

model to learn when and how to use non-direct response strategies. Given the small size of our training

data, a future direction is to explore transfer learning using existing information-seeking conversation or

question answering resources. INSCIT focuses on different strategies that can be adopted by the agent to

better address user requests in a conversational question answering setting, assuming the user will either ask

an information-seeking question or provide a clarification to the agent. Exploring more user-side strategies

would be interesting for handling system errors and other types of conversations (e.g. negotiations).

A broader scope of information sources. CONQRR explores how to use passage retrievers like a search

engine in an information-seeking conversation effectively. Exploring how to broaden the scope of informa-

tion sources can be a very interesting direction towards building practical information-seeking applications.

People do not always go to a search engine when they look for information. For example, sometimes they

go directly to certain websites for specific types of information. Or they can search over local files stored

on the server or database systems. It could be an interesting future exploration to train the agent model

to interact with a variety of knowledge sources or tools (e.g., functional APIs) to fulfill users’ information

need. For example, future studies can investigate how to teach a model to differentiate the query types and

look for useful information from different sources accordingly.
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Learning from natural human feedback. In FINE-GRAINED RLHF, we carefully control the quality of

annotated feedback, which is then used to train reward models for RL. In practice, when a deployed model

is released to the public, end users do not always give clean feedback. Therefore, how to obtain effective

learning signals from noisy user feedback in the real world still needs further investigation.

Exploring how to elicit, identify and learn from natural language human feedback is another promis-

ing direction. Humans give and receive feedback to and from others all the time through communication,

sometimes even when they are not specifically asking for it. This also adds to the benefit of building con-

versational agent models as conversing with users is essential for getting such feedback. Natural language

feedback can be much easier to collect compared to specifically asking users to provide structured feed-

back for the model’s continual learning. Designing mechanisms to improve user engagement or explaining

the agent’s decision making process via conversation can further trigger more useful feedback. In the mean-

time, exploring how to identity indirect feedback and convert it into effective learning signals is a near-future

opportunity.

Personalized agents. Training a model to adapt to users’ own feedback/objectives and habits of tool uses

can lead to personalized agents, which is a future direction. Ideally, a personal agent or assistant should

go beyond the scope of information seeking. In many scenarios, the agent should also be able to provide

both emotional support and to perform a variety of tasks. To perform a given task, the agent should be

able to do planning and take actions by leveraging tools. Based on reward from the working environment,

which can be either positive or negative, the agent can make refinements to their planning. If the agent

gets stuck, especially for tasks that are never seen before or depend on unknown personal preference, they

can ask the human user for feedback or guidance, or collaborate with them. They would also store their

interaction experience with both the environment and the user, the user’s preference and habits into their

memory for future references. Ideally, the agent would have a learning curve at the beginning to adapt to the

user preference or habits, and then the agent would gradually provide more satisfying interaction experience

for the user. It could also be important for an agent to learn to balance when to follow the user and when to

hold their own opinion, especially on topics that relate to safety and ethical issues.
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Responsible information-seeking. Information sources used in practice (e.g., the whole web) can of-

ten contain less trustworthy information. In such cases, retrieving evidence passages containing different

answers and predicting the trustworthiness of each answer based on all such retrieved passages can be a

promising direction to prevent misinformation.

Another direction that is highly relevant to responsible information-seeking lies in the design of evalua-

tion metrics. Well-defined evaluation metrics allow developers to measure the performance of their systems

accurately and identify areas for improvement. Reliable and transparent evaluation metrics build user trust in

information-seeking systems. This thesis follows previous studies to evaluate the model performance when

given a fixed human-human dialogue context. As pointed out by Li et al. [2022], an interactive dialogue

system often needs to handle dialogue contexts containing errors made by the model itself. Therefore, it is

important for future work to develop new methods for automatic evaluation and scalable human evaluation

in the interactive setting. Fine-grained evaluation on bias, fairness and hallucination of information-seeking

systems is also crucial towards responsible information-seeking.
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Appendix A

Additional Examples and Training Details

for FINE-GRAINED RLHF

A.1 Algorithm and Training Details of FINE-GRAINED RLHF

A.1.1 PPO with Fine-Grained Rewards

The algorithm below shows in detail how PPO updates the policy LM Pθ and the value model Vψ with K

fine-grained reward models Rϕk .

A.1.2 Implementation Details

Model architectures. For the detoxification experiments, the policy model is initialized with GPT2-large [Rad-

ford et al., 2019], and the value model is initialized with GPT2-base. For the long-form QA experiments, the

policy model is initialized with a supervised fine-tuned T5-large [Raffel et al., 2020], and the value model is

initialized with T5-base. This design follows InstructGPT [Ouyang et al., 2022], which uses a larger (175B)

policy model, and smaller value and reward (6B) models.

Training details on detoxification. For both the holistic reward baseline and the sentence-level (fine-

grained) reward, we do a hyper-parameter search with the same set of hyper-parameters. For training, we

run 200K episodes. The batch size (number of episodes per card during training) is 64. We use Adam

optimizer with a linear learning rate scheduler and 10 warmup steps. We perform a hyper-parameter grid-
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Algorithm 1 Fine-Grained Reinforcement Learning from Human Feedback (FINE-GRAINED RLHF)
Input initial policy model Pθinit ; initial value model Vψinit ; K reward models Rϕk trained from human feed-
back; task prompts D; hyperparameters γ, λ, ϵ, β

1: policy model Pθ ← Pθinit , value model Vψ ← Vψinit

2: for step = 1, . . . , M do
3: Sample a batch Db from D
4: Sample output sequence yn ∼ Pθ(· | xn) for each prompt xn ∈ Db
5: Compute rewards {rnt }

|yn|
t=1 for each sampled output yn by running Rϕk ▷ Eq. 6.1

6: Compute advantages {At}|y
n|

t=1 and value targets {V targ(st)}|y
n|

t=1 for each yn with Vψ
7: for PPO iteration = 1, . . . , µ do
8: Update the policy model by maximizing the PPO clipped surrogate objective:

θ ← argmax
θ

1

|Db|

|Db|∑
n=1

1

|yn|

|yn|∑
t=1

min

(
Pθ(at | st)
Pθold(at | st)

At, clip(vt, 1− ε, 1 + ε)At

)
9: Update the value model by minimizing a square-error objective:

ψ ← argmin
ψ

1

|Db|

|Db|∑
n=1

1

|yn|

|yn|∑
t=1

(
Vψ(st)− V targ(st)

)2
Output Pθ

search for peak learning rate ∈ {5e−6, 1e−5, 2e−5}, KL coefficient β ∈ {0.1, 0.2, 0.3}, discounting factor

λ ∈ {0.95, 0.97, 0.99}, and the frequency of exploration (number of sampled outputs) ∈ {2, 4, 8}. We find

that the higher the KL coefficient, the lower the perplexity, and the higher toxicity. This is consistent with

findings from previous RLHF studies [Ouyang et al., 2022; Ramamurthy et al., 2023]. For a fair comparison,

we eventually choose a set of parameters that achieve a similar level of perplexity for both reward models.

The optimal set of hyper-parameters for holistic reward is β = 0.3, λ = 0.99. For sentence-level reward

β = 0.1, λ = 0.95. The learning rate is 1e− 5, and the exploration frequency is 4 for both experiments. We

choose the checkpoint with the lowest validation set toxicity for evaluation. Regarding computation time,

we use 2× 80G NVIDIA A100 GPU for training, and the run time is about 22 hours.

Training details on long-form QA. We conduct a similar hyper-parameter grid search as our detoxification

experiments. For long-Form QA, the input length limit is 1024, and the output length limit is 200. Notice

that this is much longer than detoxification, so we use a smaller batch size and fewer training episodes.

We experiment with multiple combinations of reward model weights. Fixing w2 = 0.5 (factuality reward

weight), we perform a grid search on w1, w3 ∈ [0.0, 0.5]. We eventually choose w1 = 0.3, w2 = 0.5, w3 =
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0.3, which reaches a balance between three reward models and allows all three rewards to increase during

training. For training, the batch size (number of episodes per card during training) is 32. We use Adam

optimizer with a linear learning rate scheduler and 100 warmup steps. We perform a hyper-parameter grid-

search for peak learning rate ∈ {5e − 6, 1e − 5, 2e − 5}, KL coefficient β ∈ {0.1, 0.2, 0.3}, discounting

factor λ ∈ {0.95, 0.97, 0.99}, and the frequency of exploration ∈ {2, 4, 8}. The optimal set of hyper-

parameters for Pref. RLHF is β = 0.2, λ = 0.99. For FINE-GRAINED RLHF, β = 0.3, λ = 0.95. The

learning rate is 1e−5, and the exploration frequency is 4 for both experiments. we run 80K episodes, which

is approximately 5 epochs. We choose the checkpoint with the highest validation reward for evaluation.

Regarding computation time, we use 2× 80G NVIDIA A100 GPU for training, and the run time is about 15

hours.

A note on the error bars. All results we report in the chapter are from 3 independent runs. The scores

reported are all averaged across all runs. The error bars are represented as the shades behind each training

curve in our figures. It shows the standard error across three runs.

A.2 Long-Form QA Data and Human Feedback Annotation

A.2.1 Human Feedback Annotation

Fine-grained feedback. As discussed in § 6.4.1, we first use 1K randomly sampled training examples to

train a T5-large based supervised model SFT as the initial policy model Pθinit
. Then we collect feedback on

sampled outputs from SFT for the remaining 2,853 training examples and the 500 development examples,

using the Amazon Machanical Turk platform.1

Figure A.1 shows the fine-grained human feedback annotation interface with an example from QA-

FEEDBACK. In addition to the task input—question q and oracle passages P , we also provide a human-

written response from ASQA to the worker as reference. However, it is important to note that, in practice, the

annotation of our fine-grained feedback should not require the human-written response. The only purpose for

us to provide the gold response is to have our workers follow the same question interpretation and expected

response of the workers who annotate for ASQA, such that our experimental comparison with supervised

1https://www.mturk.com/
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models (SFT and SFT-Full; details in § 6.4.3) is fair. However, we still instruct our workers to strictly use

the given passages for checking factual errors. For each span error, we ask the worker to select one out of

5 categories shown in Figure A.2 (left).2 However, we collapse these 5 categories into two categories (C1

and C2 mentioned in § 6.4.1) based on whether the error detection depends on the passages or not. When

workers mark passage sentences as containing missing information, we instruct them to categorize each

sentence as missing “answer”, “major auxiliary information” or “minor auxiliary information,” as shown in

Figure A.2 (right). Our instruction to the worker is provided in Figure A.4.

Quality control. Before feedback collection, we design a qualification task to select qualified workers

for this feedback annotation task. The qualification task consists of 5 questions with their corresponding

passages and model outputs for the workers to annotate. We manually review about 70 submissions of the

qualification task and select 15 workers whose annotation is marked by us as of high quality. Throughout the

actual feedback annotation process, we constantly monitor the annotated data and send feedback to workers.

Preference-based feedback. For comparison purposes, we follow Ouyang et al. [2022] to collect pairwise

human preferences from the same group of workers we select from the qualification task. We sample four

model outputs for each prompt x, which gives 6 pairs of model outputs. Similarly, we provide the worker

with the human-written response and ask the workers to indicate pairwise preferences (ties are allowed)

based on all errors they can find each model output. Figure A.3 shows the preference-based human feedback

annotation interface with an example from QA-FEEDBACK.

Pay structure. We pay a base rate of $1.5 per example for annotating fine-grained or preference feedback.

If the example consists of ≥ 3 passages to read, we assign an additional $0.3 bonus to the example. On

average, we pay roughly $1.65 per example for both tasks, which gives an $16.5 hourly pay for our workers.

A.2.2 Analysis of Collected Fine-Grained Feedback

Overall, among all error spans we collect, 76% of them are C1 errors and the remaining 24% are C2 errors.

However, it is important to note that we instruct workers to labelC2 errors only at places that don’t have aC1

error. 75% examples are labeled as being incomplete; i.e., containing missing information that can be found

in the given passages (C3). Among all marked passage sentences that contain missing information, 31%,

2We see very few “incoherence” errors (1%), so the majority of labeled errors are from the other four categories during annota-
tion.
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42% and 27% are missing answer, major auxiliary information and minor auxiliary information respectively.

To analyze human-human agreement, a subset of 300 examples receive annotations from two distinct

workers. We observe that while the exact agreement in error span boundaries is low, workers achieve

reasonably high agreement on whether a sub-sentence contains C1 (reach an agreement for 83% of all sub-

sentences) and whether a sentence contains C2 (92%). 3 The agreement on whether a model output contains

complete information or not (C3) is 85%. Therefore, we decide to have the density for error type C1, C2,

and C3 as sub-sentence, sentence and full sequence.

A.3 Long-Form QA Reward Model Training Details

We train reward models with the 2,835 training examples with feedback collected and select the best model

for each error category based on the their performance on the development set. The batch size and training

epochs are 24 and 50 for Rϕ1 and Rϕ2 . Each training is run on a single 80G NVIDIA A100 GPU, taking

1 and 2 hours for training Rϕ1 and Rϕ2 respectively.4 The batch size and training epochs are 12 (per GPU)

and 30 for Rϕ3 and the preference-based reward model. Each training is run on 2× 80G NVIDIA A100

GPU and takes 2 hours. We use Adam optimizer with a linear learning rate scheduler for all reward model

training. For each reward model, we search the learning rate over {5e−6, 1e−5, 5e−5}, weight decay over

{0.001, 0.01}, and warm-up step ratio over {0.1, 0.2} based on the dev set performance. Specifically, we use

the model for Rϕ1 and Rϕ2 that achieve the best binary classification accuracy. For Rϕ3 and the preference-

based reward model, we select the model that achieves the best pairwise comparison accuracy. We also

provide more training details for each reward model below.

Rϕ1 for C1: Irrelevance, repetition, or incoherence. To train the reward model Rϕ1 that detects error

of irrelevance, repetition, or incoherence, we apply a token-level classification loss to each [sep] token

before y1j , where its gold label gj is “has error” if there is a fi ∈ F that has abi,...,ei overlapped with

y1j and ci = 1, and “no error” otherwise. We observe that most of the spans marked as error type C1

that are shorter than 5 words usually carry very little information or are annotated as a result of workers

being very careful or strict. Therefore, we filter out such short spans before constructing training examples

3We use spaCy [Honnibal et al., 2020] to segment generated model outputs into sentences. We then split sentences into sub-
sentences using a comma or semicolon.

4Note that training Rϕ1 takes shorter time as its input does not contain passages.
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for Rϕ1 . Overall, we get 7379 and 8059 sub-sentences with the “has error” and “no error” label

respectively.

Rϕ2 for C2: Incorrect or unverifiable facts. We train Rϕ2 in a similar way as how we train Rϕ1 . Instead

of predicting the error for each sub-sentence, Rϕ2 is trained to predict at the sentence level (i.e., y2j is the

jth sentence in y). Since workers do not annotate C2 error for spans that are already labeled as having C1

error, in order to avoid false negatives in training Rϕ2 , we do not provide gold label nor calculate loss for

sentences that only contain C1 error from training. In other words, all sentences that contain a C2 error has

the gold label “has error” and sentences that contain no error has the gold label “no error”. Overall,

we get 1600 and 3411 sentences with the “has error” and “no error” label respectively.

Rϕ3 for C3: Incomplete information. Instead of casting this as a classification task, Rϕ3 predicts a single

scalar reward given x and y and is trained with a pairwise comparison loss [Ouyang et al., 2022]. This is

motivated by early work [Li et al., 2019a] that shows the better reliability of pairwise comparison than error

classification when assessing a full generation sequence. To construct training data for Rϕ3 , we bootstrap

pairwise comparisons from the corrected model output y′ as follows. We first map each sub-sentence in y′

to a passage sentence in P that has a sub-string with the highest token-level F1 score with the sub-sentence,5

and denote all mapped sentences as S. We then sample four responses from SFT, for each we do the same

sentence mapping to get a set of passages sentences S ′. We calculate score(y) = |S ′ ∩ S|/|S| as the

information completeness score for each model response y. We follow Ouyang et al. [2022] to pair up

sampled responses for q and denote each sampled response pair as (ȳp, ȳl), where score(ȳp) > score(ȳl).

We drop the pairs where score(ȳp) = score(ȳl). Then we follow Ouyang et al. [2022] to train Rϕ3 with the

loss function in Eq. 6.2. We have a total number of 6821 pair examples in training.

Preference-based reward model. The preference-based reward model is trained in a similar way as Rϕ3 ,

with ȳp representing the human preferred response against ȳl in the loss function Eq. 6.2. We drop the pairs

where a tie is indicated. We have a total number of 14981 pair examples in training.

5We manually review 50 mapped passage sentences and find over 90% of them are correctly mapped, which indicates frequent
extractive behaviors from Pθinit .
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Figure A.1: Fine-grained feedback annotation interface.

A.4 Qualitative Examples for Long-Form QA

A.4.1 Examples on LM Customization

As discussed in § 6.4.5, we can modify the weight of each fine-grained reward model during RL training to

get LM with different behaviors. Here, we explore three configurations of reward model weights and name

them ‘short’, ‘medium’, and ‘long’ based on the LM’s average generation length. The ‘short’ configuration

generates concise and short responses, while the ‘long’ configuration generates detailed and long responses.

Table A.1 demonstrates the different behaviors of our customized LMs. Given the same question, each LM

generates different amount of auxiliary information in the response.
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Figure A.2: Error types in the fine-grained feedback annotation interface.

Figure A.3: Preference feedback annotation interface. The task input is omitted (same as in Figure A.1).
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Figure A.4: Fine-grained feedback annotation instructions.
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Question: When did the French join revolution on colonists’ side?

Passages: Article Title: France in the American Revolutionary War
French involvement in the American Revolutionary War began in 1775, when France, a rival of the British Empire, secretly
shipped supplies to the Continental Army. A Treaty of Alliance in 1778 soon followed, which led to shipments of money and
material to the United States. Subsequently, the Spanish Empire and the Dutch Republic also began to send assistance, leaving
the British Empire with no allies. France’s help is considered a vital and decisive contribution to the United States’ victory
against the British. As a cost of participation in the war, France accumulated over 1 billion livres in debt. After its defeat in
the Seven Years’ War in 1763, France lost its vast holdings in North America. Meanwhile, the American colonists and the
British government began to fight over whether Parliament in London or the colonial assemblies had primary responsibility for
taxation. As part of that conflict, the colonists organized the Boston Tea Party in response to a tax on tea. The British government
responded by passing the Intolerable Acts, which included the closing of Boston Harbor and the revocation of Massachusetts’s
colonial charter. This conflict exacerbated tensions further. The ideological conflict escalated into open warfare in 1775, at which
point the American patriots revolted against British rule. France, who had been rebuilding their Navy and other forces, saw this
as an opportunity to seriously weaken her perennial enemy.
Article Title: France in the American Revolutionary War
France bitterly resented its loss in the Seven Years’ War and sought revenge. It also wanted to strategically weaken Britain.
Following the Declaration of Independence, the American Revolution was well received by both the general population and the
aristocracy in France. The Revolution was perceived as the incarnation of the Enlightenment Spirit against the "English tyranny."
Benjamin Franklin traveled to France in December 1776 in order to rally the nation’s support, and he was welcomed with great
enthusiasm. At first, French support was covert: French agents sent the Patriots military aid (predominantly gunpowder) through
a company called "Rodrigue Hortalez et Compagnie", beginning in the spring of 1776. Estimates place the percentage of French
supplied arms to the Americans in the Saratoga campaign at up to 90%. By 1777, over five million "livres" of aid had been sent to
the American rebels. Motivated by the prospect of glory in battle or animated by the sincere ideals of liberty and republicanism,
volunteers like Pierre Charles L’Enfant joined the American army. The most famous was Lafayette, a charming young aristocrat
who defied the king’s order and enlisted in 1777 at age 20. He became an aide to George Washington and a combat general.
More importantly, he solidified a favorable American view of France.
Article Title: Treaty of Alliance (1778)
On March 17, 1778, four days after a French ambassador informed the British government that France had officially recognized
the United States as an independent nation with the signing of the Treaty of Amity and Commerce and the Treaty of Alliance,
Great Britain declared war on France, thereby engaging that nation in the American Revolutionary War. French entry into the
war would lead to further escalation of the war when Spain entered the fight against Britain as France’s ally, after the signing of
the Treaty of Aranjuez on April 12, 1779, and again in December 1780 when Britain declared war on the Dutch Republic after
seizing a Dutch merchant ship they claimed was carrying contraband to France during the Affair of Fielding and Bylandt. After
the signing of the treaty French supplies of arms, ammunition, and uniforms proved vital for the Continental Army, while their
actions in the Anglo French War of 1778-83 in the West Indies and elsewhere forced Britain to redeploy troops and naval units
away from the North American colonies to secure their holdings.

LM outputs with different reward model configurations:

Short: French involvement in the American Revolutionary War began in 1775, when France, a rival of the British Empire, secretly
shipped supplies to the Continental Army. A Treaty of Alliance in 1778 soon followed, which led to shipments of money and
matériel to the United States. Subsequently, the Spanish Empire and the Dutch Republic also began to send assistance, leaving
the British Empire with no allies.

Medium: French involvement in the American Revolutionary War began in 1775, when France, a rival of the British Empire, secretly
shipped supplies to the Continental Army. A Treaty of Alliance in 1778 soon followed, which led to shipments of money and
matériel to the United States. Subsequently, the Spanish Empire and the Dutch Republic also began to send assistance, leaving
the British Empire with no allies. On March 17, 1778, four days after a French ambassador informed the British government
that France had officially recognized the United States as an independent nation, Great Britain declared war on France, thereby
engaging that nation in the American Revolutionary War.

Long: French involvement in the American Revolutionary War began in 1775, when France, a rival of the British Empire, secretly
shipped supplies to the Continental Army. A Treaty of Alliance in 1778 soon followed, which led to shipments of money and
matériel to the United States. Subsequently, the Spanish Empire and the Dutch Republic also began to send assistance, leaving
the British Empire with no allies. On March 17, 1778, four days after a French ambassador informed the British government
that France had officially recognized the United States as an independent nation with the signing of the Treaty of Amity and
Commerce and the Treaty of Alliance, Great Britain declared war on France, thereby engaging that nation in the American
Revolutionary War.

Table A.1: Qualitative examples on LM customization.
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A.4.2 Examples on LM Errors

Table A.2 and Table A.3 show examples of LM outputs from all the compared systems (SFT, Pref. RLHF,

and FINE-GRAINED RLHF). We mark the fine-grained errors on the model outputs. Overall, our FINE-

GRAINED RLHF outperforms SFT and Pref. RLHF in all three error types.
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Question: Who was the prime minister of Canada in 1920?

Passages: Article Title: Robert Borden
Not only did Borden’s persistence allow him to represent Canada in Paris as a nation, it also ensured that each of the dominions
could sign the Treaty of Versailles in its own right, and receive a separate membership in the League of Nations. During the
conference Borden tried to act as an intermediary between the United States and other members of the British Empire delegation,
particularly Australia and New Zealand over the issue of Mandates. Borden also discussed with Lloyd George, the possibility of
Canada taking over the administration of Belize and the West Indies, but no agreement was reached. At Borden’s insistence, the
treaty was ratified by the Canadian Parliament. Borden was the last Prime Minister to be knighted after the House of Commons
indicated its desire for the discontinuation of the granting of any future titles to Canadians in 1919 with the adoption of the
Nickle Resolution. In 1919 Borden approved the use of troops to put down the Winnipeg general strike, which was feared to be
the result of Bolshevik agitation from the Soviet Union. Sir Robert Borden retired from office in 1920. He was the Chancellor
of Queen’s University from 1924 to 1930 and also was Chancellor of McGill University from 1918 to 1920 while still Prime
Minister. Borden also served as Vice-President of The Champlain Society between 1923 and 1925. He was the Society’s first
Honorary President between 1925 and 1938.
Article Title: Robert Borden
Sir Robert Laird Borden, (June 26, 1854 – June 10, 1937) was a Canadian lawyer and politician who served as the eighth Prime
Minister of Canada, in office from 1911 to 1920. He is best known for his leadership of Canada during World War I. Borden
was born in Grand-Pré, Nova Scotia. He worked as a schoolteacher for a period and then served his articles of clerkship at a
Halifax law firm. He was called to the bar in 1878, and soon became one of Nova Scotia’s most prominent barristers. Borden was
elected to the House of Commons of Canada in 1896, representing the Conservative Party. He replaced Charles Tupper as party
leader in 1901, and became prime minister after the party’s victory at the 1911 federal election. As prime minister, Borden led
Canada through World War I and its immediate aftermath. His government passed the "War Measures Act", created the Canadian
Expeditionary Force, and eventually introduced compulsory military service, which sparked the 1917 conscription crisis. On the
home front, it dealt with the consequences of the Halifax Explosion, introduced women’s suffrage for federal elections, and used
the North-West Mounted Police to break up the 1919 Winnipeg general strike.
Article Title: Arthur Meighen
Arthur Meighen Arthur Meighen (; 16 June 1874 – 5 August 1960) was a Canadian lawyer and politician who served as the
ninth Prime Minister of Canada, in office from July 1920 to December 1921 and again from June to September 1926. He led
the Conservative Party from 1920 to 1926 and from 1941 to 1942. Meighen was born in rural Perth County, Ontario. He
studied mathematics at the University of Toronto, and then went on to Osgoode Hall Law School. After qualifying to practice
law, he moved to Portage la Prairie, Manitoba. Meighen entered the House of Commons of Canada in 1908, aged 34, and in
1913 was appointed to the Cabinet of Prime Minister Sir Robert Borden. Under Borden, Meighen served as Solicitor General
(1913–1917), Secretary of State for Canada (1917), Minister of Mines (1917; 1919–1920), Minister of the Interior (1917–1920),
and Superintendent-General of Indian Affairs (1917–1920). In 1920, Meighen succeeded Borden as Conservative leader and
Prime Minister – the first born after Confederation, and the only one from a Manitoba riding. He suffered a heavy defeat in the
1921 election to Mackenzie King and the Liberal Party, but re-entered Parliament through a 1922 by-election and remained as
Opposition Leader.

LM outputs

SFT: Sir Robert Borden was the eighth Prime Minister of Canada from 1911 to 1920. Arthur Meighen was the ninth Prime Minister
of Canada from 1920 to 1926.

Pref.
RLHF:

Sir Robert Laird Borden was a Canadian lawyer and politician who served as the eighth Prime Minister of Canada, in office from
1911 to 1920. Arthur Meighen was a Canadian lawyer and politician who served as the ninth Prime Minister of Canada, in office
from July 1920 to December 1921 and again from June to September 1926. He led the Conservative Party from 1920 to 1926
and from 1941 to 1942.

FINE-
GRAINED
RLHF

Sir Robert Laird Borden was a Canadian lawyer and politician who served as the eighth Prime Minister of Canada, in office from
1911 to 1920. Arthur Meighen was a Canadian lawyer and politician who served as the ninth Prime Minister of Canada, in office
from July 1920 to December 1921 and again from June to September 1926.

Table A.2: Examples of errors in LM outputs of SFT, Pref. RLHF, and our FINE-GRAINED RLHF. We
mark the C1 (irrelevance, repetition, or incoherence) and C2 (incorrect or unverifiable facts) types of
errors in the model outputs.
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Question: Where does the flat iron cut of meat come from?

Passages: Article Title: Flat iron steak
Flat iron steak (US), butlers’ steak (UK), or oyster blade steak (Australia and New Zealand) is a cut of steak cut with the grain
from the shoulder of the animal. This produces a flavorful cut that is a bit tough because it contains a gristly fascia membrane
unless removed. Some restaurants offer it on their menu, often at lower price than the more popular rib-eye and strip steaks of
the same grade. This is used, in some places, as a means of selling a less expensive cut from the same animal, for example Kobe
beef. This cut of steak is from the shoulder of a beef animal. It is located adjacent to the heart of the shoulder clod, under the
seven or paddle bone (shoulder blade or scapula). The steak encompasses the infraspinatus muscles of beef, and one may see
this displayed in some butcher shops and meat markets as a "top blade" roast. Anatomically, the muscle forms the dorsal part of
the rotator cuff of the steer. This cut is anatomically distinct from the shoulder tender, which lies directly below it and is the teres
major. Flat iron steaks usually have a significant amount of marbling.

LM outputs

SFT: Flat iron steak is a cut of steak cut with the grain from the shoulder of the animal. This produces a flavorful cut that is a bit tough
because it contains a gristly fascia membrane unless removed. Some restaurants offer it on their menu, often at lower price than
the more popular rib-eye and strip steaks of the same grade. This is used, in some places, as a means of selling a less expensive
cut from the same animal, for example Kobe beef.

Pref.
RLHF:

Flat iron steak is a cut of steak cut with the grain from the shoulder of the animal. This produces a flavorful cut that is a bit tough
because it contains a gristly fascia membrane unless removed. Some restaurants offer it on their menu, often at lower price than
the more popular rib-eye and strip steaks of the same grade. This is used, in some places, as a means of selling a less expensive
cut from the same animal, for example Kobe beef.

FINE-
GRAINED
RLHF

Flat iron steak is a cut of steak cut with the grain from the shoulder of the animal. This is located adjacent to the heart of the
shoulder clod, under the seven or paddle bone (shoulder blade or scapula). This steak encompasses the infraspinatus muscles of
beef, and one may see this displayed in some butcher shops and meat markets as a "top blade roast."

Table A.3: Qualitative examples on another question. Here we highlight the information in blue that is
covered by the LM trained with FINE-GRAINED RLHF but missed ( C3: incomplete information error) by
SFT and Pref.RLHF.
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A.4.3 Examples on Reward Model Ablation

As discussed in § 6.4.6, reward models are competing against each other, and we experiment with removing

one of the three reward models during RL training. Table A.4 shows an example of how LMs behave in

such scenarios. See § 6.4.6 for our observations.
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Question: How much does it cost to raise the Costa Concordia?

Passages: Article Title: Costa Pacifica
Costa Pacifica is a "Concordia"-class cruise ship for Costa Crociere. She was handed over to Costa Crociere on 29
May 2009. Her sister ships, "Costa Concordia" and "Costa Serena", were launched in 2006 and in 2007, with "Costa
Favolosa" and "Costa Fascinosa" launched in 2011 and 2012 respectively. Onboard facilities include the Samsara Spa
and PlayStation World, an area boasting PS3 consoles, and the first recording studio at sea. "Costa Pacifica" is the third
ship of the "Concordia"-class, preceded by sister ships "Costa Concordia" and "Costa Serena" and was followed by
"Costa Favolosa" and "Costa Fascinosa" on 2011 and 2012, all part of the expansion program of Costa which entailed
an investment of 2.4 billion Euro, and is currently the largest fleet expansion program in the world. "Costa Pacifica"
was ordered on 14 December 2005, by Carnival Corporation, the parent company of Costa Crociere. The order was
four ships, which includes; "Carnival Dream", for Carnival Cruise Lines; "Nieuw Amsterdam" for Holland America
Line; and "Ruby Princess" for Princess Cruises, at a total cost of US $3 billion.
Article Title: Costa Concordia disaster
On 13 January 2012, the Italian cruise ship "Costa Concordia" ran aground and overturned after striking an underwater
rock off Isola del Giglio, Tuscany, resulting in 32 deaths. The eight year old Costa Cruises vessel was on the first leg of
a cruise around the Mediterranean Sea when she deviated from her planned route at the Isola del Giglio, sailed closer
to the island, and struck a rock formation on the sea floor. A six-hour rescue effort resulted in most of the passengers
being brought ashore. "Costa Concordia" was officially declared a "constructive total loss" by the insurance company,
and her salvage was "one of the biggest maritime salvage operations". On 16 September 2013, the parbuckle salvage
of the ship began, and by the early hours of 17 September 2013, the ship was set upright on its underwater cradle. In
July 2014, the ship was refloated by large sponsons (metal tanks) welded to its sides and was towed 320 kilometres
(200 miles) to its home port of Genoa for scrapping which was finished in July 2017. The total cost of the disaster,
including victims’ compensation, refloating, towing and scrapping costs, is estimated at approximately $2 billion,
more than three times the $612 million construction cost of the ship.

LM outputs: removing one fine-grained reward model during training

All reward models: Costa Concordia is a cruise ship for Costa Crociere. On 13 January 2012, the Italian cruise ship Costa Concordia
ran aground and overturned after striking an underwater rock off Isola del Giglio, Tuscany, resulting in 32 deaths.
The total cost of the disaster, including victims’ compensation, refloating, towing and scrapping costs, is estimated at
approximately $2 billion, more than three times the $612 million construction cost of the ship.

Without relevance
RM Rϕ1 :

On 13 January 2012, the Italian cruise ship Costa Concordia ran aground and overturned after striking an underwater
rock off Isola del Giglio, Tuscany, resulting in 32 deaths. On 16 September 2013, the parbuckle salvage of the ship
began, and by the early hours of 17 September 2013, the ship was set upright on its underwater cradle. In July 2014,
the ship was refloated by large sponsons (metal tanks welded to its sides and was towed 320 kilometres (200 miles)
to its home port of Genoa for scrapping which was finished in July 2017. The total cost of the disaster, including
victims’ compensation, refloating, refloating, towing and scrapping costs, is estimated at approximately $2 billion,
more than three times the $612 million construction cost of the ship. The total cost of the disaster, including victims’
compensation, refloating, towing and scrapping costs, is estimated at approximately $2 billion.
Comment: Too much irrelevant information & repetition error.

Without factuality
RM Rϕ2

:
The cost to raise the Costa Concordia was estimated at approximately $2 billion , more than three times the $612

million construction cost of the ship.
Comment: Factuality error. Direct answer without any supporting evidence from the passages.

Without info. com-
pleteness RM Rϕ3

:
Costa Concordia is a "Concordia"-class cruise ship for Costa Crociere. She was handed over to Costa Crociere on 29
May 2009. The total cost of the disaster, including victims’ compensation, refloating, towing and scrapping costs, is
estimated at approximately $2 billion, more than three times the $612 million construction cost of the ship.
Comment: Miss the auxiliary information about the disaster .

Table A.4: Qualitative examples on the reward model ablation experiment. We show the LM outputs when
we use all the reward models and when one of the reward models is removed during training. We also mark
the errors in each output.
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A.4.4 Comparison with ChatGPT responses

We compare the responses generated by ChatGPT (one-shot)6 and our system in Table A.5. As discussed

in § 6.4.6, We find that ChatGPT responses are relevant and factual, yet lack the auxiliary information

to answer the ambiguous questions. This shows that it is challenging for ChatGPT to learn user-desired

behaviors through prompting and in-context learning.

6Since the input for each example is very long, we cannot fit more than one in-context example into the model.
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Question: When did the Rams go to St Louis?

Passages: Article Title: History of the Los Angeles Rams
The Los Angeles Rams are a professional American football team that play in the National Football League (NFL). The Rams
franchise was founded in 1936 as the Cleveland Rams in the short-lived second American Football League before joining the NFL
the next year. In 1946, the franchise moved to Los Angeles. The Rams franchise remained in the metro area until 1994, when they
moved to St. Louis, and were known as the St. Louis Rams from 1995 to 2015. The Rams franchise returned to Los Angeles in 2016.
This article chronicles the franchise’s history during their time in Los Angeles, from playing at the Los Angeles Memorial Coliseum
between 1946 and 1979, to playing at Anaheim Stadium (now known as Angel Stadium of Anaheim) in Anaheim from 1980 to
1994, and its return to Southern California beginning with the season. On January 12, 1946, Dan Reeves was denied a request by
the other National Football League (NFL) owners to move his team, the Cleveland Rams to Los Angeles and the then-103,000-seat
Los Angeles Memorial Coliseum. Reeves threatened to end his relationship with the NFL and get out of the professional football
business altogether unless the Rams transfer to Los Angeles was permitted. A settlement was reached and, as a result, Reeves was
allowed to move his team to Los Angeles.
Article Title: History of the St. Louis Rams
The professional American football franchise now known as the Los Angeles Rams played in St. Louis, Missouri, as the St. Louis
Rams from the 1995 through the 2015 seasons before relocating back to Los Angeles where the team had played from the 1946
season to the 1994 season. The Rams franchise relocated from Los Angeles to St. Louis in 1995, which had been without a National
Football League (NFL) team since the Cardinals moved to Phoenix, Arizona in 1988. The Rams’ first home game in St. Louis was
at Busch Memorial Stadium against the New Orleans Saints on September 10, 1995, before the Trans World Dome (later the Edward
Jones Dome, and now known as The Dome at America’s Center) was completed for their November 12 game against the Carolina
Panthers. Their last game played at the Edward Jones Dome in St. Louis was against the Tampa Bay Buccaneers on December 17,
2015, which they won, 31–23. The Rams’ last game as a St. Louis-based club was on January 3, 2016, against the San Francisco
49ers at Levi’s Stadium, where they lost in overtime 19–16.

Comparison between our output and ChatGPT output
ChatGPT: The Rams moved to St. Louis in 1995 and were known as the St. Louis Rams from 1995 to 2015.

FINE-
GRAINED
RLHF

The Los Angeles Rams are a professional American football team that play in the National Football League (NFL). The Rams
franchise was founded in 1936 as the Cleveland Rams in the short-lived second American Football League before joining the NFL
the next year. In 1946, the franchise moved to Los Angeles. The Rams franchise remained in the metro area until 1994, when they
moved to St. Louis, and were known as the St. Louis Rams from 1995 to 2015. The Rams franchise returned to Los Angeles in
2016.

Question: Who sang the song I’m Coming Out?

Passages: Article Title: I’m Coming Out
There’s also been a cover by Marcia Hines. It was featured as a cover for the video game "Karaoke Revolution" as well. In
more recent times, the song was sampled in Keyshia Cole’s remake of "I’m Coming Out" (featuring Iggy Azalea) for the original
soundtrack of the 2014 movie The Other Woman, starring Cameron Diaz, Kate Upton and Leslie Mann. The song is sampled in
"Break Your Heart Right Back" from Ariana Grande’s sophomore album "My Everything" (2014). This song was also covered for
the soundtrack to the 2016 movie "Trolls". In 1997, German comedian Hella von Sinnen sampled "I’m Coming Out" for her single
"Mein Coming Out", using the term "coming out" in the context of coming out of the closet, or revealing one’s homosexuality.
In 2003, American singer Amerie covered "I’m Coming Out" for the soundtrack to the film "Maid in Manhattan". Her version
was released as a single in select European countries and Australia. The final single version to be released was the Loren Dawson
remix. The original single version (which is similar to the original) can be found on both CD singles and the original motion picture
soundtrack to "Maid in Manhattan". Ross’ version appears on the film’s soundtrack album as well.
Article Title: I’m Coming Out
"I’m Coming Out" is a song recorded by American singer Diana Ross. It was written and produced by Chic members Bernard
Edwards and Nile Rodgers, and released in August 22, 1980 as the second single from Ross’ self-titled tenth album "Diana" (1980).
In 1979, Ross commissioned Chic founders Nile Rodgers and Bernard Edwards to create material for a new album after taking her
daughters to see the band in concert, following the success of Ross’s final Ashford & Simpson-composed and produced LP," The
Boss. "Rodgers got the idea for "I’m Coming Out" after noticing three different drag queens dressed as Diana Ross at a New York
club called the GG Barnum Room. The lyrics hold an additional meaning to Ross, as she was leaving Motown Records and "coming
out" from under Berry Gordy’s thumb. According to the BBC4 documentary "How to Make It in the Music Business", Ross loved
the record until she put it in front of Frankie Crocker, who pointed out that ’I’m Coming Out’ is what homosexuals use to announce
their homosexuality; she ran back to the studio in tears and demanded to know why Rodgers wanted to ruin her career. The song
was another hit from the album, peaking at number five on the U.S.

Comparison between our output and ChatGPT output
ChatGPT: The song “I’m Coming Out" was recorded by American singer Diana Ross. It was written and produced by Chic members Bernard

Edwards and Nile Rodgers, and released in August 22, 1980 as the second single from Ross’ self-titled tenth album “Diana" (1980).

FINE-
GRAINED
RLHF

“I’m Coming Out" is a song recorded by American singer Diana Ross. It was written and produced by Chic members Bernard
Edwards and Nile Rodgers, and released in August 22, 1980 as the second single from Ross’ self-titled tenth album Diana. In 2003,
American singer Amerie covered "I’m Coming Out" for the soundtrack to the film Maid in Manhattan. Her version was released as
a single in select European countries and Australia. The final single version to be released was the Loren Dawson remix.

Table A.5: Comparison between ChatGPT outputs and FINE-GRAINED RLHF outputs.
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