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Abstract

Conversational systems that enable interactions with users in natural language to satisfy their in-
formation needs and assist them in completing their tasks have been a long-standing goal. Recent
advancements in Machine Learning and Natural Language Processing have enabled the development
of such systems. Feedback is essential to continuously improve and adapt these systems to users’
needs. This thesis focuses on Conversational Question Answering (ConvQA), where the task is to
provide crisp answers to fact-centric questions, formulated in natural language. ConvQA models
are usually trained and evaluated on benchmarks of gold-standard question-answer pairs. Manu-
ally judging answer correctness is costly and therefore often not available in real-world scenarios.
If available, these judgments are often limited in scope and quality. This thesis studies forms of
implicit feedback to effectively train and improve conversational systems from limited amounts of
data, making the following contributions:

• Learning from implicit user feedback via reformulations: We present Conquer, a ConvQA
model that learns from conversational data without gold-labeled annotations but with access
to user feedback using Reinforcement Learning (RL). More precisely, user reformulations are
leveraged as an implicit signal that the previous answer was wrong. We train a classifier to
detect if two questions are reformulations or express different intents and define rewards based
on the reformulation likelihood. Conquer comes with a conversational dataset augmented
with user reformulations, named ConvRef.

• Learning from data augmentation guided by performance-based feedback : We present Reign,
an RL framework that generates reformulations in a systematic way, to increase the robust-
ness of models to different surface forms. It judiciously selects the most helpful variants (that
achieve high answering performance) as additional training data. Reign comes with a collec-
tion of diverse reformulations for robust evaluation.

• Learning from preferences based on delayed system feedback : First, we present Praise, a
pipeline for ConvQA based on Large Language Models (LLMs) that uses the final answering
performance as feedback signal and treats intermediate information, like relevant evidence, as
weakly-labeled data. Second, we present Suit, an iterative training approach for LLM-based
task-oriented dialog systems that determines relevant subgoals from final dialog-level signals
by contrasting turns in successful and unsuccessful dialogs.

The proposed methods learn from implicit and delayed feedback and select data carefully to increase
performance and robustness of the underlying conversational models using Reinforcement Learning.
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Kurzfassung

Systeme die mit Nutzern in natürlicher Sprache kommunizieren und sie bei ihren Aufgaben unter-
stützen waren ein lang angestrebtes Ziel. Die Fortschritte im Maschinellen Lernen und in der natür-
lichen Sprachverarbeitung haben solche Systeme ermöglicht. Feedback ist eine wesentliche Vorausset-
zung dafür, diese Systeme kontinuierlich zu verbessern und an Nutzerbedürfnisse anzupassen. Diese
Dissertation adressiert dialog-basierte Frage-Antwort-Systeme (Conversational Question Answering
(ConvQA)), deren Aufgabe es ist, knappe Antworten auf faktenbasierte, natürlich-sprachliche Fra-
gen zu finden. ConvQA-Modelle werden in der Regel auf Datensätzen mit Frage-Antwort-Paaren
in Goldstandard-Qualität trainiert und evaluiert. Eine manuelle Beurteilung der Korrektheit von
Antworten ist kostenintensiv, und daher in der Realität selten verfügbar. Falls doch, sind Beurteilun-
gen oftmals eingeschränkt hinsichtlich Menge und Qualität.

Diese Dissertation beschäftigt sich mit implizitem Feedback als Quelle für das Trainieren und
Evaluieren von Dialogsystemen mit geringen Datenmengen, und präsentiert dazu die folgenden
Forschungsbeiträge:

• Lernen aus impliziten Nutzerbewertungen durch Frageumformulierungen: Wir haben ein Mod-
ell für ConvQA namens Conquer entwickelt, welches in der Lage ist mittels Reinforcement
Learning (RL), ohne Goldstandard-Annotationen, aus Nutzerfeedback zu lernen. Umfor-
mulierungen von Nutzerfragen dienen als implizites Signal dafür, dass die vorherige Antwort
des Systems falsch war. Wir trainieren einen Klassifikator, der entscheidet ob eine Frage eine
Umformulierung darstellt oder eine neue Frageabsicht, und definieren die entsprechende Beloh-
nung für das mit RL trainierte System. Conquer beinhaltet einen Dialog-Datensatz namens
ConvRef, der mit Nutzerumformulierungen angereichert wurde.

• Lernen mithilfe von Datenaugmentation aus leistungsbasiertem Feedback : Wir haben ein RL
Framework namens Reign entwickelt, welches auf systematische Weise Frageumformulierun-
gen generiert, um die Robustheit von Modellen gegenüber unterschiedlichen Ausdrucksformen
zu verbessern. Es wählt die hilfreichsten Varianten (die, die beste Antwortqualität erzielen)
als zusätzliche Trainingsdaten aus. Reign beinhaltet eine Sammlung mit diversen Frageum-
formulierungen für robuste Systemevaluierung.

• Lernen aus Präferenzen basiernd auf verzögertem System-Feedback : Zuerst stellen wir Praise
vor, eine Pipeline für ConvQA, welche auf großen Sprachmodellen (Large Language Mod-
els (LLMs)) basiert. Praise verwendet die Antwortleistung des Systems als Feedbacksignal
und behandelt Zwischenergebnisse, wie relevante Textpassagen, als schwach annotierte Daten.
Danach stellen wir Suit vor, einen iterativen Trainingsansatz für LLM-basierte, aufgaben-
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orientierte Dialogsysteme. Suit ist in der Lage relevante Teilziele, die während des Dialogs
erfüllt wurden, aus dem Feedback am Ende des Dialogs abzuleiten.

Die vorgestellten Methoden lernen aus impliziten und verzögertem Feedback und wählen Trainings-
daten sorfältig aus, um die Leistung und Robustheit der Frage-Antwort-Systeme durch Reinforce-
ment Learning zu verbessern.
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Chapter 1

Introduction

Contents
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Prior Work and its Limitations . . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.5 Ethical Considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.6 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.7 Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.1 Motivation

Creating systems that are able to converse with humans in natural language in order to satisfy
a user’s information need and assist in completing a specific task has been a long-standing goal.
Learning from feedback is an essential requirement to improve such systems continuously. Recent
advancements in Machine Learning and Natural Language Processing have enabled the development
of such conversational systems, while the rise of personal assistants like the Google Assistant, Siri,
Cortana, Alexa, and recently also ChatGPT, made this mode of interaction popular. Outputs are
typically very short, compared to traditional Web search, where the user has to browse through a
long list of documents. Therefore, this kind of interaction is particularly suitable when screen space
is limited, like on mobile devices and for speech-based interaction.

This thesis focuses on Conversational Question Answering (ConvQA), where the task is to pro-
vide crisp answers to information-seeking, factoid questions, formulated in natural language. Web
sources, consisting of text documents, Web tables and structured Knowledge Graphs (KGs) (e.g.,
Wikidata [Vrandecic and Krötzsch(2014)]), are typically used to answer these questions.

Figure 1.1 shows an illustrative conversation with a sequence of turns consisting of user questions
and system answers. While the first question is typically complete, the follow-up questions are often
very short and certain information is left implicit. Therefore, these questions can only be understood
in their conversational context. Resolving them requires more than simple co-reference resolution.
In the conversation in Figure 1.1, the second question is asking about the actor who starred as James
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2 1. Introduction

user question 1: Who played Claire in the TV show Outlander?
system answer 1: Caitríona Balfe
user question 2: What about Jamie?

system answer 2: Sam Heughan
user question 3: Theme song?

system answer 3: The Skye Boat Song
user question 4: Who wrote the books?

system answer 4: Diana Gabaldon
user question 5: How many are there?

system answer 5: 9

Figure 1.1: Conversational QA example

user 1: Is The Count of Monte Cristo running in any cinema nearby?
system 1: Yes, CineStar shows it at 6pm and 8:30pm. Which time do you prefer?

user 2: 8:30 works better for us.
system 2: Sure, do you want me to make a reservation? If so, for how many people?

user 3: Yes, for three people please.
system 3: All done, your reservation number is ABC. Anything else I can help you with?

Figure 1.2: Task-oriented dialog example

Fraser in the TV series Outlander. Not only the name of the show needs to be extracted from the
first question, but also the relation played. Apart from that, the character’s name is not fully spelled
out, and it might be challenging to disambiguate Jamie to the correct entity James Fraser. Like
the second question, there is no verb in the third one. The fourth question implicitly refers to the
books the TV series is based on. Thus, the focus shifts to the book series, so that the last question
is referring to the number of books (and not the number of seasons in the TV series).

This thesis also addresses Task-oriented Dialog (ToD) systems. These enable goal-oriented con-
versations around executing specific tasks, like making reservations or resolving customer service
issues. An example dialog can be seen in Figure 1.2, where the system assists the user in making
a reservation for a film screening. In these types of dialogs, the system also proactively asks in-
formation from the user (e.g., the preferred time or number of people as in Figure 1.2). These are
typically predefined concepts relevant in fulfilling specific tasks (making a reservation in this case).

The overall goal of this thesis is to propose methods for effectively training conversational models
by leveraging implicit feedback signals.

1.2 Challenges

We encounter the following challenges for training robust ConvQA models:

• Handling the incomplete nature of conversational questions. As pointed out, conver-
sational questions are short, often incomplete and can be phrased in a sloppy way. Information
from the conversation history is needed to correctly interpret the question intent. It is unclear
how to best represent the question, considering the following factors:
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– the conversation history: Relevant information can be spread over multiple turns;

– the respective question intent: The way a question is phrased can impact the overall
performance in QA. For example, for some intents, verbs are easier to handle than noun
phrases, and vice versa [Buck et al.(2018)]. This affects ConvQA even more since there is
a greater variability on how to formulate the conversational questions. Ideally, a model
should be robust to different surface forms;

– the underlying QA system: For example, more traditional IR-based QA methods could
benefit from adding important terms from previous turns to the current query, while
language models prefer fluent input. However, adding irrelevant information from the
history may cause performance to drop. Also for some intents, fully-fledged question
rewriting will make the question unnecessary complex.

• Learning from limited amount of supervision data. There is a large set of real-world
conversational data without gold-labeled annotations. Nevertheless, users may give feedback:
either explicitly by rating whether they were satisfied with the interaction or by implicit
behavioral cues (e.g. reformulations, clicks, or task abandoning).

Supervision data or user signals are often not available for intermediate steps (e.g. no anno-
tations indicating whether retrieved passages contain the correct answer or no user feedback
for individual dialog turns but only and the end of the entire dialog). Therefore, methods are
needed that are able to leverage implicit and final supervision signals.

Apart from this, augmenting existing data and obtaining supervision data for intermediate
steps can be beneficial. However, this can be a costly procedure and may lead to distribution
shifts when new data differs too much from the previous style.

• Selecting high-quality training data. Not only the quantity but also the quality of the
training data can have a large impact on final model performance. Depending on how the
training data was created, it is not only limited in scope, but may also contain wrong or
incomplete annotations or lack naturalness. Using data augmentation or relying on implicit,
potentially noisy signals, can further decrease quality. Also, a method with good performance
on the benchmark it was trained on, may perform worse when deployed in the wild. There-
fore, methods are needed that are able to carefully select the available data and increase the
generalizability and robustness of the QA models.

1.3 Prior Work and its Limitations

There has been a lot of research around conversational search and conversational QA over the past
years [Zamani et al.(2023)]. As pointed out, a key challenge in ConvQA is to be able to correctly
interpret the questions in their conversational context. Earlier work aimed to:

• rewrite the question into completed, self-sufficient forms so that standard QA methods can be
applied (e.g., [Vakulenko et al.(2021), Yu et al.(2020), Ke et al.(2022), Chen et al.(2022b)]),

• model the history as additional context to answer the current question (e.g., [Qu et al.(2019a),
Qu et al.(2019b), Gupta and Sharma(2021), Qiu et al.(2021)]).



4 1. Introduction

However, for reformulating the question, most works do not take the underlying QA system (and its
potential style preferences) and/or the individual question intents into account.

Methods for ConvQA are typically trained and evaluated on benchmarks of gold-standard question-
answer pairs. Typical ways for constructing such conversational datasets are:

• via crowdsourcing (e.g., [Choi et al.(2018), Christmann et al.(2019), Adlakha et al.(2022)]),

• applying automatic or semi-automatic methods, like rules or templates (e.g., [Talmor and
Berant(2018), Saha et al.(2018)],

• reusing existing datasets and transform them into open-domain conversational ones (e.g., [Anan-
tha et al.(2021), Li et al.(2022a)]) and more recently,

• prompting large language models (LLMs) for data generation (e.g., [Abbasiantaeb et al.(2024)]).

All of these methods have potential drawbacks: crowdsourcing is costly and therefore the resulting
data is often limited in scope. Automatic methods, or using a non-conversational dataset as basis,
increase the risk of creating rather artificial datasets that largely differ from real scenarios. Using
proprietary LLMs can also become very costly and using LLM-generated data for model training
results in propagating LLM biases further. Additionally, this may give LLM-based ConvQA meth-
ods an unfair advantage when being trained on this data. One approach to show a QA model’s
generalizability and robustness is by training and/or evaluating it on multiple benchmarks. How-
ever, the training and evaluation remain limited to the question’s surface forms appearing in these
benchmarks.

Incorporating user feedback from conversations in the wild, is a more realistic setup. Exist-
ing methods leverage positive feedback in the form of correct answers to augment the training
data (e.g., [Abujabal et al.(2018), Kratzwald and Feuerriegel(2019), Zhang et al.(2019), Campos
et al.(2020)]). However, such explicit feedback is hard to obtain at scale and hard to ask from
average users who - in a realistic setting - would not know the correct answer upfront. Implicit cues,
like click logs that are well studied in Web search (e.g., [Joachims et al.(2007), Hua et al.(2013)]),
are preferable since they are less intrusive. Suitable implicit feedback for the conversational setting
needs to be determined and harvested.

Another aspect is the lack of training data for intermediate steps, like for evidence retrieval
or for verifying correctness of different dialog flows for task-oriented systems. Supervision signals
are often only available as final answers or with respect to whether a user’s goal is fulfilled at the
end of a dialog. Earlier works on Task-oriented Dialog (ToD) have used Reinforcement Learning
(RL) approaches to optimize for such sparse signals [Zhao et al.(2019), Lubis et al.(2020), Vlastelica
et al.(2023)], while most LLM-based ToD systems neglect these signals and only optimize next
turn predictions. In the context of search and QA, several works applied RL to automatically
generate or retrieve reformulations that would proactively result in the best system response [Buck
et al.(2018), Nogueira and Cho(2017), Das et al.(2019), Ponnusamy et al.(2020)]. In the context
of LLMs, Reinforcement Learning from Human Feedback (RLHF) [Ziegler et al.(2019), Ouyang
et al.(2022)] has been proposed to align LLMs to human preferences. Since this is again a costly
procedure that require lots of human feedback, alternatives that use automatic feedback have been
studied recently (e.g., [Yuan et al.(2024), Peng et al.(2023)]).

Reinforcement learning is particularly suitable because not only positive but also negative feed-
back can be leveraged [Sutton and Barto(2018)]. Additionally, non-differentiable metrics can be
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used as reward signals for training RL models, while this is not possible when training end-to-end
supervised models. However, applying RL also comes with many challenges: RL methods require
lots of suitable interaction data for good exploration. Stable training, in which the model learns
steadily without divergence in a predictable and reliable way, is often challenging. Also, how to
translate the ConvQA problem into a suitable RL problem is not clear upfront.

1.4 Contributions

This thesis makes the following contributions towards effectively training ConvQA models, with the
goal of tackling the challenges and overcoming prior work’s limitations outlined above:

• Learning from implicit user feedback via reformulations. In this work, we aim to learn
from conversational data without gold-labeled annotations but with access to user feedback.
Instead of asking the user to explicitly mark answers as correct or wrong, the approach in this
dissertation opts for a more natural interaction paradigm that does not pose any overhead to
the user: we leverage reformulations by the user as an implicit signal that the previous answer
was wrong. More precisely, we develop a reinforcement learning model, termed Conquer,
that leverages the reformulation likelihood as reward signal. We also create a predictor that
classifies whether a follow-up question is a reformulation or expresses a new intent. Conquer
models the answering process as multiple agents walking in parallel on the knowledge graph.
Our knowledge graph representation is able to effectively handle large/real-world knowledge
graphs. Conquer also comes with a conversational dataset augmented with user reformula-
tions, named ConvRef. The results of this work have been published as a full paper at SIGIR
2021 [Kaiser et al.(2021)].

• Learning from data augmentation guided by performance-based feedback. In our
work on Conquer, we had access to user reformulations. In this work, we generate refor-
mulations in a systematic way to increase the robustness of models to different surface form
variations. We propose Reign, a framework that guides ConvQA models towards higher per-
formance by feeding it only those reformulations that help improve the answering quality, using
deep reinforcement learning and QA performance metrics as reward. We show that ConvQA
models robustly trained with reformulations significantly outperform those trained with bench-
mark QA pairs only. We also investigate the model’s robustness by training on one benchmark
and applying it zero-shot to another. Additionally, we collect and release large numbers of
diverse reformulations generated by ChatGPT for robust evaluation. The results of this work
have been published as a full paper at WSDM 2024 [Kaiser et al.(2024b)].

• Learning from preferences based on delayed system feedback. In the following works,
we aim to create training data for individual subtasks to improve LLM-based models using the
models’ own generations and task-level supervision signals only.

First, we propose a pipeline-based approach for ConvQA, named Praise, that trains LLMs for
each ConvQA subtask. Praise uses the final answering performance as feedback signal without
human intervention and treats intermediate information, like relevant evidence, as weakly
labeled data. We apply Direct Preference Optimization (DPO) by contrasting successful and
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unsuccessful samples for each subtask. The results of this work have been published as a short
paper at WWW 2025 [Kaiser and Weikum(2025)].

Second, we propose an iterative training approach, termed Suit, for improving task-oriented
dialog systems. We sample dialogs from the model we aim to improve and evaluate success at
the end of the dialogs, where successful dialogs are preferred over unsuccessful ones. Instead
of using all dialog turns of successful dialogs as training data, we use distant supervision and
counterfactual learning to determine subgoals that contribute to dialog success to obtain high
quality training data. We show how this data improves supervised fine-tuning or, alternatively,
preference learning. The results of this work have been published as a short paper at EMNLP
2024 [Kaiser et al.(2024a)].

1.5 Ethical Considerations

There are no negative ethical and societal concerns arising from this thesis. The data used in this
thesis comes from public benchmarks and from a user study which did not include the collection of
any sensitive or personally identifiable information (PII). Our prompts to large language models did
not evoke adversarial, hateful, or malicious responses.

1.6 Publications

The results of this thesis have been published in the following conference articles, whose lead author
is the author of this thesis:

• Reinforcement Learning from Reformulations in Conversational Question Answer-
ing over Knowledge Graphs
Magdalena Kaiser, Rishiraj Saha Roy and Gerhard Weikum
The 44th International ACM SIGIR Conference on Research and Development in Information
Retrieval, 2021.

• Robust Training for Conversational Question Answering Models with Reinforced
Reformulation Generation
Magdalena Kaiser, Rishiraj Saha Roy and Gerhard Weikum
The 17th ACM International Conference on Web Search and Data Mining, 2024.

• Preference-based Learning with Retrieval Augmented Generation for Conversa-
tional Question Answering
Magdalena Kaiser and Gerhard Weikum
Companion Proceedings of the ACM Web Conference, 2025

• Learning from Relevant Subgoals in Successful Dialogs using Iterative Training
for Task-oriented Dialog Systems
Magdalena Kaiser, Patrick Ernst and Gyuri Szarvas
Findings of the Conference on Empirical Methods in Natural Language Processing, 2024.
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There are related works by the author that are not part of this thesis:

• CROWN: Conversational Passage Ranking by Reasoning over Word Networks
Magdalena Kaiser, Rishiraj Saha Roy and Gerhard Weikum
Conversational Assistance track (CAST) at the Text REtrieval Conference (TREC), 2019.

• Conversational Question Answering over Passages by Leveraging Word Proximity
Networks
Magdalena Kaiser, Rishiraj Saha Roy and Gerhard Weikum
System demonstration at the 43rd International ACM SIGIR Conference on Research and
Development in Information Retrieval, 2020.

• Incorporating User Feedback in Conversational Question Answering over Hetero-
geneous Web Sources
Magdalena Kaiser
Doctoral Consortium at the 43rd International ACM SIGIR Conference on Research and De-
velopment in Information Retrieval, 2020.

1.7 Organization

This dissertation is structured as follows. Chapter 2 provides the necessary background informa-
tion on conversational question answering, reinforcement learning and reformulations. Chapter 3
presents Conquer, our RL model that can learn from implicit feedback in the form of question
reformulations. Chapter 4 describes the Reign framework that employs RL for generating refor-
mulations for model-specific data augmentation. Chapter 5 presents two methods for improving
LLM-based models by learning from preference data. Finally, Chapter 6 concludes this thesis and
gives an outlook.
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This chapter introduces the relevant background information for this thesis. Section 2.1 presents
related work and salient concepts for conversational question answering. Section 2.2 provides context
for how feedback applied in question answering and how different types of feedback can be cate-
gorized. Section 2.3 touches upon the usage of reformulations in question answering. The chapter
concludes with Section 2.4 which provides a short introduction to reinforcement learning, including
relevant concepts and methods and its usage in question answering and related fields.

2.1 Conversational Question Answering

Conversational QA (ConvQA) falls under the umbrella of Conversational Information Seeking (CIS) [Za-
mani et al.(2023)]. In contrast to Conversational Search [Dalton et al.(2020)], where answers are
ranked lists of documents or passages, answers in ConvQA are more fine-grained, short and di-
rect. Methods can be divided based on the used knowledge source: i) structured knowledge in the

9
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form of knowledge graphs [Saha et al.(2018), Christmann et al.(2019), Guo et al.(2018), Lan and
Jiang(2021)] and tables [Iyyer et al.(2017), Müller et al.(2019)], ii) unstructured textual sources [Choi
et al.(2018), Qu et al.(2020)] and iii) heterogeneous sources, combining text, tables [Deng et al.(2022)]
and KGs [Christmann et al.(2022b), Min et al.(2025)] or even multimodal, with text, tables and im-
ages [Li et al.(2022a)].

In the following, we introduce relevant ConvQA concepts and discuss the important subtask
of conversational context understanding. Then, we discuss ConvQA over knowledge graphs and
ConvQA over textual sources in more detail. Finally, since we also touch upon task-oriented dialogs
in this thesis, we introduce this related area, including its relevant concepts.

2.1.1 Relevant Concepts

In the following, we define important ConvQA concepts, using the example conversation from chap-
ter 1.1 for illustration:

Q1 : Who played Claire in the TV show Outlander?
A1: Caitríona Balfe
Q2: What about Jamie?
A2: Sam Heughan
Q3: Theme Song?
A3: The Skye Boat Song
Q4: Who wrote the books?
A4: Diana Gabaldon
Q5: How many are there?
A5: 9

Conversation. A conversation C is a sequence of questions and corresponding answers around a
topic of interest, ⟨Q1, A1, Q2, A2, ...Qn, An⟩. Each question-answer pair ⟨Qi, Ai⟩ constitutes a turn
ti. The example conversation consists of 5 turns.

Intent. A distinct information need in C is referred to as an intent I. The example conversation
expresses five intents ⟨I1, . . . , I5⟩, one per turn.

Question. A question Q consists of a sequence of tokens ⟨q1...qm⟩. It is issued by the user to instan-
tiate a specific intent in the conversation. Q can either be complete (= explicit expression of intent),
like Who played Claire in the TV show Outlander? (Q1), or incomplete (= implicit expression of
intent), like What about Jamie? (Q2). It can be expressed fluently in natural language, like Who
wrote the books? (Q4) or a more telegraphic style, like Theme Song? (Q3), can be used.

Question Reformulation. In this thesis, question reformulations are defined as transformations
from a question into different surface forms that express the same intent. The question What about
Jamie? (Q2) can be reformulated in various different ways, for example:

Q22: Who played the role of Jamie?,
Q23: Which actor is behind Jamie in the Outlander series?,
Q24: Who starred as James Fraser?, or
Q25: Cast member Jamie?.
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Reformulations can express the intent in an explicit or implicit way, just like the original questions.

Answer. An answer A is a response to the information need in question Q. Answers may have
different granularity, varying from entire passages, sentences or short phrases to single named enti-
ties. In the example conversation, answers are entities (A1 − A4, such as Diana Gabaldon for Q4)
or literals (A5, 9).

Context questions. Context questions Qcxt
t are the questions in previous turns that are most

relevant to the intent expressed at turn t. Typically, this set comprises a few of the immediately
preceding questions Qt−1, Qt−2, . . ., or include the first question (Q1) in C as well. For example,
for the question Theme song? (Q3), only the first question mentioning the name of the show is
relevant, while for question How many are there? (Q5), the preceding question that sets the focus
on the book series, as well as the first question, are relevant.

Context entities. At any given turn t, context entities Ecxt
t are the ones most relevant to the

conversation so far. For example, the entity Outlander, mentioned in Q1, is relevant for the entire
conversation.

2.1.2 Conversational Context Understanding

There are two lines of work: i) approaches that model the conversation history and apply methods
that can incorporate the respective context information, and ii) approaches that complete the con-
versational question with information from the conversation history and then apply standard QA
methods.

History modeling approaches. The most straightforward way to deal with the conversational
context is to append all previous QA turns to the current question [Dalton et al.(2020), Guo
et al.(2018), Shen et al.(2019)]. Alternatively, for selecting the most relevant turns, methods ei-
ther use heuristics (e.g. first turn or previous k turns are considered to be the most relevant) [Choi
et al.(2018), Dalton et al.(2020), Kaiser et al.(2020), Qu et al.(2020)], or aim to learn the relevance
of specific conversational turns [Qu et al.(2019a), Qiu et al.(2021)]. Instead of selecting a fixed set,
some methods perform a soft history selection, by learning a weighting for different parts of the
context [Qu et al.(2019b), Tran et al.(2024)], or by explicitly modeling the conversational flow and
constructing a question-aware encoding [Chen et al.(2020), Huang et al.(2019a)].

Typically, the selected history is encoded (along with the current question) using transformer-
based models and attention mechanisms [Qu et al.(2020), Choi et al.(2018), Guo et al.(2018)]. In the
case of ConvQA over KGs (see section 2.1.3), it is also modeled as a contextual graph [Christmann
et al.(2019), Lan and Jiang(2021)]. For open-domain ConvQA, methods sometimes also adjust the
learning of the retriever [Yu et al.(2021), Mao et al.(2022), Hai et al.(2023), Mao et al.(2024)].

Question completion approaches. Inspired by more traditional IR approaches, question ex-
pansion strategies can be used to learn to add relevant terms from the conversation history to
the current question [Voskarides et al.(2020), Kim et al.(2021)]. A semantic question represen-
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tation in form of a logical structure with slots for contextual information is proposed in [Christ-
mann et al.(2022b), Christmann et al.(2023)]. Several works perform rewriting of the conversational
questions into self-sufficient forms [Vakulenko et al.(2021), Yu et al.(2020), Ke et al.(2022), Chen
et al.(2022b), Ishii et al.(2022a), Raposo et al.(2022)]. Conversational question rewriting became
a separate subtask for ConvQA, which was spurred by the development of question completion
datasets. These datasets provide questions in its dialog context along with a context-independent
rewrite of that question [Elgohary et al.(2019), Anantha et al.(2021)]. More recently, large language
models have shown strong capabilities in generating fluent self-sufficient questions, given the con-
versation history [Mao et al.(2023), Ye et al.(2023)]. Once the question is completed, traditional
non-conversational approaches, like the retriever-reader architecture [Chen et al.(2017), Karpukhin
et al.(2020), Izacard and Grave(2021)] in the case of ConvQA over text [Qu et al.(2020)], can be
applied to answer the conversational question.

2.1.3 ConvQA over Knowledge Graphs

Knowledge graphs enable answering fact-centric questions over a structured source of knowledge.
In the following, we first introduce some basic KG concepts and then present the corresponding
ConvQA over KG methods and benchmarks.

2.1.3.1 Knowledge Graph Concepts

A Knowledge Graph (KG) consists of a set of objective facts about real-world entities. Exam-
ples of large curated KGs (equivalently, knowledge bases or KBs) include Wikidata [Vrandecic and
Krötzsch(2014)], YAGO [Suchanek et al.(2007)], DBpedia [Auer et al.(2007)], or industrial ones (e.g.,
Google KG). A KG K is typically stored as an RDF database organized into subject-predicate-object
triples. As of early 2025, Wikidata had 1.65 billion facts. Figure 2.1 displays an example KG snippet
((a): KG statements in triple format, (b): graph-based KG representation).

Fact. A KG fact is an SPO (subject, predicate, object) triple, where a subject is an entity (like Sam

Heughan); an object is another entity (like actor), a type (like human), or a literal (30 April 1980);
and a predicate is a relationship (cast member) between the subject and the object. Entities are
real-world objects like people, locations, organizations, products, etc. In the graph representation
in Figure 2.1, entities and literals are in red in squared boxes, predicates in blue in oval boxes. One
example triple is ⟨Sam Heughan, date of birth, 30 April 1980⟩. The graph is directed with edges
from subject towards the object. For bidirectional facts, like parent-child relations, triples exist for
both directions.

N-ary facts. Large KGs also contain n-ary facts (referred to as qualifiers in Wikidata) that
involve more than two entities or literals. n-ary facts are typically represented as a main fact
enhanced with qualifiers, that are (possibly multiple) auxiliary ⟨predicate, object⟩ pairs adding con-
textual information to the main fact. In the KG snippet in Figure 2.1, examples for such n-ary
facts are highlighted in green and blue: the fact ⟨Outlander, cast member, Caitríona Balfe⟩ is the
main fact that is contextualized with the additional information ⟨character role, Claire Fraser⟩
to express the relationship between series, actor and her role in the movie; the fact ⟨Sam Heughan,

award received, Saturn Award for Best Actor⟩ is concretized with the qualifier facts ⟨for role in,
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<Outlander, instance of, television series>

<Outlander, cast member, id123>
<id123, cast member, Caitríona Balfe>
<id123, character role, Claire Fraser>
 …
<Sam Heughan, date of birth, 30 April 1980> 

<Sam Heughan, award received, id456>
<id456, award received, Saturn Award for Best Actor>
<id456, for role in, Outlander>
<id456, point in time, 2019>
<id456, subject of, 45th Saturn Awards>

number of episodes
91
criterion used
number of episodes aired
point in time
17 January 2025

(a) Triple Representation

Sam Heughan

Saturn Award 
for Best Actor

Outlander

award 
received

date of 
birthtelevision 

series

30 April 
1980

Outlander 
series

based 
on

Diana 
Gabaldon

actor

occupation

point 
in time

2019

character 
role

James Fraser

author

instance 
of

instance 
of

cast 
member

human

cast 
member

character 
role

Claire Fraser Caitríona 
Balfe

for role
 in

Outlander 45th Saturn 
Awards

subject 
of

(b) Graph Representation

Figure 2.1: Example of a knowledge graph snippet.

Outlander⟩, ⟨point in time, 2019⟩ and ⟨subject of, 45th Saturn Awards⟩ to express when the actor
received which award for which role. N-ary facts are stored as triples via reification: the different
parts of a fact are connected with each other using unique fact-specific identifiers. In the triple rep-
resentation in Figure 2.1, id123 connects the entities Outlander, Caitríona Balfe and Claire Fraser

with each other, and id456 connects Sam Heughan with Saturn Award for best Actor, Outlander, 2019,
45th Saturn Awards. A large part of QA research disregards qualifiers, but they contain valuable in-
formation [Nguyen et al.(2014), Oguz et al.(2020), Leeka et al.(2016), Hernández et al.(2015), Galkin
et al.(2020)] and constitute a substantial fraction of Wikidata and other KGs. Qualifiers are required
to be able to answer questions like Who played Claire in Outlander?, Who was US president in 2018?
or What is the second book in the series?.

Mention. A mention refers to a sequence of tokens in question Q that is the surface form of a
KG item (entity, predicate, or type). A mention of a predicate is referred to as a relation. For
example, in Who played Claire in the TV show Outlander?, the phrases Claire, TV show, Outlander
and played are mentions of the KG entity Claire Fraser, the KG type television series, the entity
Outlander, and the KG predicate cast member, respectively. Named Entity Disambiguation (NED)
methods [Ferragina and Scaiella(2010), Christmann et al.(2022a)] are used to detect the mentions
and map them to the KG.
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2.1.3.2 ConvQA over KG Methods

There are two lines of work handling conversational questions over KGs. The first line deals with
semantic-parsing based approaches [Guo et al.(2018), Shen et al.(2019), Marion et al.(2021), Kacupaj
et al.(2021)]. The question is mapped to logical forms following a structured template. Logical forms
are then executed over the KG to obtain answers. This way, complex questions that require reason-
ing and aggregations can also be handled. However, the expressiveness of the respective semantic-
parsing template determines the scope of question complexity that can be answered. The second
line consists of graph-based approaches [Christmann et al.(2019), Lan and Jiang(2021), Kacupaj
et al.(2022), Jain and Lapata(2024)]. These operate directly on a subset of KG nodes and edges by
mapping relevant entities from the conversational context to a graph representation. More precisely,
[Christmann et al.(2019)] uses an unsupervised graph exploration algorithm that judiciously expand
the graph to find candidate answers, while [Kacupaj et al.(2022)] proposes a contrastive learning
approach to rank KG paths. Graph neural networks are employed in [Lan and Jiang(2021)], along
with LLMs in [Jain and Lapata(2024)].

Benchmarks. There are two prominent benchmarks for ConvQA over KGs, namely ConvQues-
tions [Christmann et al.(2019)] and CSQA [Saha et al.(2018)]. Both of them operate over Wikidata.
ConvQuestions contains 11200 conversations from five different domains, which were created by
crowdworkers. The resulting questions contain complex intents requiring comparisons, aggregations
and complex reasoning. CSQA is a large-scale dataset (containing 200k dialogs with 1.6M turns)
that was collected through a semi-automatic process. The dataset contains simple questions and
complex ones that require quantitative and logical reasoning, as well as clarification questions.

Metrics. An answer is typically an entity, a list of entities, or a literal. Precision@1 (P@1) is an
important metric, determining the correctness of the first answer returned to the user, particularly
relevant for voice-based interactions. For systems that return ranked answer lists, other proposed
metrics are Hit@k (with k being a small number like 5), determining whether the correct answer is
present in the top-k results, and Mean Reciprocal Rank (MRR), with MRR = 1

ranki
, where ranki is

the first rank at which a correct answer was found. Additionally, when answers are lists of entities,
precision, recall and F1 score (harmonic mean between precision and recall) are used. Results are
averaged over all test questions.

2.1.4 ConvQA over Text

Early ConvQA systems over textual sources considered the problem as a machine reading compre-
hension (MRC) task, where the relevant passages or documents are given upfront [Choi et al.(2018),
Reddy et al.(2019)]. Most conversational MRC models use the transformer architecture and jointly
embed questions and passages [Reddy et al.(2019)].

Instead of knowing relevant passages or documents upfront, [Qu et al.(2020)] proposed open-
retrieval ConvQA by including a retrieval stage. For non-conversational open-domain QA, applying
retriever-reader models is a popular choice [Chen et al.(2017), Karpukhin et al.(2020), Izacard and
Grave(2021)]. These models are also used for the conversational setting [Qu et al.(2020)], typically
by appending the conversation to the question. Other methods adjust the learning of the retriever:
conversational dense retrieval was proposed, in which a contextualized embedding of the conversa-
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tional queries is learned [Yu et al.(2021), Mao et al.(2022), Mao et al.(2024)]. Also, efficient sparse
retrieval [Formal et al.(2021)] is adjusted to the conversational setting in order to learn relevant
terms based on the question and its conversational context [Hai et al.(2023)].

Benchmarks. Two prominent Conversational MRC datasets are CoQA [Reddy et al.(2019)] and
QuAC [Choi et al.(2018)]. CoQA contains 8k, QuAC 14k conversations. Both were created by
two crowdworkers chatting about a passage (from Wikipedia in the case of QuAC and from seven
domains spanning from science exam questions to news and Wikipedia articles in case of CoQA).

QuAC was extended to the open-retrieval setting (OR-QuAC) [Qu et al.(2020)], by creating
a collection of over 11 million passages using the whole Wikipedia corpus. Another open-domain
conversational dataset is TOPIOCQA [Adlakha et al.(2022)]. The dataset contains around 3.9k
conversations, with 13 turns on average and multiple topic shifts per conversation.

In the area of conversational search, the Conversational Assistance Track for the Text Retrieval
Challenge (TREC CAsT 2019-2022) [Dalton et al.(2020), Dalton et al.(2022), Dalton et al.(2021),
Owoicho et al.(2022)] is notable to mention. It aimed to establish a reusable benchmark for open-
domain information-centric conversational dialogs. Dialogs in TREC CAsT are constructed manually
and contain manual relevance judgment with passages from corpora, such as MS MARCO [Nguyen
et al.(2016)] or TREC Complex Answer Retrieval (CAR) [Dietz et al.(2018)]. The size of this data
is rather small (50 test dialogs in the first year, 25 new ones in the following years).

Metrics. Answers are typically short phrases or sentences. F1 score is the main metric, computed
by considering the overlapping words in the prediction and references [Choi et al.(2018), Reddy
et al.(2019)]. For the open-domain case, MRR and recall are used to evaluate the retrieval perfor-
mance for the retriever and reranker [Qu et al.(2020)]. Further retrieval-oriented metrics are used
in [Dalton et al.(2020)], namely NDCG@k (Normalized Discounted Cumulative Gain at rank k),
MRR@k, Recall@k, and MAP (Mean Average Precision).

2.1.5 Task-oriented Dialogs

Task-oriented dialog (ToD) systems aim to assist users in accomplishing certain goals like mak-
ing reservations. Such goal-oriented conversations share some properties with standard ConvQA
methods, while being distinct in the following ways. On the one hand, the classical ToD setting
is more limited than question answering since no open-ended questions, but questions tailored to
fulfill (domain) specific tasks, are answered. Typically, domains, intents and slot representations
are pre-defined. On the other hand, these systems fulfill the important conversational property of
being mixed-initiative [Yang et al.(2004)]: the system proactively asks for more information about a
certain feature or recommends certain entities that might be interesting to the user, while classical
(Conv)QA systems are only driven by the user’s questions.

In the following, we introduce the classical ToD concepts and give a short overview of ToD
methods. Task-oriented dialog systems have to solve multiple subtasks. These are exemplified using
the introductory sample dialog. Figure 2.2 shows the respective subtasks for the first system turn
S1, the full dialog from Section 1.1 was:

U1 : Is The Count of Monte Cristo running in any cinema nearby?
S1: Yes, CineStar shows it at 6pm and 8:30pm. Which time do you prefer?
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Belief State B1: {
movie-reservation: {

movie: The Count of Monte Cristo,
location: nearby

}

Dialog Actions A1: {
LOOKUP-KB(
 movie: The Count of Monte Cristo, location: nearby
) = ((CineStar, 6pm), (CineStar, 8:30pm)) 
INFORM-PLACE(CineStar),
INFORM-TIME(6pm),
INFORM-TIME(8:30pm),
REQUEST-TIME()

}

Response R1:  Yes, CineStar shows it at 6pm and 8:30pm 
Which time do you prefer?

User
Utterance U1:  Is the Count of Monte Cristo running in any cinema nearby?

System

Figure 2.2: An example of a system turn in a task-oriented dialog, with dialog state, action and
response (for the first system turn S1 in the example).

U2: 8:30 works better for us.
S2: Sure, do you want me to make a reservation? If so, for how many people?
U3: Yes, for three people please.
S3: All done, your reservation number is ABC. Anything else I can help you with?

2.1.5.1 Concepts for Task-oriented Dialogs

User goal. A user goal G is typically defined as a set of constraints (e.g. suitable time in case of
the movie screening) and information needs (e.g. the reservation number that needs to be provided
to the user). For the movie screening example above, the user goal is to reserve tickets with the
following constraints: the movie is The Count of Monte Cristo, the cinema is nearby, the preferred
time is after 6pm and the number of people is 3. The information need consists of the cinema’s
name (CineStar) and the reservation number (ABC ), obtained after successful reservation from the
system. Whether the user goal is satisfied can usually only be determined at the end of the dialog.
The goal is fulfilled for the example above since all constraints are met and all relevant information
is provided to the user.

Dialog state tracking. This subtask corresponds to understanding the conversational context.
The ToD system keeps a structured representation of the current dialog state, sometimes also called
belief state, B. It consists of a set of slot-value pairs (e.g. slot=movie, value=The Count of Monte
Cristo is one such pair in B1 in Figure 2.2).

Dialog action prediction. This subtask is about selecting one or multiple dialog actions, which
are semantic representations expressing how the system should react, from a fixed set A of avail-
able actions, given the current dialog state. Actions can be internal operations (e.g. knowledge
base look-ups, like the first in the set A1 in Figure 2.2: it searches the KB for cinemas showing
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the movie The Count of Monte Cristo at a nearby location and returning the matched cinemas
along the available screening times), or actions can be directed to the user (e.g. actions 2− 5 from
A1, where INFORM-PLACE(·) and INFORM-TIME(·) provides the user with the respective cin-
ema location and screening time, while REQUEST-TIME(·) elicits the preferred time from the user).

Response generation. This subtask deals with formulating a natural language response R as
output for the user that conveys the information represented by the selected dialog actions (e.g. see
R1 in Figure 2.2).

2.1.5.2 Methods for Task-oriented Dialogs

Reinforcement learning methods have been widely used for modeling decisions in task-oriented di-
alogs [Levin et al.(1998), Young et al.(2010)] (see more details in section 2.4.4). Historically, several
models were learned for each of the subtasks [Budzianowski et al.(2018), Rastogi et al.(2020)].
Contemporary ToD systems are based on pre-trained Large language models (LLM) [Hosseini-
Asl et al.(2020), Lee(2021), He et al.(2022), Ramachandran et al.(2022), Sun et al.(2023), Snell
et al.(2022), Bang et al.(2023)], that are trained in an end-to-end fashion, and generate, token by
token, the predicted belief state, dialog actions and the response. [Hosseini-Asl et al.(2020)], one of
the first of such models, optimized for all tasks jointly by training a causal language model on all
subtasks recasted as a single sequence prediction problem. With increasing LLM capabilities, the
focus has shifted to move beyond pre-defined slot-value pairs to automatically learn such informa-
tion from data [Vukovic et al.(2024)], deal with complex, fuzzy goals [Mo et al.(2024)] and combine
chit-chat with goal completion [Chen et al.(2022a), Liu et al.(2023)] and tool use [Shen et al.(2024)].

Benchmarks. MultiWOZ [Budzianowski et al.(2018)] is one of the most widely used ToD bench-
marks. It contains 10k human-human dialogs over 7 domains and fine-grained annotations for all
three subtasks. Larger datasets are the schema-guided dialogue dataset (SGD) dataset [Rastogi
et al.(2020)], with around 20k conversations and AirDialogues [Wei et al.(2018)], with 300k goal-
oriented conversations. Further datasets that particularly aim for realistic conversations are proposed
in [Chen et al.(2021), Chen et al.(2022a)]. Beyond traditional ToD benchmarks, the Amazon Alexa
Prize TaskBot Challenge [Gottardi et al.(2022)] combines elements of dialogue systems for task nav-
igation with task-specific and open-domain QA.

Metrics. Slot-based F1 scores are typically used to measure performance for the dialog state
tracking and dialog action prediction subtasks. Dialog-level scores are obtained by macro-averaging
F1 scores (sometimes also accuracy) for the requested slots over all dialog turns. The fluency of
the generated response is measured by calculating (delexicalized) BLEU scores based on one, or
multiple, reference responses, where delexicalized means using placeholders such as LOCATION
instead of concrete entities. For measuring whether the user goal is fulfilled at the end of the dialog,
two binary metrics (INFORM and SUCCESS rates) are proposed in the case of MultiWOZ: The
inform rate is 1 if an appropriate entity (that fulfills the user’s constraints) has been predicted by
the model. The success rate is 1 only if the inform rate is 1 and if the system provided all attributes
requested by the user (e.g. the confirmation number).

Table 2.1 summarizes the most relevant ConvQA and ToD evaluation metrics.
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Metric Definition Description

F1 prec = tp
tp+fp , rec =

tp
tp+fn , tp: answer tokens in prediction and reference,

2 · prec·rec
prec+rec fp: only in prediction, fn: only in reference

P@1 Apred
1 == Agold whether correct answer at rank 1

Hit@k Apred
1..k == Agold whether correct answer among top-k ranks

MRR 1
n

∑n
i

1
ranki

average position of the first correct answer (ranki)
NDCG@k DCGk =

∑k
i=1

reli
log2(i+1) , relevance of each result divided by its rank (up to k)

nDCGk = DCGk

IDCG , normalized by ideal DCG (IDCG)

BLEU BP · e
∑N

n=1 wn log pn n-gram overlap with references,
pn: n-gram prec., wn: weight, BP : brevity penalty

INFORM eR ∈ Egold whether entity satisfies user’s constraints (in Egold)
SUCCESS eR ∈ Egold ∩ whether INFORM = 1 and

∀attr ∈ {Attr}req : attr ∈ R all requested attributes present in response R

Table 2.1: Typical metrics for evaluating ConvQA (upper part) and dialog models (lower part).

2.2 Feedback in Question Answering

2.2.1 Feedback Categorization

Different types of feedback have been considered in the context of QA. We categorize feedback
according to the following dimensions: source, expression, timing and granularity :

• Source: We can distinguish between user and system feedback.

User feedback is important to adapt models to users’ needs. User feedback includes user
ratings, comments, preferences or cues based on user behavior, such as asking clarification
questions or refining previously asked questions.

System feedback can be further divided into intrinsic feedback, describing the model’s own
feedback (for example, the model confidence), and extrinsic, referring to feedback from other
systems evaluating the model output (e.g., by using LLMs as judges).

Obtaining system feedback is less effort than harvesting user feedback, while user feedback is
a stronger signal. However, both sources might be biased: the preference of one user might
not be representative for all kinds of users. LLMs as judges might prefer outputs from models
trained on similar data, and therefore may be considered less trustworthy.

• Expression: Feedback can be explicit, directly stating user satisfaction. For example, clicking
a “thumbs up” button, filling out a survey, writing a comment.

Implicit feedback refers to feedback that is derived from user behavior or performance-based
measures. Examples for implicit signals based on user behavior include question reformulations
or task abandoning.

Explicit feedback, such as “great job!”, is a high-confidence, clearly interpretable signal, while
implicit feedback based on behavioral cues has a risk of being misinterpreted. For example,
users may abandon a conversation for different kinds of reasons. However, obtaining explicit
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implicit explicit

delayed

immediate
user feedback
system feedback

question reformulations, 
refinement, clarifications, 
dwell time, task abandoning, …

human preference 
labels

LLM judges

dialog ratings (e.g. thumbs 
up/down, on a scale, …)

automatic 
performance 
measure

model confidence

textual error 
description

Figure 2.3: Examples of feedback signals categorized according to origin, expression and timing.

feedback is costly and therefore less available. Implicit signals based on user behavior are
easier to obtain.

• Timing: Feedback can arrive immediate, enabling an easy connection between a system action
and the outcome, or it can be delayed, such as user ratings at the end of a dialog. Some signals
could appear both immediately and delayed. For example, feedback from LLM judges may be
obtained as immediate signal, rating each system response in isolation, or can be used to score
an overall conversation.

• Granularity: There are different levels of granularity:

– binary (positive/negative, single-output, coarse): For example, “thumbs up/down” user
feedback, or system feedback judging whether an answer is correct or wrong;

– scalar/graded (single-output, more detailed): For example, user ratings on a scale (e.g.,
from 1 − 5), system-based performance metrics, like recall or task completion rates, or
the model’s own confidence estimation, measured in terms of perplexity;

– comparative/ranking-based (multi-output, relative judgment): For example, human pair-
wise preference (preferring one model output over another) or an LLM that ranks multiple
model outputs;

– qualitative (single- or multi-output, descriptive): For example, user comments describing
errors, or an LLM that provides textual description judging the model output.

More fine-grained feedback, such as qualitative feedback, enable better interpretation and may
facilitate preventing the respective errors. However, providing binary or comparative feedback
is easier for humans.

Figure 2.3 shows example feedback signals, categorized according to the three main dimensions:
origin, expression and timing. The granularity dimension is omitted for readability.
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2.2.2 QA Methods with Feedback

QA methods have incorporated feedback to improve model performance and to better adapt to users.
More recently, there is a lot of work in using feedback to align large language models to human values
so that they do not create toxic or biased outputs [Kirk et al.(2023)]. This is beyond the use of
feedback studied in this thesis, which focuses on improving model performance with feedback.

Earlier works have leveraged explicit user feedback for QA [Abujabal et al.(2018), Kratzwald
and Feuerriegel(2019), Zhang et al.(2019), Hancock et al.(2019)]. They use positive feedback to
augment their training data. [Campos et al.(2020)] use importance sampling to incorporate binary
user feedback, [Gao et al.(2023a)] opted for a three-option user feedback signal (“correct”/“partially
correct”/ “wrong”) and train an RL algorithm with it, and [Li et al.(2022c)] collect structured ratings
and unstructured natural language explanations as feedback to re-rank answer candidates. Often
user feedback is noisy. For example [Wang et al.(2023)] aim to overcome noise in feedback by filtering
unreliable users. [Gao et al.(2022)] use supervised data annotations to simulate user feedback. More
recently, [Shi et al.(2024)] create LLM preference datasets from real user logs and [Don-Yehiya
et al.(2024)] propose to extract feedback that users naturally include when interacting with chat
models. They take into account negative feedback reflected in users asking clarification questions,
rephrasing their request, or making corrections.

Another line of work considers system-based feedback for improving QA models. Several works
consider answering and retrieval performance as feedback signals [Nogueira and Cho(2017), Buck
et al.(2018), Zhang et al.(2024), Yang et al.(2023)] [Zhang et al.(2024)]. Most of these use RL for
learning from such signals (see Section 2.4.4). In the context of LLMs, [Cui et al.(2024)] create a
large-scale AI feedback dataset, where feedback comes from GPT-4, and [Yuan et al.(2024)] propose
to learn from the model’s own feedback.

The feedback in this thesis consists of implicit user feedback, as well as performance-based system
feedback, often occurring delayed. We consider binary, as well as real-valued and preference-based
feedback. More details will be provided in the following chapters.

2.3 Reformulations in Question Answering

Reformulations have a long history of being used in Web search to improve the relevance of search
results, mainly by augmenting the original query with further relevant terms [Chang et al.(2006),
Joachims et al.(2007), Liu and Belkin(2008), Dang and Croft(2010), Xue et al.(2012), Awadallah
et al.(2013)]. Bridging the lexical gap between question formulations and the language used in the un-
derlying data source from where answers are retrieved, was a challenging tasks for early QA systems.
Therefore, question paraphrases have been created to improve the QA model’s performance by ex-
posing it to different surface forms [Fader et al.(2013), Berant and Liang(2014), Dong et al.(2017)].
Questions have also been reformulated into surface forms easier to understand for the underly-
ing QA [Buck et al.(2018)] or retrieval system [Nogueira and Cho(2017), Das et al.(2019), Yang
et al.(2023)].

More recently, questions in their conversational context have been reformulated to benefit the
underlying search or ConvQA system [Ren et al.(2018), Mao et al.(2022), Mo et al.(2023), Wu
et al.(2022)]. Sometimes the task of re-writing conversational questions into self-sufficient forms is
also considered as creating reformulations [Anantha et al.(2021), Yu et al.(2020), Ishii et al.(2022a)].
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Figure 2.4: The agent-environment interaction in a Markov Decision Process. The agent is in a state
st and decides to take action at. The environment determines its next state st+1 and gives feedback
in form of reward rt+1, based on the taken action.

Some works also alter the question intent in order to refine previous ill-formed [Liu et al.(2019b),
Ponnusamy et al.(2020)] or ambiguous questions [Amplayo et al.(2022)], or in order to transform
previously unanswerable questions into related ones that are answerable by the underlying data
source [Zhao et al.(2024), Faustini et al.(2023)].

In this thesis, we make use of question reformulations for conversational, incomplete questions,
issued by users as well as system-generated ones, in various ways. Our reformulations have different
surface forms but express the same question intent.

2.4 Reinforcement Learning

Reinforcement Learning (RL) is an important paradigm in Machine Learning. In contrast to super-
vised learning, there is no fixed labeled dataset which provides for each input the desired output
(label). Instead, RL is about learning from interactions: an agent explores its environment over
time in order to achieve a long-term goal. The agent learns from the consequences of its actions
by receiving rewards based on how well it performed, without having access to the correct action
at each step. The two most important distinguishing features are decision-making through trial-
and-error search and learning from delayed rewards [Sutton and Barto(2018)]. RL is particularly
useful if collecting labeled training data is not feasible or optimal solutions are not known. Another
advantage is that rewards can be arbitrary numerical values and the reward function does not need
to be differentiable. Also, since models trained in a supervised manner aim to mimic the expert
behavior found in the labeled data, they cannot become better than this expert. RL models do not
have such upper bounds on performance. Figure 2.4 shows the basic agent-environment interaction.

2.4.1 Relevant Concepts

A Markov Decision Process (MDP) is a mathematical framework for modeling decision-making under
uncertainty and is a core concept in RL used to define interactions with the environment. An MDP
is defined as a tuple (S,A, δ,R), consisting of the following components:

• States S: At each timestep t, the agent receives a representation of the environment’s state
st ∈ S. States in an MDP have the Markov property, which means that a state includes all
relevant information from the history so that the agent’s action selection only depends on the
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Figure 2.5: Gridworld example, with goal state G. Two example trajectories are displayed on the
left, the optimal value function v∗ is shown in the middle, and the optimal policy π∗ is on the right.

current state. A state can also be partially observable if not all information in the state is
exposed to the agent. In this case, the MDP is called partially-observable (POMDP).

• Actions A(st): The set of candidate actions at time step t is based on the current state st.
Concretely, the agent has to decide which of the available actions at ∈ A(st) to take.

• Transitions: The transition function δ : S ×S×A 7→ [0, 1] defines the probability of reaching
state st+1 from st when taking action at. δ fully characterizes the environment’s dynamics:
the transition probability depends only on the immediately preceding state and action, since
the states fulfill the Markov property. In the case of deterministic environments, the transition
function can also be directly defined as a mapping between states, δ : S ×A 7→ S;

• Rewards: R : S × A × S 7→ R is the reward function. The agent receives a numeric value
rt+1 for taking action at in state st.

Figure 2.5 provides a simple example where an agent traverses a gridworld in order to reach a
goal (state sG = s44 in the example). In this environment, states are defined as the cells in the
gridworld. Available actions are A = {up, down, left, right, special31, special33}, where the special
actions are available only for the states s31 and s33, respectively. Since in this example the agent
should learn to reach the goal in a minium number of steps, rewards are negative numbers to reflect
the cost of moving until the goal is reached. A reward of −1 is assigned for each step, except for
moving from s34 to s44, which is separated by a wall. It is possible for the agent to climb the wall,
but with significant effort. Therefore, a reward of −10 is provided: R(s34, down, s44) = −10. In this
environment, all state transitions are deterministic. For example, action down will move the agent
one state down with probability 1.0 (e.g., δ(s14, down) = s24)). Actions that would cause the agent
to leave the grid, keep the state unchanged (e.g. δ(s14, up) = s14). The transition functions for the
special actions are defined as follows: δ(s31, special31) = s55 and δ(s33, special33) = s11, all other
actions in these two states leave the state unchanged.

Episode. The interaction with the environment results in a trajectory of visited states, actions
and rewards, s0, a0, r1, s1, a1, r2, s2, ..., . For a finite trajectory, which ends in the terminal state sT ,
this is called an episode. In the leftmost gridworld representation in Figure 2.5, two sample episodes
(highlighted in blue and orange) are shown, both starting at state s11 and ending in the goal state s44.
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Cumulative reward. This is the total reward the agent receives during an interaction (start-
ing from timestep t), also called gain: Gt = rt+1 + γrt+2 + ... + γkrt+k+1, where γ is the so-
called discount factor to balance between intermediate rewards and future rewards (a reward k

steps away is only worth γk−1 what it would be worth if received immediately). When setting
γ = 1.0 (undiscounted case), the episode in orange in Figure 2.5 has a cumulative expected re-
ward of G0 = −1 + (−1) + (−1) + (−1) + (−1) + (−10) = −15, while the episode in blue has
G0 = −1 + (−1) + (−1) + (−1) + (−1) = −5.

Policy. The goal of the agent is to find an optimal policy π∗, which is a policy that maximizes the
cumulative expected reward. A policy is a function that maps states to actions. A deterministic
policy maps each state to exactly one action π(s) = a. Usually, the policy is stochastic and maps
each state to a probability distribution over actions. It defines the probability of taking a specific
action a in state s, represented as π(a|s). In our example from Figure 2.5, the final optimal pol-
icy guides the agent to reach the goal state in a minimal number of steps, avoiding the high-cost
transition from s34 to s44. The rightmost gridworld representation in Figure 2.5 shows the optimal
policy π∗ for this example. The arrows indicate the respective optimal action(s) in each state. For
example, in state s43 action right is the optimal one, directly leading to the goal, while in state s23,
taking actions left (followed by the sequence of actions down, down, right, right) or right (followed
by down, right, down, left or right, down, down, left) would both be optimal.

Value functions. The value function v(s) estimates how good it is for the agent to be in a specific
state (= how high the expected future reward from that state is): vπ(st) = Eπ[Gt|st]. This can also
be written with the Bellman equation:

vπ(s) =
∑
a

π(a|s) ·
∑
s′,r

δ(s′, r|s, a) · [r + γvπ(s)],∀s ∈ S (2.1)

This equation expresses the relationship between the value of the current state s and its successor
states s′. Another variant is the action-value function Q(s, a), which estimates how good it is to
take a specific action a in state s: Qπ(st, at) = Eπ[Gt|st, at]. The advantage function is defined
as Â(st, at) = Q(st, at) − v(st) and is used to estimate how well the actual taken action is, com-
pared to the other available actions in that state. Learning value functions can be used in order
to find better policy, more precisely, finding an optimal value function leads to an optimal policy:
π∗(st) = argmaxa Q

∗(st, a). The gridworld representation in the middle of Figure 2.5 displays the
optimal value function v∗ for this task. For example, v(s43) = −1 and v(s23) = −5. The respective
action-value functions for state s43 are: Q(s43, right) = −1, Q(s43, left) = −2, Q(s43, up) = −6,
Q(s43, down) = −2. The advantage function for Â(s43, right) = 0 and Â(s43, up) = −5, for example,
quantifying that it is much worse to go up instead of right in this state.

Learning. Learning in the context of RL means to iteratively improve a policy and (depending on
the used algorithm) the value function based on a (potentially) large number of trajectories. Without
any prior knowledge, an agent would typically start with a random policy which is improved through
the interactions. During the learning procedure, the agent may choose the current best action in a
state, determined by the value function (=exploitation of its current knowledge), or may try out a
different (potentially better) one (= exploration). Exploration is necessary to find better actions,
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but too much of it may waste resources and increase learning times, while too much exploitation can
prevent the model from learning better strategies. This called the exploration-exploitation trade-off.

Bootstrapping. Updating value and action-value functions usually involves bootstrapping: in-
stead of waiting for an episode to end, estimates of states and action values are updated based on
previously estimated values. For example, with the Bellman equation, we update v(s) based on the
estimates of its immediate successor states v(s′). This method helps the agent to learn faster and
more efficiently, because the values are updated more frequently.

Model-based vs. model-free algorithms. Model-based RL algorithms, like Dynamic Program-
ming methods, operate based on a model of the environment and can be used when the dynamics of
the environment are known. In the gridworld example from Figure 2.5, the model dynamics defined
by δ, are given. Therefore, we can apply a model-based DP algorithm, for example policy iteration.
This algorithm iteratively applies the Bellman equation to calculate the value functions for each
state and then improves the current policy by taking the best actions based on the current value
function. This way, the optimal policy is learned after only four iterations for the gridworld example
in Figure 2.5. However, the model dynamics are often not available in practice. Therefore, model-
free RL algorithms, such as Monte Carlo methods are used. These do not require such model and
learn from sampling many episodes instead (trial-and-error learning). Further prominent model-free
methods are Temporal Difference (TD) methods, that also learn from sampled experience but use
bootstrapping to speed up learning. For our gridworld example, more than 100 iterations are needed
using a model-free TD algorithm.

On-policy vs. off-policy methods. When applying on-policy methods, the policy that is used
to collect experience, consisting of ⟨state, action, reward, next state⟩ trajectories, is the same as the
one which is iteratively evaluated and improved. When using off-policy methods, there exists two
policies: one behavior policy that is used to collect experience, and a target policy which is the one
being evaluated and improved. An advantage of this separation is that the target policy may be
deterministic (e.g. greedy), while the behavior policy can be exploratory and sample all possible
actions. Also off-policy methods allow to learn from fixed datasets of previously collected experience.

2.4.2 Challenges

Reinforcement learning comes with several challenges:

• Defining suitable rewards. It is crucial that the designed reward function encourages the
agent to actually reach the desired goal. In the gridworld in Figure 2.5, the agent obtained
intermediate rewards of −1, to encourage it to find the shortest path to the goal. However,
there are often no intermediate rewards but only a sparse, delayed reward obtained when
reaching the goal. This makes it challenging for the agent to link actions to outcomes and
can slow down learning. To overcome sparseness, it can be beneficial to introduce additional
rewards when reaching certain subgoals. For example, imagine a slightly modified variant of
the gridworld in Figure 2.5, where the final state can only be reached by opening a door which
requires the agent to pick up a key first (= subgoal), that is located in one of the other states.
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An additional reward could be introduced for picking up the key. If such additional rewards
are not designed carefully, the agent may develop some unexpected and undesired behavior
that does not lead to the goal but gives high rewards unintentionally (= reward hacking).

• Learning from interaction. RL methods are not very sample-efficient. When state or action
spaces are large, vast amounts of episodes are necessary for learning good policies. Running
many interactions on an environment can be time-consuming, costly, and sometimes infeasible.
Another issue involves handling the exploration-exploitation trade-off.

• Stable learning. RL methods, in particular when using neural networks, can suffer from
instability and non-convergence. Some methods have high variance, and performance can
greatly depend on initializations. It is also generally harder to tune hyperparameters effectively,
compared to supervised learning.

2.4.3 RL Methods

In the following, selected RL algorithms that are relevant for this thesis will be presented.

Value-based methods. These kind of methods learn value (or action-value) functions to estimate
the quality of states and actions. One popular algorithm is Q-learning, which is a model-free,
temporal-difference (TD) learning algorithm. The estimate of the Q-value at the current timestep t

is updated as follows:

Q(st, at)︸ ︷︷ ︸
new Q-value

← Q(st, at)︸ ︷︷ ︸
old Q-value

+α [rt+1 + γmax
a
Q(st+1, a)︸ ︷︷ ︸

TD-target

− Q(st, at)︸ ︷︷ ︸
old Q-value

] (2.2)

Bootstrapping is used to update the value of the state-action pair Q(st, at) with the estimate for
its successor state: maxaQ(st+1, a) is the estimated future reward for the next state, which is the
maximum Q-value over all possible actions in that state. Q-Learning is off-policy, since a sampling-
based policy is used for selecting the next action, which enable exploration, while a greedy policy
is used for obtaining the estimate for the maximum Q-value. The immediate reward rt+1 summed
with this estimate is called the TD-target.

An extension to Q-learning, Deep Q-Networks (DQN) [Mnih et al.(2015)], uses deep neural net-
works to approximate the Q-function to be able to handle environments with large, high-dimensional
state and action spaces. Another improvement in DQN is the use of an experience replay buffer.
It stores past experience consisting of ⟨state, action, reward, next state⟩ tuples. Minibatches are
sampled from this buffer to perform non-correlated updates for more stable learning. Training sta-
bility is further increased by introducing a target network, which is a copy of the Q-network that is
less frequently updated. The objective function is defined as the difference between TD-target and
estimated old Q-value (where the difference is also called TD error), with network parameters θ,
and target network parameters θprev:

LDQN
t (θ) = Et[((rt+1 + γmax

a
Q(st+1, a; θprev))−Q(st, at; θ))2] (2.3)

Some methods, such as the value-based network in PPO [Schulman et al.(2017)] (see more details
below), optimize for the value function V (st), instead of the Q-values. The general objective function
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for value-based methods with target V̂t and network parameters θ, is defined as:

LV F
t (θ) = Et[(V̂t − Vθ(st))

2] (2.4)

Policy-gradient methods. These methods directly learn a parametrized policy (typically a neural
network), without the need of calculating value functions. This is done by updating the parameters θ
in the direction that maximizes the expected cumulative reward J(θ) = Est∈SEat∼πθ(st)[R(st, at, st+1)]

One popular policy-gradient method is the REINFORCE algorithm [Williams(1992)], which is a
model-free, Monte Carlo, on-policy algorithm. The update of its set of parameters θ at timestep t

with step size α is defined as θt+1 ← θt + αĝ with:

∇J(θ) = ĝ = Eπ

[
Gt ·
∇π(at|st, θ)
π(at|st, θ)

]
(2.5)

The gradient of the probability of taking action at is scaled by the cumulative reward Gt. Pa-
rameters are updated into the direction of actions with highest rewards, divided by the probability
of taking the particular action. This update can suffer from high variance, which can be reduced by
introducing a baseline that is subtracted from the reward. Typical baselines are a moving average
over past rewards or, more sophisticated, the additionally learned value-function. The objective
function is as follows:

LPG
t (θ) = Et[(Gt − bt) · log πθ(at|st)] (2.6)

The agent simply samples from the probability distribution π to ensure exploration, whereas
value-based methods need to implement sufficient exploration manually. Another advantage of
policy-gradient methods is that they can handle large as well as continuous action spaces, which
is not possible in Q-learning since the maximum of all action values need to be determined in the
update. They also have better convergence properties. However, they often converge to a local
maximum instead to a global one, and generally proceed slower, making training more inefficient
compared to value-based methods.

Actor-critic methods. Actor-critic methods combine policy-gradient and value-based methods.
The actor controls how the agent behaves (policy-based method), while the critic measures how good
the taken action is (value-based method). One popular method is the Proximal Policy Optimization
(PPO) [Schulman et al.(2017)] algorithm. The overall objective consists of multiple parts. The
objective function for the policy-gradient part is as follows:

LPG
t (θ) = Et

[
rt(θ) · Ât(st, at)− βKL[πref (·|st), πθ(·|st)]

]
(2.7)

with advantage function Ât(st, at) and the probability ratio rt(θ) =
πθ(at|st)

πref (at|st) , describing the prob-
ability of taking action at under the current and under some reference policy. KL is the Kullback-
Leibler divergence between the current policy πθ and the reference policy πref , with an adaptive
coefficient β. The reference policy is typically initialized from some initial supervised model. PPO
improves training stability (over policy-gradient methods such as REINFORCE): it prevents too
large policy updates by constraining the policy to not divert too far from the reference policy.

The overall PPO objective function is as follows:

LPPO
t (θ) = Et[L

PG
t (θ)− c1L

V F
t (θ) + c2Hπ(st)] (2.8)
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It is a combination of the policy-gradient objective function, the value function LV F
t (as defined in

equation 2.4) and an entropy bonus Hπ (with hyperparameters c1, c2).

Preference optimization methods. In the age of large language models, using RL has become
popular for aligning language models to human preferences (RLHF) [Ziegler et al.(2019), Stiennon
et al.(2020), Ouyang et al.(2022)]. In this case, policy π corresponds to the LLM’s probability
distribution over vocabulary tokens: each state contains the tokens generated so far and the next
action corresponds to the next predicted token. The reward signal in RLHF comes from preference-
based feedback, as opposed to traditional reward signals from environment interactions. Instead
of asking to evaluate the goodness of a generation, it is often easier for humans to judge which
generation (out of a small set) is better. Therefore, such comparison data D is collected (usually
multiple model outputs y are sampled for a given input prefix x and compared) where preferences
are typically modeled by the Bradley-Terry (BT) model [Bradley and Terry(1952)]. Under the BT
model the preference distribution p∗ can be written as:

p∗(y1 ≻ y2|x) =
exp(r∗(x, y1)))

exp(r∗(x, y1))) + exp(r∗(x, y2)))
(2.9)

The goal is to learn to approximate the scoring function r∗ that ranks the preference pairs in the
perceived order (y1 ≻ y2). In order to achieve this, a parametrized reward model rϕ(x,y) is learned by
framing the problem as binary classification and optimizing for the following objective, with logistic
function σ and with yw being preferred over yl:

LR(rϕ, D) = −E(x,yw,yl)∼D[log σ(rϕ(x, yw)− rϕ(x, yl))] (2.10)

After that, an RL method, typically the PPO algorithm, is used to update the policy with feedback
coming from the reward model.

One method that overcomes the need to train a separate reward model, is Direct Preference
Optimization (DPO) [Rafailov et al.(2023)]. Instead the reward model is fit implicitly, by modeling
the probability of human preference data in terms of the optimal policy rather than the reward
model. The DPO objective function is defined as follows (with hyperparameter β):

LDPO(πθ;πref ) = E(x,yw,yl)∼D

[
log σ(β log

πθ(yω|x)
πref (yω|x)

− β log
πθ(yl|x)
πref (yl|x)

]
(2.11)

where πθ(y|x)
πref (y|x) is the reward defined by the LLM implicitly. The function increases the likelihood of

preferred generation yw and decreases the likelihood of the dispreferred option yl. DPO is more stable
and computationally lightweight, while at the same time achieving similar performance compared
to PPO-based RLHF.

2.4.4 RL in the Context of Question Answering and Dialogs

RL for multi-hop QA over KGs. RL has been used to find missing paths in knowledge graphs
for KG completion and for answering (multi-hop) questions [Das et al.(2018), Xiong et al.(2017),
Lin et al.(2018), Shen et al.(2018), Qiu et al.(2020)]. For these problems, the KG is considered
as RL environment, with states consisting of KG nodes (entities) and actions consisting of the
paths (relations) connecting these nodes. Rewards are obtained when a desired entity is reached.
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Challenges are the sparse rewards, that are only obtained after a potential long KG traversal, and
the many spurious paths that may lead to the desired entity by chance via some irrelevant relations.

Due to the large action space, most works apply policy-gradient methods, more precisely the
REINFORCE algorithm, for such tasks [Das et al.(2018), Xiong et al.(2017), Lin et al.(2018), Qiu
et al.(2020)]. Since REINFORCE is not very sample-efficient, multiple rollouts are performed for each
training example in [Das et al.(2018)]. They also add an entropy regularization term for exploring
more diverse paths in order to find promising paths faster. To overcome the issue with sparse re-
wards and spurious path problems, [Lin et al.(2018)] and [Qiu et al.(2020)] introduce reward-shaping
to score paths using pre-trained KG embeddings. [Shen et al.(2018)] uses a different strategy for
handling reward sparseness: they apply Q-learning in combination with Monte-Carlo Tree Search
(MCTS) to make use of the deterministic MDP transitions in the KG environment for selecting the
most promising paths.

RL for question reformulation. Starting with [Buck et al.(2018)], RL has been applied as
means for reformulating a question in a way that works best for the underlying QA or retrieval
system [Nogueira and Cho(2017), Li et al.(2022b), Das et al.(2019), Yang et al.(2023)]. RL has
also been used to rewrite conversational questions into self-sufficient forms [Chen et al.(2022b), Ishii
et al.(2022a)], or for selecting relevant history turns for question expansion [Qiu et al.(2021)]. Also
in the context of ConvQA, questions were reformulated for improved retrieval performance [Wu
et al.(2022), Jang et al.(2024), Yoon et al.(2025), Zhang et al.(2024)].

Most works use generative models (the more recent ones use LLMs) for reformulating questions.
In this case, the policy π corresponds to the probability distribution for the next token prediction.
Thus, states correspond to the tokens generated so far (in addition to the conversation history, in
the context of ConvQA) and actions are all vocabulary tokens. The environment contains the (po-
tentially blackbox) retrieval/reader modules that provide rewards in form of retrieval or answering
performance. In this setting, state and action spaces are very large and reward signals are once
again sparse, obtained only for fully generated questions. Works often apply REINFORCE with
baseline [Buck et al.(2018), Nogueira and Cho(2017), Li et al.(2022b), Das et al.(2019)] or PPO
with KL divergence [Ishii et al.(2022a), Yang et al.(2023), Liu et al.(2019b)]. Earlier works often
struggle with degenerated model outputs produced after RL training. Therefore, techniques to in-
crease training stability and preventing such degeneration have been applied. For example, RL is
mixed with cross-entropy loss [Ishii et al.(2022a), Wu et al.(2022)] or Self-Critical Sequence Training
(SCST) [Rennie et al.(2017)] is applied in [Chen et al.(2022b), Wu et al.(2022)], a technique where
the reward obtained by greedy generation is compared to the one received by sampling from the
word distribution at each generation step. Most recent works which employ LLMs use preference
optimization algorithms, such as DPO [Yoon et al.(2025), Zhang et al.(2024)].

RL for task-oriented dialogs. Defining dialogs as sequential decision-making and formulat-
ing them with MDPs has already been proposed in early works [Levin et al.(1998), Williams and
Young(2007), Young et al.(2010)]. In pipeline-based ToD systems, RL has been used to predict
the next dialog action the system should take. The RL states comprise the dialog history and the
current user utterance, and actions are typically a small pre-defined set, consisting of requests for
more information or performing database lookups, etc. The reward is only obtained at the end of
dialog based on whether the user’s goal has been fulfilled in the dialog.
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For successfully training dialog policies, many interactions with the environment are necessary.
One line of work uses on-policy methods that are trained through interacting with simulated users
that aim to mimic the behavior of real users in a consistent manner [Liu and Lane(2017), Dhin-
gra et al.(2017)]. Used algorithms comprise REINFORCE, PPO and further actor-critic methods.
Another line of work uses off-policy learning, to learn from fixed datasets [Wang et al.(2020), Zhou
et al.(2017)]. Many RL works for ToDs explored ways to deal with the sparse reward signal. For
example, the ToD model in [Hu et al.(2023)] uses a reward function based on the number of sub-
goals that have been accomplished at a given step. Also in complex, realistic settings, user goals
are hard to define clearly and it is difficult to evaluate whether a dialog fulfills the goals. Therefore,
methods that make use of Inverse Reinforcement Learning (IRL) were proposed, which try to learn
the underlying reward function from some human dialog or expert demonstration data [Takanobu
et al.(2019), Wang et al.(2020)].

More recently, end-to-end ToD models based on LLMs were introduced. Some works make use
of preference data in this setting [Ramachandran et al.(2022), Feng et al.(2023)].

In this chapter, we introduced the relevant background information for this thesis. We introduced
relevant ConvQA and ToD concepts and presented related works for ConvQA over KG and text,
as well as for ToD systems. We categorized different types of feedback and touched upon how
reformulations were leveraged for QA. Lastly, we introduced basic RL concepts and methods relevant
for this thesis, as well as work on RL in related areas. In the next chapters, we will present our main
contributions.
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State-of-the-art methods for ConvQA over knowledge graphs typically learn from crisp question-
answer pairs found in popular benchmarks. In reality, however, such training data is hard to come
by: users would rarely mark answers explicitly as correct or wrong. This chapter presents a method
that takes a step towards a more natural learning paradigm – from noisy and implicit feedback via

31



32 3. Learning from Implicit User Feedback via Reformulations

question reformulations. A reformulation is likely to be triggered by an incorrect system response,
whereas a new follow-up question could be a positive signal on the previous turn’s answer. Our
reinforcement learning model, termed Conquer, can learn from a conversational stream of ques-
tions, wrong answers and reformulations. Conquer’s KG representation and an overview of its
components are presented in Section 3.2. Sections 3.3 – 3.5 describe the approach used in Conquer
in detail, particularly how RL is applied. To evaluate Conquer, we create and release ConvRef,
a conversational benchmark with reformulations, introduced in Section 3.6. Experiments show that
Conquer successfully learns from noisy rewards, significantly improving over a state-of-the-art
baseline (Section 3.7 and 3.8).

3.1 Introduction

Motivation. Conversational question answering (ConvQA) has become a convenient and natural
mechanism of satisfying information needs that are too complex or exploratory to be formulated
in a single shot [Choi et al.(2018), Saha et al.(2018), Reddy et al.(2019), Guo et al.(2018), Qu
et al.(2020), Kaiser et al.(2020)]. When the information needs are fact-centric (e.g., about cast
of movies, clubs of soccer players, etc.), a suitable data source to retrieve answers from are large
knowledge graphs (KG) such as Wikidata [Vrandecic and Krötzsch(2014)]. Figure 3.1 shows a small
excerpt of the KG using a simplified graph representation, with red nodes for entities and blue nodes
for relations. We address ConvQA over KGs, where system responses are entities.
Example. An ideal conversation with five turns could be as follows:

Q1: When was Avengers: Endgame released in Germany?
A1: 24 April 2019
Q2 : What was the next from Marvel?
A2: Spider-Man: Far from Home
Q3 : Released on?
A3: 04 July 2019
Q4: So who was Spidey?
A4: Tom Holland
Q5 : And his girlfriend was played by?
A5: Zendaya Coleman

Utterances can be colloquial (Q4) and incomplete (Q2, Q3), and inferring the proper context is
a challenge (Q5). Users can provide feedback in the form of question reformulations [Ponnusamy
et al.(2020)]: when an answer is incorrect, users may rephrase the question, hoping for better results.
While users never know the correct answer upfront, they may often guess non-relevance when the
answer does not match the expected type (director instead of movie) or from additional background
knowledge. So, in reality, turn 2 in the conversation above could become expanded into:

Q21 : What was the next from Marvel? (New intent)
A21: Stan Lee (Wrong answer)
Q22 : What came next in the series? (Reformulation)
A22: Marvel Cinematic Universe (Wrong answer)
Q23: The following movie in the Marvel series? (Reformulation)
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Spider-Man:
Far from Home

Captain 
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followed by

part of the 
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place of publication

Stan Lee

Avengers: Endgame

Marvel Cinematic 
Universe Germany

24 April 201922

film

Figure 3.1: KG excerpt from Wikidata required for answering Q1 and Q2. Agents for Q22 (What
came next in the series? ) are shown with possible walk directions. The colored box (Spider-man:
Far from Home) is the correct answer.

A23: Spider-Man: Far from Home (Correct answer)
Q31: Released on? (New intent)

Limitations of state-of-the-art. Work on ConvQA over KGs [Saha et al.(2018), Guo et al.(2018),
Christmann et al.(2019), Shen et al.(2019)] do not consider user signals when intermediate ut-
terances lead to unsatisfactory responses, as indicated in the above conversation with reformula-
tions. A few works on QA over KGs have exploited user interactions for online learning [Abujabal
et al.(2018), Zhang et al.(2019)], but this is limited to confirming the correctness of answers which
can then augment the training data of question-answer pairs. Reformulations as an implicit feed-
back signal have been leveraged for web search queries [Joachims et al.(2007), Ren et al.(2018)],
but that setting is very different from QA over KGs. IR methods rely on observing clicks (and
their absence) on ranked lists of documents. This does not carry over to typical QA tasks – espe-
cially over voice interfaces with single-entity responses at each turn and no explicitly click-like signal.

Approach. We present Conquer (Conversational Question answering with Reformulations), a
new method for learning from implicit user feedback in ConvQA over KGs. Conquer is based on
Reinforcement Learning (RL) and is designed to continuously learn from question reformulations as
a cue that the previous system response was unsatisfying.

Given the current (say Q22) and the previous utterances (Q1, Q21), Conquer creates and main-
tains a set of context entities from the KG that are most relevant to the conversation so far. It
then positions RL agents at each of these context entities, that simultaneously walk over the KG to
other entities in their respective neighborhoods. End points of these walks are candidate answers
for this turn and are aggregated for producing the final response. Walking directions (see arrows in
Figure 3.1 for illustration) are decided by sampling actions from a policy network that takes as input
i) encodings of utterances, and ii) KG facts involving the context entities. The policy network is
trained via noisy rewards obtained from reformulation likelihoods estimated by a fine-tuned BERT
predictor. Experiments on our ConvRef benchmark, that we created from conversations between
a system and real users, demonstrate the viability of our proposed learning method Conquer and
its superiority over a state-of-the-art baseline. Our project website, containing the benchmark and a
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demo, is publicly accessible at https://conquer.mpi-inf.mpg.de. Our code and data is available
on GitHub: https://github.com/magkai/CONQUER.

Contributions. Salient contributions presented in this chapter are:

• A question answering method that can learn from a conversational stream in the absence of
gold answers;

• A reinforcement learning model for QA with rewards based on implicit feedback in the form
of question reformulations;

• A reformulation detector based on BERT that can classify a follow-up utterance as a reformu-
lation or new intent;

• A benchmark collection augmented with reformulations for ConvQA over KGs, comprising
about 205k reformulations for the 11k conversations.

3.2 Model and Architecture

3.2.1 Conquer KG Representation

A KG is typically stored as an RDF database organized into ⟨S, P,O⟩ (subject, predicate, object)
triples (facts), where S is an entity (e.g., Avengers: Endgame, Stan Lee), P is a predicate (e.g., part
of series, publication date), and O is an entity, a type (e.g., film, country) or a literal (e.g.,
26 April 2019, 22). See Section 2.1.3.1 in the background chapter for more details. Large KGs
like Wikidata also contain n-ary facts that involve more than two entities. Figure 3.1 shows an
example of an n-ary fact: The path in the graph connecting Avengers: Endgame to part of the

series and over to Marvel Cinematic Universe represent a main fact, which is contextualized by the
path connecting this main fact to the qualifier predicate node followed by and on to the qualifier
object node Spider-man: Far from Home. The path with series ordinal and 22 is another qualifier
for the same main fact. In Conquer, we wish to leverage the entire KG for answering. For that we
need to go beyond triples and consider these n-ary facts.

In the graph representation depicted in Figure 3.1, qualifier predicates are directly connected
to their main-fact predicates. However, in this representation, an agent walking from entity to
entity (e.g., Avengers to Spider-Man) misses the context of Marvel and would be useless for answering
Q2. In this case, the main-fact triple (<Avengers: Endgame, part of series, Marvel Cinematic

Universe>) provides necessary context for making sense of the qualifier (<followed by, Spider-Man:

Far from Home>). To take n-ary facts into account during walks by agents, Conquer creates a
modified KG representation where entities are nodes and edges between entities are labeled either
by connecting predicates (when a fact has no qualifiers, like <Avengers: Endgame, after a work by,

Stan Lee>) or by augmented labels in cases of facts with qualifiers. The latter scenario is visualized
in Figure 3.2. The edge between the main-fact subject Avengers: Endgame and the main-fact object
Marvel Cinematic Universe is augmented by its qualifier information in Figure 3.2 (a). Information
from the main fact is also used to augment the connections between the main-fact subject (or object)
and qualifier objects, as in Figure 3.2 (b). Connections between qualifier objects are analogously

https://conquer.mpi-inf.mpg.de
https://github.com/magkai/CONQUER
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Figure 3.2: Conquer KG representation for using qualifiers.

augmented by the main fact. These edge labels or paths subsequently become actions to be chosen
by RL agents. The Conquer graph model is bidirectional.

3.2.2 Concepts and Notation

A notation overview of the relevant concepts used in this chapter is provided in Table 3.1. The main
concepts have already been introduced in the background chapter (see Section 2.1.1 for ConvQA
concepts and Section 2.4.1 for relevant RL concepts).

3.2.3 System Overview

The workflow of Conquer is illustrated in Figure 3.3. First, context entities up to the current
turn of the conversation are identified. Next, paths from our KG model involving these entities
are extracted, and RL agents walk along these paths to candidate answers. The paths to walk on
(actions by the agent) are decided according to predictions from a policy network, which takes as
input the conversational context and the KG paths. Aggregating end points of walks by the different
agents leads to the final answer. Upon observing this answer, the user issues a follow-up question.
A reformulation predictor takes this ⟨original question, follow-up question⟩ sequence as input and
outputs a reformulation likelihood. Parameters of the policy network are then updated in an online
manner using rewards that are based on this likelihood. Context entities are reset at the end of the
conversation, but the policy parameters continue to be updated as more and more conversations
take place between the user and the system. Section 3.3 through 3.5 describe Conquer in detail.

3.3 Context Entity Detection

Throughout a conversation C, we maintain a set of context entities Ecxt that reflect the user’s topical
focus and intent. For full-fledged questions this would call for Named Entity Disambiguation (NED),
linking entity mentions onto KG nodes [Shen et al.(2015)]. There are many methods and tools for
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Notation Concept

K Knowledge graph
p ∈ P Path labels in K

Q,A Question and answer
C Conversation
Qj Question expressing intent j

⟨Qjk|k > 1⟩ Sequence of reformulations for intent j

eA Candidate answer entity
t Turn
Qcxt

t Context questions at turn t

Ecxt
t Context entities at turn t

h(·) Hyperparameters for context entity selection
Qt,Q

cxt
t ,Ecxt

t Embedding vectors of Qt, Q
cxt
t , Ecxt

t

s ∈ S RL states
a ∈ As Actions at state s

a,As Embedding vector of a, and matrix of all actions at s

R(·) Reward function
θ, W1,W2 ∈ θ Parameters of policy network, including weight matrices
πθ Policy parameterized by θ

J(θ) Expected reward with θ

α Step size in REINFORCE update
Hπ(·, s) Entropy regularization term in REINFORCE update
β Weight for entropy regularization term

Table 3.1: Notation for salient concepts in Conquer.

this purpose, including a few that are geared for very short inputs like telegraphic questions [Sawant
and Chakrabarti(2013), Piccinno and Ferragina(2014), Li et al.(2020)]. However, none of these can
handle contextually incomplete and colloquial utterances that are typical for follow-up questions in
a conversation, for example: What came next from Marvel? or Who played his girlfriend?.

For creating and maintaining Ecxt, we apply the following steps. The set Ecxt emanates from
the question keywords and is initialized by running an NED tool on the first question Q1, which is
almost always well-formed and complete. Further turns in the conversation incrementally augment
Ecxt. Correct answers for questions could qualify for Ecxt and would be strong cues for keeping
context. However, they are not considered by Conquer: the online setting that we tackle does
not have any knowledge of ground-truth answers and would thus have to indiscriminately pick up
both correct and incorrect answers. Therefore, Conquer considers only entities derived from user
utterances.

Let Ecxt
t−1 denote the set of context entities up to turn t− 1. Nodes in the neighborhood nbd(·) of

Ecxt
t−1 form the candidate context for turn t and are subsequently scored for entry into Ecxt

t . In our
experiments, we restrict this to 1-hop neighbors, which is usually sufficient to capture all relevant
cues. For scoring candidate entities n for question Qt at turn t, Conquer computes four measures
for each n ∈ nbd(e|e ∈ Ecxt

t−1):

• Neighbor overlap: This is the number of nodes in Ecxt
t−1 from where n is reachable in one
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Figure 3.3: Overview of Conquer, with numbered steps tracing the workflow. Looping through
steps 1-7 creates a continuous learning model. Step 6 denotes a follow-up question.

hop, the higher the better. Since this indicates high connectivity to Ecxt
t−1, such nodes are

potentially good candidates. The number is normalized by the cardinality |Ecxt
t−1|, to produce

overlap(n) ∈ [0, 1],

• Lexical match: This is the Jaccard overlap between the set of words in the node label of n
and all words in Qt (with stopwords excluded): match(n) ∈ [0, 1],

• NED score: Although full-fledged NED would not work well for incomplete and colloquial
questions, NED methods can still give useful signals. We run an off-the-shelf tool, which we
provide with richer context by concatenating the current with the previous questions as input.
We consider its normalized confidence score, ned(n) ∈ [0, 1], but only if the returned entity
is in the candidate set nbd(e|e ∈ Ecxt

t−1); otherwise ned(n) is zero. This can be thought of as
NED restricted to the neighborhood of the current context Ecxt

t as an entity repository,

• KG prior: Salient nodes in the KG, as measured by the number of facts they are present
in as subject, are indicative of their importance in downstream tasks like QA [Christmann
et al.(2019)]. A prior on this KG frequency often helps discriminate obscure nodes from
prominent ones. We clip raw frequencies at a factor fmax, and normalize them by fmax to
yield prior(n) ∈ [0, 1].

These four scores are linearly combined with hyperparameters h1, . . . , h4, such that
∑4

i=1 hi = 1,
to compute the context score:

cxt(n) = h1 · overlap(n) + h2 ·match(n) + h3 · ned(n) + h4 · prior(n) (3.1)

If score cxt(n) is above a specified threshold hcxt, then n is inserted into the set of context entities
Ecxt

t . Hyperparameters h1, . . . , h4 and hcxt are tuned on a development set. Entities in Ecxt
t are

passed on as start points for RL agents to walk from (Section 3.4.2).
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3.4 Conquer Learning Framework

3.4.1 RL Model

The goal of an RL agent here is to learn to answer conversational questions correctly. The user
(issuing the questions) and the KG jointly represent the environment. The agent walks over the
knowledge graph K, where entities are represented as nodes and predicates as path labels (see
Section 3.2.1). An agent can only start and end its walk at entity nodes (see Figure 3.2), after
traversing a path label. This traversal can be viewed as a Markov Decision Process (MDP), where
individual parts (S,A, δ,R) are defined as follows (adapted from [Das et al.(2018)]):

• States: A state s ∈ S is represented by s = (Qcxt
t , Qt, e

cxt
t ), where Qt represents the question

at turn t (new intent or reformulation), Qcxt
t captures a subset of the previous utterances as

the (optional) context questions and ecxtt ∈ Ecxt
t is one of the context entities for turn t that

serves as the starting point for an agent’s walk.

• Actions: The set of actions As that can be taken in state s consists of all outgoing paths of
the entity node ecxtt in K, so that As = {p|⟨ecxtt , p, eA⟩ ∈ K}. End points of these paths are
candidate answers eA.

• Transitions: The transition function δ updates a state to the agent’s destination entity node
eA along with the follow-up question and (optionally) its context questions; δ : S × A → S is
defined by δ(s, a) = snext = (Qcxt

t+1, Qt+1, e
A).

• Rewards: The reward depends on the next user utterance Qt+1. If it expresses a new intent,
then reward R(s, a, snext) = 1. If Qt+1 has the same intent, then this is a reformulation,
making R(s, a, snext) = −1.

While we know deterministic transitions inside the KG through nodes and path labels, users’
questions are not known upfront. So we use a model-free algorithm that does not require an explicit
model of the environment [Sutton and Barto(2018)]. Specifically, we use Monte Carlo methods that
rely on explicit trial-and-error experience: we learn from sampled state-action-reward sequences from
actual or simulated interaction with the environment. Since questions can be arbitrarily formulated
on any of several topics, our state space is unbounded in size. Thus, it is not feasible to learn
transition probabilities between states. Instead, we use a parameterized policy that learns to capture
similarities between the question (along with its conversational context) and the KG facts. The
parameterized policy is manifested in the weights of a neural network (policy network). When a new
question arrives, this policy can be applied by an agent to reach an answer entity: this is equivalent
to the agent following a path predicted by the policy network.

3.4.2 RL Training

Using a policy network has been shown to be more appropriate for KGs than value-based methods,
due to the large action space [Xiong et al.(2017)]. To train our network, we apply the policy-gradient
algorithm REINFORCE with baseline [Williams(1992)] (see also part on policy-gradient methods in
Section 2.4.3 for further details). As baseline, we use the average reward over several training samples
for variance reduction. The parameterized policy πθ takes information about a state as input and
outputs a probability distribution over the available actions in this state. Formally: πθ(s) 7→ P (As).
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Figure 3.4: Architecture of the policy network in Conquer.

Figure 3.4 depicts our policy network and Algorithm 1 shows high-level pseudo-code for the policy
learning in Conquer. The network contains a two-layer feed-forward network with non-linear ReLU
activation. The policy parameters θ consist of the weight matrices W1, W2 of the feed-forward
layers. Inputs to the network consist of embeddings of the current question Qt ∈ Rd (What was
the next from Marvel? ), optionally prepended with some context question embeddings Qcxt

t ∈ Rd

(like When was Avengers: Endgame released in Germany? ). We apply a pre-trained BERT model
to obtain these embeddings, by averaging over all hidden layers and over all input tokens (line 6 in
Algorithm 1). Context entities Ecxt

t (e.g., Avengers: Endgame) are the starting points for an agent’s
walk and are identified as explained in Section 3.3. We then retrieve all outgoing paths for these
entities from the KG (line 4, Algorithm 1). An action vector a ∈ As consists of the embedding of
the respective path p starting in ecxtt , a ∈ Rd. These actions are also encoded using BERT. The final
embedding matrix As ∈ R|As|×d consists of the stacked action embeddings (line 7, Algorithm 1).
The output of the policy network is the probability distribution P (As), that is defined as follows
(line 8, Algorithm 1):

P (As) = σ(As × (W2 ×ReLU(W1 × [Qcxt
t ;Qt]))) (3.2)

where σ(·) is the softmax operator. Then, the final action which the agent will take in this step is
sampled from this distribution (line 11, Algorithm 1):

a = Ai
s, i ∼ Categorical(P (As)) (3.3)

To update the network’s parameters θ, the expected reward J(θ) is maximized over each state
and the corresponding set of actions:

J(θ) = Es∈SEa∼πθ(s)[R(s, a, snext)] (3.4)
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Algorithm 1: Policy learning in Conquer
Input: question Qt, KG K, step size (α > 0), number of rollouts (rollouts), size of update

(batchSize), entropy weight (β)
Output: updated policy parameters θ

▶ On initial call: Initialize θ randomly
1 Qcxt

t ← loadContext(Qt)

2 Ecxt
t = detectContextEntities(Qcxt

t , Qt)

3 foreach ecxtt ∈ Ecxt
t do

4 P ← getKGPaths(ecxtt ,K) ▶ Get KG paths involving context entity
5 s← (Qcxt

t , Qt, e
cxt
t )

6 Qt ← BERT (Qt), Qcxt
t ← BERT (Qcxt

t ) ▶ Encode questions
7 As ← stack(BERT (p)), where p ∈ P
8 P (As) = σ(As × (W2 ×ReLU(W1 × [Qcxt

t ;Qt]))) ▶ Get action probabilities
9 count← 0

10 while count < rollouts do
11 i ∼ Categorical(P (As)) ▶ Sample action
12 a← Ai

s, where a := pi and (ecxtt , pi, e
A) ∈ K

13 Qt+1 ← getUserFeedback(eA) ▶ Get feedback in form of next user question
14 Qcxt

t+1 ← loadContext(Qt+1)

15 snext ← (Qcxt
t+1, Qt+1, e

A)

▶ Determine reward
16 if isReformulation(Qt, Qt+1) then r ← −1
17 else r ← 1

18 experience.enqueue(s, a, snext, r) ▶ Store experience
19 count← count+ 1

20 end
21 end
22 if |experience| >= batchSize then

▶ Retrieve batchSize entries from experience buffer
23 updateList← experience.dequeue(batchSize)

24 batchUpdate← 0, rList← getRewards(updateList)

25 r̄ ← mean(rList), σr ← stdDev(rList)

▶ Perform batch update
26 foreach (s, a, snext, r) ∈ updateList do
27 Hπ(·, s)← −

∑
a∈As

π(a|s) · log π(a|s)
28 r̂ ← r−r̄

σr

29 batchUpdate← batchUpdate+ r̂∇π(a|s,θ)
π(a|s,θ) + βHπ(·, s)

30 end
31 θ ← θ + α · batchUpdate ▶ Do gradient ascent

32 return θ

For each question in our training set, we do multiple rollouts, meaning that the agent samples
multiple actions for a given state to estimate the stochastic gradient (the inner expectation in
the formula above). Updates to our policy parameters θ are performed in batches (lines 26-31,
Algorithm 1). Each experience of the form (s, a, snext, r) that the agent has encountered is stored.
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A batch of experiences is used for the update, performed as follows:

∇J(θ) = Eπ

[
r̂ · ∇π(a|s,θ)

π(a|s,θ)
+ β ·Hπ(·, s)

]
(3.5)

where r̂ is the normalized return and β is a weighting constant for Hπ(·, s), that is an entropy
regularization term.

We have already introduced the REINFORCE update in the background chapter (section 2.4.3,
equation 2.5). For Conquer, we add a regularization term to the update to ensure better exploration
and to prevent the agent from getting stuck in local optima. It is defined as:

Hπ(·, s) = −
∑
a∈As

π(a|s) · log π(a|s) (3.6)

Parameters θ are updated in the direction that increases the probability of taking action a again
when seeing s next time. The update is inversely proportional to the action probability to not favor
frequent actions (see also [Sutton and Barto(2018)], Chapter 13, for more details). REINFORCE
is often used with a baseline which is subtracted from the reward to reduce variance. We opted
for a simple baseline by normalizing each reward by subtracting the mean and by dividing by the
standard deviation of all rewards in the current batch update: r̂ = r−r̄

σr
.

Remark. Our policy network learns a similarity-based matching between the user’s information
need and KG paths. In our current setting, agents walk only one step and receive rewards based
on whether they arrived at the correct entity. This ensures efficiency. Additionally, we opted for
this simplified setting for the following reasons: i) Conquer’s specific KG representation enables us
to answer complex questions involving qualifiers within one hop that would require two-hop walk-
ing in case of other KG representations, and ii) we have noticed that walking beyond two steps is
rarely required for answering natural occurring user requests. Nevertheless, our learning framework
allows for multi-step sequential decision-making: By adding a self-loop action, agents could decide
on whether they want to stay at the current KG entity (= terminal state), which is then returned
as answer to the user or they continue to walk over the KG to the next entity node enext. Then,
snext = (Qcxt

t , Qt, pwalk, enext), where pwalk is the concatenated paths the agent has traversed so far.

In the following, we describe how we obtain the rewards for Conquer.

3.4.3 Reformulation Prediction

Each answer entity eA, reached by an agent after taking the sampled action, is presented to the
user. An ideal user, according to our assumption, would ask a follow-up question that is either
a reformulation of the same intent (if she thinks the answer is wrong), or an expression of a new
intent (if the answer seems correct). This sequence of the original question and the follow-up is then
passed on to a reformulation detector to decide whether the two questions express the same intent.
We devise such a predictor by fine-tuning a BERT model for sentence pair classification [Devlin
et al.(2019)] on a large set of such question pairs. Based on this prediction (reformulation or not),
we deduce if the generated answer entity eA was correct (no reformulation) or not (reformulation).
The agent receives a positive reward (+1) for a correct answer, otherwise a negative one (-1).
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Nature of reformulation Percentage

Words were replaced by synonyms 15%

Expected answer types were added 14%

Coreferences were replaced by topic entity 24%

Whole question was rephrased 71%

Words were reordered 5%

Completed a partially implicit question 20%

Table 3.2: Types of reformulations in ConvRef. Reformulation may belong to multiple categories.

3.5 Answer Generation

The learned policy can now be used to generate answers for conversational questions. This happens
in two steps: i) selecting actions by individual agents to reach candidate answers (where actions cor-
respond to KG paths and selecting them implies reaching an entity) and ii) ranking the candidates
to produce the final answer.

Selecting actions. Given a question Qi at turn t, the first step is to extract the context entities
{ecxtt }. Usually there are several of these and, therefore, several starting points for RL walks. Mul-
tiple agents traverse the KG in parallel, based on the predictions coming from the trained policy
network. Each agent takes the top-k predicted actions (k is typically small, five in our experiments)
from the policy network greedily (no explorations at answering time).

Ranking answers. Agents land at end points after following actions predicted for them by the
policy network. These are all candidate answers {eA} that need to be ranked. We interpret the
probability scores coming from the network (associated with the predicted action) as a measure of
the system’s confidence in the answer and use it as our main ranking criterion. When multiple
agents land at the same end point, we use this to boost scores of the respective candidates by adding
scores for the individual actions. Candidate answers are then ranked by this final score, and the
top-1 entity is shown to the user.

3.6 Benchmark with Reformulations

None of the popular QA benchmarks, like WebQuestions [Berant et al.(2013)], ComplexWebQues-
tions [Talmor and Berant(2018)], QALD [Usbeck et al.(2018)], LC-QuAD [Dubey et al.(2019),
Trivedi et al.(2017)], or CSQA [Saha et al.(2018)], contain sessions with question reformulations
by real users. The only publicly available benchmark for ConvQA over KGs based on a real user
study is ConvQuestions [Christmann et al.(2019)]. Therefore, we used conversation sessions in
ConvQuestions as input to our own user study to create our benchmark ConvRef.

Workflow for user study. Study participants interacted with a baseline ConvQA system. In
this way, we were able to collect real reformulations issued in response to seeing a wrong answer,
rather than static paraphrases. To create such a baseline system we trained our randomly initialized
policy network with simulated reformulation chains. ConvQuestions comes with one interrogative
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Original question: in what location is the movie set? [Movies]
Wrong answer: Doctor Sleep
Reformulation: where does the story of the movie take place?

Original question: which actor played hawkeye? [TV Series]
Wrong answer: M*A*S*H Mania
Reformulation: name of the actor who starred as hawkeye?

Original question: release date album? [Music]
Wrong answer: 01 January 2012
Reformulation: on which day was the album released?

Original question: what’s the first one? [Books]
Wrong answer: Agatha Christie
Reformulation: what is the first miss marple book?

Original question: who won in 2014? [Soccer]
Wrong answer: NULL
Reformulation: which country won in 2014?

Table 3.3: Sample reformulations from ConvRef.

paraphrase per question, which could be viewed as a weak proxy for reformulations. A paraphrase
was triggered as reformulation in case of a wrong answer during training.

The conversations shown to the users were topically grounded in the 350 seed conversations in
ConvQuestions. Since we have paraphrases for each question, we also use the conversations where
the original questions are replaced by their paraphrased version. This way we obtain 700 conversa-
tions, each with 5 turns. Users were shown follow-up questions in a given conversation interactively,
one after the other, along with the answer coming from the baseline QA system. For wrong answers,
the user was prompted to reformulate the question up to four times if needed. In this way, users were
able to pose reformulations based on previous wrong answers and the conversation history. Note
that the baseline QA system often gave wrong answers, as our RL model had not yet undergone full
training. This provided us with a challenging stress-test benchmark, where users had to issue many
reformulations.

Participants. We hired 30 students (Computer Science graduates) for the study. Each participant
annotated about 23 conversations. (23×30 = 690, the remaining ten were randomly assigned to the
participants). The total effort required 7 hours per person (including a 1-hour briefing), and each
participant was paid 10 Euros per hour (comparable to AMT Master workers). The final session
data was sanitized to comply with privacy regulations.

Final benchmark. The reformulations from our user study were compiled into the ConvRef
benchmark as follows. ConvQuestions generated its original 11.2k conversations by creating
question sequences from either a seed question or its paraphrase. Thus, each utterance in the
original benchmark can be found among our 700 annotated conversations. So we augment each
original utterance by up to 4 reformulations (along the wrong system responses), that we collected.
This resulted in a total of 262k turns with about 205k reformulations. We followed ConvQuestions
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ratios for the train-dev-test splits, leading to 6.7k training conversations and 2.2k each for dev and
test sets. While participants could freely reformulate questions, we noticed different patterns in a
random sample of 100 instances (see Table 3.2). Examples of reformulations are shown in Table 3.3.
Reformulations had an average length of about 7.6 words, compared to about 6.7 for the initial
questions per session. The complete benchmark is available at https://conquer.mpi-inf.mpg.de.

3.7 Experimental Framework

3.7.1 Setup

KG. We used the Wikidata NTriples dump from 26 April 2020 with about 12B triples. Triples
containing URLs, external IDs, language tags, redundant labels and descriptions were removed,
leaving us with about 2B triples. The data was processed according to Section 3.2.1 and loaded
into a Neo4j1 graph database. All data resided in main memory (consuming about 35 GB, including
indexes) and was accessed with the Cypher query language.

Context entities. We used Elq [Li et al.(2020)] to obtain NED scores. Frequency clip fmax was
set to 100. Parameters h1, h2, h3, h4, hcxt were tuned on our development set of 100 manually anno-
tated utterances and set to 0.1, 0.1, 0.7, 0.1, 0.25, respectively (see Section 3.3).

RL and neural modules. The code for the RL modules was developed using the TensorFlow
Agents2 library. When the number of KG paths for a context entity exceeded 1000, a thousand
paths were randomly sampled owing to memory constraints. All models were trained for 10 epochs,
using a batch size of 1000 and 20 rollouts per training sample. All reported experimental figures are
averaged over five runs, resulting from differently seeded random initializations of model parameters.
We used the Adam optimizer [Kingma and Ba(2015)] with an initial learning rate of 0.001. The
weight β for the entropy regularization term is set to 0.1. We used a pre-trained uncased BERT-
base model from Hugging Face3 for obtaining encodings of {Q,Qcxt, A}. To obtain encodings of a
sequence, two averages were performed: once over all hidden layers, and then over all input tokens.
Dimension d = 768 (from BERT models), and accordingly sizes of the weight matrices were set to
W1 = |input| × 768 and W2 = 768 × 768, where |input| = d or |input| = 2d (in case we prepend
context questions Qcxt

t ).

Reformulation predictor. To avoid any possibility of leakage from the training to the test data,
this classifier was trained only on the ConvRef dev set (as a proxy for an orthogonal source).
We fine-tuned the BERT sequence classification model from Hugging Face4, with a learning rate
of 3 × 10−5 and a batch size of 64 for our classification task. Positive samples were generated by
pairing questions within the same intent (= reformulations), while negative sampling was done by
pairing across different intents from the same conversation. This ensured lexical overlap in negative
samples, necessary for more discriminative learning.

1https://neo4j.com
2https://www.tensorflow.org/agents
3https://huggingface.co/bert-base-uncased
4https://huggingface.co/docs/transformers/model_doc/bert#transformers.TFBertForSequenceClassification

https://conquer.mpi-inf.mpg.de
https://neo4j.com
https://www.tensorflow.org/agents
https://huggingface.co/bert-base-uncased
https://huggingface.co/docs/transformers/model_doc/bert#transformers.TFBertForSequenceClassification
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3.7.2 Conquer Configurations

The Conquer method has four different setups for training, that are evaluated at answering time.
These explore two orthogonal sources of noise and stem from two settings for the user model and
two for the reformulation predictor.

User model: Although ConvRef is based on a user study, we do not have access to users during
model training. Like many other Monte Carlo RL methods, we simulate user behavior for accumu-
lating more interactions that could enrich our training (for example, by performing rollouts). For
user simulation, we rely on the reformulations collected in our study. We define ideal and noisy user
models as follows.

• Ideal: In an ideal user model, we assume that users always behave as expected: reformulating
when the generated answer is wrong and only moving on to a new intent when it is correct.
We simulate this behavior as follows. For each intent, we have at most 5 different question
variants available in ConvRef (1 original question and up to 4 reformulations). If our model
gives a wrong answer, we would trigger the next available reformulation for the underlying
question intent. If we run out of reformulations, we simply start again with the original
question formulation, looping through the sequence of user utterances within the same intent,
until the correct answer is reached, or discarding the training intent after a fixed number of
tries (5 in our experiments).

• Noisy: In the noisy variant, the user is free to move on to a new intent even when the response
to the last turn was wrong. This models realistic situations when a user may simply decide to
give up on an information need (out of frustration, say). We simulate this behavior as follows.
Just like in the ideal case, we trigger available reformulations for the given question intent, one
after the other, in case of wrong answers. Once we run out of reformulations for this intent,
we would issue the follow-up information need, regardless of having seen a correct response.

Reformulation predictor:

• Ideal: In an ideal reformulation predictor, we assume that it is known upfront whether a
follow-up question is a reformulation or not We have this information available, since we
simulate users, employing the reformulations from ConvRef.

• Noisy: In the noisy predictor, we use the BERT-based reformulation detector which may
include erroneous predictions.

3.7.3 Evaluation

Benchmarks. We evaluate Conquer on the test set of our newly created benchmark with re-
formulations, ConvRef. We have also collected up to 4 reformulations for each test question.
Therefore, we allowed models to have up to 5 answering attempts per question intent, receiving the
next available reformulation after a wrong answer. The model’s performance is then measured over
distinct intents instead of individual questions/reformulations. Additionally, we evaluate Conquer
on ConvQuestions.
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Method P@1 Hit@5 MRR RefTriggers Ref = 0 Ref = 1 Ref = 2 Ref = 3 Ref = 4

Conquer IdealUser-IdealRef 0.339 0.426 0.376 30058 3225 292 154 70 56

Conquer IdealUser-NoisyRef 0.338 0.429 0.377 30358 3099 338 170 79 100

Conquer NoisyUser-IdealRef 0.353 0.428 0.387 29889 3163 403 187 90 116

Conquer NoisyUser-NoisyRef 0.335 0.417 0.370 30726 2913 425 216 90 104

Convex 0.225 0.257 0.241 34861 1980 278 200 24 35

Table 3.4: Main results on answering performance over the ConvRef test set. All Conquer
variants outperformed Convex with statistical significance, and required less reformulations than
Convex to provide the correct answer.

Conquer/Baseline Movies TV Series Music Books Soccer

IdealUser-IdealRef 0.320 0.316 0.281 0.449 0.329

IdealUser-NoisyRef 0.344 0.340 0.303 0.425 0.308

NoisyUser-IdealRef 0.368 0.367 0.324 0.413 0.329

NoisyUser-NoisyRef 0.327 0.296 0.300 0.381 0.327

Convex 0.274 0.188 0.195 0.224 0.244

Table 3.5: P@1 results across topical domains.

Baseline. We use the Convex system [Christmann et al.(2019)] as the state-of-the-art ConvQA
baseline in our experiments. Convex detects answers to conversational utterances over KGs in
a two-stage process based on judicious graph expansion: it first detects so-called frontier nodes
that define the context at a given turn. Then, it finds high-scoring candidate answers in the vicin-
ity of the frontier nodes. Hyperparameters of Convex were tuned on ConvRef for fair comparison.

Metrics. Answers form a ranked list, where the number of correct answers is usually one, but
sometimes two or three. We use three standard metrics for evaluating QA performance: i) precision
at the first rank (P@1), ii) answer presence in the top-5 results (Hit@5) and iii) mean reciprocal rank
(MRR). Additionally, we count the total number of reformulations triggered by a model to arrive
at correct answers (max. 4 reformulations per intent), “RefTriggers”. The smaller this number is,
the better. We also count the number of intents that have been answered without triggering any
reformulation (“Ref=0”), triggering one (“Ref=1”), up to four reformulations (“Ref=4”). The more
intents answered earlier, the better. We use the standard metrics of i) precision, ii) recall and iii)
F1-score for evaluating context entity detection quality. These measures are also used for assessing
reformulation prediction performance, where the output is one of two classes: reformulation or not.
Gold labels are available from ConvRef.

3.8 Results and Insights

3.8.1 Key Findings

Tables 3.4 and 3.5 show our main results on the ConvRef test set. As explained earlier, P@1,
Hit@5 and MRR are measured over distinct intents, not utterances. For example, even when an
intent is satisfied only at the third reformulation, we deem P@1 = 1 (and 0 when the correct answer
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Method P@1 Hit@5 MRR

Conquer 0.263 0.343 0.298

Convex 0.184 0.219 0.200

Table 3.6: Performance on ConvQuestions.

is not found after five attempts). Statistical significance tests are performed wherever applicable: we
used the McNemar’s test for binary metrics (P@1, Hit@5) and the t-test for real-valued ones (MRR,
F1). Tests were unpaired when there are unequal numbers of utterances handled in each case due
to unequal numbers of reformulations triggered and paired in other standard cases. 1-sided tests
were performed for checking for superiority (for baselines) or inferiority (for ablation analyses). In
all cases, null hypotheses were rejected when p ≤ 0.05. Best values in table columns are marked in
bold, wherever applicable.

Conquer is robust to noisy models. We did not observe any major differences among the
four configurations of Conquer. While the “IdealUser-IdealRef” model is able to answer more
questions correctly at the first attempt (“Ref = 0”), “NoisyUser-IdealRef” requires least reformula-
tions in total (“RefTriggers”). Interestingly, some of the noisy versions (“IdealUser-NoisyRef” and
“NoisyUser-IdealRef”) even achieve the absolute best numbers on the metrics, indicating that a cer-
tain amount of noise and non-deterministic user behavior may in fact help the agent to generalize
better to unseen conversations. Note that the variants with ideal models are not to be interpreted
as potential upper bounds for QA performance: while “IdealUser” represents a model of systematic
user behavior, “IdealRef” rules out one source of model error.

Conquer outperforms Convex. All variants of Conquer were significantly better than the
baseline Convex on the three metrics (p < 0.05, 1-sided tests), showing that Conquer successfully
learns from the implicit feedback from question reformulations. Convex on the other hand, as well
as any of the existing (conversational) KG-QA systems [Saha et al.(2018), Guo et al.(2018), Shen
et al.(2019)], cannot learn from incorrect answers and indirect signals such as reformulations. Note
that Convex was evaluated in the same way as Conquer for fair comparison: it had 5 attempts to
answer each question intent, receiving reformulations after a failed attempt. Additionally, Conquer
can also be applied in the standard setting were <question, gold answer> instances are available, in
the following way: Conquer receives a positive reward (+1) for returning an answer that matches
with the ground truth answer, and a negative reward (−1) for returning wrong answers. When
trained on the original ConvQuestions benchmark, that contains gold answers but lacks reformu-
lations, Conquer again outperforms Convex (with an increase of 8% in P@1, see Table 3.6).

Conquer needs fewer reformulations. In Table 3.4, “RefTriggers” shows the number of refor-
mulations needed to arrive at a correct answer (or reaching the maximum of 5 turns). We observe
that Conquer triggers substantially fewer reformulations (≃ 30k) than Convex (≃ 34k). This
confirms an intuitive hypothesis that when a model learns to answer better, it also satisfies an intent
faster (less turns needed per intent). Zooming into this statistic (“Ref = 0, 1, 2, ...”), we observe
that Conquer answers a bulk of the intents without needing any reformulation, a testimony to
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All No Overlap No Match No NED No prior

0.731 0.726 0.728 0.684 0.718

Table 3.7: Ablation study for context entity detection (F1).

Context model P@1 Hit@5 MRR

Curr. ques. + Cxt. ent. 0.294 0.407 0.346

Curr. ques. + Cxt. ent. + First ques. 0.254 0.370 0.305

Curr. ques. + Cxt. ent. + First ques. + Prev. ques. 0.257 0.370 0.307

Curr. ques. + Cxt. ent. + First refs. + Prev. refs. 0.262 0.382 0.316

Table 3.8: Effect of context models on answering performance.

successful training (≃ 3k in comparison to ≃ 2k for Convex). The numbers quickly taper off with
subsequent turns in a conversation, but remain higher than the baseline. Convex relies on a context
graph that is iteratively expanded over turns; this often becomes unwieldy at deeper turns. Unlike
Convex, we found Conquer’s performance to be relatively stable even for higher intent depths
(P@1 = 0.237, 0.397, 0.336, 0.319, 0.385 for intents 1 through 5, respectively).

Conquer works well across domains. P@1 results for the five topical domains in ConvQues-
tions are shown in Table 3.5. We note that the good performance of Conquer is not just by
skewed success on one or two favorable domains (while being significantly better than Convex for
each topic), but holds for all five of them (books being slightly better than the others).

3.8.2 In-depth Analysis

Having shown the across-the-board superiority of Conquer over Convex, we now scrutinize the
various components and design choices that make up the proposed architecture. All analysis exper-
iments are reported on the ConvRef dev set, and the realistic “NoisyUser-NoisyRef” Conquer
variant is used by default.

All features vital for context entity detection. We first perform an ablation experiment (Ta-
ble 3.7) on the features responsible for identifying context entities. Observing F1-scores averaged
over questions, it is clear that all four factors contribute to accurately identifying context entities
(no NED as well as no prior scores resulted in statistically significant drops). It is interesting to
understand the trade-off here: a high precision indicates a handful of accurate entities that may
not create sufficient scope for the agents to learn meaningful paths. On the other hand, a high
recall could admit a lot of context entities from where the correct answer may be reachable, but
via spurious paths. The F1-score is thus a reliable indicator for the quality of a particular tuple of
hyperparameters.

Context entities effective in history modeling. After examining features for Ecxt, let us take
a quick look at the effect of Qcxt. We tried several variants and show the best four (including the
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Method Fine-tuned BERT Fine-tuned RoBERTa

Class Prec Rec F1 Prec Rec F1

New intent 0.986 0.944 0.965 0.988 0.924 0.955

Reformulations 0.810 0.948 0.873 0.760 0.956 0.847

Table 3.9: Classification performance for reformulations.

Method P@1 Hit@5 MRR

Path 0.294 0.407 0.346

Path + Answer entity 0.275 0.394 0.329

Context entity + Path 0.293 0.408 0.346

Context entity + Path + Answer entity 0.273 0.398 0.328

Table 3.10: Design choices of actions for the policy network.

one used in Conquer) in Table 3.8. While the Conquer architecture is meant to have scope for
incorporating various parts of a conversation, we found that explicitly encoding previous questions
significantly degraded answering quality (the first row, where Qcxt = ϕ, works significantly better
than all other options). “refs.” indicate that embeddings of reformulations for that intent were av-
eraged. Without “refs.”, only the first question in that intent is used. Results indicate that context
entities from the KG suffice to create a satisfactory representation of the conversation history. Note
that these Ecxt

t are derived not just from the current turn, but are carried over from previous ones.
Nevertheless, we believe that there is scope for using Qcxt better: history modeling for ConvQA is an
open research topic [Qu et al.(2019a), Qu et al.(2019b), Gupta and Sharma(2021), Qiu et al.(2021)],
and reformulations introduce new challenges.

Reformulation predictor works well. A crucial component of the success of Conquer’s
“NoisyRef” variants is the reformulation detector. Due to its importance, we explored several op-
tions like fine-tuned BERT [Devlin et al.(2019)] and fine-tuned RoBERTa [Liu et al.(2019a)] models
to perform this classification. RoBERTa produced slightly poorer performance than BERT, which
was really effective (Table 3.9). Prediction of new intents is observed to be slightly easier (higher
numbers) due to expected lower levels of lexical overlaps.

Path label preferable as actions. When defining what constitutes an action for an agent, we
have the option of appending the answer entity eA or the context entity ecxt to the KG path (world
knowledge in BERT-like encodings often helps in directly finding good answers). We found, unlike
similar applications in KG reasoning [Das et al.(2017), Lin et al.(2018), Qiu et al.(2020)], excluding
eA actually worked significantly better for us (Table 3.10, row 1 vs. 2). This can be attributed to
the low semantic similarity of answer nodes with the question, that acts as a confounding factor.
Including ecxt does not change the performance (row 1 vs. 3). The reason is that an agent selects
actions starting at one specific start point (ecxt): all of these paths thus share the embedding for this
start point, resulting in an indistinguishable performance. The last row corresponds to matching the
question to the entire KG fact, which again did not work so well due to the potentially low semantic
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similarity of the answer entity eA with the question.

Error analysis points to future work. We analyzed 100 random samples where Conquer
produced a wrong answer (P@1 = 0). We found them to be comprised of: 17% ranking errors (cor-
rect answer in top-5 but not at top-1), 23% action selection errors (context entity correct but path
wrong), 30% context entity detection errors (including 3% empty set), 23% not in the KG (derived
quantitative answers), and 7% wrong gold labels.

Answer ranking robust to minor variations. Our answer ranking (Section 3.5) uses cumulative
prediction scores (scores from multiple agents added), with P@1 = 0.294. We explored variants where
we used prediction scores with ties broken by majority voting since an answer is more likely if more
agents land on it (P@1 = 0.291), majority voting with ties broken with higher prediction scores (P@1
= 0.273), and taking the candidate with the highest prediction score without majority voting (P@1
= 0.294). Most variants were nearly equivalent to each other, showing robustness of the learnt policy.

Runtimes. The policy network of Conquer takes about 10.88 ms to produce an answer, as
averaged over test questions in ConvRef. The maximal answering time was 1.14 s.

3.9 Related Work

QA over KGs. KG-QA has a long history [Yahya et al.(2012), Berant et al.(2013), Unger et al.(2014),
Roy and Anand(2020)], evolving from addressing simple questions via templates [Bast and Hauss-
mann(2015), Abujabal et al.(2017)] and neural methods [Yih et al.(2015), Huang et al.(2019b)], to
more challenging settings of complex [Lu et al.(2019), Bhutani et al.(2019)], heterogeneous [Oguz
et al.(2020), Sun et al.(2019)] and conversational QA [Shen et al.(2019), Müller et al.(2019), Christ-
mann et al.(2019)] (see Section 2.1.3 for more detail on related ConvQA over KG work). However,
these methods do not consider question reformulations in conversational sessions and solely learn
from question-answer training pairs.

Reformulations in search and QA. In the parallel field on text-QA, question reformulation or
rewriting has been pursued as conversational question completion [Vakulenko et al.(2021), Anan-
tha et al.(2021), Yu et al.(2020), Ren et al.(2018), Xu et al.(2020)]. In our work, we revive the
more traditional sense of reformulations [Chang et al.(2006), Awadallah et al.(2013), Dang and
Croft(2010), Jansen et al.(2009)], where users pose queries in a different way when system responses
are unsatisfactory. Several works on search and QA apply RL to automatically generate or retrieve
reformulations that would proactively result in the best system response [Buck et al.(2018), Nogueira
and Cho(2017), Das et al.(2019), Ponnusamy et al.(2020)]. In contrast, Conquer learns from free-
form user-generated reformulations. Question paraphrases can be considered as proxies of reformu-
lations, without considering system responses. Paraphrases have been leveraged in a number of ways
in QA [Berant and Liang(2014), Dong et al.(2017), Fader et al.(2013)]. However, such models ignore
information about sequences of user-system interactions in real conversations.

User feedback in QA. Many existing methods leverage explicit, positive user feedback as a
source of additional training data [Abujabal et al.(2018), Kratzwald and Feuerriegel(2019), Zhang
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et al.(2019), Hancock et al.(2019), Campos et al.(2020)] (see Section 2.2 for further details). Such
explicit feedback is hard to obtain at scale, as it incurs a substantial burden on the user. In contrast,
Conquer is based on the more realistic setting of implicit feedback from reformulations, which do
not intrude on the user’s natural behavior.

3.10 Conclusion

This chapter introduces the first framework for learning continuously from a stream of utterances and
reformulations in conversational question answering over knowledge graphs. Our RL-based method
Conquer successfully leverages implicit negative feedback when users reformulate previously failed
questions. User reformulations are a non-intrusive feedback, which becomes part of the natural con-
versation flow and keeps the user effort minimal. However, Conquer relies on the assumption that
users would provide reformulations each time, while in a realistic scenario users might be less patient
if the system repeatedly fails to provide the correct answer. We explored noisy user behavior to some
extent (moving on to new intent even though answer was wrong): Experiments with a benchmark
based on a user study showed that Conquer is robust to noisy user models and reformulation
predictors, and all variants significantly outperformed the baseline system Convex [Christmann
et al.(2019)]. This is only the first step towards a QA setting for learning without static QA pairs.
Future work could further investigate realistic user behavior.
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In the previous chapter, we leveraged user reformulations for learning. While this resulted in
valuable implicit feedback, obtaining user reformulations at scale can be costly. Therefore, this
chapter looks into harvesting system-generated reformulations to train more robust ConvQA models.

Models for ConvQA over KGs are usually trained and tested on benchmarks of gold QA pairs.
This implies that training is limited to surface forms seen in the respective datasets, and evaluation is
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on a small set of held-out questions. Through our framework Reign, we take several steps to remedy
this restricted learning setup. Sections 4.2 – 4.5 describe the Reign components in detail. Reign
systematically generates reformulations for conversational questions, which is a challenging problem,
given the incomplete nature of such questions. It guides ConvQA models towards better performance
by feeding them only those reformulations that help improve answering quality. Reign is based on
a deep reinforcement learning approach. Experiments are presented in Sections 4.6 and 4.7. For a
rigorous evaluation of robustness for trained models, we use and release large numbers of diverse
reformulations generated by prompting ChatGPT for benchmark test sets (resulting in 20x increase
in size). Our findings show that ConvQA models with robust training via reformulations significantly
outperform those with standard training from gold QA pairs only.

4.1 Introduction

Motivation. Answering questions about entities, powered by curated knowledge graphs (KGs)
at the backend, is a vital component of Web search [Bast and Haussmann(2015), Linjordet and
Balog(2022), Roy and Anand(2021), Yih et al.(2015)]. Nowadays, users’ information needs are
increasingly being expressed as a conversation, in a sequence of questions and answers ⟨Qt, At⟩, over
turns {t} [Zamani et al.(2023), Dalton et al.(2022), Owoicho et al.(2023)]:

Q1: What’s the 2022 LOTR TV series called?
A1: The Rings of Power (TROP)

Q2: TROP airing on?
A2: Amazon Prime Video

Q3: Which actor plays Isildur in the series?
A3: Maxim Baldry

Q4: And who in the Jackson trilogy?
A4: Harry Sinclair

Q5: When did the series start? ...

A conversation over a KG contains a set of entities (“The Lord of the Rings: The Rings of Power”,
“Amazon Prime Video”), their relationships (“aired on”), and types (“TV series, video streaming ser-
vice”). ConvQA has high contemporary interest [Kacupaj et al.(2022), Christmann et al.(2023), Qu
et al.(2020), Li et al.(2022a), Jeong et al.(2023), Jain and Lapata(2024)], spurred on to a big extent
by systems like ChatGPT that support a conversational interface.

Limitations of state-of-the-art. We quantify robustness in QA in terms of the number of distinct
question formulations of a given intent that a QA model can answer correctly: the higher this
number, the more robust the model. Methods for conversational question answering (ConvQA)
over KGs are usually trained and evaluated on benchmarks of gold-standard ⟨question, answer⟩
pairs [Saha et al.(2018), Shen et al.(2019), Guo et al.(2018), Christmann et al.(2022b)]. Such a
paradigm limits robust learning by being restricted to question formulations roughly seen during
training time. One approach in QA to demonstrate generalizability is to train and evaluate models
on multiple benchmarks [Kacupaj et al.(2022), Marion et al.(2021), Lan and Jiang(2021)]. This only
addresses the problem partially: the training and evaluation are still limited to surface forms seen
in any of the benchmarks. A particular aspect of existing benchmarks, that is attributable to their
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Figure 4.1: Performance-guided reformulation generation in Reign, illustrated through our running
example conversation.

construction choices via graph sampling [Saha et al.(2018)] or crowdsourcing guidelines [Christmann
et al.(2019), Christmann et al.(2022b)], is that they often do not contain sloppy question formulations
that could be asked by real users in the wild.

In the example conversation, Q4 is phrased in a very casual way, asking for Isildur’s actor in the
LOTR movie trilogy (Peter Jackson directed the LOTR movies). With this difficult input, the QA
system may give a wrong response. A seemingly natural approach to counter such effects would be
to have the QA system automatically reformulate the question into a more complete version [Vaku-
lenko et al.(2021), Raposo et al.(2022), Yu et al.(2020), Chen et al.(2022b), Anantha et al.(2021)],
such as Which actor played the role of Isildur in the Lord of the Rings movie trilogy directed by
Peter Jackson? – this kind of run-time question rewriting to a complete natural language form
in a deployed system may sometimes work, but adds inference-time overhead and may not always
improve performance [Ishii et al.(2022b)].

Approach. We take a different route: instead of reformulating a conversational question at inference
time, we strengthen the training of the ConvQA model by exposing it upfront to a larger variety of
intent-preserving surface forms for the same training sample. Examples of such syntactic variations
representing the same question semantics are in Figure 4.1, for Q1−Q3 (original questions in orange
boxes, perturbed segments in reformulations in blue). With this more diverse training data, the
ConvQA model learns to cope better with different syntactic formulations.

Our reformulations are created from first principles. We propose a taxonomy of reformulation
categories for ConvQA, that systematically manipulates parts of a given conversational question,
based on string edit operations. We generate noisy supervision data for each category to fine-tune
an LLM, our reformulation generator (RG). New lexico-syntactic forms in reformulations originate
via the use of a rich set of aliases in KGs, and the world knowledge in LLMs.

Given that our generated instances are noisy, it is unlikely that, for a given question, all categories
of reformulations would improve the ConvQA model’s performance. As a result, for each question,
we would like to judiciously select a few of these that are most beneficial. So we pass generated
reformulations to the QA model we wish to improve, and obtain ranked answer lists as responses
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– shown in boxes with green (correct) and red (incorrect) answers in the right half of Figure 4.1.
The model’s answer performance metrics (or proxies) are used as rewards (in orange) to train a
Reformulation Category Selector (RCS) with Deep Q-Networks [Mnih et al.(2015)], a form of RL
that approximates value functions. The trained RCS is then used as a means for model-specific data
augmentation: it selects only the top-k reformulations that would be used as additional training
data for the QA model for maximum performance improvement. Instances of such question-specific
categories are in Figure 4.1 (left half). This entire framework, termed Reign, (REInforced reformu-
lation GeNeration) is the main contribution presented in this chapter.

Evaluation. To assess the benefits of Reign, we perform experiments against two state-of-the-art
baselines: Conquer [Kaiser et al.(2021)] based on reinforcement learning, and Explaignn [Christ-
mann et al.(2023)] based on graph neural networks. Note that Reign operates by model-aware
training on top of these baselines. For test data, we leverage the generative ability of ChatGPT
(GPT-3.5) as a proxy to obtain human-like reformulations at scale: each original question is aug-
mented with 20 distinct reformulations. This data is accessible at our project website https://
reign.mpi-inf.mpg.de and our code is available on GitHub: https://github.com/magkai/REIGN.

Contributions. This chapter calls for more robust training and evaluation of ConvQA models, our
salient contributions being:

• A novel taxonomy of question reformulations for ConvQA over KGs, based on string edit
distance;

• A reinforcement learning model with Deep Q-Networks, that selects helpful reformulations of
conversational questions guided towards better QA performance;

• About 335k conversational question reformulations of test cases in two ConvQA benchmarks,
suitable for rigorous evaluation of future models;

• The Reign framework with reusable components that judiciously augments benchmark train-
ing tailored to specific ConvQA models.

Table 4.1 gives an overview of the salient notation used in this chapter. The relevant concepts
have either been introduced in the background chapter (see Section 2.1.1 for ConvQA concepts
and 2.4.1 for RL concepts) or will be introduced next (see Section 4.2 for Reign-specific concepts).

4.2 The Reign Framework

An overview of the workflow in the proposed Reign architecture is depicted in Figure 4.2. The
pipeline consists of three trainable models, where the first two are our contributions:

• A reformulation category selector (RCS) model, that takes a question Qt as input, and
produces a reformulation category RCi

t for transforming Qt, as output;

• A reformulation generator (RG) model, that takes some Qt and RCi
t as input, and

produces a reformulation Qi
t of Qt according to RCi

t , as output;

https://reign.mpi-inf.mpg.de
https://reign.mpi-inf.mpg.de
https://github.com/magkai/REIGN
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Notation Concept

C, t ∈ {1, 2, . . .} Conversation, conversational turn
Q = ⟨q1...qn⟩, A Question and its tokens, Answer
Qt, A

gold
t Question at turn t, its ground truth answer

Qi
t Reformulation of Qt based on ref. category i

⟨Ai
t⟩ Predicted ranked answers for reformulations Qi

t

e, p ∈ K entity, predicate in KG
ecxtt ∈ Ecxt

t context entities at turn t

⟨RCi⟩ RCS reformulation categories
⟨RCi

t⟩k top-k predicted ref. categories for Qt

s ∈ S RCS states
a ∈ A RCS actions
R(·) RCS reward function
Φ(⟨q1...qn⟩) Function to map ⟨qi⟩ to state space
M(s,A) Action masking vector
Q(s, a) Q-value for a in s

Q∗(s, a) Optimal Q-value
π RCS policy
α Step size in Q-Learning
γ Discount factor in Q-Learning
W1,W2 ∈ θ Parameters of RCS Deep Q-Network
Prob(·) Probability
τ Boltzmann temperature for action sampling

Table 4.1: Notation for salient concepts in Reign.

• An external ConvQA model, that takes some Qt as input, and produces a ranked list of
answers ⟨At⟩ as output.

Reinforcement Learning (RL) is used to train the RCS model (Deep Q-Networks [Mnih et al.(2015)]
in this work), with the goal of learning to select the most suitable transformation categories given
a specific question, using existing QA performance metrics or suitable alternatives as reward sig-
nals. The categories come from our novel reformulation taxonomy. The RG model is trained with
(distantly) supervised learning, using a language model (BART in our case [Lewis et al.(2020a)]),
fine-tuned with questions, paired with a specific category, and the resulting reformulation in the
form ⟨(Qt, RCi

t);Q
i
t⟩. This is distant supervision in the sense that the reformulations used for fine-

tuning are generated in a noisy manner using rules following our taxonomy, and are not human
reformulations. The ConvQA model used could be trained with supervised learning [Christmann
et al.(2023), Kacupaj et al.(2022), Shen et al.(2019)] or RL [Kaiser et al.(2021)], according to its
original training paradigm. In Figure 4.2, the original model ConvQAorig is trained with ⟨Qt, A

gold
t ⟩

pairs in a ConvQA benchmark, while the more robust model ConvQArobust is trained on additional
QA pairs where the reformulations ⟨Qi

t⟩ for a specific Qt are also paired with the original gold an-
swer Agold

t . Note that in this work, we reuse ConvQA benchmark development sets for training the
RCS model, fine-tuning the RG model, adjusting hyperparameters for all models, and selecting best
Reign configurations. We intentionally avoid large-scale learning of RCS and RG on train sets to
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Figure 4.2: Reign workflow: Training of Reformulation Category Selection with RL (including
supervised RG training), followed by ConvQA training with data augmented with top reformulations.

stress-test generalizability of Reign components: only the QA model is learned from the full train
set. Further, any kind of leakage to test sets is thereby precluded for all models. Each component
will now be described in more detail.

4.3 Reformulation Category Selector

4.3.1 Reformulation Taxonomy

Categories. We propose a taxonomy of reformulations, a topic that has mostly been treated as
monolithic in past work [Buck et al.(2018), Hermjakob et al.(2002), Kaiser et al.(2021)]. To begin
with, observe that a reformulation of a conversational question is a modification of its basic parts.
Thus, a systematic generation of reformulations involves an understanding of these parts and mean-
ingful modifications. For (Conv)QA over KGs, these basic question components comprise mentions
of one or more entities, their types, predicates, and expected answer types. In analogy with string
edit operations, our modifications include insertion, deletion and substitution. Transposition could
be another basic operation, but we do not consider that in this work as reordering question phrases
has little effect on several retrieval models. Viewing these three operations and the four parts of a
question as operands, we obtain a taxonomy as shown in Figure 4.3, where reformulation categories
are leaf nodes (marked in orange). Examples are “INSERT entity-type”, “SUBSTITUTE relation”,
and “DELETE relation”. Note that we require our reformulations to be intent-preserving : this
imposes constraints on what we can insert or substitute in the original question. We cannot, for
example, replace an entity or relation by a different one – that would disturb the semantics of the
conversation as a whole.

Phenomena. As shown with dashed boxes in Figure 4.3, our taxonomy subsumes several classes
of conversational phenomena:

• Insertions complete the question to a more intent-explicit form;

• Deletions cause ellipses in context;
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Figure 4.3: Taxonomy of reformulation categories. Legend: part = question-part; INS = Insert,
DEL = Delete, SUBS = Substitute; ent = entity mention, rel = relation, ent-type = entity type
mention, ans-type = answer type mention; w/ = with.

• Substitutions create paraphrases;

• Substituting entity mentions specifically leads to coreferencing.

The last operation can be sub-divided into three categories as per the case of substitution with
a pronoun (“TROP” 7→ “it”), or with its type (“TROP” 7→ “the series”), or with an alias (“TROP”
7→ “Rings of Power”). A special case in our taxonomy is the operation “RETAIN whole question”,
where the question is left as such: it can be considered as a degenerate reformulation. Finally, we
have 15 reformulation categories, ⟨RCi⟩, corresponding to these leaf nodes.

4.3.2 RCS Model Training

Overall idea. Given an input question and the taxonomy, we would like the Reformulation Cat-
egory Selector (RCS) model to suggest some categories so that training with reformulations that
belong to these categories would lead to better QA performance metrics. This, in turn, means that
we would like the RCS to estimate values that correspond as much as possible to such metrics. This
motivates us to use Deep Q-Networks (DQN) [Mnih et al.(2015)] (also see Section 2.4.3), a rein-
forcement learning approach that learns a value function approximator, where we use QA metrics
as rewards. The estimate of the value of a (state, action) pair is in turn used to infer the policy for
predicting or sampling actions. This is in contrast to the relatively more popular choice of learn-
ing policy gradients that directly model action probabilities given an input state (for example, the
REINFORCE algorithm [Williams(1992)]).

Concretely, we employ DQNs to train an agent (the RCS model) to select actions (a ∈ A)
(reformulation categories) given a current state (s ∈ S) (the input question Qt). The agent interacts
with an environment (the reformulation generator and the ConvQA model, described later). This
environment provides the next state s′ ∈ S (the generated reformulation Qi

t) and a reward r = R(·)
(QA performance metric) to the agent. This is a Markov Decision Process (MDP) comprising
states, actions, the transition function, and rewards (S,A, δ,R), with individual parts defined next.
Algorithm 2 shows the precise steps of applying Deep Q-Learning in the RCS model.
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• States: A state s ∈ S is defined by a conversational question, represented by its encoding
with function Φ: s = Φ(Qt) (lines 3, 7 in Algorithm 2); We use BERT [Devlin et al.(2019)]
embeddings in our experiments (averaged over each question token, and over all hidden layers).

• Actions: The set of actions A = [1, . . . , 15] corresponds to the 15 reformulation categories
⟨RCi⟩ from our taxonomy. Note that every action (category) may not be available at every
state. For instance, when a question does not have any mention of an entity type, it is not
meaningful to apply the actions of deletion or substitution of an entity type. Therefore, we
use action masking as follows to allow only valid actions to be chosen given the current state
(when this information is available). A masking vector M(s,A) that has ones at indices
corresponding to valid actions, and zeros elsewhere, is element-wise multiplied with the vector
containing learned probabilities of actions at a given state (line 4 in Algorithm 2).

• Transitions: The transition function δ is deterministic and updates s ∈ S by applying one
of the actions a ∈ A , resulting in a new state s′ ∈ S that corresponds to the encoding of the
reformulation Qa

t (based on reformulation category RCa
t ). The RG model then produces the

actual reformulation (line 6 in Algorithm 2).

• Rewards: The reward function R(·) models the quality of the chosen action, and guides the
agent towards its goal, which here is an improved answering performance. When a selected
category leads to a reformulation on which the ConvQA model obtains better performance
than the original question, the agent should get a high reward, and vice versa (line 8 in
Algorithm 2 calls the ConvQA model to calculate this reward). Thus, an obvious choice here
is to use any desired QA performance metric as the reward. We use the reciprocal rank
(RR) [Voorhees(1999)] metric in this work, that is the reciprocal of the first rank at which
a gold answer is found. We use it for the following reasons: (i) we have binary relevance of
response entities, either correct (1) or incorrect (0); (ii) we deal with factoid QA, and there
are usually only a few correct answers (typically between one and three for the benchmarks
used). Formally, this reward, based on reciprocal rank difference, is computed as:

R(·) = ReciprocalRank(⟨Ai
t⟩)− ReciprocalRank(⟨At⟩) (4.1)

where ⟨At⟩ and ⟨Ai
t⟩ are the ranked lists of responses by the ConvQA model to Qt and Qi

t,
respectively. If the correct answer was not found in the top few positions (five in our exper-
iments), then we set the reciprocal rank value to −1. The range of this reward then lies in
the closed interval [−2,+2]. Since this nicely corresponds to a symmetric positive reward and
punishment in respective cases of success and failure, we do not perform any further reward
normalization. Note, however, that our framework can be used with any metric of choice: the
use of RL removes the dependency on the metric being differentiable.

Algorithm. We use Deep Q-Networks (DQN) as our RL algorithm, which is a model-free, value-
based method that learns to predict so-called Q-values Q(s, a) for each state-action pair to quantify
the usefulness of taking action a in state s under a policy π [Mnih et al.(2015)]. The policy is
a function mapping states to actions based on the Q-values. Q-values are predicted via a neural
Q-network with trainable parameters θ (a two-layer feed-forward network in our case):

Qθ(s, ⟨a⟩) = M(s,A) ◦ (W2 × ReLU(W1 × s)) (4.2)
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where Qθ(s, ⟨a⟩) is a function returning a vector of size |A| and stores the obtained values for every
action a ∈ A given some s ∈ S; s ∈ Rd×1; d is the size of the input encoding vector; W1 ∈ Rh×d,
W2 ∈ R|A|×h are the weight matrices; M(s,A) ∈ R|A|×h is the action mask; and hidden size h of
embedding vectors is a tunable hyperparameter. ReLU is the non-linear activation function, and ◦
denotes element-wise multiplication between two vectors.

The parameters θ of the DQN (W1,W2) are randomly initialized and updated batch-wise (lines
13 − 17 in Algorithm 2). A batch consists of a set of experiences: each experience is a tuple of
the form (s, a, s′, r). The loss function is the mean-squared error between the temporal difference
target (r + γ ·maxa′ Qθprev (s

′, a′)), and the current Q-values of each state-action pair in the batch,
with θprev being the DQN’s parameters from the previous step [Mnih et al.(2013)] (see Section 2.4.3,
Equation 2.2 and Equation 2.4 and line 17, Algorithm 2).

During training, the agent needs to explore different actions in each state via sampling. Here, we
sample from a Boltzmann distribution to enable such exploration (line 5, Algorithm 2). A Boltzmann
distribution is parameterized by a temperature τ that we can use to conveniently control the degree
of exploration:

Prob(asample, τ) =
eQθ(s,a

sample)/τ∑
a∈A

eQθ(s,a)/τ
(4.3)

A τ -value close to zero means taking the best action (with highest reward at this point) greedily
more often, whereas larger values (τ is unbounded) make the actual Q-values less relevant and the
policy more like a random one.

4.3.3 RCS Model Usage

We train the RCS on the development set of a ConvQA benchmark, and apply it on the questions
in the training set. At RCS inference time, the agent follows a greedy policy π with respect to
Q-values, and typically chooses an action agreedy in a state s as below:

agreedy = πs = argmax
a∈A
Qθ(s, a) (4.4)

In our case, we take the top-k predicted reformulation categories ⟨RCi
t⟩k from the RCS (instead of

the top-1 from the argmax) for each training question Qt. The RG then picks these up to actually
generate the new question variants ⟨Qi

t⟩k.

4.4 Reformulation Generator

4.4.1 RG Model Training

Basic setup. The reformulation generator (RG) is implemented by fine-tuning a pre-trained LLM
for sequence generation (BART [Lewis et al.(2020a)] in our case). The concatenation of the conversa-
tion history ⟨Q1A1 . . . Qt−1At−1⟩, the current question Qt, and a special reformulation category tag
(“rc1”, “rc2”, ...“rc15”: for each of our 15 categories, ⟨RCi⟩) constitute the input, and the category-
specific reformulation is the output.

Noisy data for fine-tuning. We generate fine-tuning data for the BART model through distant
supervision. This is a noisy process, but the alternative of strong supervision would entail the use of
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Algorithm 2: Deep Q-Learning in RCS model
Input: Sequence of conversational questions ⟨Q⟩, step size (α > 0), discount factor (γ > 0),

Boltzmann temperature (τ > 0),
size of update (batchSize), initial DQN parameters θ

Output: Updated DQN parameters θ

1 experience← ⟨⟩ ▶ Initialize experience queue
2 foreach Qt ∈ ⟨Q⟩ do
3 s← Φ(Qt) ▶ Encode question
4 Qθ(s, ⟨a⟩) = M(s,A) ◦ (W2 × ReLU(W1 × s)) ▶ Get Q-values for actions in s
5 asample ∼ Prob(A, τ) ▶ Use Eq. 4.3

6 Qasample

t ← RG(⟨Q1 . . . At−1QtRC
asample
t ⟩) ▶ Invoke RG

7 s′ ← Φ(Q
asample
t ) ▶ Encode reformulation

8 r ←R(ConvQA(Qt), asample,ConvQA(Q
asample
t )) ▶ Invoke ConvQA for reward

9 experience.enqueue(s, asample, s′, r) ▶ Store experience
10 if |experience| >= batchSize then

▶ Retrieve batchSize elements from buffer
11 batch← experience.dequeue(batchSize)
12 qbatch ← ⟨⟩ qtargets ← ⟨⟩
13 foreach (s, a, s′, r) ∈ batch do
14 qbatch.enqueue(Qθ(s, a))

15 qtargets.enqueue(r + γ ·maxa′ Qθ(s
′, a′)) ▶ Calculate and store TD difference

16 end
17 θ ← θ − α∇1/batchSize ·

∑batchSize
i=0 (qtargetsi − qbatchi )2 ▶ Do gradient descent

18 end
19 return θ

human-generated reformulations. This would be expensive to obtain at scale. Also benchmarks, like
the previously presented ConvRef benchmark [Kaiser et al.(2021)] (see section 3.6), lack category
labels. Further, given a conversational question, an average crowdworker is not likely to be able to
come up with several diverse and distinct reformulations for each category.

Specifically, we adopt the following strategy. First, we need to find mentions of entities, types,
and predicates in the question. We use Tagme [Ferragina and Scaiella(2010)] for entity mention
detection and the Wikidata Search API1 for linking them to the KG. The Clocq API [Christmann
et al.(2022a)] is used to obtain type and alias information. We use aliases in curated KGs for
synonyms of entities and predicates, a rich and precise, yet relatively under-explored resource. We
annotate entity type mentions by searching the question before and after any entity mention in the
case of question types, and after question words in the case of answer types. To obtain predicate
annotations, we extract KG paths connecting the linked question entities and answer entities, or
between question entities (e.g. in case of yes/no questions) using the Clocq API. The similarity
of each path with respect to the question is scored with SBERT [Reimers and Gurevych(2019)] and
the predicate on the top-scoring path is assumed to be the intended predicate. We only keep the
top 100 predicates found this way to reduce noise. Predicate mentions (relations) are extracted by
searching for verbs, the predicate label in the KG, or its alias(es) in the question. If not found,

1https://www.mediawiki.org/wiki/API:Main_page

https://www.mediawiki.org/wiki/API:Main_page
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we remove mentions of the entities and types, and question words from the question, and treat the
remainder as the predicate mention.

Once we have mentions and their disambiguations, we can apply our transformations from the
taxonomy (Figure 4.3) on input questions. Figure 4.4 shows the effects of these transformations.

For deletion, the mention is simply removed from the question token sequence. Two special
conditions are enforced in order to keep the conversational question intent-preserving: i) We only
delete context entities ecxtt−1 (coming from the conversation history) and not newly introduced enti-
ties from the current turn t (deleting these would potentially make the question under-specified).
For example, in Who played Isildur in LOTR?, we can delete the context entity “LOTR”, already
mentioned in the history, but not the newly introduced entity “Isildur”. ii) relations are only deleted
if they also appeared in the previous question. For example, we can only change Who played the
lead role in Oppenheimer? 7→ What about Oppenheimer? if the previous question was Who played
the lead role in Barbie?.

For substitution, the main decision to make is the source of alternative surface forms for the linked
KG items. Substitution happens in-place: the source mention is replaced by the target mention from
the KG alias list in its corresponding position in the question. Each unique alias results in a unique
transformation possibility. Pronoun replacements for human entities are performed by looking up
their gender in the KG.

For insertions, the main concern is the position of insertion in the question: (i) mentions of
answer types and relations are inserted just after the wh- question word; (ii) mentions of entity
types are inserted just before the respective entity; and (iii) entity mentions are inserted at the end
of the question (for simplicity).

The strategy above entails that some categories will have an extremely large number of training
cases (like substitutions, as we often have 5+ synonyms for an entity or predicate) while others
would have relatively lower volumes (like relation deletions). To increase the number of data points
for sparse categories, we adopt a back-and-forth strategy : it is easy to add an entity mention to a
question when none are detected (like Directed by...? 7→ LOTR part 1 directed by? ), and then the
reverse of this rule would give us a sample of entity deletion. Finally, to remove class imbalance
during BART fine-tuning, we sample an equal number of data points for each category.

4.4.2 RG Model Usage

The BART model is fine-tuned on distantly supervised data generated with the ConvQA dev set.
At RG inference time, it is applied on the train set where a question and a category from the RCS
are already available.

4.5 Conversational Question Answering

4.5.1 ConvQA Model Training

A ConvQA model is trained on sequences of ⟨Qt, A
gold
t ⟩ pairs. In the original training mode, QA pairs

are directly used from the benchmark train sets. This original or initial QA model is used to collect
rewards for the RCS in one pass over the dev set (as mentioned earlier, the QA dev set is used to
train the RCS model). After the trained RCS and RG models select and generate the reformulations
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Completions

⟨q1...qn⟩
INS ent−−−−−→ ⟨q1...qn ecxtt−1⟩

⟨q1...qn⟩
INS rel−−−−−−−−−−−−→

mention(p)∈Qt−1

⟨q1...mention(p)...qn+1⟩

⟨q1...mention(ecxtt )...qn⟩
INS ent-type−−−−−−−−→ ⟨q1...type(ecxtt ) mention(et)...qn+1⟩

⟨q1...qn⟩
INS ans-type−−−−−−−−→ ⟨q1 type(A)...qn+1⟩

Ellipses

⟨q1...mention(ecxtt−1)...qn⟩
DEL ent−−−−−→ ⟨q1...qn−1⟩

⟨q1...mention(p)...qn⟩
DEL rel−−−−−−−−−−−−→

mention(p)∈Qt−1

⟨q1...qn−1⟩

⟨q1...mention(type(ecxtt ))...qn⟩
DEL ent-type−−−−−−−−→ ⟨q1...qn−1⟩

⟨q1type(A))...qn⟩
DEL ans-type−−−−−−−−−→ ⟨q1...qn−1⟩

Paraphrases

⟨q1...mention(p)...qn⟩
SUBS rel−−−−−−→ ⟨q1...mention(alias(p))...qn⟩

⟨q1...mention(type(ecxtt ))...qn⟩
SUBS ent-type−−−−−−−−−→ ⟨q1...alias(type(ecxtt ))...qn⟩

⟨q1...mention(type(A))...qn⟩
SUBS ans-type−−−−−−−−−→ ⟨q1...alias(type(A))...qn⟩

Entity coreferences

⟨q1...mention(ecxtt )...qn⟩
SUBS ent w/ alias−−−−−−−−−−−→ ⟨q1...alias(ecxtt )...qn⟩

⟨q1...mention(ecxtt−1)...qn⟩
SUBS ent w/ ent-type−−−−−−−−−−−−−−→ ⟨q1...type(ecxtt−1)...qn⟩

⟨q1...mention(ecxtt−1)...qn⟩
SUBS ent w/ pronoun−−−−−−−−−−−−−−→ ⟨q1...pronoun(ecxtt−1)...qn⟩

Retain original question

⟨q1...qn⟩
RETAIN whole−−−−−−−−−→ ⟨q1...qn⟩

Figure 4.4: Transformations applied to questions annotated in the ConvMix benchmark.

for each training question ⟨Qi
t⟩k, these reformulations are paired with the corresponding gold answer

Agold
t of the original training question Qt. These new ⟨Qi

t, A
gold
t ⟩ pairs are added to the benchmark,
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and now the ConvQA model is trained on this augmented resource. This model is expected to
be more robust than the original model (original and robust models are marked ConvQAorig and
ConvQArobust in Figure 4.2, respectively).

4.5.2 ConvQA Model Usage

The trained ConvQA model is directly applied to the questions in test sets at answering time to
produce ranked lists of entities. The RCS and RG models are only applied for improving the ConvQA
models training but are not used at answering time.

4.6 Experimental Setup

Benchmarks. We use two ConvQA benchmarks: ConvMix [Christmann et al.(2022b)] (more
recent) and ConvQuestions [Christmann et al.(2019)] (more popular). These contain realistic
questions from crowdworkers. Conversations in ConvQuestions are generated by permuting ques-
tions from a seed set of 700 conversations: we used only the train set for this seed (420 conver-
sations) for training ConvQA models, to decouple the effect of data augmentation inherent in the
ConvQuestions benchmark. Data statistics about these benchmarks can be found in Table 4.2.

For robust evaluation, we created large test sets in the following way. We obtained 20 reformula-
tions from ChatGPT (gpt-3.5-turbo model) for each test question in these benchmarks, with ten
each from two different settings: (i) one asked for reformulations with access to the full conversation
history (previous questions and gold answers), and (ii) the other only with the current question.
Examples are shown in Table 4.8, at the end of this chapter. All GPT-generated reformulations are
available at our website https://reign.mpi-inf.mpg.de. We did not find any duplicates in the
ChatGPT reformulations. For prompting GPT, we tried a few alternatives. We saw that few-shot
examples did not have a noticeable effect on the generations. Thus, we used the following zero-
shot prompt (the ‘History’ line is omitted for generating the variants without history) and set the
temperature value to zero, for obtaining deterministic behavior (as far as possible):

Reformulate the ‘Question’ 10 times in a short, informal way. Assume third person singular if not
obvious from the question.
‘History’: {Conversation history}

‘Question’: {Question}

‘Reformulation’:

The second sentence was used to avoid generations like Your place of birth? instead of the correct
His ...? or Her ...?.

Baselines. ConvQA models belong to two families, one based on history modeling, and the other
on question completion (see Section 2.1.2 in the background chapter). We choose one open-source
system from each family for KG-QA: we use our previously presented model from Chapter 3, Con-
quer [Kaiser et al.(2021)] (history modeling with context entities, with RL) and Explaignn [Christ-
mann et al.(2023)] (completion to an intent-explicit structured representation, with Graph Neural
Networks). Explaignn was built for heterogeneous sources, and we use the KG-only model, in line
with our setting. Default configurations were used for both systems.

https://reign.mpi-inf.mpg.de
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Benchmark Train Dev Test GPT-Test

ConvMix [Christmann et al.(2022b)] 8.4k (1680) 2.8k (560) 4.8k (760) 100.8k (760)
ConvQuestions [Christmann et al.(2019)] 33.6k (6720) 11.2k (2240) 11.2k (2240) 235.2k (2240)

Table 4.2: Benchmark sizes as #questions (#conversations). Reformulations are also counted as
individual questions to be answered. Questions for the GPT-Test sets subsume the original test
questions.

Metrics. All methods produce ranked lists of entities with binary relevance. We thus use the follow-
ing three metrics: Precision@1 (P@1), Mean Reciprocal Rank (MRR), and whether a correct answer
is in the top-5 (Hit@5). We also define a new metric Robust, that computes, for each question, the
number of reformulations correctly answerable by a ConvQA model, averaged over the number of
test intents. The Robust measure lies between 0 and the number of reformulations per question
including the original formulation (hence 21 in our case). The higher this value, the more robust the
model. Statistical significance (*) is conducted via McNemar’s test better suited for binary variables
(P@1 and Hit@5) than t-test (real-valued), and 2-tailed paired t-test otherwise (MRR, Robust),
with p < 0.05.

Initializing Reign. We use Wikidata as our KG: all models use the dump from 31-01-2022. We
use BART (https://bit.ly/3N9WPVj, for the RG model), and BERT (https://bit.ly/3NkKRsd,
for state encoding in the RCS model) implementations from Hugging Face. As history input to
BART, we use only the first and the previous turn of the conversation [Qu et al.(2019a), Vakulenko
et al.(2021)]. Hyperparameters for the Deep Q-Network in the RCS were tuned on the ConvMix
dev set: d = 768, hidden size h = 128, Boltzmann temperature τ = 0.3, discount factor γ = 1.0

(no decay for future rewards), learning rate = 10−5, batch size = 10, and epochs = 5. The RG
was trained for 3 epochs, with learning rate = 3 × 10−5, and batch size = 10. Two thousand
examples from each reformulation category were used for fine-tuning BART. Both RCS and RG
models are only trained on ConvMix and applied zero-shot to ConvQuestions. Five reformulation
categories were selected by RCS for every question (k = 5). A single GPU (NVIDIA Quadro RTX
8000, 48 GB GDDR6) was used to train and evaluate all models. The TensorFlow Agents library
(https://www.tensorflow.org/agents) is used for the RL components.

4.7 Results and Insights

4.7.1 Key Findings

Reign results in robust training. The four methods Conquer, Conquer + Reign (Conquer
coupled with Reign), Explaignn, and Explaignn + Reign (Explaignn coupled with Reign) are
evaluated on the two benchmarks ConvMix (Table 4.3) and ConvQuestions (Table 4.4). A clear
observation is that methods interfaced with Reign systematically outperform the original ConvQA
models, on all test sets and metrics. While numbers are reported on the original test sets for com-
pleteness, results become much more significant on the GPT-test sets, with p-values of the order of
10−80 (recall that these values are averaged over ≃ 100k-200k cases, Table 4.2). Importantly, versions

https://bit.ly/3N9WPVj
https://bit.ly/3NkKRsd
https://www.tensorflow.org/agents
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Benchmark → ConvMix Test GPT-ConvMix Test

Method ↓ P@1 MRR Hit@5 P@1 MRR Hit@5 Robust

Conquer 0.218 0.272 0.337 0.173 0.224 0.287 6.531

Conquer + Reign 0.245* 0.292* 0.346* 0.190* 0.236* 0.289* 7.035*

Explaignn 0.370 0.438 0.526 0.278 0.346 0.433 10.983

Explaignn + Reign 0.384* 0.446* 0.531 0.295* 0.361* 0.448* 11.130*

Table 4.3: Main results comparing Reign-enhanced ConvQA models with their standalone versions
on ConvMix and the GPT-augmented test set, which is 20x larger. The higher value per column
per QA model is in bold.

Benchmark → ConvQuestions Test GPT-ConvQuestions Test

Method ↓ P@1 MRR Hit@5 P@1 MRR Hit@5 Robust

Conquer 0.236 0.287 0.360 0.197 0.245 0.304 6.447

Conquer + Reign 0.238 0.290* 0.371* 0.202* 0.252* 0.310* 7.224*

Explaignn 0.271 0.355 0.466 0.219 0.290 0.382 8.400

Explaignn + Reign 0.318* 0.411* 0.529* 0.226* 0.302* 0.402* 8.925*

Table 4.4: Main results where Reign is applied zero-shot on ConvQuestions (and its GPT-
augmented version of the test set). The higher value per column per QA model is in bold.

with Reign score systematically higher on the Robust metric, showing that the improved models
are capable of handling more lexical and syntactic variations on average (differences higher for larger
GPT-sets). ConvQA with these benchmarks and GPT reformulations are challenging: the values are
far less than 21 (see Section 4.6 for bounds of the robustness metric). We also computed the number
of unique intents that newly become answerable (P@1 = 1 for at least one question or one of its
reformulations) with Reign: this is 115 (ConvMix-GPT-set) and 407 (ConvQuestions-GPT-set)
for Conquer and 33 (ConvMix-GPT-set) and 284 (ConvQuestions-GPT-set) for Explaignn,
showing that our robust training can put more unique information needs within reach of the ConvQA
model. Reformulations generated by Reign are shown in Table 4.9, at the end of this chapter. On
average, original questions, Reign, and GPT-reformulations, are 5.9, 7.5, and 7.2 words long.

Reign components are generalizable. Results on the ConvQuestions benchmark showcase
successful zero-shot application of Reign modules. Given that the ConvQuestions test sets are
much larger than the ones for ConvMix (see Table 4.2), improved results over the original QA
modules show that our RCS and RG modules, individually, are immune to idiosyncrasies in specific
datasets.

Benefits of Reign hold over domains and turns. We report drill-down results over five
domains and individual conversation turns in Tables 4.5 and 4.6. We show that the benefits provided
by reinforced reformulation generation are not limited to specific domains, or shallow conversation
turns only.
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Method ↓ / Domain → Books Movies Music TV series Soccer

Conquer 0.227 0.175 0.159 0.141 0.163

Conquer + Reign 0.239* 0.200* 0.167* 0.160* 0.184*

Explaignn 0.298 0.287* 0.265 0.274 0.265

Explaignn + Reign 0.333* 0.283 0.301* 0.281* 0.275*

Table 4.5: Domain-wise P@1 results on GPT-ConvMix testset.

Method ↓ / Turn → 1 2 3 4 5 6-10

Conquer 0.205 0.193 0.177 0.184 0.160 0.133

Conquer + Reign 0.210* 0.214* 0.194* 0.204* 0.184* 0.147*

Explaignn 0.333 0.297 0.286 0.292 0.277 0.205

Explaignn + Reign 0.350* 0.318* 0.311* 0.305* 0.291* 0.216*

Table 4.6: Turn-wise P@1 results on GPT-ConvMix testset.

4.7.2 In-depth Analysis

In Table 4.7, we report in-depth analyses of the moving parts in Reign, using Conquer on the
ConvMix-GPT-set. Trends with Explaignn and ConvQuestions are similar. We do not use this
table for making design choices – rather, we expose large-scale effects of sub-optimal configurations:
hence the choice of a ≃ 100k-GPT set instead of the typically small dev set.

RCS with DQN is vital. First and foremost, we show that selecting reformulations with our
DQN is necessary, and simply taking all noisy reformulations does not serve as a sledgehammer for
performance improvement even at three times the number of data points used (Row 1 vs. Row 4).
This makes a solid case for judicious augmentation. Using all reformulations does lead to higher
answer recall as seen through the Hit@5 value, but at the cost of precise ranking. Using top-5
reformulations is a sweet spot for deploying the RCS (Row 1 vs. 2 and 3). Using higher num-
bers drastically increases the training time and often produces degenerate reformulations. Contrast
against a random choice of categories inside the RCS is a natural experiment, and we find this to be
sub-optimal (see P@1 in Row 5). Another stronger baseline is to sample k = 5 categories according
to the Q-value distribution: this again falls short of a top-k prediction (Row 6).

The whole taxonomy matters. It may appear that using only insertion or substitution opera-
tions from the taxonomy may suffice for robust learning, but we find that considering all categories
jointly (Row 1) is superior to using only individual “meta”-categories (INS, DEL SUBS in Rows
7− 9). Figure 4.5 shows the union of the top-5 frequent predictions from our RCS DQN for the two
benchmarks. Insertion of question entity types and expected answer types are generally useful for
disambiguation, and substituting relations with aliases naturally makes the system more robust to
predicate paraphrasing. The original question was retained 10− 20% of the time.

Question rewriting is not enough. As discussed in Section 4.1, reformulating a conversational
question into a more complete form at answering time is a prevalent approach in ConvQA. As such,
comparison with such rewriting or completion approaches is out of scope, as we focus on more ro-
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Row Configuration P@1 MRR Hit@5 #Data points

1 RCS (DQN, top-5) + RG (BART) [Full] 0.190 0.236 0.289 43.6k

2 RCS (DQN, top-3) + RG (BART) 0.184 0.231 0.288 30.5k
3 RCS (DQN, top-1) + RG (BART) 0.178 0.228 0.288 15.9k

4 No RCS (All cats) + RG (BART) 0.188 0.234 0.292 126k
5 No RCS (Random cats) + RG (BART) 0.182 0.232 0.293 42k
6 No RCS (Sample cats) + RG (BART) 0.185 0.231 0.287 41.9k

7 No RCS (INS part) + RG (BART) 0.183 0.230 0.288 42k
8 No RCS (DEL part) + RG (BART) 0.172 0.218 0.273 42k
9 No RCS (SUBS part) + RG (BART) 0.183 0.228 0.282 58.8k

10 No RCS + No RG (Question completion) 0.175 0.224 0.284 15.1k
11 No RCS + No RG (Question rewriting) 0.180 0.230 0.291 15.1k

Table 4.7: Large-scale effects of design choices in Reign (with Conquer on GPT-ConvMix).
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Figure 4.5: Common category predictions by the RCS DQN.

bust training. Nevertheless, we explore the natural possibility of using completed forms of questions
during training, as opposed to a set of noisy reformulations. The ConvMix benchmark contains
intent-explicit questions by the original crowdworkers who generated the conversations, and can
thus be treated as gold standard completions. Additionally, we use T5 as in [Lin et al.(2021)] for
question rewriting. In both cases, the rewritten questions are directly used to train the respective
QA model (without the Reign-specific RCS and RG components). We found that this falls short
of our proposed method (Row 1 vs. Row 10 and Row 11). Interestingly, corroborating findings
from the BART experiments, noisy rewrites with T5 outperform human completions. Note that
completion or rewriting entails one longer version of the question (hence ≃ 15k data points): we
find that generating a small set of potentially incomplete variants with Reign improves performance.

Intrinsic rewards also work well. Our DQN uses differences in reciprocal ranks, computed from
gold answers in benchmarks, as extrinsic rewards. A natural question is what happens in cases
where such relevance assessments are not available. We thus explored an alternative of an intrinsic
reward [Liu et al.(2022), Chen et al.(2022b)] computed as the difference in the ConvQA model’s prob-
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abilities of its top-1 answer for the reformulation and the original question [Liu et al.(2022), Chen
et al.(2022b)] (this is analogous to blind relevance feedback). On a positive note, this resulted in
comparable performance on the ConvMix dev set (0.270 P@1 for extrinsic vs. 0.269 for intrinsic).

Manual error analysis. The authors analyzed 10 reformulations from each category for both
BART reformulations and the original fine-tuning data (15× 10× 2 = 300 in all), to look for poten-
tial issues. There were only minor problems detected for both scenarios. The concerns with BART
were as follows: unintelligible intent (4 cases), hallucinations (5), wrong category applied (13), infor-
mation removed unintentionally (15), transformation possible but not made (13), unsuitable entity
or type added (4), and information already in the question was added again (5). The concerns
with the initial noisy data can sometimes be traced back to incorrect processing of the benchmarks
(Section 4.4.1), like wrong predicate (4 cases) and addition of information already present due to
incorrect markup (4). Other errors include: intent changed (6), unsuitable types inserted (7 cases),
and changes possible but not made (2).

GPT cannot replace the Reign pipeline. It is a common trend nowadays to use LLMs like GPT
at multiple points in pipelines. We thus checked whether the same ChatGPT model that generated
our test set could actually replace the whole Reign pipeline by directly generating reformulations
for training questions and feeding them into the ConvQA models for training. Importantly, we
found that this underperforms Reign, considering five reformulations for each alternative on the
original ConvMix dev set (evaluation of GPT reformulations on GPT test sets could result in
undesirable biases): 0.270 P@1 for Reign vs. 0.261 for GPT (Conquer), and 0.423 for Reign vs.
0.405 for GPT (Explaignn). Note that the GPT reformulations are model-agnostic: this shows
that reformulations generated with model-aware performance feedback is indeed a better choice for
robust training.

4.8 Related Work

Conversational question answering. Section 2.1 has already provided an overview of related
work on ConvQA. Reign is not a QA model by itself, but can improve the performance of any given
ConvQA system: we demonstrate this by choosing one method from each family of approaches
(history modeling and question completion) in our experiments [Kaiser et al.(2021), Christmann
et al.(2023)].

Robustness in QA. Improving the robustness or generalizability of ConvQA models has not
been explored in-depth: work has mostly been limited to specific benchmarks of choice [Saha
et al.(2018), Guo et al.(2018), Shen et al.(2019), Christmann et al.(2019), Christmann et al.(2022b)].
Implicitly, authors have tried to prove robust behavior by the use of multiple benchmarks [Kacu-
paj et al.(2022), Marion et al.(2021), Lan and Jiang(2021)], or zero-shot application of models to
new benchmarks [Christmann et al.(2023)]. Data augmentation, given one or more benchmarks, is
one of the prominent approaches for increasing model robustness in QA [Bartolo et al.(2021), Puri
et al.(2020), Liu et al.(2020), Sachan and Xing(2018), Baheti et al.(2020), Shen et al.(2022), Yang
et al.(2019)]. Our work stands out as model-specific data augmentation, a philosophy for effective
training by trying to fill “gaps” in a specific model’s learned behavior, instead of feeding in a very



4.9. Conclusion 71

large volume of noisy data to all models. Some recent works in QA over text investigate model
robustness by perturbing input passages [Gekhman et al.(2023), Neeman et al.(2023)], while we tap
into question reformulations as a perturbation on the question-side.

Reformulations in search and QA. Work on question or query reformulations in search [Li
et al.(2022b), Xue et al.(2012), Ponnusamy et al.(2020), Nogueira and Cho(2017)], QA [Tomuro(2003),
Liu and Belkin(2008), Hermjakob et al.(2002), Buck et al.(2018), Kaiser et al.(2021)], and recom-
menders [Zhang et al.(2022)], can be broadly positioned in a 2× 2 space according to the definition
of a reformulation:

• rephrasing (of the same intent) [Kaiser et al.(2021), Dong et al.(2017), Fader et al.(2013), To-
muro and Lytinen(2001)] versus refinement (into a variation of the previous intent) [Liu
and Belkin(2008), Zhang et al.(2022), Nogueira and Cho(2017), Liu et al.(2019b), Kiesel
et al.(2021)]; and

• using for better training [Li et al.(2022b), Ponnusamy et al.(2020)] versus using for better
inference [Buck et al.(2018), Xue et al.(2012), Nogueira and Cho(2017), Das et al.(2019)].

This work falls into the rephrasing-for-training quadrant, viewing reformulations as rephrased
user utterances for the current question in a conversation, and leveraging these for training a more
robust model. Early work on automatic acquisition of query reformulation patterns [Xue et al.(2012),
Tomuro(2003), Liu and Belkin(2008), Tomuro and Lytinen(2001)], or on paraphrasing for improving
model robustness [Abujabal et al.(2018), Fader et al.(2014), Fader et al.(2013), Dong et al.(2017),
Berant and Liang(2014), Abujabal et al.(2019), Gan and Ng(2019)], did not account for answers
from previous turns, and more generally, did not address the specific difficulty of incomplete and
ad-hoc user utterances in conversations.

4.9 Conclusion

This chapter presented a method to make conversational question answering models more robust
with generated reformulations guided towards better QA performance. A reformulation taxonomy
for conversational questions was proposed that breaks down questions into discrete parts, inspired
by KG components, such as entities, predicates and types. This way, questions can be modified
systematically. Reign can be perceived as a model-specific data augmentation: The proposed RL
framework judiciously learns to pick the most suitable reformulation variants for enhanced training
of the underlying ConvQA model, as opposed to brute-force data augmentation with all possible
reformulations. Experiments with two state-of-the-art ConvQA methods demonstrate the benefits
of the Reign: ConvQA models trained with reformulations coming from Reign achieve higher an-
swering performance and are more robust to different question variations. Also, Reign components
are reusable and can be applied without re-training on new datasets.
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[Books] History: How many Pulitzer Prizes has John Updike won? 2.
Question: Which was the first book to win him the award?
Reformulation 1: What book earned John Updike his first Pulitzer Prize?
Reformulation 2: What was the author’s first book to win a Pulitzer?
Reformulation 3: Title of John Updike’s first Pulitzer Prize-winning book?

[Movies] History: Which year was the Hobbit An unexpected journey released?
2012.
Question: What is the book based on?
Reformulation 1: What’s the book about?
Reformulation 2: What’s the book’s topic?
Reformulation 3: What’s the book’s subject?

[Music] History: Which singer sang the number Single Ladies? Beyonce. What is
the year of its release? 2008. Who is her spouse? Jay-Z . What is his date of birth?
4 December 1969.
Question: Was Kanye West a composer of the song?
Reformulation 1: Did Kanye West contribute to the lyrics of the song?
Reformulation 2: Did Kanye West perform the song with Beyonce?
Reformulation 3: Was Kanye West featured in the song?

[TV series] History: What is the release year of the TV series See? 2019.
Question: created by?
Reformulation 1: Who’s responsible for it?
Reformulation 2: Who’s the mastermind?
Reformulation 3: Who’s the author?

[Soccer] History: Pele scored how many goals in international play? 77. Has he
scored the most goals? No.
Question: Did Messi beat his goal total?
Reformulation 1: Did Messi surpass Pele’s international goal record?
Reformulation 2: Has Messi scored more international goals than Pele?
Reformulation 3: Did Messi break Pele’s goal-scoring record?

Table 4.8: Examples of GPT reformulations for test set questions.
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[Books] History: Which book won the 2017 Pulitzer Prize for Fiction? The Under-
ground Railroad. subject of the book? Slavery in the United States. publisher of the
novel? Doubleday.
Question: author of the fiction?
Reformulation 1: creator of the fiction? [SUBS rel]
Reformulation 2: Which individual is author of the fiction? [INS ans-type]
Reformulation 3: author of the fiction The Underground Railroad? [INS ent]

[Movies] History: Who was the director of The Lord of the Rings? Peter Jackson.
Question: Who played Frodo Baggins?
Reformulation 1: Who Frodo Baggins? [DEL rel]
Reformulation 2: Who portrayed Frodo Baggins? [SUBS rel]
Reformulation 3: Who played Frodo Baggins in it? [SUBS pronoun]

[Music] History: -
Question: Formation year of the band U2?
Reformulation 1: Formation year of the rock band U2? [SUBS ent-type]
Reformulation 2: Which year is Formation year of the band U2? [INS ans-type]
Reformulation 3: Formation year of U2? [DEL ent-type]

[TV series] History: Who played as Marty in Ozark series? Jason Bateman. and
Wendy Byrde? Laura Linney. who is the director of the series? Jason Bateman.
How many episodes are in the series? 30.
Question: production company of the series?
Reformulation 1: production company of the series television series? [INS ent-
type]
Reformulation 2: production company of the series Ozark? [INS ent]
Reformulation 3: production house of the series? [SUBS rel]

[Soccer] History: What is the full name of footballer Neymar? Neymar da Silva
Santos Junior. Birthplace of Neymar? Brazil . When was he born? 5 February 1992.
Question: Which club does he play now?
Reformulation 1: Which club does he play now association football player? [INS
ent-type]
Reformulation 2: Which club does he play now Neymar? [INS ent]
Reformulation 3: Which Football team does he play now? [SUBS ans-type]

Table 4.9: Examples of Reign-generated reformulations along with their respective reformulation
categories, used for training (one noisy transformation is highlighted in red).
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In the previous chapter, we improved the conversational context understanding capabilities of
ConvQA models by enhancing their training data with a subset of most beneficial question refor-
mulations. We used the QA performance as feedback signal for this selection. In this chapter, we
perceive conversational context understanding as one, out of several, substasks in our conversational
pipeline that we are going to improve with final performance feedback. More precisely, we present
two methods that learn from preference data for intermediate subtasks using the model’s own gen-
erations and task-level supervision signals. The first method, named Praise (Section 5.1), is an
LLM-based pipeline for ConvQA with retrieval augmented generation (RAG). While the previously
presented methods in this thesis (Conquer and Reign) focused on ConvQA over KGs, Praise
operates over both, KG and textual sources. More precisely, in Praise, we train LLMs for each of
the following subtasks: i) conversational context understanding, ii) retrieval and filtering of relevant
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information and iii) final answer generation. As labeled training data for individual subtasks is un-
available in practice, Praise learns from its own generations using the final answering performance
as feedback signal without human intervention and treats intermediate information, like relevant
evidence, as weakly labeled data. We apply Direct Preference Optimization [Rafailov et al.(2023)]
by contrasting successful and unsuccessful samples for each subtask. Section 5.1.2 describes in detail
how each subtask is handled in Praise. The experiments in Section 5.1.4 show the effectiveness of
this training paradigm: Praise shows improvements per subtask and achieves new state-of-the-art
performance on a popular ConvQA benchmark.

The second method that will be presented, named Suit (Section 5.2), is an LLM-based end-
to-end task-oriented dialog model. Task-oriented dialog (ToD) systems also have to solve multiple
subgoals to accomplish user goals, with feedback often obtained solely at the end of the dialog.
Section 5.2.2 provides the details of our method Suit, which is trained iteratively. Dialogs are
sampled from the current model and subgoals that contribute to dialog success are determined using
distant supervision and counterfactual learning to obtain high quality training samples for the next
iteration. In our experiments in Section 5.2.4, we show how this data improves supervised fine-
tuning and preference learning results over multiple iterations. Suit reaches new state-of-the-art
performance on a popular ToD benchmark.

5.1 Learning from Preferences for Conversational QA

5.1.1 Introduction

Motivation. An example conversation is given below:

Q1: By which band was The Wall recorded?
A1: Pink Floyd

Q2: Where was the band formed?
A2: London

Q3: Who joined to replace Sid?
A3: ...

The third turn’s question Q3 : Who joined to replace Sid? can be answered only by contextu-
alizing it with the first question and its answer A1 : Pink Floyd. Large Language models (LLMs)
have strong capabilities to contextualize the user’s utterances [Lewis et al.(2020b)], and are a key
part of modern ConvQA systems. However, LLMs are prone to hallucinations, giving non-factual
answers or missing tangible provenance. To mitigate these risks, LLM-based QA systems are usually
coupled with Retrieval Augmented Generation (RAG) [Gao et al.(2023b)], to provide the LLM with
retrieved evidence. These considerations lead to a three-stage pipeline: i) question understanding
and contextualization, ii) evidence retrieval and filtering/ranking, iii) answer generation from best
evidence.

This constitutes a bottleneck in training data. In realistic settings, often only final answers are
available as ground truth, but there is no ground truth for question interpretation (like reformu-
lated/completed questions) and no gold-standard evidence for the retrieval stage. To overcome this
problem and improve the performance of each subtask in the pipeline, we propose a sampling-based
approach: we derive weakly-labeled intermediate training data, by solely observing final answers.
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Limitations of state-of-the-art. Methods for ConvQA [Zamani et al.(2023)] contextualize ques-
tions with cues from prior turns, by reformulating questions, or by augmenting questions with
selected pieces from the conversation. All methods are driven by training data (or LLM fine-
tuning data). There are two main limitations: i) relying on intermediate supervision signals [Jeong
et al.(2023), Mao et al.(2024)] - for evidence retrieval in RAG architectures, there is no cost-efficient
way of compiling ground-truth data - and/or ii) relying on human feedback [Mo et al.(2023), Kaiser
et al.(2021), Vakulenko et al.(2021)], which is costly to collect and often far from perfect. In contrast,
Praise learns from final answering feedback in an automatic way.

Approach. We introduce Praise (Preference-based Learning with Retrieval Augmented Iterative
SEquence generation for ConvQA), a pipeline architecture, consisting of question understanding
(QU), evidence retrieval and filtering (ERF) and answer generation (AG). Our QU model gener-
ates question reformulations so as to benefit the subsequent retrieval and answer generation. The
retrieval often yields long lists of potentially relevant evidence: feeding all these into the AG stage
would incur high computational costs, if possible at all, given the LLM’s limited context length.
Therefore, the ERF stage of Praise contains a judiciously designed LLM-based evidence filtering
technique, efficiently operating with subsets of evidence pieces. Finally, the AG stage is trained
to give faithful answers using tangible evidence containing answer and question cues. We perform
parameter-efficient fine-tuning of a Llama-3-8B-Instruct model [Touvron et al.(2023)]. For each
subtask, Praise samples generations from an initial model and learns from pairing successful and
unsuccessful generations using Direct Preference Optimization (DPO) [Rafailov et al.(2023)]. The
intuition is that earlier tasks are optimized for later tasks via delayed feedback signals without hu-
man intervention.

Contributions. This work makes the following contributions:

• The Praise architecture for the ConvQA pipeline, where each stage can be optimized by
learning with weakly-labeled intermediate data;

• A sampling-based technique for automatically deriving preference data from delayed feedback
based on final answers;

• Experiments demonstrating the superior performance of Praise on a popular ConvQA bench-
mark.

Our project website is available at https://praise.mpi-inf.mpg.de, our code and data is on
GitHub: https://github.com/magkai/PRAISE.

5.1.2 The Praise Method

Figure 5.1 gives an overview of the Praise architecture, along with an example conversation, and
Table 5.1 lists the salient notation. First, the QU step rewrites the question into a self-sufficient
form. Next, a large list of potentially relevant evidence is obtained by the retrieval component,
which is an external module that is not in focus of this work. The number of evidence pieces are
then reduced to the top-k most relevant ones in the evidence filtering step (ERF), before the final
answer is generated (AG). The available training data consists of ⟨question, answer⟩ pairs; so we

https://praise.mpi-inf.mpg.de
https://github.com/magkai/PRAISE
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Figure 5.1: Overview and illustration of Praise (preferred/correct outputs are in blue, incor-
rect/uninformative outputs in red).

do not have direct supervision signals for the QU and ERF stages. The three stages are explained
in more detail in the following, including how to obtain training data and train an LLM for each
stage. Additionally, Algorithm 3 summarizes the individual steps in training the Praise pipeline.
The prompts used for each model are shown in Figure 5.2 and 5.3 at the end of this section.

5.1.2.1 Question Understanding (QU)

This stage transforms the current user question Qi into a more complete reformulation Qij , by con-
sidering question-answer pairs ⟨Qν , Aν⟩ν∈{0..i−1} from the conversation history:

Qij ← QUPraise(Qi, ⟨Qν , Aν⟩ν∈{0..i−1}) (5.1)

Initialization. We use an LLM in few-shot mode (QUfew), showing it five examples on how to
rewrite questions. The model is prompted to generate various surface forms for the same question.

Training. For QU training, we create a dataset DQUsample based on the initial model’s generations
(QUfew) as follows. We do not rely on any human-rewrites for this task. Our goal is to optimize the
questions for retrieval and answering performance. For each original question, we sample a small
set r of different reformulations (r = 5 in our experiments; line 1 in Algorithm 3); each of these is
then fed into evidence retrieval and answer generation (line 2 in Algorithm 3). The quality of the
generated formulations is determined by the later stages as follows. A sample Qij is preferred if it
fulfills the constraints:

1. Qij results in retrieving evidence that mentions question entities and contains correct answers
(answer presence);

2. Qij leads to finding the right answer for this question (answer correctness).



5.1. Learning from Preferences for Conversational QA 79

Notation Concept

Qi, Ai question with intent i, corresponding answer
Aim sampled answer m for question Qi

Qij reformulation j for Qi

⟨Qij⟩r reformulation set of size r

⟨Qij⟩+, ⟨Qil⟩− preferred, dispreferred sets of reformulations
evsil = ⟨eid : etext⟩k evidence set l for Qi, with k identifier-text pairs
⟨eidil⟩+, ⟨eidim⟩− preferred, dispreferred sets of evidence ids

π, πref current policy, reference policy
β hyperparameter, controlling the KL-divergence penalty

Table 5.1: Notation for salient concepts in Praise.

Data for fine-tuning the QU model is based on these two constraints. Since we lack gold evidence
data, we rely on the following noisy estimate: evidence pieces that contain both question and answer
entities are considered as positive samples. All generated question formulations from DQUsample that
both constraints fulfill are used for supervised fine-tuning (SFT), resulting in model QUSFT (line 4,
Algorithm 3). This model is trained using a standard negative log-likelihood loss:

LSFT (πθ) = −E(x,y)∼D

[
T∑

t=0

log πθ(yt|yt−1..0, x)

]
(5.2)

with y corresponding to reformulations ⟨Qij⟩+ that fulfill both constraints and x = xQUfew being
the prompt, followed by the concatenation of the conversation history and the current question that
should be reformulated; D = DQUsample and πθ = QUinit.

Subsequently, we construct preference pairs for further training with Direct Preference Optimiza-
tion (line 3 and 5, Algorithm 3), resulting in (QUDPO):

(i) Qij >pref Qik if Qij fulfills (1) but not Qik

(ii) Qij >pref Qil if both fulfill (1) and only Qij fulfills (2)

The DPO loss has been introduced in Section 2.4.3, Equation 2.11. yw corresponds to a preferred
reformulation, such as Qij , while yl resembles a dispreferred one, such as Qik and Qil. The policy
πθ corresponds to our QUPraise model and πref = QUSFT .

In Figure 5.1, the rewritten questions Q32 : Who replaced Pink Floyd’s guitarist? and Q34 : Who
replaced Syd Barrett in Pink Floyd? both fulfill (1) by retrieving relevant evidence, but only Q34

results in answering the question correctly and faithfully - fulfilling both (1) and (2). Question
Q31 results in a correct answer, but this answer is not faithful given the retrieved evidence (David
Gilmour is not mentioned in the retrieved set of evidence evs31, first evidence in the ERF column
in Figure 5.1), and therefore not considered as a positive sample.

Inference. The final QUPraise model uses greedy generation to obtain a question reformulation.
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Algorithm 3: Praise Training Approach
Input: Dtrain, Praise init with QUfew, ERFretrieval, AGSFT (trained with Dtrain),

train(model, data) ∈ {SFT,DPO}
Output: Praise full

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
▶ Create QUPraise with the following steps:

1 ⟨Qij⟩r ∼ QUfew(Qi, ⟨Qν , Aν⟩ν∈{0..i−1}) ▶ sample reformulations
2 DQUsample ← ⟨Qij , ⟨etextij⟩k, Aij⟩ ▶ retrieve evidence and get answers per reformulation
3 ⟨Qij⟩+ ← ⟨Qij , ⟨etextij⟩k, Aij⟩, ⟨Qil⟩− ← ⟨Qil, ⟨etextil⟩k, Ail⟩ ▶ according to QU conditions

(i) and (ii) in 5.1.2.1
4 QUSFT ← train(QUfew, ⟨Qij⟩+)
5 QUDPO ← train(QUfew, ⟨Q+

ij , Q
−
il ⟩)

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
▶ Create ERFPraise with the following steps:

6 ERFSFT ← train(ERFinit, ⟨eid : etext⟩noisy+
k ) ▶ SFT with noisy evs

7 ⟨⟨eidsil⟩k⟩e ∼ ERFSFT (Qij , ⟨eid : etext⟩s) ▶ sample e eid sets of size k per ref
8 DERFsample ← ⟨Qij , ⟨etextil⟩k, Ail⟩ ▶ generate answers for each ⟨ref, evs⟩ pair
9 ⟨eidsil⟩+ ← ⟨Qij , ⟨etextil⟩k, Ail⟩ ⟨eidsim⟩− ← ⟨Qij , ⟨etextim⟩k, Aim⟩ ▶ based on answer

correctness
10 ERFDPO ← train(ERFSFT , ⟨eids+il , eids

−
im⟩)

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
▶ Create AGPraise with the following step:

11 AGSFTsample ← train(AGSFT ,DQUsample ∪ DERFsample)

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
12 QUPraise ← QUDPO, ERFPraise ← ERFDPO, AGPraise ← AGSFTsample

13 Praise full← QUPraise + ERFPraise +AGPraise

14 return Praise full

5.1.2.2 Evidence Retrieval And Filtering (ERF)

This step identifies relevant pieces of evidence, tapping into knowledge graphs (KG), text corpora
and web tables.

Initialization. The initial component for this step consists of the retrieval part only (ERFretrieval).
Our approach is agnostic to the underlying retrieval method: we make use of off-the-shelf tools, to
obtain a large number of top-n evidence ranked by BM25 scores. The emphasis here is on high
recall; obtaining high precision is left for the subsequent LLM-based filtering, as explained next.

Training. Each top-n evidence is assigned a random id. We feed the rewritten question along with
id-content pairs (⟨eid : etext⟩) into the LLM for filtering. The objective of the filtering model is to
output a small subset of top-k (k ≪ n) ids, ⟨eidsil⟩, corresponding to the most relevant evidence
⟨evsil⟩ with |⟨evsil⟩| ≤ k (so as to obtain a tractable context length for the underlying answering
LLM and to keep the token costs as low as possible):

⟨eidsil⟩k ← ERFPraise(Qij , ⟨eid : etext⟩s) (5.3)

We start by training the filtering model using SFT (ERFSFT ), by considering evidence that contains
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both question and answer entities as a positive sample.
In the example of Figure 5.1, the first and second evidence in set evs32 and set evs34, respec-

tively, are considered as positive samples, containing the entities Pink Floyd, Syd Barrett and David
Gilmour. This is a weakly supervised technique, as we may face irrelevant snippets that merely
contain the right entities by accident without being helpful for answering. In Figure 5.1, the first
evidence from evs32 is such a spurious case. The ERFSFT has to predict this noisy ground truth
(⟨eid : etext⟩noisy+k ) among a subset of retrieved evidence (line 6 in Algorithm 3). We include a set of
challenging distractors which are evidence that have close semantic similarity to the question but do
not contain the correct answers. The model is then trained using Equation 5.2. The effectiveness of
the initial supervised model for the downstream answering task is limited by two important factors:
(i) The lack of actual ground truth and (ii) the predicted set containing a mixture of relevant and
irrelevant evidence, where it is not clear how the irrelevant ones affect the answering.

For high precision, the supervised ERF model is therefore enhanced by preference learning as
follows. We sample e evidence sets per question from ERFSFT (e = 10 in our experiments). These
pairs of question and evidence are passed to the AG stage to obtain answers, resulting in DERFsample

(line 7-8, Algorithm 3). Now we can exploit the available ground truth for answers as a distant sig-
nal: evidence set evsil is preferred over set evsim (evsil >pref evsim) if for the same question, evsil
in the input leads the AG model to the correct answer, while evsim does not. In Figure 5.1, evidence
set evs34 is preferred over set evs32, since evs34 leads to the correct answer, but not evs32. We use
the preference pairs as training data for DPO (using Equation 2.11 from Section 2.4.3 and line 10,
Algorithm 3), resulting in an enhanced model ERFDPO.

Inference. For tractability, we split the top-n retrieval results (which could be 500 or more) into
smaller, manageable chunks of size s, and let the final ERFPraise model identify relevant evidence
ids for each chunk. The union over the per-chunk outputs form the evidence that is given to the AG
stage. If less than k evidence pieces are returned, we expand the set with more top-ranked evidence
from the original BM25 scoring.

5.1.2.3 Answer Generation (AG)

This step generates answers Aim for a question formulation Qij , based on the filtered evidence
content ⟨etext⟩k ∈ ⟨evsil⟩k:

Aim ← AGPraise(Qij , ⟨etext⟩k) (5.4)

In the example of Figure 5.1, both A31 and A34 are correct (David Gilmour), but only A34 is faithful
with respect to the provided evidence set.

Initialization. We initialize the AG model by fine-tuning an LLM with the available ⟨question,
answer⟩ pairs from the benchmark training data (Dtrain), resulting in AGSFT . We use QUfew and
standard retrieval (without filtering) to create the input for the AG stage.

Training. We improve the initial model by SFT using the sampled data from the previous stages
(based on Equation 5.2 with D = DQUsample ∪ DERFsample, line 11 in Algorithm 3). This way, the
model learns from a larger variety of different surface forms and becomes more robust with respect
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to the order in which relevant and irrelevant information appears in the evidence set.

Inference. We take the greedy model output along with multiple sampled outputs to obtain an
answer list for better comparison with other (ranking-based) methods.

5.1.3 Experimental Setup

Benchmark. We conduct our experiments on ConvMix [Christmann et al.(2022b)], a popular
ConvQA benchmark over heterogeneous sources (from Wikidata and Wikipedia), with realistic ques-
tions over 5 different domains - books, movies, tv-series, music, soccer - coming from crowdworkers,
with crisp sets of entities as answers.

Baselines. We study the following methods: CONVINSE [Christmann et al.(2022b)], a method
that casts questions into intent-explicit structured representations and uses fusion-in-decoder to
generate answers; EXPLAIGNN [Christmann et al.(2023)], which uses graph neural networks for
reasoning over evidence and generating answers; Mistral-7B + Graph + Memory [Jain and La-
pata(2024)], which uses a graph structured representation with graph embeddings directly injected
into an LLM (we compare with their best model); UniHGKR [Min et al.(2025)], with self-supervised
pre-training, embedding alignment, and retriever fine-tuning (we compare to its 7B model). We also
compare against end-to-end LLMs, specifically Mistral-7B-Instruct [Jiang et al.(2023)], in zero-
shot mode and fine-tuned (reported numbers are taken from [Jain and Lapata(2024)]); Llama-3-
8B-Instruct [Touvron et al.(2023)], in zero-shot and few-shot mode, and fine-tuned with benchmark
QA-pairs, with the entire conversation history in the input but without RAG.

Metrics. We report Precision@1 (P@1), Mean Reciprocal Rank (MRR), and correct-answer-in-top-
5 (Hit@5). Retrieval and evidence filtering performance is measured by answer presence (AP) in the
top-k selected evidence (k = 500 and k = 50, respectively).

Implementation Details. We use Llama-3-8B-Instruct [Touvron et al.(2023)] as underlying
LLM for Praise and perform parameter-efficient fine-tuning, more precisely, low-rank adaptation
(LoRA) [Hu et al.(2021)], which fine-tunes low-rank adapter weights, while keeping the rest of the
model frozen. This way, only ca. 12% of our model’s parameters are updated per subtask. We swap
between the trained adapters at inference time, using the one for the current subtask, respectively.1

The initial pipeline for Praise consists of i) QUinit: a Llama-3-8B-Instruct in few-shot mode (with 5
examples and prompted to generate 5 question formulations), ii) ERFinit: evidence retrieval without
filtering, (retrieving n = 500 evidence snippets and taking the top k = 50 evidence based on BM25
scores), and iii) AGinit: a Llama-3-8B-Instruct model fine-tuned on benchmark QA-pairs for answer
generation. We adopt techniques from [Christmann et al.(2022b)], specifically, using the CLOCQ
tool [Christmann et al.(2022a)] for fact retrieval from the Wikidata KG and retrieving text snippets
and table rows from Wikipedia. We perform beam search multinomial sampling with beam size=10

(allowing to combine the advantages of beam search with sampling), for ERF training and AG infer-
ence. The QU and ERF models are fine-tuned with SFT first, followed by DPO training for 1 epoch
each. Further hyperparameters were set as follows: learning rate = 1e − 6, maximal input length

1https://huggingface.co/docs/peft/main/en/conceptual_guides/adapter

https://huggingface.co/docs/peft/main/en/conceptual_guides/adapter
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Method ↓ Metrics → P@1 Hit@5 MRR

CONVINSE 0.342 0.386 0.365

EXPLAIGNN 0.406 0.561 0.471

Mistral-7B + Graph + Memory 0.445 0.512 -
UniHGKR-7B 0.465 0.562 0.514

Mistral-7B-Instruct (zero-shot) 0.292 0.346 -
Mistral-7B-Instruct (fine-tuned) 0.350 0.400 -
Llama-3-8B-Instruct (zero-shot) 0.403 0.554 0.455

Llama-3-8B-Instruct (few-shot) 0.461 0.612 0.511

Llama-3-8B-Instruct (fine-tuned) 0.483 0.640 0.536

Praise 0.620 0.746 0.665

Table 5.2: Main results comparing Praise to end-to-end LLMs and other competitors on the Conv-
Mix test set.

Method ↓ Metrics → P@1 Hit@5 MRR AP@500 AP@50

QUinit + ERFinit +AGinit 0.495 0.642 0.543 0.734 0.486

QUPraise + ERFinit +AGinit 0.528 0.683 0.579 0.767 0.536

QUinit + ERFPraise +AGinit 0.559 0.693 0.616 0.734 0.725

QUinit + ERFinit +AGPraise 0.546 0.678 0.591 0.734 0.486

QUPraise + ERFPraise +AGinit 0.582 0.712 0.627 0.767 0.758

QUPraise + ERFinit +AGPraise 0.580 0.708 0.624 0.767 0.536

QUinit + ERFPraise +AGPraise 0.587 0.723 0.635 0.734 0.725

Praisefull(QU + ERF +AG) 0.620 0.746 0.665 0.767 0.758

Table 5.3: Effect of different pipeline components in Praise.

= 512, maximal target length = 75, batch size = 1, LoRA rank r = 64, and for DPO β = 0.1, control-
ling the KL-divergence penalty. All experiments are run on a single GPU (NVIDIA Tesla A100, 80
GB HBM2e). More details can be found in our code base (https://github.com/magkai/PRAISE).

5.1.4 Results and Insights

5.1.4.1 Key Findings

Praise achieves best performance. Table 5.2 compares the performance of Praise to the base-
lines on the ConvMix test set. Praise outperforms all baselines by a substantial margin, gaining
15.5 percentage points in P@1 over the second-best method (UniHGKR-7B - a model of similar size),
with similarly strong improvements on the other metrics. Praise also outperforms the end-to-end
LLMs, showing the benefits of including RAG and a multi-stage pipeline.

All pipeline stages contribute. Table 5.3 shows the effects of different components in Praise,
by comparing the full Praise model to its variants, where one or two of its components – QU, ERF
and AG – are replaced with the respective initial models. The variants with one Praise stage and

https://github.com/magkai/PRAISE
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Domain → Books Movies TV series Music Soccer

Method ↓ P@1 AP@50 P@1 AP@50 P@1 AP@50 P@1 AP@50 P@1 AP@50

Praise init 0.491 0.477 0.530 0.438 0.506 0.500 0.505 0.510 0.443 0.510

Praise full 0.650 0.814 0.634 0.721 0.614 0.716 0.630 0.779 0.572 0.760

Table 5.4: Domain-wise for Praise and the initial pipeline (QUinit + ERFinit + AGinit).

Turn → 1 2 3 4 5 6-10

Method ↓ / P@1 AP@50 P@1 AP@50 P@1 AP@50 P@1 AP@50 P@1 AP@50 P@1 AP@50

Praise init 0.684 0.554 0.586 0.572 0.496 0.521 0.453 0.459 0.429 0.462 0.364 0.382

Praise full 0.743 0.829 0.664 0.820 0.662 0.805 0.595 0.742 0.574 0.718 0.515 0.663

Table 5.5: Turn-wise results for Praise and the initial pipeline (QUinit + ERFinit + AGinit).

two initial models show that each of the three components alone already improves performance.
This trend is further enhanced with two components by Praise, and the full Praise outperforms
all other configurations by a notable margin.

5.1.4.2 In-depth Analysis

Praise achieves high answer presence. Table 5.3 gives insights on answer presence. In the
retrieval step, top-500 evidence snippets are obtained, resulting in an answer presence of ca. 73%.
When using the reformulated questions by QUPraise, AP is increased by 3%. For filtering, when
we simply use BM25 scores to obtain top-50 evidence, the AP drops sharply: down to 49% for the
initial model. In contrast, the ERF of Praise retains high answer presence at 75.8%, when reducing
the initially retrieved top-500 down to 50 evidence pieces. Another interesting observation is that
the intermediate ERFSFT model has a much lower answer presence (ca. 51%) than our ERFPraise

model. This underlines that the DPO-based fine-tuning with feedback from the AG model is cru-
cial to optimize the preceding ERF stage. Overall, this reconfirms our intuition that optimizing
the subtasks of the pipeline, with training samples automatically derived from delayed feedback via
question-answer pairs, is beneficial.

Preference optimization is effective. Instead of performing preference learning, we could also di-
rectly use the generations that successfully lead to the correct answer for further supervised learning
(replacing both, QUPraise and ERFPraise, with QUSFT and ERFSFT respectively, in the pipeline).
This results in a performance decrease (P@1 = 0.585 instead of 0.620 for Praise), demonstrating
that using DPO after an initial supervised fine-tuning step is more effective.

Praise creates fluent reformulations. While the original questions are relatively short – ca.
5.6 words on average, the reformulations generated by QUinit have an average length of 9.3 words,
and the ones by QUPraise go up to 10.1. Our method successfully contextualizes the questions with
cues from previous turns in the conversation, while keeping the questions natural and fluent. This is
confirmed by analyzing 200 reformulations manually. Table 5.6 at the end of this chapter shows some
exemplary conversations from ConvMix, along outputs generated by the three stages in Praise.
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Performance improvements across domains and turns. Table 5.4 shows domain-wise results
and Table 5.5 the turn-wise results for Praise, in comparison to the initial pipeline (QUinit +

ERFinit +AGinit) on the ConvMix testset. The performance of Praise is robust across domains,
consistently improving upon the initial pipeline (with up to 16 percentage points increase in P@1

and 34 percentage points increase in AP@50). The answer presence of Praise is highest for books
(81%) and lowest for movies and tv-series (72%). Nonetheless, Praise achieves high precision for
all of these three domains (in the range of 61 to 65%). We attribute this to the rich signals from the
underlying LLM’s parametric memory (from its original pre-training). Thus, Praise incorporates
informative RAG without losing the benefits from LLM memory.

As to be expected, turn-wise performance is highest for the first few turns and drops with in-
creasing turn depth (for the initial pipeline as well as for the final Praise model). Yet, Praise
outperforms the initial pipeline consistently over turns (with up to 15 percentage points difference in
P@1 and up to 28 percentage points difference in AP@50 for turns 6−10). Also, the initial pipeline
does not answer questions faithfully, indicated by a P@1 score higher than the answer presence.

Runtime analysis and memory consumption. Praise requires around 5.4 s (seconds) on
average to answer a conversational question. This time is spent as follows: QUPraise takes around
0.5 s, ERFPraise takes 4.6 s (with 1.3 s spent for evidence retrieval and 3.3 s for evidence filtering),
and AGPraise requires 0.34 s. The time for ERFPraise can be decreased further by either retrieving
less evidence (currently 500) or splitting into larger chunks for evidence filtering (currently, we split
into 10 chunks with 50 evidence pieces each, resulting in 10 calls to the filtering model). Instead of
loading three LLMs (one for each subtask) into memory, we swap our trained task-specific adapters,
keeping only one LLM in memory. This way, Praise requires around 34 GB of GPU memory.

5.1.5 Related Work

Conversational Context Understanding. There are two paradigms for conversational context
understanding - question completion and history modeling (see background, Section 2.1.2). We opt
for rewriting the question into a (potentially more complete) version, since we use LLMs in our
pipeline, which benefit from fluent input. Many earlier works required human rewrites (e.g., [Vaku-
lenko et al.(2021), Anantha et al.(2021)]), which is costly to collect and not necessarily optimal
for retrieval. Recent works aim to improve rewriting for retrieval (e.g., [Mo et al.(2023), Zhang
et al.(2024), Yoon et al.(2025), Ma et al.(2023)]), whereas Praise optimizes for retrieval as well as
answering performance.

RAG for ConvQA. The RAG paradigm has recently received great attention as an enhancement
of LLM-based generation including question answering to mitigate the risk of hallucination, and to
make QA (more) faithful [Guu et al.(2020), Lewis et al.(2020b), Gao et al.(2023b)]. Many ConvQA
methods make use of LLMs, dense or sparse neural retrieval and various kinds of representation learn-
ing (e.g., [Christmann et al.(2023), Hai et al.(2023), Jain and Lapata(2024), Jeong et al.(2023), Mao
et al.(2024), Mo et al.(2023), Tran et al.(2024)]).

Learning from Automatic Feedback for QA. Reinforcement learning has been used as a means
to improve QA models with answering performance as feedback (e.g., [Buck et al.(2018), Kaiser
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et al.(2024b), Yang et al.(2023)]). In the context of LLMs, Reinforcement Learning from Human
Feedback (RLHF) [Ziegler et al.(2019), Ouyang et al.(2022)] has been proposed to align LLMs to
human preferences. Direct Preference Optimization (DPO) [Rafailov et al.(2023)], and variants,
were introduced as less complex and more stable options. Since collecting human preference is
costly, an alternative is to use automatic feedback (e.g., [Yuan et al.(2024), Peng et al.(2023), Zhang
et al.(2024)], also see Section 2.2.2 in the background chapter for further details).

5.1.6 Conclusion

This work presents Praise, an LLM-based pipeline for ConvQA, where earlier tasks are improved
with feedback from later tasks. To achieve these enhancements, we use DPO with training data
derived from contrastive pairs of successful and unsuccessful samples. This method is particularly
suitable for domains in which the task can be divided into subtasks, and when there is delayed,
task-level feedback but only sparse or no intermediate annotations available. The next part shows
how we apply techniques from Praise to such a domain, namely task-oriented dialogs, where we
use dialog-level feedback for inferring relevance of intermediate subtasks.
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Conversation [books]: What number of Pulitzers has John Updike won? 2; What book won the
author the award first? Rabbit Is Rich; name of the other? Rabbit at Rest; publication year of the
book?
QU (rewritten question): What is the publication year of the book “Rabbit at Rest” by John
Updike?
ERF (filtered evidence): [id-150 : John Updike, award received, National Book Critics Circle
Award, point in time, 1990, for work, Rabbit at Rest], [id-391 : Rabbit at Rest, Publication date,
1990], [id-127 : Rabbit at Rest is a 1990 novel by John Updike] ...
AG (generated answer): 1990

Conversation: [movies]: What was Jack Nicholson’s last film of the 1990s? As Good as It Gets;
Who directed?
QU (rewritten question): Who directed the film “As Good as It Gets” starring Jack Nicholson?
ERF (filtered evidence): [id-389 : As Good as It Gets is a 1997 American romantic comedy film
directed by James L. Brooks from a screenplay he co-wrote with Mark Andrus.], [id-307 : James L.
Brooks and Jack Nicholson, doing what they do best, combine smart dialogue and flawless acting...],
[id-187 : As Good as It Gets, director, James L. Brooks] ...
AG (generated answer): James L. Brooks

Conversation: [TV series]: Who created the iron fist tv series? Scott Buck; The composer of
the series?
QU (rewritten question): Composer of the Iron Fist TV series?
ERF (filtered evidence): [id-140 : Iron Fist, composer, Trevor Morris], [id-38 : Iron Fist, Com-
posers, Trevor Morris , Robert Lydecker], [id-493 : "In late October 2016, Trevor Morris was revealed
to be composing the music for the first season.] ...
AG (generated answer): Trevor Morris

Conversation: [music]: What year was Inna born? 1986; What country is she from? Romania;
Her first album? Hot; How many singles were released?
QU (rewritten question): How many singles were released from Inna’s debut album Hot?
ERF (filtered evidence): [id-4 : To support Hot, five singles were released, which according to
Libertatea sold a total of 500,000 copies ...], [id-418 : It featured several other successful singles in
Europe, including "Amazing" (2009).], [id-111 : Innaś debut single, "Hot", was sent to Romanian
radio stations in August 2008.] ...
AG (generated answer): 5

Conversation [soccer]: On which date was the soccer player Neymar born? 5 February 1992;
Complete name? Neymar da Silva Santos Júnior; How tall? 5 ft 9 in; Position at which he plays?
QU (rewritten question): What position does Neymar play in soccer?
ERF (filtered evidence): [id-231 : ... Neymar was voted the Best player and Best Forward],
[id-296 : Neymar, Personal information, Position(s), Left winger, attacking midfielder, forward],
[id-206 : List of international goals scored by Neymar, Neymar is a Brazilian professional footballer
who plays as a forward.]
AG (generated answer): Left winger, forward

Table 5.6: Examples of outputs generated by the three stages in Praise (three evidence pieces are
shown due to space limitations, irrelevant evidence indicated in red).
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QU Prompt: You are given a conversation and the current user question. Your task is to re-
formulate the question into a self-sufficient form, that clearly conveys the question intent, by using
information from the conversation history. Just create the standalone question without commentary
and without answering the question.
‘History’: {Conversation history}

‘Question’: {Question}

‘Reformulation’:

ERF Prompt: You are given a question and a set of references, each with a unique identifier. Your
task is to judge which references provide relevant information for answering the given question. You
should output the corresponding ids of the most relevant references, nothing else.
‘Question’: {Question}

‘Context’: {<evidence id, evidence text>}

‘Ids’:

AG Prompt: You are given a question and references which may or may not help answer the
question. Please answer the question in as few words as possible by using the information provided
in the references that is relevant in answering the question.
‘Question’: {Question}

‘Context’: {<evidence id, evidence text>}

‘Answer’:

Figure 5.2: Prompts for question understanding, evidence filtering and answer generation in Praise.
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QU Fewshot Prompt: You are given a conversation and the current user question. Your task is to
reformulate the question into a self-sufficient form, that clearly conveys the question intent, by using
information from the conversation history. Just create the standalone question without commentary
and without answering the question. Please learn from the examples below.
‘History’: who is the author of book The Velveteen Rabbit? Margery Williams; ...
Genre? children’s novel;
‘Question’: country of origin
‘Reformulations’:

1. Which is the country of origin of book The Velveteen Rabbit?
2. Where is the book The Velveteen Rabbit from?
3. Where is Margery Williams from?
4. Country of origin The Velveteen Rabbit?
5. Place where The Veleveteen Rabbit novel was created?

‘History’: For which country team did Paul Pogba play? France;
Where was he born? Lagny-sur-Marne;
‘Question’: position played on team?
‘Reformulations’:

1. At which position did Paul Pogba play on team?
2. What is Paul Pogba’s postion in the France national team?
3. Paul Pogba positon on team France
4. Which position on the field Paul Pogba
5. What role does Paul Pogba occupy in the french team?

‘History’: how many seasons of Mindhunter series? 2;
who is the director? David Fincher;
‘Question’: How many episodes?
‘Reformulations’:

1. How many episodes are in the Mindhunter series?
2. Number of episodes Mindhunter series
3. Total amount of episodes of Mindhunter
4. How many episodes are in David Fincher’s Mindhunter series?
5. Episode count for Mindhunter

‘History’: -
‘Question’: Who played as Mark Zuckerberg in The Social Network?
‘Reformulations’:

1. Who played as Mark Zuckerberg in The Social Network?
2. The Social Networ actor Mark Zuckerberg
3. Cast member for Mark Zuckerberg in the movie The Social Network
4. Who acted as Mark Zuckerberg in The Social network movie
5. Who starred as Mark Zuckerberg in The Social Network?

‘History’: U2 had how many band members? 5; which year did it formed? 1976;
what about the band drummer? Larry Mullen Jr.
‘Question’: who was their bass guitarist?
‘Reformulations’:

1. Who was the bass guitarist of the U2 band?
2. Which U2 band member played the guitar?
3. Bass guitar player U2 band
4. U2 bass guitarist
5. Who played the guitar in the U2 band formed in 1976

‘History’: {Conversation history}

‘Question’: {Question}

‘Reformulations’:

Figure 5.3: Prompt for few-shot question understanding with 5 in-context examples in Praise.
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5.2 Learning from Preferences for Task-oriented Dialogs

5.2.1 Introduction

Motivation. Task-oriented dialog (ToD) systems converse with users to assist them in various
tasks, such as booking restaurants, querying weather forecasts and resolving customer service issues.
A task-oriented sample conversation for making a hotel reservation (with user requests Ui and system
responses, consisting of tuples ⟨Bi, Ai, Ri⟩):

User Goal: informable: hotel area:north, price range:moderate
requestable: booking reference, hotel address
U1: I need a hotel in the north of the city with a moderate price.
B1: hotel area:north, price range:moderate
A1: INFORM-COUNT(·), RECOMMEND-HOTEL(·)
R1: There are 10 moderately priced hotels in the north. I would recommend the abc hotel which has
a 4 star rating.
U2 : Are there any sights nearby?
B2: hotel area:north, price range:moderate
A2: INFORM-SIGHTS(·)
R2: No, sights are located in the center only.
U3: Can you book it now and give me the address and reference number please?
B3: hotel area:north, price range:moderate
A3: REQUEST-COUNT(·), REQUEST-DURATION(·)
R3: How many people and how long will you stay?
U4: We are 4 and will stay for 2 nights, starting from next Sunday
B4: hotel area:north, price range:moderate people:4, duration:2, start:Sunday
A4: INFORM-REFERENCE(·), INFORM-ADDRESS(·)
R4: Booking was successful. Your reference number is AB12 and the hotel is located at king street.
Anything else I can help you with?

In the example, the user’s goal is defined as a set of constraints (informable slots, e.g. price range)
and information needs (requestable slots, e.g. hotel address) that should be satisfied at the end of the
dialog. For accomplishing such goals, ToD systems must be able to solve multiple subproblems (also
see Section 2.1.5): (1) dialog state tracking (DST) (belief states Bi with slot-value pairs, e.g. for area
or price range in the example), (2) dialog action prediction (actions Ai like REQUEST-COUNT(·),
INFORM-ADDRESS(·) in the example), (3) response generation (e.g. asking about the length of
the stay and the number of people in the example, Ri).

Limitations of state-of-the-art. Specialized approaches focus on solving specific problems, e.g.,
amongst others, [Lee et al.(2021)], AG-DST [Tian et al.(2021)], D3ST [Zhao et al.(2022)] focus on
DST, LarL [Zhao et al.(2019)], TCUP [Vlastelica et al.(2023)] concentrate on response generation.
End-to-end systems try to leverage complex models to solve all problems jointly. Modern ToD
systems in that category are based on pre-trained Large Language Models (LLMs) and cast dialog
state, action and response generation into sequence prediction problems. SimpleTOD [Hosseini-Asl
et al.(2020)] was the first approach which successfully applied this paradigm, by training a causal
language model using Supervised Fine-Tuning (SFT). A challenge for ToD systems is the fact that
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Notation Concept

Di ∈ Dx dialog i in training data at iteration x

Dc, Ds set of generated candidate dialogs, successful dialogs
DG ∈ g(Dc) set of candidate dialogs sharing same user goal

Uit, Sit user utterance, system response for turn t in dialog Di

Cit, Bit conversational context, belief state for turn t

Tit = [Ait, Rit] joint prediction of dialog action and response

Table 5.7: Notation for salient concepts in Suit.

ultimate success with respect to the user’s goal is observed at the end of the dialog. While Rein-
forcement Learning (RL) approaches [Zhao et al.(2019), Lubis et al.(2020), Vlastelica et al.(2023)]
optimize for such sparse rewards, most LLM-based systems neglect these signals and only optimize
next turn predictions.

Approach. We introduce Suit (= SUbgoal-aware ITerative Training), an end-to-end ToD system
based on LLMs, which contrary to prior work learns from dialog-level success signals. Due to the
sparseness of these signals, it is unclear which turns, states, actions and responses contribute to the
overall success of the dialog. For instance, the second turn in the previous sample conversation is
irrelevant for the success of the dialog. The user’s goal does not depend on the availability of sights
in close vicinity to the hotel, contrary to the respective price range, which will affect the system’s
success. We aim to identify these important subparts, which we call subgoals, from multiple dialog
variants, generated by an LLM. A naive approach would consider all generations from successful di-
alogs for SFT, or pair all generations from successful with unsuccessful dialogs for preference learning
algorithms, such as RLHF [Ouyang et al.(2022)] or Direct Preference Optimization (DPO) [Rafailov
et al.(2023)]. However, these naive approaches cannot distinguish between subgoals that are relevant
for the final goal from those that are not. We employ distant supervision and counterfactual learning
to identify these subgoals that play a major role in dialog success. Our method is then iteratively
improved using these subgoals as further high-quality training data.

Contributions. This work makes the following contributions:

• An iterative training procedure for LLM-based task-oriented dialog models with automatically
derived training data;

• A distant supervision approach that uses counterfactual learning for finding relevant subgoals
based on dialog-level feedback;

• Experiments demonstrating the superior performance of Suit on a popular ToD benchmark.

5.2.2 The Suit Method

Figure 5.4 provides an overview of the Suit approach and Table 5.7 lists the salient notation. As
input we rely on a ToD dataset D, where each dialog is associated with a user goal. This goal
describes the user’s information need and a set of constraints, that should be fulfilled at the end
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0.  Initial 
SFT

1.  Sample 
Dialogs

SUIT0

SUITx+1

2. Evaluate Success for User Goal

D0

4.  Training 
     (SFT/DPO)

Dx+1

3. Retrieve Relevant Subgoals 
a) Replace a turn with related turns from wrong dialog
b) Create preference pair if dialog success changes 

5.  Check performance and iterate

Bs1: hotel area:north, price range:moderate;
As1: INFORM-COUNT( ), RECOMMEND-HOTEL( )
Rs1: There are 10 moderately priced hotels in the north. I would 
recommend abc hotel which has a 4 star rating. 

Bs3: hotel area: north, price range: moderate;
As3: REQUEST-COUNT( ), REQUEST-DURATION( )
Rs3: How many people and how long will you stay?

Bs4: hotel area: north, price range: moderate;
    People: 4, duration: 2, start: Sunday
As4: INFORM-REFERENCE( ), INFORM-ADDRESS( )
Rs4: Booking was successful. Your reference number is AB12 and the 
hotel is located at king street. Anything else I can help you with?

Us1: I need a hotel in the north of town with a moderate price.

Us4: We are 4 and will stay for 2 nights, starting from Sunday.

Us3: Can you book it now and give me the address and reference 
number please?

Bs2: hotel area: north, price range: moderate;
As2: INFORM-SIGHTS( )
Rs2: No, sights are located in the center only.

Us2: Are there any sights nearby?

USER GOAL
          informable: hotel area: north, pricerange: moderate 
       requestable: book reference, address

USER 
GOAL

Bj3: hotel area:north, price range:moderate;
Aj3:  BOOKING( )
Rj3:  Booking was successful. 

Bo1: hotel area:north
Ao1:  INFORM-COUNT( ), RECOMMEND-HOTEL( )
Ro1:  There are 50 hotels in the north. I would recommend 
hotel superior a well-equipped five-star hotel.

Bu4: hotel area:north, price range:moderate;
    people:4, duration:2, start:Sunday
Au4:  INFORM-REFERENCE( ), INFORM-AREA( )
Ru4:  Booking was successful. Your reference number is 
AB12 and the hotel is located in the beautiful upside area.

Bj2: hotel area:north, price range:moderate;
Aj2:  RECOMMEND-SIGHTS( )
Rj2:  The central gardens are great to visit.

As4 Rs4  >pref 
Au4 Ru4

Bs1  >pref Bo1

As2 Rs2  =pref 
Aj2  Rj2 

As3 Rs3  >pref

 Aj3  Rj3 

Figure 5.4: Overview of training procedure in Suit. Subgoals (Bst or Ast/Rst) in sampled dialogs
that are evaluated as successful (Ds), are replaced with respective parts from wrong dialogs (Do,j,u)
to determine its relevance for dialog success; relevant subgoals are added as further training data.

of the dialog. First, an initial LLM is trained on D with supervised fine-tuning, using turn-level
supervision (Step 0). Then, we sample from this model to create dialog variants for each user goal
in the training data (Step 1). Next, we determine dialog success for the newly created dialogs (Step
2). For each successful dialog, we apply distant supervision to identify subgoals that contribute to
the ultimate success of the dialog, by comparing them with generations coming from unsuccessful
dialogs (more details in Section 5.2.2.2). The subgoals considered relevant comprise further training
samples (Step 3). The Suit approach can apply SFT or preference learning based on a dataset
which pairs subgoals with negative examples from unsuccessful dialogs (Step 4). This procedure is
repeatable by sampling from the newly obtained model once again (Step 5). Using this effective
training paradigm, Suit improves SOTA performance. Compared to prior end-to-end ToD systems,
Suit is not based on model customization and does not require feedback from reward models or
annotators. Any off-the-shelf LLM can be plugged into Suit, which makes it simple to set up and
use. For preference learning, we apply DPO due to its efficiency, low complexity and stable training.

5.2.2.1 Initial LLM-based ToD Model

For each turn index t in a dialog Di, we are given a dialog context Cit = [Ui0, Si0, . . . , Sit−1, Uit]

consisting of the current Uit, and previous user utterances Uijj<t , as well as system turns Sijj<t .
The goal is to train an initial LLM (Suit0) for generating the system turn Sit, which contains belief
states Bit, system actions Ait, and a response Rit. We split the problem into two prediction tasks:

1. We predict the belief state Bit = Suit0(Cit);

2. Actions and responses are jointly generated Tit = Suit0([Cit, Bit]), where Tit = [Ait, Rit];

We prompt the model twice and introduce special tokens [C], [U], [S], [B], [A], [R] to indicate dialog
context, user utterances, system responses, belief states and actions accordingly (see prompts in
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Algorithm 4: Suit Training Approach
Input: dialogs Dx = D, x = 0, user goal partitioning over dialogs g(D), initial model

Suitx, train ∈ {DPO,SFT}, success criteria succ

Output: iteratively improved model Suitx

1 repeat
2 Dc ←

⋃
Di∈D{[Ui0, . . . , S

′
it, . . . , S

′
i|Di|]| S

′
it = [Bit, Tit] ∼ Suitx} (1)

3 Dx+1 ← ∅
4 foreach dialog set with same goal DG ∈ g(Dc) do
5 foreach dialog Ds ∈ DG: succ(Ds) (2) do
6 Dx+1 ← Dx+1 ∪ {(Cst, S

′
st)| (3)

7 ∃Do ∈ DG, S
′
ot ∈ Do : ¬succ(Do)∧

8 ¬succ([Us0, . . . , S
′
ot, . . . , S

′
s|Ds|])}

9 Suitx+1 ← train(Suitx,Dx+1) (4)
10 x← x+ 1

11 until Suitx does not improve (5)
12 return Suitx

Figure 5.5 at the end of this chapter). The model is trained to minimize the negative log-likelihood
over the training dataset. We provide ground truth belief for action and response prediction at
training time. During inference, Suit generates belief states conditioned on input dialog contexts.
Actions and responses are then predicted conditioned on the context and this generated belief.

5.2.2.2 Subgoal Candidate Generation

We split each training dialog Di into all possible dialog contexts Cit and sample a set of k states
Bit, and per state, another k actions Ait and responses Rit from a given Suit model2:

Bit =
k⋃

B∼Suit(Cit)

B, Tit =
k⋃

B∈Bit,T∼Suit(Cit,B)

T (5.5)

Algorithm 4 shows the precise steps of the Suit training loop. We obtain k2 + 1 (including the
greedy model output) candidate dialogs Dc by replacing the turns Sit with samples S′

it (Step (1) in
Algorithm 4 and Figure 5.4).

5.2.2.3 Distant Supervision for Subgoal Detection

We only consider successful dialogs as source of potential training data (Step (2) in Algorithm 4
and Figure 5.4). To determine dialog success, we use the evaluation function from [Nekvinda and
Dušek(2021)] by verifying if both INFORM and SUCCESS metrics are fulfilled after the last turn.
More precisely, a dialog is considered successful if the last offered entity satisfies the user’s goal
constraints and the system mentioned all requestable slots defined in the user’s goal in its response.
In Figure 5.4 and Algorithm 4, dialog Ds is successful. For each successful dialog, we search for
unsuccessful dialogs sharing the same user goal (Step (3) in Algorithm 4, and Dj,o,u in Figure 5.4).

2We enforce that the samples contain greedy generations
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If found, we go over the successful dialogs turn-wise and apply a counterfactual learning strategy:
we replace a state Bst (or action/response, Ast/Rst) with the respective state (action/response) in
the unsuccessful one. After each replacement, we once again evaluate the modified dialog. If the
dialog is now unsuccessful, the replaced subgoal was indeed crucial for making it successful. If the
dialog is still successful, we cannot make any judgment, since the replacement from the unsuccessful
dialog might be correct (there can be correct subgoals in unsuccessful dialogs). Therefore, we sample
replacements from different unsuccessful dialogs to see whether the evaluation changes. Please note,
that we only make one replacement at a time, while the other turns of the successful dialog remain
unchanged. State replacements are done separately, while actions and responses are replaced jointly.
Replacements for a respective turn t come from another dialog (with same user goal) at the same
turn level t. This makes sense in our setup, since samples share the same ground truth dialog context.
Nevertheless, our method is robust to different dialog flows. For high variations in dialog flow, one
could additionally apply a similarity based scoring to find the most suitable turn for replacement
first. Replacing the state at turn 1 in Figure 5.4, as well as replacing action/responses at turn 3 and
4, each change the evaluation of dialog s from successful to unsuccessful, whereas the replacement
with Aj2/Rj2 results in no change. Therefore, Bs1, As3, Rs3, As3, Rs3 are considered as relevant
subgoals and will be used for training, while As2 and Rs2 are not used as training data, since no
replacement was found that has changed the evaluation of the dialog. This procedure creates a small,
high-quality training set, Dx+1 (Step (4) in Algorithm 4 and Figure 5.4), which is dense in samples
that are critical to the final dialog success. For SFT, we use the selected subgoals, while for DPO,
we take the selected subgoals as preferred samples (like Bs1) and the replacements, which made
the dialog change from successful to unsuccessful, as dispreferred samples (like Bo1). In summary,
Suit’s iterative training approach consists of the following steps:

(1) Given an LLM Suitx, generate more dialog variations Dc by sampling;

(2) Evaluate success for all dialogs using the evaluation function from [Nekvinda and Dušek(2021)];

(3) Identify relevant subgoals by replacing successful ones using distant supervision;

(4) Apply SFT or DPO to derive model Suitx+1;

(5) Assess model performance, repeat or stop;

5.2.3 Experimental Setup

Benchmark. We use MultiWOZ 2.2 [Zang et al.(2020)], which is a popular ToD benchmark. It
contains 10k human-human dialogs over 7 domains. For pre-processing we follow the standard ap-
proach for this dataset3. Table 5.8 shows some statistics about it.

Baselines. We compare with state-of-the-art end-to-end systems from the MultiWOZ leaderboard.
Mars [Sun et al.(2023)] uses a contrastive loss to differentiate dialog contexts with the same states
from dissimilar ones. KRLS [Yu et al.(2023)] applies RL with a special reward, sensitive to impor-
tant keywords. DiactTOD [Wu et al.(2023)] uses an action encoder to perform nearest neighbor
search over latent representations of ground truth actions.

3https://github.com/Tomiinek/MultiWOZ_Evaluation/tree/master

https://github.com/Tomiinek/MultiWOZ_Evaluation/tree/master
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# Goals #Turns Avg. #Turns/Dialog

train 8437 56776 6.70

dev 1000 7374 7.37

test 1000 7372 7.37

Table 5.8: Data statistics for the MultiWOZ benchmark (version 2.2.)

Metrics. We follow the standardized evaluation from [Nekvinda and Dušek(2021)] to allow for a
better comparability. A delexicalized BLEU score measures response coherence, while INFORM and
SUCCESS rates express how much a user’s goal is fulfilled at the end of the dialog. It is common
to assess the overall performance with a COMBINED score = BLEU + INFORM+SUCCESS

2 .

Implementation Details. We use an encoder-decoder Flan-T5 large model from Hugging Face4

in our experiments. It is trained for one epoch per iteration. We verbalize states and actions to be
more suitable for generative models. After initial model training (Suit0), Suit models are trained
for up to two rounds of SFT/DPO. As stopping criteria we use the COMBINED score. For efficiency,
we sample half of the user goals in the training data per iteration for creating new dialogs. We use
k = 2 for sampling these new dialogs and additionally take the greedy generation (resulting in k2+1

different dialogs).
For supervised learning, the batch size was set to 2 and learning rate to 5e − 5. The maximal

input length of 512 was used, the maximal target length was 256 and for generation, beam search
with a beam size of 5 was used. We use default parameters when sampling from the model (top-k
was set to 0). For DPO training, we set hyperparameters as follows: β = 0.1, batch size = 2, learning
rate = 1e− 6, warmup steps = 150, maximal input length = 512, and target length = 256.

5.2.4 Results and Insights

5.2.4.1 Key Findings

Table 5.9 shows Suit models, trained for up to two iterations with SFT/DPO. It compares their
performances with competitors and baselines, including models trained for one round with all suc-
cessful dialogs instead of using relevant subgoals only.

Suit improves SOTA performance. Our initial model reaches the highest BLEU score (19.94).
While further iterations decrease this metric slightly, they reach the highest INFORM (90.0), SUC-
CESS (87.1), and COMBINED (105.02) scores and surpass all end-to-end competitors on the Mul-
tiWOZ leaderboard. The decreasing BLEU score is unavoidable. Due to sampling, the generations
may deviate from the fixed reference responses. The responses, however, are still accurate and fluent.
Both training paradigms (DPO/SFT) show improvements. In fact, best results are reached with a
combination (DPO-SFT).

Suit identifies the most helpful training data. Training with all successful dialogs, even
though comprising a much larger set (31586 vs. 4838 for Suit1 and 2493/2166 for Suit2), performs
worse than training with relevant subgoals only. This shows the quality degradation of training

4https://huggingface.co/google/flan-t5-large

https://huggingface.co/google/flan-t5-large
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Method BLEU INFORM SUCCESS COMBINED #samples

Mars 19.90 88.9 78.0 103.4 -
KRLS 19.00 89.2 80.3 103.8 -
DiactTOD 17.50 89.5 84.2 104.4 -

Suit0 (initial SFT) 19.94 80.4 72.5 96.39 -

+ all subgoals (SFT) 19.50 87.0 79.4 102.70 31586

+ all subgoals (DPO) 17.79 86.9 80.6 101.54 31586

Suit1 (SFT) 17.75 89.8 84.0 104.65 4838

Suit1 (DPO) 17.44 88.5 82.7 103.04 4838

Suit2 (SFT-SFT) 15.11 89.7 85.9 102.91 2493

Suit2 (SFT-DPO) 17.17 89.5 84.4 104.12 2493

Suit2 (DPO-SFT) 16.47 90.0 87.1 105.02 2166

Suit2 (DPO-DPO) 16.92 88.8 84.4 103.52 2166

Table 5.9: Suit results compared to other SOTA systems on MultiWOZ 2.2. Suit0 denotes the
initial Suit model, Suit1/Suit2 the model trained for one/two iterations; the used training method
per iteration in (·), either SFT or DPO.

INFORM SUCCESS

Model ↓ / Domain → train attraction restaurant taxi hotel train attraction restaurant taxi hotel

Suit0 94.5 84.3 88.3 100.0 83.0 78.8 68.9 75.3 72.8 74.9

Suit1 (SFT) 92.1 97.5 96.3 100.0 89.8 86.7 85.4 87.2 86.7 83.5

Suit2 (DPO-SFT) 92.3 97.2 96.1 100.0 90.4 86.7 89.4 89.2 89.7 84.0

Table 5.10: Domain-wise results for INFORM and SUCCESS metrics of best Suit model per itera-
tion.

data, when not selecting relevant subgoals carefully and confirms the benefits of Suit’s approach
(Section 5.2.2.2).

Sampling new dialogs greatly improves the initial model Suit0. The INFORM metric
improves from 80.4 to 89.8 and SUCCESS from 72.5 to 84.0 after training for one iteration. A
second iteration further improves SUCCESS from 84.0 up to 87.1. After the second iteration, the
COMBINED score is not increasing any further, thus we stop the training process.

5.2.4.2 In-depth Analysis

Performance improvements of Suit across domains. Table 5.10 shows the domain-wise re-
sults for INFORM and SUCCESS of our best Suit models (per iteration). Suit performs well on
all domains. While results for the train domain are already quite high for Suit0, results of the
other domains are improved a lot over iterations. Especially, there are large jumps for the attraction
domain (INFORM from 84.3 to 97 and SUCCESS from 68.9 to 89.4).

Analysis of Suit’s subgoal selection. Table 5.11 shows some statistics on sampling new dialogs
in Suit. For each iteration, half of the user goals (4218) in the train set are sampled. Then, 5 new
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# Goals # Dialogs # Successful Dialogs per Goal

sampled from # suc. # unsuc. 0 1 2 3 4 5

Suit0 4218 7720 13370 1510 590 599 593 477 449

Suit1 (SFT) 4218 11983 9107 1212 212 248 407 641 1498

Suit1 (DPO) 4218 11831 9259 1278 242 236 356 481 1625

Table 5.11: Sampling statistics for Suit models.

# Goals # Subgoal Samples

sampled from states actions/responses

Suit0 2238 836 4002

Suit1 (SFT) 1461 617 1876

Suit1 (DPO) 1278 746 1420

Table 5.12: Subgoal training data statistics for Suit models.

dialogs are created for each sampled user goal, resulting in 21090 newly generated dialogs in total
(see amount of dialogs evaluated as succ/unsucc in the table). On the right-hand side of Table 5.11,
the number of user goals, for which there were 0/5 successful dialogs, 1/5 successful dialog, ..., up
to 5 out of 5 successful dialogs, is shown. Entries in 1-4, which contain at least one successful and
one unsuccessful dialog, are the candidates used in Suit, since our approach requires comparison
between successful and unsuccessful dialogs for the same user goal.

Table 5.12 shows statistics about the new subgoal-based training data obtained by our ap-
proach. The number of different user goals present in the new train data corresponds to goals
where we could determine relevant subgoals with our method (taken from the candidate pool of
1 − 4 successful dialogs per goal from Table 5.11). This number is split into subgoals represent-
ing states and subgoals representing action/response generations. We also found that the most
relevant turns (turns containing relevant subgoals) are turns 2-5 and that the top-5 relevant dia-
log actions are: INFORM-NAME(·), INFORM-REFERENCE(·), INFORM-PRICE(·), INFORM-
AREA(·), INFORM-PHONE(·).

Table 5.13, at the end of this chapter, shows excerpts from sampled dialogs where Suit detected
relevant subgoals, along with the negative example used for DPO. Highlighted in green, one can see
the relevant information from a subgoal that contributes in reaching dialog success, whereas in red
the information from the unsuccessful dialog is shown, that changed the evaluation of the successful
dialog when used as a replacement.

5.2.5 Related Work

End-to-end ToD Systems. Traditional ToD systems consists of multiple task-specific mod-
els. SimpleTOD [Hosseini-Asl et al.(2020)], the first end-to-end LM-based ToD model, optimizes
all sub-tasks jointly using causal language modeling. Further works uses specialized losses (MT-
TOD [Lee(2021)], Mars [Sun et al.(2023)]) or focus on special encoders (DiactTOD [Wu et al.(2023)])
or learn adapters for the individual tasks (TOATOD [Bang et al.(2023)]). KRLS [Yu et al.(2023)],
CASPI [Ramachandran et al.(2022)], CALM [Snell et al.(2022)] and RewardNet [Feng et al.(2023)]
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apply RL with special reward functions. GALAXY [He et al.(2022)] applies semi-supervised learning
and in [Steindl et al.(2024)] a data augmentation approach by mixing existing dialogs is proposed,
whereas our sampling-based approach additionally enriches lexical variety and carefully selects the
most helpful training data using distant supervision.

Preference Learning for ToD Systems. Reinforcement Learning from Human Feedback (RLHF)
has become a popular paradigm to improve LLM-based models [Kaufmann et al.(2025)]. Prior work
on task-oriented dialogs used preferences for learning reward functions and then apply classical RL
methods to update the model, using the learned reward [Sugiyama et al.(2012), Ramachandran
et al.(2022), Feng et al.(2023), Liu et al.(2025)]. In this work, we contrast successful and unsuccess-
ful subgoals and use Direct Preference Optimization [Rafailov et al.(2023)] for improving our model,
without the need of an explicit reward model and without feedback from users or other systems.

Learning from Dialog-level Feedback. Learning local rewards from global dialog-session based
rewards was explored in [Snell et al.(2022), Hu et al.(2023), Lee et al.(2025)]. Different strategies
are applied to learn from the sparse dialog-level signals: [Hu et al.(2023)] takes future dialog actions
into account to estimate the value of the current one, [Snell et al.(2022)] performs task relabeling to
not only learn from successful but also unsuccessful dialogs, and [Lee et al.(2025)] uses LLMs to de-
compose global, session-level feedback. In contrast, Suit uses distant supervision and counterfactual
learning to determine relevance of intermediate turns.

5.2.6 Conclusion

Suit is an iterative training approach for ToD systems, which couples sampling to derive new
dialogs, with distant supervision and counterfactual learning to determine subgoals that impact
the final dialog success. This coupling enables Suit models to improve dialog success metrics and
advance the state-of-the-art on a popular ToD benchmark.

The Suit method uses sampling to create a variety of surface forms that are candidates for
further training and are scored using delayed, performance-based feedback, just like in Praise.
Yet, the main focus in Praise was to create weakly-labeled training data for intermediate subtasks
for which no supervision data is available. Suit’s counterfactual learning approach rather has the
purpose of filtering/refining training data over multiple iterations: only the sampled generations of
subgoals that matter for dialog success are retained.
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Domain: Hotel
Context: User: Hello! Can you tell me about places to stay in the north area of town? I’ll be
on a business trip, so I do need free wifi. System: I have several options that meet your needs. I
would recommend the Avalon, unless you need free parking.
User: I do not need parking, is the Avalon moderately priced?
Positive Action: booking hotel inform NAME; inform PRICE;
Negative Action: booking hotel inform PRICE; inform AREA; inform COUNT;
Positive Response: NAME is PRICE. would you like me to book it for you?
Negative Response: very good! it is in the AREA and has COUNT stars. would you like me to
book it for you? missing PRICE

Domain: Attraction
Context: User: Hi, I am planning my Cambridge trip and could use some help with a particular
attraction. System: I sure can, what is the name of the attraction you are seeking information
about?
User: I’m looking for tenpin I want the address and entrance fee.
Positive Action: attraction inform ADDRESS; inform PRICE; inform NAME; inform POST;
general
Negative Action: attraction inform AREA; inform PRICE; inform NAME; general
Positive Response: NAME is a nearby attraction, admission is PRICE, and they are located at
ADDRESS, postcode POST. is there anything else?
Negative Response: NAME is in AREA and it’s PRICE to enter. can i help you with anything
else? missing ADDRESS

Domain: Train
Context: ... User: Okay, sounds good. Also I need to get a train from Liverpool street to Cam-
bridge. System: What day would you like to make this trip? Do you have any other specifications?
User: The train should leave after 12:45 and should leave on friday. for 2 people please book.
Positive State: train departure: london liverpool street; destination: cambridge;
Negative State: train departure: cambridge; destination: london liverpool street;
swapped departure and destination

Domain: Restaurant
Context: []
User: I’m looking for a restaurant with Mediterranean food.
Positive Action: booking restaurant inform AREA; inform COUNT; inform FOOD; inform
NAME; inform PRICE;
Negative Action: restaurant inform COUNT;
Positive Response: i have COUNT PRICE FOOD restaurants in the AREA. NAME and NAME.
would you like me to book one for you?
Negative Response: there are COUNT. for booking do you have a preferred information is there
a specific time of the day or time of day you would like to arrive by? noisy/less concrete

Domain: Taxi
Context: User: I am traveling to Cambridge and excited about seeing location attractions. Could
you help me find a place to go, like a college? System: Certainly. I have many available. There is
corpus christi college, fore example ... User: I’m also looking for a hotel in the centre. ... System:
Your booking at university arms hotel was successful with a reference number of S1HTVV32. Is
there anything else I can do for you today?
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User: I need a taxi please between the 2 places. I want to leave the attraction by 2:30.
Positive State: taxi departure: corpus christi; destination: university arms hotel;
leave is 02:30; hotel area: centre; bookday: tuesday; bookstay: 1; name: university
arms hotel; attraction type: college;
Negative State: hotel area: centre; bookday: tuesday; bookstay: 1; name: university
arms hotel; stars: 4; attraction type: college;
Postive Action: taxi inform PHONE; inform TYPE;
Negative Action: taxi request PLACE;
Postive Response: booking completed! booked car type: TYPE contact number: PHONE
Negative Response: sure, i can provide you a car if you like. where are you departing from? info
from context not considered

Table 5.13: Dialog examples with positive/negative subgoals.

Belief state prediction:
Sentence: [C] [U] {user} [U] [S] {system} [S] [U] {user} [U] ... [U] {user} [U] [C]
What can be extracted from this sentence?

Joint action and response prediction:
Get the response for this dialog:
[C] [U]{user}[U] [S] {system} [S] [U] {user} [U] ... [U] {user} [U] [C] [B] {beliefstate} [B]

Figure 5.5: Suit: Prompts for belief state and action/response predictions.
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6.1 Summary

This thesis explores methods that are able to learn from implicit and delayed feedback using rein-
forcement learning for effectively training conversational QA and dialog models. Table 6.2 provides
a summary of the contributions.

In Chapter 3, we presented Conquer, a ConvQA model that learns from implicit user feedback
via reformulations. Conquer is based on the assumption that a user is likely to reformulate their
question after receiving a supposedly wrong system response. We train a classifier to detect if two
questions are reformulations or express different intents. Based on this signal, a reward in the RL
setting is defined as being positive in case of a new intent, and as negative in case of a reformulation.
We detect conversational context entities coming from the current question and the conversational
history and link them to the knowledge graph. These are starting points for RL agents, that predict
which KG paths to take to arrive at an answer, trained using the REINFORCE algorithm. This way,
a similarity function between the user’s request and relevant KG paths is learned. In experiments
with simulated users, Conquer successfully learns from rewards based on reformulations and is
robust to errors from the reformulation predictor and to unexpected user behavior. We also release
ConvRef, a ConvQA benchmark enhanced with reformulations collected in a user study.

In Chapter 4, we presented Reign, an RL-based framework that selects the most helpful question
reformulations as additional training data for an underlying ConvQA model, which can be perceived
as model-specific data augmentation. In contrast to Conquer, reformulations in Reign are system-
generated. We propose a reformulation taxonomy for ConvQA based on string edit distance that
defines basic operations that can be applied to modify conversational questions in a systematic

101
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Conquer (Chapter 3)

• A question answering method that can learn from a conversational
stream in the absence of gold answers;

• An RL model for QA with rewards based on implicit feedback in the
form of question reformulations;

• A reformulation detector that can classify a follow-up utterance as
a reformulation or new intent;

• A benchmark augmented with reformulations for ConvQA over KGs,
with about 205k reformulations for the 11k conversations.

Reign (Chapter 4)

• A novel taxonomy of question reformulations for ConvQA over KGs,
based on string edit distance;

• An RL model with Deep Q-Networks, that selects reformulations of
conversational questions guided towards better QA performance;

• About 335k conversational question reformulations of test cases in
two ConvQA benchmarks, suitable for robust model evaluation;

• The Reign framework with reusable components that judiciously
augments benchmark training tailored to specific ConvQA models.

Praise (Chapter 5.1)

• The Praise architecture for the ConvQA pipeline, with each stage
optimized by learning with weakly-labeled intermediate data;

• A sampling-based technique for automatically deriving preference
data from delayed feedback based on final answers;

• Experiments demonstrating the superior performance of Praise on
a popular ConvQA benchmark.

Suit (Chapter 5.2)

• An iterative training procedure for LLM-based task-oriented dialog
models with automatically derived training data;

• A distant supervision approach that uses counterfactual learning for
finding relevant subgoals based on dialog-level feedback;

• Experiments demonstrating the superior performance of Suit on a
popular ToD benchmark.

Table 6.2: Summary of Contributions.

way. The Reign framework consists of two models. The first model, the reformulation category
selector (RCS), is trained using Deep Q-Learning. It determines based on the input question (along
the conversation history) and the given ConvQA model, which reformulation category to apply.
Reformulation categories correspond to actions and the QA performance is used as reward signal.
The second model, the reformulation generator (RG), generates the reformulation based on the
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selected category. It is trained using noisy distantly supervised data. Finally, the ConvQA model
is trained using benchmark training data augmented with top selected reformulations from Reign.
Experiments show performance improvements for ConvQA models equipped with Reign compared
to their standalone versions. We evaluate robustness to different surface forms by creating a large-
scale set of reformulations for test questions.

In Chapter 5, we presented two methods for learning from delayed feedback for intermediate
subtasks. In Section 5.1, we presented Praise, a pipeline-based ConvQA model that consists of fine-
tuned LLMs for the subtasks of question understanding, evidence filtering and answer generation.
We sample from an initial model and compare each generation with respect to the resulting QA
performance. Samples are preferred that contain the correct answer, generated based on relevant
evidence. This way, weakly-labeled data for question understanding and evidence filtering can
be inferred. Direct Preference Optimization is applied, to learn from contrasting preferred and
dispreferred generations. Experiments show that Praise reaches new state-of-the-art performance
and greatly improves upon the initial pipeline, by reaching improvements for each subtask.

In Section 5.2, we presented Suit, an iterative training approach for LLM-based end-to-end
trained task-oriented dialog models. We also sample from an initial model that was trained using
supervised learning and create multiple dialogs per user goal. The model is improved further, by
training with subgoals that are crucial for making the dialog successful. These relevant subgoals are
obtained with a counterfactual approach, by swapping parts from successful dialogs with unsuccessful
ones, and determining whether this affects the dialog-level success metrics. We then either perform
supervised fine-tuning with relevant subgoals or DPO with contrastive pairs. Experiments show that
Suit reaches new state-of-the-art performance and improves upon the initial model with respect to
the dialog success metrics.

6.2 Discussion

In the following, we reflect on lessons learned in this thesis, and point out limitations.

6.2.1 Lessons Learned

6.2.1.1 Learning from Implicit and Delayed Feedback

In this thesis, we proposed methods that learn from implicit and delayed feedback. We have demon-
strated that these signals can be used effectively for inferring training data for ConvQA and increas-
ing model performance and robustness. Table 6.4 and Figure 6.1 summarize the different types of
feedback used in this thesis, along with the goals that we aimed to accomplish by learning from them.

Conquer’s learning paradigm is broadly applicable (see Chapter 3). Conquer’s learning
approach shares certain properties with the RLHF (Reinforcement Learning from Human Feed-
back) [Ouyang et al.(2022)] paradigm, in which LLM output is scored with a reward function trained
with human preference judgments. The Conquer model also receives rewards for its outputs, where
the reformulation predictor serves as a reward model. In Conquer, the answer correctness is as-
sessed implicitly, based on potential reformulations. The reformulation predictor requires training
data consisting of ⟨question, reformulation⟩ and ⟨question, follow-up question⟩ pairs, while in the
traditional RLHF setting, humans have to rate model outputs explicitly to train a reward model.
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implicit explicit

delayed

immediate
user feedback
system feedback

CONQUER 
(user reformulations)

REIGN 
(QA performance)

PRAISE
(QA performance)

SUIT 
(dialog-level performance)

Figure 6.1: Thesis projects categorized according to the main feedback dimensions: source, expres-
sion and timing.

Model Feedback Feedback Categories Goal

Conquer
question
reformulations

user, implicit, immediate
(multi-step: delayed),
binary

learning in the absence of
gold-labeled annotations

Reign QA performance
system (extrinsic/intrinsic),
implicit, immediate, scalar

estimating reformulation quality
for data augmentation

Praise QA performance
system, implicit, delayed,
comparative

obtaining training data for
intermediate subtasks

Suit
dialog-level
performance

system, implicit, delayed,
comparative

determining relevant subgoals

Table 6.4: Summary of different types of feedback used in this thesis, and what to learn from them.

Relying on user reformulations as feedback signals has the advantage that it does not put any addi-
tional burden on the user, and such reformulations are part of the natural conversation flow.

Implicit performance-based feedback allows finding helpful reformulations in Reign
(see Chapter 4). The Reign framework selects reformulations for which the initial ConvQA model
achieves high answering performance as further training points. This is an implicit feedback, since
achieving good performance with the initial ConvQA model does not directly mean that the refor-
mulation is a valuable data point for further training. In initial experiments, we also considered the
opposite case: selecting challenging reformulations for which the ConvQA model cannot reach the
correct answer, and also mixing easy and challenging cases and applying curriculum learning [Ben-
gio et al.(2009)] to gradually increase difficulty. However, using the reformulations for which the
ConvQA model can reach an answer worked best in practice. One reason might be that the challeng-
ing ones are often noisy: they might lack relevant information, or sometimes reformulation categories
have not been applied correctly. Therefore, the entity linking may already fail, making it difficult
for the later stages in the QA pipeline to reach an answer, even once the ConvQA model is improved
with further training data. Especially these reformulations are helpful, for which the ConvQA model



6.2. Discussion 105

could not find a correct answer for the original question, but for the reformulation. Therefore, our
reward favors reformulations that achieve better performance than the original question.

Suitable question formulations and relevant evidence is learned implicitly in Praise (see
Chapter 5.1). Delayed feedback enables optimizing earlier stages in the pipeline for the later stages.
Question reformulations are tailored to high recall retrieval and good answering performance. For ev-
idence filtering, we only receive feedback for sets of evidence. We can have a mix of truly relevant and
irrelevant evidence snippets per set. Obtaining QA feedback for each evidence in isolation would be
too costly. Correct evidence will appear in more successful than unsuccessful sets, entailing that we
implicitly learn relevant evidence (see retained answer presence in top-k filtered set in Section 5.1.4).

Delayed feedback is successfully attributed to subgoals in Suit (see Chapter 5.2). Swapping
turns from successful dialogs with the ones from unsuccessful dialogs allows us to determine changes
in dialog success. With this counterfactual approach, subgoals that contribute to the overall dialog
success are detected. Focusing on training with these improves performance (see Section 5.2.4).

6.2.1.2 RL for Learning from Feedback

Reinforcement learning is the method to use for sequential decision-making problems with delayed
feedback, while supervised learning would treat each decision in isolation and cannot consider long-
term effects. Therefore, we decided to adopt the RL paradigm for our multi-step problems with
delayed feedback. Table 6.6 provides a summary of the RL representations used in this thesis.

Rewards based on task performance metrics allow for cost-efficient scoring of sampled
experience. Our rewards are based on QA performance in Reign and Praise, and based on dialog
success in Suit. Since we do not evaluate new question intents, but reformulations of question intents
from ConvQA benchmarks, we can make use of ground truth answers for reward calculation. We
also do not define new user goals for task-oriented dialogs, and can automatically evaluate whether
a dialog fulfills a specific user goal.

For Conquer, obtaining rewards is more expensive, since we rely on user reformulations. How-
ever, our trained reformulation predictor is able to provide rewards to our model in an easy manner.

With our defined reward functions, we are able to evaluate environment interactions cost-
efficiently and enable our RL agents to explore many different samples, whether these are different
KG paths, reformulations, generated evidence identifiers or generated dialog turns.

Ensuring stable RL training is challenging. In initial experiments, we tried to learn arbitrary
question modifications in Reign and experienced model degradation. The model overfitted to the
sparse reward signal and learned spurious correlations. We introduced reformulation categories that
form a discrete set of actions. This way, we decreased the size of the search space. This was crucial for
enabling stable training in Reign. For stable training in Conquer, we applied variance reduction
by subtracting a baseline and performed multiple rollouts to get a good estimate of the gradient. In
Praise and Suit, KL regularization was applied in order to prevent the policy from changing too
drastically, and thus, ensuring stability.

Another important factor for RL training is the exploration of the environment. We performed
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Model States Actions Rewards Method

Conquer
conversation
history, question,
context entity

KG path
containing context
entity

−1: reformulation,
+1: new intent

policy-gradient
algorithm
REINFORCE

Reign
conversation
history, question

15 reformulation
categories

difference in
reciprocal rank of
reformulation and
original question

value-based Deep
Q-Learning
algorithm

Praise
conversation
history, tokens
generated so far

all tokens in LLM
vocabulary

P@1 comparisons
between samples

Direct Preference
Optimization

Suit
conversation
history, tokens
generated so far

all tokens in LLM
vocabulary

dialog SUCCESS
metric

Direct Preference
Optimization

Table 6.6: Summary of RL representations used in this thesis.

different strategies, such as entropy regularization in Conquer and different sampling strategies in
Reign and Praise, to achieve this. In Praise and Suit, an important choice was also the number
of training data per subtask and per iteration (for Suit).

More technical details can be found in the respective chapters (see Section 3.7 for Conquer,
Section 4.6 for Reign, Section 5.1.3 for Praise, and Section 5.2.3 for Suit).

6.2.1.3 Training Data Selection in the Presence of Noise

In this thesis, we have seen that in the presence of noise, it is often undesirable to add large amounts
of data: instead we should carefully select data for further training.

The Reign framework selects a subset of reformulations most helpful for the underlying QA
model. In experiments, we show that we obtain worse performance if the training data is augmented
with all generated reformulation variants (see Table 4.7 in Section 4.7). Not all categories result in
meaningful reformulations for a given question. The reformulation generator in Reign was trained
with distant supervision from rule-based annotations, resulting in some noisy generations.

The Suit method learns which subgoals truly matter for the dialog success. Training with all
turns from successful dialogs results in worse performance even though much more training data
is used (see Table 5.9 in Section 5.2.4). Training with irrelevant turns may make the model more
robust to different surface variations, but does not increase dialog success, since irrelevant turns add
noise. Additionally, the approach filters out noise coming from wrong ground truth in the dataset.

6.2.1.4 Conversational Context Understanding

Conversational context entities convey relevant information. In Conquer, we introduced
the notion of conversational context entities, which are entities from the conversational history that
are relevant for the current question. Since traditional NED tools do not work well for the conver-
sational setting [Joko et al.(2021)], we also took the KG neighborhood into account for successfully
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linking context entities to the KG (see Section 3.3). Adding additional context information to the
current question by appending previous turns from the history had no large effect for Conquer,
indicating that these entities convey most relevant information about the user’s information need
in QA over KGs. Adding context entities to the current question was also one of the most popular
transformations selected in Reign (see Figure 4.5 in Section 4.7.2).

Adapting conversational question reformulations to the QA model is better than re-
sembling human-style questions. In Reign we selected reformulation categories based on the
individual question intent as well as the underlying QA model. This showed better performance
compared to other selection choices, such as making questions more complete using insertion opera-
tions (see Line 7, Table 4.7). Question completion and question rewriting approaches, trained based
on human-written reformulations, also showed worse performance (see Lines 10− 11, Table 4.7).

In Praise, we also did not rely on human rewrites: The generated question reformulations are
optimized for retrieval and QA performance. Question reformulations in Praise achieve higher
performance than reformulations from LLMs in few-shot mode (see Table 5.3 in Section 5.1.4).

6.2.2 Limitations

6.2.2.1 Online Feedback

Ideally, we would like to collect feedback in an online manner and continuously improve the model.
However, such data is not available and running a long-term, large-scale user study, spanning sev-
eral months, would be very costly and is out of scope for this thesis. Therefore, we opted for user
simulations and offline feedback in the thesis.

User simulation in Conquer. We simulated user behavior in Conquer, by triggering follow-up
questions and reformulations based on previously collected data in a user study (see Section 3.7).
Real user behavior, in particular with respect to the willingness to reformulate questions after re-
ceiving wrong answers multiple times, might differ from the synthesized user behavior in our study.
Future work could investigate user reformulation behavior for ConvQA further, or incorporate find-
ings from reformulation behavior in Web search. Other implicit signals, such as users abandoning
the conversation after too many system mistakes, could be considered as well.

No interleaved training of model components in Reign. In Reign we evaluated reformu-
lation quality based on the performance of a frozen ConvQA model (initialized with benchmark
training data). Ideally, we would interleave the training of the reformulation category selector and
the ConvQA model to take into account the improved ConvQA model performance for reward cal-
culation. This way, we can take into account if category choices change over time. We opted for a
separate training for better efficiency.

DPO is an offline method. In Chapter 5, we collected and scored model outputs, then we
improved model components further with the newly obtained training data. Future work could
apply DPO with online feedback [Guo et al.(2024)], which allows continuous model training and
avoids the distribution shift that arise from training with offline data.
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6.2.2.2 Entity-centric View

This thesis has an entity-centric view of the nature of conversational questions and answers. We
follow the assumption that realistic user needs revolve around one or a few topic entities which
are explored along related entities throughout a conversation (see introductory examples in Fig-
ure 1.1 and 1.2 and Section 2.1.1). ToD systems also focus on finding entities, such as a specific
hotel or restaurant, that satisfy all user constraints in a dialog [Budzianowski et al.(2018)]. The
ConvQA datasets used in this thesis share this assumption [Christmann et al.(2019), Christmann
et al.(2022b)]. Answers consists of crisp entities, list of entities, or numeric quantities. This affects
the choice of metrics used for evaluation, such as P@1 and MRR. Conquer and Reign both operate
on KGs, for which entity-based answers are very common. Conquer would also work on different
answer granularities when meaningful graph structure is available. When answers are retrieved from
text or when LLMs are used for answer generation as in Praise, we map answers to the closest
corresponding KG entities, to allow for a canonical evaluation. However, this mapping might lead
to some inaccuracies, in particular when comparing with answers generated by LLMs that typically
output sentences or short phrases.

Future work could apply the presented methods to domain-specific data, such as biomedical or
financial data for which entities play an important role. It would also be interesting to explore ap-
proaches on less entity-centric datasets with long-form answers. In this case, it is more challenging
to derive feedback based on answer correctness, since answers are defined less clearly. For example,
considering non-entity-centric conversations evolving around advice or opinion-seeking topics, such
as planning a holiday. Such conversations would be more open-ended than the task-oriented dialogs
we considered in this thesis. However, they would still require factoid information such as available
sights of interest, available tours, distances between places, etc. Measuring dialog success in terms
of user satisfaction is also more challenging than in the traditional ToD setup.

6.2.2.3 Training Overhead

The proposed approaches in this thesis focus on improving models at training time: We were able to
train a ConvQA model without gold-labeled data (see Conquer, Chapter 3) and developed different
methods to improve upon initial models by inferring additional weakly-labeled training data (see
Reign, Praise, Suit, Chapters 4-5). We took several steps for making our approaches efficient.
For example, by applying parameter-efficient fine-tuning to update only a small amount of LLM
parameters for each subtask in Praise (see Section 5.1.3). Nevertheless, the proposed methods
come with additional training costs:

• Training RL models requires substantial interaction data (see Conquer and Reign);

• Multiple models in Reign are trained sequentially, due to their dependencies: First, the RG
model is trained and then applied during RL training of the RCS model. Then, both RG and
RCS models are applied to augment the training data of the ConvQA model, which is then
trained with the enhanced data.

• In Praise and Suit, we create initial models, sample from them to construct further training
data, and then use this data to improve the models further.
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Note that there is no overhead at inference time, the methods are relatively fast (for example,
see runtimes of Conquer in Section 3.8.2 and for Praise in Section 5.1.4).

6.3 Outlook

Beyond conversational context. This thesis focuses on conversations with incomplete follow-
up questions that can only be understood in their conversational context. Nowadays, LLMs can
keep track of conversational context fairly well [Zhao et al.(2023)]. There are further forms of chal-
lenging context understanding, though. One challenge would be to enable long-term interactions,
spanning multiple sessions. Conversational systems would require dedicated memory to remember
crucial information from previous sessions that might be helpful for later interactions. For example,
relevant information could contain information frequently searched by the user. Further forms of
personalization would be possible by storing user profiles with individual preferences, interests, skill
levels or certain important personal events. Harvesting the situational context of the interaction,
such as the user’s location, the device and current time, could also be beneficial to best adapt the
model’s output to the user’s current situation. For example, on phone screens, output should be
very concise. When driving to work, content such as news, weather, traffic situation should be pro-
vided, whereas on weekends latest sport news and information about movies, etc. are more desirable.

Combining different types of feedback. This thesis focuses on implicit and delayed feedback
mechanisms. In Conquer, we explored implicit user feedback, while in the rest of the thesis we
considered feedback based on end-to-end performance metrics. Future work could combine different
types of feedback:

• User feedback is crucial to adapt systems to user needs. Other implicit forms, such as inter-
action frequency and duration, or more explicit cues, such as user satisfaction expressed with
thumbs up/down or “thank you” messages;

• Further implicit feedback that enable automatic evaluations based on system performance,
such as task-completion rate or speed;

• Other system-based feedback from the environment, for example, based on interactions with
other LLMs or agents;

• The model’s intrinsic feedback, for example, based on information gain, or curiosity-driven
rewards [Pathak et al.(2017)] based on prediction errors, in order to focus on shortcomings of
the current model.

These signals greatly vary in availability, frequency, range, expressiveness and noise. Combining
them in meaningful ways is a challenging task.

Reinforcement Learning for LLMs. Reinforcement learning has been applied in this thesis
to learn from different types of feedback. RL has also been successfully used in the context of
LLMs, mainly as a further round of fine-tuning to align its outputs with human preferences [Ouyang
et al.(2022)] and to improve model capabilities. However, model outputs are typically optimized for
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the next turn only. Looking at each turn in isolation may lead to suboptimal conversations. Ideally,
we want to optimize for long-term interaction, for example similar to the work in [Wu et al.(2025)].

Another challenge that arises when evaluating entire dialogs is appropriate credit assignment of
delayed rewards [Harutyunyan et al.(2019)]. In Suit, we aimed to identify turns that contributed
to the final dialog success. However, we did not distinguish between the turns that were considered
relevant. In reality, some user goals might be more important than others and some turns might
fulfill multiple goals. Therefore, not all turns should be treated equally. Performing effective credit
assignment of final rewards to previous steps where not all steps contributed equally, is challenging
but also beneficial so that the model learns to focus on what matters.

This thesis investigated applying reinforcement learning to conversational question answering for
enabling models to learn from implicit feedback. It opens up new avenues for research on learning
from feedback for continuous model improvement.
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