UC San Diego

UC San Diego Electronic Theses and Dissertations

Title
Acquiring, Exploiting, and Suppressing Parametric Knowledge in Language Models

Permalink
btt_ps://escholarship.orq/uc/item/8r5773m6|

Author
Sadeq, Nafis

Publication Date
2025

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/8r5773m6
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA SAN DIEGO

Acquiring, Exploiting, and Suppressing Parametric Knowledge in Language Models

A dissertation submitted in partial satisfaction of the
requirements for the degree Doctor of Philosophy

n

Computer Science

by

Nafis Sadeq

Committee in charge:

Professor Julian McAuley, Chair
Professor Taylor Berg-Kirkpatrick
Professor Zhiting Hu

Professor Jingbo Shang

2025



Copyright
Nafis Sadeq, 2025

All rights reserved.



The Dissertation of Nafis Sadeq is approved, and it is acceptable in quality and

form for publication on microfilm and electronically.

University of California San Diego

2025

il



DEDICATION
To the computer science community that tirelessly advances the field through open-source

collaboration, shared knowledge, and relentless curiosity. This work stands on the shoulders of
those who choose openness over competition and contribution over credit.

v



TABLE OF CONTENTS

Dissertation Approval Page . ........ .. 1ii
Dedication . ... ...t e v
Table of CONENLS . . ..ottt e e e e e e e \'%
List Of FIgures . . . ..ot e e viii
List of Tables . . . ..o ot e X
Acknowledgements . . .. ... e xii
L AP Xiv
Abstract of the DISSertation . .. ....... ...ttt e XV
INtroduction . . .. ... e 1
Chapter 1 Acquiring Parametric Knowledge ........... ... ... ... ... ... .. 5
L1 INtroduction . ... .. ...ttt e 5

1.2 InforMask . ... ..o 7
1.2.1 Informative Relevance ............ ... ... i 7

1.2.2  Scoring Masking Candidates. .......... ... ... ... . ... oo, 9

1.2.3 Token-Specific Masking Rates ............. ... . ... ... ... .... 10

1.3 EXPEriments . . ... ...ttt e e e e e e e e e e 12
1.3.1  Pretraining COrpus . . .. oottt et e e e e 12

1.3.2 Evaluation Benchmarks ........... ... ... ... . . L. 12

1.33  Baselines .. ... 12

1.3.4 Training Details ....... ... ... . i 13

1.3.5 Impact of Masking Strategies ..............c.couiiuiiiininneenn.. 13

1.3.6  Training DynamicCs . . .........oouiiti i 14

1.3.7 Impact on Stop Words and Entities ............................... 15

1.3.8 Impact of Token-Specific Masking Rates .......................... 15

1.3.9 InforMask vs. PMIMasking ........... ... ... .. ... 16

1.3.10 Case Study ......cooiini 17

1.4 ConcCluSION . . ..ottt 19
Chapter 2 Exploiting Parametric Knowledge. ........... ... ... ... ... ... .. 20
2.1 INtrodUCtiON . .. ...ttt e 20
22 TP R A 23
2.2.1 Preference Alignment Corpus .. ..........c.iiuiinnininennenn .. 23

2.2.2  Direct Preference Optimization ................c.oiiiunienneenn.. 24

2.2.3 Text Encoder Fine-Tuning . ......... ... .. ... .. it .. 26



2.2.4 Item Retrieval During Inference . .......... ... .. ... .. .. ... ..... 27

2.3 EXPErIMENts . . . ...ttt et e et e 28
231 Datasels . ..o v vttt 28

2.3.2 Baselines & MetriCs . . . ..o vti it 29

2.3.3 Training Details .......... 31

2.3.4 Recommendation Performance . ............. ... ... .. .. . ... 32

2.3.5 Robustness Analysis ........ ..ot 34

2.3.6 Ablation Study . ....... ... 36

237 Case StudIeS .. ..o vttt 37

2.4 ConClUSION . . ..ot e 38
Chapter 3 Supressing Parametric Knowledge .......... ... ... ... .. ... .. ... 41
3.1 Introduction .. ... 41
3.2 ROIGFaCt .. ..o 44
3.2.1 Intermediate Response Generation..................coviuiinnenn.. 45

3.2.2 Atomic Fact Decomposition ...............c.oiiiiiininennenn.. 46

3.2.3 Atomic Fact Verification .......... ... ... i 46

3.2.4 Self-reflection Update .......... ... .. ... 47

3.3 EXPEIIMENLS . . .o vttt ettt e et e e e e e e e 47
33.1  Baselines ... ..ottt 49

3.3.2 Evaluation Metrics . . ...ttt e 49

333 Results . ... 49

3.3.4 Hyper-parameter Tuning . ............ ...t .. 50

3.3.5 Ablationstudy. . ... 52

3.3.6 Human Evaluation ........... . ... ... . i 53

337 Case Study . ..ot e 53

34 ConcluSion . ... ...t e 54
Chapter 4 Related Work . . .. ..o 59
4.1 Related Work for InforMask. . ... .. .. .. . 59
4.1.1 Random Masking ......... ... 59

4.1.2 SpanMasking . .. ... 59

4.1.3 Entity-based Masking .............. . i 60

414 PMIMasking . .......ouiniii e 60

4.1.5 Knowledge-Enhanced LMs......... ... .. .. ... 60

4.2 Related Work for IPRA . . ... . 61
4.2.1 User Preference Elicitation ........... ... ... .. .. i, 61
4.2.2 Dialogue Strategy for CRSs . ....... .. ... 62
4.2.3 Language Models for CRSs ........ .. ... .. ... 63

4.3 Related Work for RoleFact . ......... ... . 64
4.3.1 Language Models for Role-play .......... ... .. .. .. .. .. ... .. 64
4.3.2 Factuality in Natural Language Generation......................... 65
4.3.3 Retrieval Augmented Methods ........... ... .. .. .. .. ... 65

Vi



Chapter 5

Bibliography

vii



Figure 1.1.

Figure 1.2.

Figure 1.3.

Figure 1.4.

Figure 1.5.

Figure 1.6.

Figure 1.7.

Figure 3.1.

Figure 3.2.

Figure 3.3.

Figure 3.4.

Figure 3.5.

LIST OF FIGURES

The informative scores of randomly sampled masking candidates (s = 4).
[M] denotes the masked tokens. The pretraining objective of the masked
language model (MLM) is to predict the masked tokens based on the context. 5

The PMI matrix of the words in the sentence ‘The dual is between Harry

Potter and Lord Voldemort.” ......... ... . ... i, 8
Macro average MRR of different masking strategies on LAMA, evaluated
every 10K StePS. ..ot e 14
Performance of InformBERT for the full pretraining process. It achieves
comparable performance with BERT-base after 40k training steps and even
RoBERTa-large after 120k training steps. . .. ......ovveneeneennn... 14
Frequency of common stop words and their corresponding masking rates
by InforMask. . .. ... . 16
Comparison between looping the same data and using token-specific mask-
ing rate to approximate the masking decisions. The models are trained for
B POCRS. o 17
Masking rate of selected tokens according to different masking policies. .. 18
Example of cross-universe hallucination (Hiccup should not answer ques-
tions about Hogwarts) and temporal hallucination (Harry should not talk
about the Patronus charm in his first year) in character role-play. ........ 42
Factual precision degrades when we minimize parametric knowledge by
anonymizing the prompts.. ........ .. .. i 43
Factual precision degrades with decreasing character popularity (left to
right), shown for characters associated with the ‘How to Train Your Dragon’
SBIIS. « .\ vttt et e e e e e e e e 43
An overview of RoleFact, which performs parametric and non-parametric
verification of atomic facts........... .. .. 45
Factual precision performance by role popularity (decreasing popularity
left to right, adversarial task, GPT-3.5).......... ... .. .. .. .. ... .. 51

viii



Figure 3.6.  Calibration for confidence threshold (7) and sample size (m) on the vali-
dation set with GPT-3.5. (a,b) shows fact score and SFPR on adversarial
task while (c,d) shows the same on open ended task. The temporal halluci-
nation rates for dialogue completion and scene-grounded tasks are shown

by eand frespectively. . ...... ... 51
Figure 3.7.  Performance of retrieval methods w.r.t number of retrieved documents
(adversarial task, GPT-3.5). ...... ... .. 52

X



Table 1.1.

Table 1.2.

Table 1.3.

Table 1.4.

Table 1.5.

Table 2.1.

Table 2.2.

Table 2.3.

Table 2.4.

Table 2.5.

Table 2.6.

Table 2.7.

Table 2.8.

Table 2.9.

Table 2.10.

LIST OF TABLES
Statistics of LAMA [83] dataset, used for factual knowledge probing. . . ... 10
Statistics of extractive question answering dataset SQuAD v1 and v2 [88, 87]. 10

Performance of different masking strategies and models on LAMA [83].
(a) We compare the models trained with different masking strategies for 3
epochs. (b) We compare InformBERT, a BERT model trained with Infor-
Mask for 40 epochs with BERT and RoBERTa models. ................. 11

Performance of InforMask on SQuAD v1 and v2 [88, 87] development set. 11

Some examples of InformBERT and RoBERTa-base predictions on LAMA
[83]. We show the queries and the ground-truth answers with the model
predictions. We only show the top-3 predictions made by each model. .... 18

Cross-trial robustness issue for a hybrid CRS with GPT-3.5-Turbo [78]
and Text embedding, reported in terms of the coefficient of variation of
reciprocal ranks. .. ... .. 20

Cross-domain generalization issue of a hybrid CRS with GPT-3.5-Turbo
and Textembedding. . ....... ... i e 21

Frequently used notations for IPRA. . ....... .. .. ... ... ... ... ... . ... 23
LLM prompts related to steps in IPRA and dataset construction for GYPhone. 25
Dataset statistics for movie and electronics domain. .................... 29

Performance of IPRA compared to baselines on ReDial, underlined results
outperform all the baselines. .......... ... ... ... .. .. . ... 33

Performance of IPRA compared to baselines on GYPhone, underlined
results outperform all the baselines. ............... ... ... ... ..... 33

Robustness of IPRA compared to baselines on ReDial in terms of CV for
decoding temperature of 0.7, 0.8, and 0.9 for 30 trials per sample. Lower
CV indicates improved robustness. ...............oiiiiiiiiiina.. 35

Robustness of [IPRA compared to baselines on GYPhone in terms of CV for
decoding temperature of 0.7, 0.8, and 0.9 for 30 trials per sample. Lower
CV indicates improved robustness. ..............c.oo ... 35

Ablation Study, shown for [IPRA-Llama with a decoding temperature of 0.7. 37



Table 2.11.

Table 3.1.

Table 3.2.

Table 3.3.

Table 3.4.

Table 3.5.

Table 3.6.

Table 3.7.

Case studies for conversational recommendation performance of IPRA-Llama 39

Factual precision (Fact Score 1) and informativeness (SFPR 1) of RoleFact
on all tasks in the SGR dataset. All results here are produced with BM25
retrieval. ... 47

Temporal hallucination rate (THR |) on scene-grounded interview and
dialogue completion tasks. ......... ... 50

Ablation study of RoleFact on adversarial task using GPT-3.5............ 53

Human ratings for factuality, informativeness, and speaker style similarity
onascale of ONEtOSEVEN . ... ..ottt 53

Role-playing case studies against baselines, hallucinations are shown in red. 55
Role-playing case studies against baselines, hallucinations are shown in red. 56

Role-playing case studies against baselines, hallucinations are shown in red. 57

X1



ACKNOWLEDGEMENTS

All praise is due to Allah, who created me and guided me, and granted me soundness
in health, vision, and hearing. I am grateful to my family members for beautifying my life and
supporting me throughout this journey.

I would like to acknowledge Professor Julian McAuley for sharing his vast knowledge
and experience with me—both regarding the methods of research and the ways to present it—and
for being a constant source of encouragement. His flexible attitude towards research and his
efforts in fostering an excellent environment for collaboration made my PhD journey remarkably
smooth. My heartfelt appreciation goes out to Professor Taylor Berg-Kirkpatrick, Professor
Zhiting Hu, and Professor Jingbo Shang for providing me with indispensable suggestions and
encouragement that helped shape my research.

I am grateful to the amazing collaborators in the McAuley Lab, such as Canwen Xu,
Shuyang Li, Zhouhang Xie, Zhankui He, Ahmad Bin Rabiah, Yu Wang, and Xin Xu. I would
also like to acknowledge the contributions of our industry collaborators, including Jay Kang,
Prarit Lamba, Xiang Gao, Kevin Liu, and Mostafa El-Khamy, for their support and feedback
during internships and collaborative projects.

Chapter 1, in part, is a reprint of material that appears in the paper titled “InforMask:
Unsupervised Informative Masking for Language Model Pretraining” by Nafis Sadeq, Canwen
Xu, and Julian McAuley, which was published in *Empirical Methods in Natural Language
Processing*, 2022. The dissertation author was the lead author of this paper.

Chapter 2, in part, is a reprint of material that appears in the paper titled “Enhancing
Conversational Recommendations via Aligned Intermediate Preference Representations” by Nafis
Sadeq, Zhankui He, Zhouhang Xie, Byungkyu Kang, Prarit Lamba, and Julian McAuley, which
was submitted to the *ACM Conference on Recommender Systems*, 2025. The dissertation
author was the lead author of this paper.

Chapter 3, in part, is a reprint of material that appears in the paper titled “Mitigating

Hallucination in Fictional Character Role-Play” by Nafis Sadeq, Zhouhang Xie, Byungkyu

Xii



Kang, Prarit Lamba, Xiang Gao, and Julian McAuley, which was published in the *Findings of
Empirical Methods in Natural Language Processing®, 2024. The dissertation author was the lead

author of this paper.

Xiii



VITA

2017 B.Sc. in Computer Science and Engineering, Bangladesh University of Engineering
and Technology

2017-2019 REVE Systems

2021 M.Sc. in Computer Science and Engineering, Bangladesh University of Engineer-
ing and Technology

2020-2021 Samsung R&D Institute Bangladesh

2025 Ph.D. in Computer Science, University of California San Diego

PUBLICATIONS

See the full list of publications on my website: https://www.nsadeq.com/.
Nafis Sadeq*, Canwen Xu*, Julian McAuley. “InforMask: Unsupervised informative masking
for language model pretraining”. Empirical Methods in Natural Language Processing, 2022
Nafis Sadeq, Byungkyu Kang, Prarit Lamba and Julian McAuley. “Unsupervised improvement
of factual knowledge in language models". European Chapter of the Association for Computa-
tional Linguistics, 2023
Nafis Sadeq, Zhouhang Xie, Byungkyu Kang, Prarit Lamba, Xiang Gao and Julian McAuley.
“Mitigating Hallucination in Fictional Character Role-Play". Findings of Empirical Methods in
Natural Language Processing, 2024
Nafis Sadeq, Xin Xu, Zhouhang Xie, Julian McAuley, Byungkyu Kang, Prarit Lamba, Xiang
Gao. “Improving In-Context Learning with Reasoning Distillation". Under Review in Confer-
ence on Language Modeling, 2025
Nafis Sadeq, Zhankui He, Zhouhang Xie, Byungkyu Kang, Prarit Lamba and Julian McAuley.
“Enhancing Conversational Recommendations via Aligned Intermediate Preference Representa-
tions". Under Review in ACM Conference on Recommender Systems, 2025

X1V



ABSTRACT OF THE DISSERTATION

Acquiring, Exploiting, and Suppressing Parametric Knowledge in Language Models

by

Nafis Sadeq
Doctor of Philosophy in Computer Science
University of California San Diego, 2025

Professor Julian McAuley, Chair

Parametric knowledge refers to the information stored within the parameters of a lan-
guage model. This is the knowledge the model acquires during pretraining, which allows it to
answer questions, complete tasks, and generate coherent and relevant text—without relying on
external tools or databases. Despite its utility, the parametric knowledge of language models has
limitations. Language models often fail to memorize long-tail facts. Complex systems relying on
parametric knowledge can also suffer from hallucinations, outdated knowledge, and robustness
issues. In this dissertation, we explore pretraining, post-training, and training-free methods to
mitigate such issues related to parametric knowledge.

We propose a novel pretraining strategy using token-level masking rates to improve

XV



factual knowledge acquisition within language models. We demonstrate that aligning language
models to follow reward signals from external components can improve the robustness of hybrid
systems relying on parametric knowledge. While parametric memory plays a critical role in
many tasks, we find that its unrestricted use can lead to hallucinations. We show that the right
combination of parametric and non-parametric fact-checking can significantly mitigate this

problem.

Xvi



Introduction

Parametric knowledge forms the core intelligence of a language model—it’s what enables
the model to understand language, reason, and produce informative responses. While retrieval
and fine-tuning enhance performance, parametric knowledge is the essential engine driving the

model’s default capabilities.

Importance of Parametric Knowledge

Parametric knowledge is important for the following reasons:

Foundation for Generalization Parametric knowledge allows language models to generalize
beyond specific examples seen during training. Instead of memorizing data, the model
captures patterns, associations, and structures of language, enabling it to generate coherent,

contextually appropriate responses to novel inputs.

Task Versatility Many tasks—such as question answering, translation, summarization, or rea-
soning—can be performed without task-specific fine-tuning because the model has ab-
sorbed broad world knowledge and linguistic competence into its parameters. This makes

the model zero-shot or few-shot capable [4].

Inference Time Efficiency Because the knowledge is stored within the model weights, it can
be accessed directly at inference time without external lookups. This allows for fast and
compact reasoning, especially in cases where retrieving from an external database would

be slow or impractical.



Fallback Knowledge Parametric knowledge acts as a built-in knowledge base [83]. Even if
retrieval-augmented tools or external APIs are unavailable, the model can still produce

useful outputs based on what it has encoded internally.

Complement to Retrieval and Tool Use In modern hybrid systems, parametric knowledge
complements retrieval-based or tool-augmented approaches [1]. While retrieval systems
offer up-to-date or niche data, the model’s parametric knowledge can interpret, contextual-

ize, and reason with that data.

Limitations Associated with Parametric Knowledge

While parametric knowledge enables powerful capabilities in modern natural language

processing (NLP) systems, it can also introduce several limitations. Key limitations include:

Forgetting Long-Tail Factual Knowledge

Parametric knowledge often overlooks long-tail facts in the training data. Traditional
masked language modeling (MLM) and causal language modeling (CLM) apply a uniform
masking rate to all tokens. However, this uniform masking is suboptimal, as factually relevant
tokens—such as named entities—are less frequent than stop words in the pretraining corpus.
In Chapter 1, we address this issue in the context of MLMs. We propose InforMask, a new
unsupervised masking strategy for training MLMs that prioritizes factually relevant tokens
during pretraining. InforMask leverages Pointwise Mutual Information (PMI) to select the most
informative tokens to mask. We further introduce two optimizations to enhance InforMask’s
efficiency. With a one-off preprocessing step, InforMask outperforms random masking and
previously proposed strategies on the factual recall benchmark LAMA [83], as well as on the

question answering benchmarks SQuAD v1 [88] and v2 [87].

Stale or Outdated Information
Parametric knowledge is fixed at the time of training. For instance, if a model is trained

on data from 2023, it will not be aware of events or facts from 2024 onward unless it is retrained



or augmented with retrieval tools. This limitation makes models poorly suited for staying current
in fast-changing domains such as e-commerce, news, technology, or medicine. We address this
issue in Chapter 2 in the context of Conversational Recommender Systems (CRSs).

CRSs, which engage users in multi-turn natural language interactions to elicit their
preferences, have benefited from advancements in large language models (LLMs). However,
LLM-powered CRSs also introduce new challenges. The static parametric knowledge of LLMs
cannot keep pace with a large and evolving item space, which limits the capabilities of LLM-
prompting-based CRSs [122].

To mitigate this limitation, some studies have explored hybrid systems that combine
LLMs with separate recommendation modules, where the LLM generates intermediate represen-
tations that drive external recommendation components [21]. However, these hybrid systems
often suffer from inconsistency across multiple trials due to variability in LLM-generated
representations. Furthermore, LLMs’ ability to generate effective preference representations
frequently fails to generalize to new domains.

We propose Intermediate Preference Representation Alignment (IPRA), a method that
applies Direct Preference Optimization (DPO) to the LLM to maximize reward signals from
a content-based recommendation component. This approach aims to generate enhanced in-
termediate preference representations from the dialogue context. In addition, we fine-tune
the content-based recommender to more effectively leverage the LL.M-generated representa-
tions. Experiments demonstrate that this two-way alignment improves the accuracy, trial-to-trial

robustness, and cross-domain generalization of LLM-powered CRSs.

Inaccuracy and Hallucinations

Because parametric knowledge is probabilistic and pattern-based, it can lead to hallucina-
tions—confidently generating false or misleading information that sounds plausible. The model
may blend or distort facts if it has not seen consistent or clear examples in the training data. We

address this issue in Chapter 3 in the context of fictional character role-playing. Role-playing



has wide-ranging applications in customer support, embodied agents, and computational social
science. The influence of parametric world knowledge in large language models (LLMs) often
causes role-playing characters to act out of character and hallucinate information beyond the
scope of their knowledge. In this dissertation, we focus on the evaluation and mitigation of
hallucinations in fictional character role-play. We introduce a dataset containing over 2,000
characters and 72,000 interviews, including 18,000 adversarial questions. We propose IPRA,
a role-playing method that mitigates hallucinations by modulating the influence of parametric
knowledge using a pre-calibrated confidence threshold. Experiments show that the proposed
method improves the factual precision of generated responses by 18% for adversarial questions,

with a 44% reduction in temporal hallucinations for time-sensitive interviews.



Chapter 1

Acquiring Parametric Knowledge

1.1 Introduction

Masked Language Modeling (MLM) is widely used for training language models [15,
68, 58, 86]. MLM randomly selects a portion of tokens from a text sample and replaces them
with a special mask token (e.g., [MASK]). However, random masking has a few drawbacks — it
sometimes produces masks that are too easy to guess, providing a small loss that is inefficient
for training; some randomly masked tokens can be guessed with only local cues [45]; all tokens
have an identical probability to be masked, while (e.g.) named entities are more important and
need special attention [104, 57].

In this chapter, we propose a new strategy for choosing tokens to mask in text samples.

We aim to select words with the most information that can benefit the language model, especially

Thomas Edison was an inventor and businessman. @,
A

Thomas| [M] |wasan| [M] |and businessman. 21.9 Interesting and challenging!

[ ™M || M ]was an inventor and businessman. 717.2 Steve Jobs? Ben Franklin?
Thomas Edison| [M] |]an| [M] |and businessman. 13.4 The first mask is too easy!
Thomas Edison| [M] |an inventor| [M] |businessman. 2.5 Boring! Too easy to guess!

Figure 1.1. The informative scores of randomly sampled masking candidates (s = 4). [M]
denotes the masked tokens. The pretraining objective of the masked language model (MLM) is
to predict the masked tokens based on the context.



for knowledge-intense tasks. To tackle this challenge, we propose InforMask, an unsupervised
informative masking strategy for language model pretraining. First, we introduce Informative
Relevance, a metric based on Pointwise Mutual Information (PMI, 19) to measure the quality of a
masking choice. Optimizing this measure ensures the informativeness of the masked token while
maintaining a moderate difficulty for the model to predict the masked tokens. This metric is
based on the statistical analysis of the corpus, which does not require any supervision or external
resource.

However, maximizing the total Informative Relevance of a text sample with multiple
masks can be computationally challenging. Thus, we propose a sample-and-score algorithm to
reduce the time complexity of masking and diversify the patterns in the output. An example is
shown in Figure 1.1. For training a language model with more epochs, we can further accelerate
the masking process by only running the algorithm once as a preprocessing step and assigning a
token-specific masking rate for each token according to their masking frequency in the corpus,
to approximate the masking decisions of the sample-and-score algorithm. After this one-off
preprocessing step, masking can be as fast as the original random masking without any further
overhead, which can be desirable for large-scale distributed language model training of many
epochs.

To verify the effectiveness of our proposed method, we conduct extensive experiments
on two knowledge-intense tasks — factual recall and question answering. On the factual recall
benchmark LAMA [83], InforMask outperforms other masking strategies by a large margin.
Also, our base-size model, InformBERT, trained with the same corpus and epochs as BERT [15]
outperforms BERT-base on question answering benchmark SQuAD [88, 87]. Notably, on the
LAMA benchmark, InformBERT outperforms BERT and RoBERTa [68] models that have 3 x
parameters and 10X corpus size.

To summarize, our contributions are as follows:

* We propose InforMask, an informative masking strategy for language model pretraining



that does not require extra supervision or external resource.

* We pretrain and release InformBERT, a base-size English BERT model that substantially
outperforms BERT and RoBERTa on the factual recall benchmark LAMA despite having
much fewer parameters and less training data. InformBERT also achieves competitive

results on the question answering datasets SQuUAD v1 and v2.

1.2 InforMask

InforMask aims to make masking decisions more ‘informative’. Since not all words are
equally rich in information [57], we aim to automatically identify more important tokens (e.g.,
named entities) and increase their probability to be masked while preserving the factual hints to
recover them. On the other hand, we would like to reduce the frequency of masking stop words.
Stop words are naturally common in the corpus and they can be important for learning the syntax
and structure of a sentence. However, masked stop words can be too easy for a language model
to predict, especially in later stages of LM pretraining. Thus, properly reducing the masking

frequency of stop words can improve both the efficiency and performance of the model.

1.2.1 Informative Relevance

To generate highly informative masking decisions for a sentence, we introduce a new
concept, namely Informative Relevance. Informative Relevance is used to measure how relevant
a masked word is to the unmasked words so that it can be meaningful and predictable. The
Informative Relevance of a word is calculated by summing up the Pointwise Mutual Information
(PMI, 19) between the masked word and all unmasked words in the sentence. PMI between
two words w; and wy represents how ‘surprising’ is the co-occurrence between two words,

accounting for their own probabilities. Formally, the PMI of the combination w;w; is defined as:

p(wi,w2)

pwi)p(w2) (b

pmi(wy,w;) = log
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Figure 1.2. The PMI matrix of the words in the sentence ‘The dual is between Harry Potter and
Lord Voldemort.’

The PMI matrix is calculated corpus-wise. Note that instead of using bigrams (i.e., two words
have to be next to each other), we consider the skip-gram co-occurrence within a window. The
window size is selected in a way that enables sentence-level co-occurrence to be considered as
well as local co-occurrence.

Maximizing the Informative Relevance enables the model to better memorize knowledge
and focus on more informative words. Since Informative Relevance is calculated between a
masked word and the unmasked words, it also encourages hints to be preserved so that the model
can reasonably guess the masked words. As shown in Figure 1.2, the words inside a named
entity have a high PMI (e.g., ‘Harry-Potter’ and ‘Lord-Voldemort’) while the two closely related
entities also show a high PMI (e.g., Harry-Voldemort). Thus, if we are asked to mask one word,
we would mask “Voldemort’ since it has the highest Informative Relevance with the remaining

words (by summing up the last row or column).



Algorithm 1. InforMask Algorithm

1: D < Set of text
2: s < Size of randomly sampled candidates
3: FY < Informative score for i-th masking candidate for text d

4: ford € D do

5 fori=1,2,...,sdo

6: Generate i-th masking candidate for d
7 Ml-d < Masked Tokens

8 U¢ < Unmasked Tokens

9: Fl«0
10: for w; € M? do
11: for wy € Uid do
12: F = F 4+ pmi(wy,wy)
13: end for
14: end for

15: end for

16: Choose candidate with maximum Fl-d
17: end for

1.2.2 Scoring Masking Candidates

One text sample can have multiple masks. Thus, we define the informative score of a
masking decision as the sum of the Informative Relevance of each masked token. However, given
the PMI matrix, finding the best k words to mask (i.e., the masking decision with the highest
informative score) in a sentence of n words is time-consuming. Iterating all possibilities has
time complexity O(Cfl ). By converting it to a minimum cut problem, the time complexity can be
reduced to O(n?logn) [101], which is still prohibitive in practice.

Therefore, we propose to sample s random masking candidates and then rank them by
calculating their informative scores. As shown in Figure 1.1, we randomly generate four masking
candidates and rank them by their informative scores. We select the candidate with the highest
score. This allows us to make a masking decision with time complexity O(kn). Random sampling
also introduces more diverse patterns for masking, which could help training of language models

and prevent overfitting. This process is illustrated in Algorithm 1.



Table 1.1. Statistics of LAMA [83] dataset, used for factual knowledge probing.

Data Subset  #Relations #Samples

ConceptNet 1 29774
Squad 1 305
GoogleRE 3 4994
TREx 41 34032
Total 46 69105

Table 1.2. Statistics of extractive question answering dataset SQuAD v1 and v2 [88, 87].

Dataset SQuAD vl SQuAD v2
#Examples 108k 151k
#Negative Examples 0 54k
#Articles 536 505

1.2.3 Token-Specific Masking Rates

Algorithm 1 is already usable by processing the input text on the fly. However, to avoid
overfitting, masking should change across epochs. This means we have to run Algorithm 1
every epoch, creating a bottleneck for pretraining. To address this efficiency issue, we use
token-specific masking rates to approximate the masking decisions of InforMask. Specifically,
we generate masks for a corpus using Algorithm 1, and then count the frequency of each token
in the vocabulary to be masked as their token-specific masking rates. Note that in this way,
Algorithm 1 is only executed once, as a prepossessing step. Furthermore, we can use a small
portion of the corpus to calculate the token-specific masking rates, making it even faster.! After

this, we can perform random masking, except that every token has its own masking rate.

IFor the Wikipedia corpus, the average rate of change for token-specific masking rates falls below 0.8% after
processing only 1% of the corpus.
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Table 1.3. Performance of different masking strategies and models on LAMA [83]. (a) We
compare the models trained with different masking strategies for 3 epochs. (b) We compare
InformBERT, a BERT model trained with InforMask for 40 epochs with BERT and RoBERTa
models.

Model #Param. Corpus Size Epochs LAMA [83]
ConceptNet Squad GoogleRE TREx Overall
Random [15] 125M 16 GB 3 0.091 0.124 0.396 0.582  0.549
@ Span [45] 125M 16 GB 3 0.056 0.102 0.377 0.524  0.495
PMI [57] 125M 16 GB 3 0.075 0.115 0.396 0.552 0.522
InforMask 125M 16 GB 3 0.109 0.133 0.410 0.627 0.591
BERT-base 110M 16 GB 40 0.191 0.229 0.340 0.587 0.553
BERT-large 340M 16 GB 40 0.218 0.284 0.354 0.621  0.585
(b) RoBERTa-base 125M 160 GB 40 0.223 0.307 0.423 0.630 0.592
RoBERTa-large 355M 160 GB 40 0.260 0.329 0.435 0.672  0.632
InformBERT 125M 16 GB 40 0.201 0.384 0.509 0.739  0.698

Table 1.4. Performance of InforMask on SQuAD v1 and v2 [88, 87] development set.

SQuAD vl SQuAD v2

Model #Param. Corpus Size Epochs
F1 EM F1 EM

Random [15] 125M 16 GB 3 79.08 69.44 66.48 63.15
@ Span [45] 125M 16 GB 3 78.88 69.04 6495 61.38

PMI [57] 125M 16 GB 3 80.31 70.98 66.25 62.82

InforMask 125M 16 GB 3 80.47 71.41 67.29 63.90
b) BERT-base 110M 16 GB 40 81.07 88.52 72.35 75.75

InformBERT 125M 16 GB 40 81.22 88.61 72.71 75.86
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1.3 Experiments
1.3.1 Pretraining Corpus

Following BERT [15], we use the Wikipedia and Book Corpus datasets available from
Hugging Face [60]. The corpus contains ~3.3B tokens. To be consistent with BERT, we use an
overall masking rate of 15%. The PMI matrix is calculated on the Wikipedia corpus, with a size
of 100k x 100k. Word co-occurrence statistics are computed with a window size of 11. We set
the candidate sampling size per document s to 30. It takes ~4 hours to preprocess and generate

token-specific masking rates on a 16-core CPU server with 256 GB RAM.

1.3.2 Evaluation Benchmarks

To evaluate different masking strategies, we use the LAMA benchmark [83] to test
the knowledge of the models. LAMA is a probe for analyzing the factual and commonsense
knowledge contained in pretrained language models. Thus, it is suitable for evaluating the
knowledge learned during pretraining. LAMA has around 70,000 factual probing samples
across 46 factual relations. A summary of the benchmark is shown in Table 1.1. We use Mean
Reciprocal Rank (MRR) as the metric for factual recall performance.

In addition to the knowledge probing task, we also conduct experiments on real-world
question answering datasets, which requires commonsense knowledge as well. We conduct
experiments on SQUAD v1 and v2 [88, 87] and report the F1 and Exact Match (EM) scores on

the development set. The statistics of the benchmark are shown in Table 1.2.

1.3.3 Baselines

We compare InforMask in two settings: (a) We use the same tokenizer and hyperpa-
rameters to pretrain BERT random masking [15], SpanBERT [45] and PMI-Masking [57] for
3 epochs. The choice of 3 epochs is according to our limited computational budget. (b) We

continue training InforMask until 40 epochs. The 40-epoch model is denoted as InformBERT.
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We compare InformBERT to BERT-base [15], which is trained with the same corpus for 40
epochs as well. We also include results of BERT-large and RoBERTa for reference, though they

are either larger in size or trained with more data and thus are not directly comparable.

1.3.4 Training Details

Our implementation is based on Hugging Face Transformers [118]. We train the baselines
and our model with 16 Nvidia V100 32GB GPU. For our model and all baselines trained, we
use a fixed vocabulary size of 50,265. The model architecture is a base-size BERT model, with
12 Transformer layers with 12 attention heads. The hidden size is set to 768. The overall batch
size 1s 256. We use an AdamW optimizer [70] with a learning rate of 5e-5. Note that we do not
perform any hyperparameter searching or tuning for any model (including InformBERT) given

our limited computational budget.

1.3.5 Impact of Masking Strategies

We conduct a fair comparison among different masking strategies, using the same
tokenization and hyperparameters. As shown in Table 1.3(a), InforMask outperforms other
masking strategies by a large margin on all subsets of LAMA [83]. As shown in Table 1.4(a),
on both SQuUAD v1 and v2 [88, 87], InforMask outperforms other masking strategies. Notably,
PMI-Masking achieves higher performance on SQuAD while underperforming random masking
on LAMA (to be detailed shortly) but our InforMask achieves better results on both of them.

Also, we compare our 40-epoch InformBERT model with BERT and RoBERTa models.
As shown in Table 1.3(b), InformBERT outperforms the BERT model trained with the same
epochs and corpus by 0.145 overall. It also achieves higher performance than RoBERTa-base,
despite being trained with 10% of RoBERTa’s corpus size. To our surprise, it also outperforms
both BERT-large and RoBERTa-large, with only 1/3 parameters. Moreover, InformBERT
outperforms BERT-base for fine-tuning on SQuAD v1 and v2, demonstrating its capability for

downstream question answering, as shown in Table 1.4(b).
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Figure 1.3. Macro average MRR of different masking strategies on LAMA, evaluated every 10k
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Figure 1.4. Performance of InformBERT for the full pretraining process. It achieves comparable
performance with BERT-base after 40k training steps and even RoBERTa-large after 120k
training steps.

1.3.6 Training Dynamics

As shown in Figure 1.3, InforMask demonstrates an outstanding training efficiency.
InforMask outperforms other masking strategies from the beginning of the training process and
keeps the lead through the training. Notably, span masking and PMI-Masking underperform

random masking, indicating their inability on the knowledge-intense task. Span masking also
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significantly underperforms other masking strategies in the early stage of pretraining, suggesting
it may take longer to train the model. For the entire pretraining process, as shown in Figure 1.4,
the model trained with InforMask outperforms BERT and RoBERTa with fewer than ~15% of

the training steps, verifying the efficiency of our masking strategy.

1.3.7 Impact on Stop Words and Entities

As shown in Figure 1.5, without explicitly specifying the stop words, InforMask can iden-
tify the stop words and reduce their probability to be masked. InforMask can also automatically
increase the masking probability of named entities. The average masking probability of named
entities is 0.25 with a standard deviation of 0.07, while the overall masking probability of all
tokens is around 0.15.% This allows the model to focus on more important tokens and maintain

an appropriate difficulty of prediction, facilitating the pretraining process.

1.3.8 Impact of Token-Specific Masking Rates

As mentioned before, the use of token-specific masking rate can enormously save time
and RAM for data processing, as spending hours of processing for each epoch can be infeasible
and becomes a bottleneck for distributed training. Another possible solution is to loop the same
masked data for every epoch. Thus, we conduct an experiment to compare the two solutions:
approximation and repetition. Note that for simplicity, the token-specific masking rate is applied
from the first epoch. As shown in Figure 1.6, our approximation strategy keeps outperforming
the repetition strategy even in the first epoch. As we analyze, this can be attributed to the more
diverse patterns introduced during the approximation. Also, the performance of the model trained
with the repetition strategy converges or even slightly declines after 60k training steps while the

performance of the model trained with approximation keeps increasing.

2We use an off-the-shelf named entity recognition system to verify the effectiveness of our approach only. It is
not a necessary component of the proposed system.
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Figure 1.5. Frequency of common stop words and their corresponding masking rates by
InforMask.

1.3.9 InforMask vs. PMI Masking

PMI Masking [57] uses PMI to mask a span of correlated tokens. A named entity often
constitutes a correlated span and therefore, is more likely to be masked in PMI-Masking. As
mentioned before, we observe that PMI-Masking performs worse than random masking on
LAMA (see Figure 1.3).

To investigate the reason, we compute the individual masking rates of some tokens
according to each masking policy. As shown in Figure 1.7, we can see that PMI-Masking
increases the masking rate of tokens that are part of correlated spans. However, it decreases the
masking rate of tokens that are not within any correlated span, even if that token is a named
entity. Consider the token ‘Airways’ for example. This token may be part of a correlated span
such as ‘British Airways’ or ‘Qatar Airways’. PMI-Masking, therefore, increases the masking
rate of this token compared to random masking. On the other hand, the tokens ‘Colorado’ and
‘Nairobi’, which are unigram named entities, are less likely to be masked, compared to random
masking. Given that the overall masking rate is fixed and PMI-Masking favors correlated spans,

the masking rates of ‘Colorado’ and ‘Nairobi’ inevitably get lower. This can be the reason behind
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Figure 1.6. Comparison between looping the same data and using token-specific masking rate to
approximate the masking decisions. The models are trained for 3 epochs.

PMI-Masking’s failure.

In contrast, InforMask uses PMI to compute the individual Informative Relevance of
tokens. It can increase the masking rate of tokens with high informative saliency, regardless of
whether they are part of a correlated span or not. This helps InforMask achieve superior factual

recall performance.

1.3.10 Case Study

Table 1.5 shows the example knowledge probes and answers produced by InformBERT
and RoBERTa. For the query ‘SpeedWeek is an American television program on [MASK].,
RoBERTa is unable to produce the correct answer in the top-3 predictions. But InformBERT
correctly predicts ‘ESPN’ to be the top candidate. Similarly, InformBERT correctly predicts the
answer ‘bishops’ for the query ‘The chief administrators of the church are [MASK].” RoOBERTa
is unable to predict the answer and produces more generic words such as ‘men’, ‘women’, and
‘Christians’.

We summarize the errors into two notable categories. They are relevant for all the models
involved, not just InformBERT. First, we observe that many errors involve rare named entities.

Some named entities are less frequent so the model is unable to learn anything useful about
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Figure 1.7. Masking rate of selected tokens according to different masking policies.

Table 1.5. Some examples of InformBERT and RoBERTa-base predictions on LAMA [83]. We
show the queries and the ground-truth answers with the model predictions. We only show the
top-3 predictions made by each model.

Query Ground Truth InformBERT RoBERTa-base
Prediction Score Prediction Score
france 0.09 montreal 0.12
Antoine Coypel was born in [MASK]. paris paris 0.08  toronto 0.03
haiti 0.04  paris 0.03
espn 0.20 cbs 0.18
SpeedWeek is an American television program on [MASK]. espn nbc 0.10  cnbc 0.13
mtv 0.09  spike 0.10
microsoft 0.20  intel 0.06
Phil Harrison is a corporate vice president of [MASK]. microsoft ibm 0.15 ibm 0.05
motorola  0.05  microsoft 0.03
french 043  young 0.13
Laurent Casanova was a [MASK] politician. french canadian  0.32  french 0.09
haitian 0.05  successful 0.04
bishops 0.13  men 0.17
The chief administrators of the church are [MASK]. bishops priests 0.07  christians  0.09

appointed 0.06  women 0.08
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them, or they occur so rarely that they do not even appear in the language model vocabulary. We
found that around 19% of the errors made by our model on the LAMA benchmark is associated
with out-of-vocabulary tokens. Second, it is challenging for a language model to predict the
granularity of the fact being asked or distinguish it from an alternate fact that may hold for a
query. For the example query ‘Antoine Coypel was born in [MASK].’, the LAMA dataset has only
one true label ‘Paris’. In this example, InformBERT prefers the name of the country (‘France’)
over the name of a city (‘Paris’). This confusion is related to the granularity of location and both
answers can be considered correct. However, it is being classified as an error because the labels
in the test set are not comprehensive.

Another type of confusion can be found for ROBERTa with the query ‘Laurent Casanova
was a [MASK] politician.”. The model is trying to decide whether to use the adjective ‘young’,
‘French’, or ‘successful’. In theory, these three adjectives may be valid simultaneously for the

same entity. It can be challenging for the language model to pick the expected one in the context.

1.4 Conclusion

In this chapter, we propose InforMask, an unsupervised masking policy that masks tokens
based on their informativeness. InforMask achieves superior performance in knowledge-intense
tasks including factual recall and question answering. We explore the impact of different masking
strategies on learning factual and commonsense knowledge from pretraining and analyze why
previously proposed masking techniques are suboptimal. Future work may involve scaling up
the pretraining and exploring more factors for knowledge acquisition during unsupervised text
pretraining.

Chapter 1, in part, is a reprint of material that appears in the paper titled “InforMask:
Unsupervised Informative Masking for Language Model Pretraining” by Nafis Sadeq, Canwen
Xu, and Julian McAuley, which was published in *Empirical Methods in Natural Language

Processing*, 2022. The dissertation author was the lead author of this paper.
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Chapter 2

Exploiting Parametric Knowledge

2.1 Introduction

CRSs aim to help users find desired items through multi-turn natural language interac-
tions [22]. While some recommender systems perform user preference elicitation via passive
observation of user behaviors (e.g., clicks, ratings) [50, 34], CRSs actively interact with users to
elicit preferences, make recommendations, and refine them based on user feedback expressed
in natural language [64, 125]. CRSs typically consist of two components that work together to
generate responses during a conversation [64, 9, 130]. The first is a recommendation component,
responsible for identifying relevant items based on user history (e.g., dialogue context), and the
second is the conversation component, which generates the text of a natural language question or
response in the conversation.

The recommendation component is expected to incorporate the semantic information from

the dialogue context into the user preference representation for generating recommendations [64,

"We will refer to this model as gpt-3.5-turbo throughout the chapter.

Table 2.1. Cross-trial robustness issue for a hybrid CRS with GPT-3.5-Turbo [78] and Text
embedding, reported in terms of the coefficient of variation of reciprocal ranks.

LLM Decoding Temperature
Model 06 07 08 09 1.0
gpt-3.5-turbo-1106!  1.35 139 1.49 1.67 1.74
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Table 2.2. Cross-domain generalization issue of a hybrid CRS with GPT-3.5-Turbo and Text
embedding.

Domain Hit@l Hit@10 Hit@50

Movie 0.021 0.107 0.228
Electronics  0.010 0.043 0.117

9, 130, 114]. Recent advances in LLMs [79, 6] have revolutionized CRSs because of their strong
ability to understand natural language preference signals [35, 113, 24, 21, 20]. However, the
introduction of LLLMs into CRSs presents new challenges. The static parametric knowledge
of LLMs cannot keep track of a large and evolving item space, which limits the capabilities
of LLM-prompting-based CRSs [122, 36]. To address this issue, some studies have explored
combining LL.Ms with separate recommendation modules, where LLMs produce intermediate
representations to drive the external recommendation components [21, 20, 75].

In this chapter, we aim to address two key challenges associated with such LLM-powered
CRSs. First, LLM-generated representations lack consistency across trials. Given the same
dialogue context, LLMs will generate very different intermediate preference representations
across multiple trials, leading to a large variance in performance. To demonstrate this issue, we
randomly choose 100 samples from the ReDial [64] test set and perform 30 trials for each sample
using an LLM with a content-based recommender baseline. We compute the reciprocal ranks of
the ground-truth item for each trial and report the average coefficient of variation in Table 2.1.
We find that even with low decoding temperatures, the standard deviation of the reciprocal rank
can be as high as 135% relative to the mean, indicating a robustness issue. Second, LLMs’
ability to generate preference representations often does not generalize to new domains. For
example, dialogues related to E-commerce domains such as electronics may be rare in the LLMs’
pretraining corpus compared to more popular domains such as movies. Thus, the LLMs’ ability
to identify item attributes that explain user preference in those domains will be limited, leading
to performance degradation. To study this issue, we have constructed a new CRS dataset in

the electronics domain by fusing YouTube comments about smartphones with corresponding
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GSMArena [27] metadata. We compare the performance of the aforementioned CRS baseline on
the movie and electronics domains in Table 2.2. We find that the same CRS paradigm suffers
from a 49% degradation in hit rate (top-50 recommendations) in the electronics domain compared
to movies.

In this study, we exploit an external content-based recommender as a reward model to
improve the quality and robustness of the intermediate user preference representation generated
by LLMs. We propose IPRA, a weak-to-strong representation alignment method using recom-
mendation as a reward model, which improves both cross-trial robustness and cross-domain
generalization of CRSs. IPRA performs recommendation in two steps: (1) a dialogue-to-
preference step, where an LLM produces an intermediate user preference representation from
the dialogue context, and (2) a preference-to-recommendation step, where a content-based rec-
ommendation module exploits the intermediate preference representation to generate a candidate
recommendation list. During training, we perform multiple trials for the preference generation
step to generate many instances of preference representation. Then, a recommendation module
is used to generate a candidate recommendation for each instance of preference representation.
The reciprocal rank of the ground-truth item in the candidate list is used as a fitness score for
the intermediate preference representation. We use this fitness score to construct a preference
alignment corpus and apply DPO [85] to improve the quality of preference representation. Addi-
tionally, we fine-tune a text encoder as a content-based recommender to find the most relevant
items given the LLM-generated intermediate representations.

Our contributions can be summarized as follows:

* We propose IPRA: a method that aligns the intermediate user preference representation
generated by LLMs to improve accuracy, cross-trial robustness, and cross-domain general-
ization of CRSs. We demonstrate the effectiveness of IPRA using three LLLM backbones

on movie and electronics domains.

* We construct and release GYPhone, a CRS dataset on phone recommendation by fusing
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Table 2.3. Frequently used notations for [PRA.

Notation Description

D CRS dataset with dialogue-recommendation pairs
(di,ri)

D Alignment dataset with preference tuples

5 The set of all target items

d; Dialogue context of the i-th sample

T Ground truth recommendation for the i-th sample

plj Jj-th preference representation for i-th dialogue

clj Candidate recommendations based on preference plj

Ty LLM parameterized by 0 for generating preferences

Thref Fixed reference LLM for baseline probabilities

s(+) Fitness of a preference representation

f() Text embedding function of the shared text encoder

Zpro DPO loss encouraging preference alignment

Lusiplet Triplet loss for text-encoder fine-tuning

YouTube conversations about smartphones with corresponding phone metadata from
GSMArena. GYPhone has 6,860 conversations, 190,854 utterances involving 5,008 users

and 592 items.

2.2 IPRA

Let us assume we have a CRS dataset 21 = {(d;,r;)}}_,, where d; denotes the dialogue
context of the i-th sample, and r; refers to the ground truth recommendation in the next dialogue
turn. Let ¢; be a list of recommendation candidates for the i-th sample. Our proposed method
performs recommendation in two steps: (1) a dialogue-to-preference step, where an LLM
produces an intermediate user preference representation p; from the dialogue context d;; (2)
a preference-to-recommendation step, where an external recommendation module uses the

intermediate preference representation p; to generate the list of candidate recommendations c;.

2.2.1 Preference Alignment Corpus

During training, we perform multiple trials for the dialogue-to-preference step for each

sample to generate m instances of the preference representation. Let plj denote the j-th prefer-
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ence instance for the i-th training sample. We use a recommendation module to generate the
corresponding candidate set clj from the intermediate preference representation. The fitness of
the intermediate representation is calculated by the reciprocal rank of the ground truth recommen-
dation r; within clj . Let s(+) be the fitness score of intermediate representation. Mathematically,

it can be formulated as:
1

s(p]) = ———

rank(r;, c})
Lower ranks correspond to higher positions in the list (i.e., better recommendations), and the
reciprocal rank gives higher weight to correct recommendations ranked nearer the top. To
construct the preference alignment corpus %,, we consider all possible representation pairs such

that the chosen representation has a higher score than the rejected one. Mathematically, it can be

formulated as:

n

7= {(drpl b 1< k< m (o)) > sl ) @

=

2.2.2 Direct Preference Optimization

To align the dialogue-to-preference generation process to achieve better recommendation
outcomes, we define the Direct Preference Optimization (DPO) [85] objective using the pref-
erence alignment corpus %,. For each preference pair ( plj , pf-‘ ), where plj is preferred over pf?
as determined by their fitness scores, we aim to maximize the probability that the LLM assigns
higher preference to plj over pf‘ .

Let my(p; | d;) be the likelihood of generating a preference representation p; given
dialogue context d;, parameterized by 6. We also consider a fixed reference LLM .¢(p; | d;)

that provides baseline generation probabilities. The DPO loss for a single sample in %, is defined
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Table 2.4. LLLM prompts related to steps in IPRA and dataset construction for GYPhone.

Step

Prompt Format

Dialogue-to-
preference

"Given the following dialogue context, generate a summarized one paragraph
description of this user’s preference on <domain>. Try to identify the attributes
this user may like or dislike. Dialogue context: <dialogue_context>"

Preference-to-
recommendation

"Given the user preference description, generate a list of <domain> recom-
mendation for this user. Each <domain> should be separated by newline
character. No other text or description should be present. Dialogue context:
<dialogue_context>"

Dialogue-to-
recommendation

"Given the following dialogue context, generate a list of <N> <domain> rec-
ommendations for this user. Each <domain> should be separated by newline
character. No other text or description should be present. Dialogue context:
<dialogue_context>"

Item Description

"You are given structured item metadata from the domain <domain>, repre-
sented in dictionary format. Your task is to convert this structured data into a
fluent, unstructured passage that describes the item in a natural, engaging, and
informative way. Avoid listing key-value pairs. Instead, write a paragraph (or
more, if necessary) that smoothly incorporates the metadata details. Here is
the item metadata <metadata_dictionary>. Now write an unstructured passage
that describes this item, suitable for use in product descriptions, catalogs, or
narrative content."

Relevance Filter-
ing

"Determine whether the following utterance is relevant to the smartphone
domain. Return ’Yes’ if it is relevant, otherwise return ’No’. Utterance: <utter-
ance>"

Phone Tagging

"Identify all mentions of smartphone names in the following utterance. Return a
list of the mentioned smartphones, or an empty list if none are found. Utterance:
<utterance>"
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as:
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where o (-) denotes the sigmoid function, and 3 is a temperature hyperparameter that
controls the preference intensity. The overall DPO objective is the average loss over all training

preference pairs:

1
Zpro(0) = —

ijk
7 L 4w e

(diap{ap{'()EQZ

This formulation encourages the LLM to assign higher likelihood to preference represen-

tations that lead to better recommendation rankings.

2.2.3 Text Encoder Fine-Tuning

To enhance the effectiveness of the preference-to-recommendation step, we fine-tune the
text encoder used to retrieve items based on the intermediate preference representation p;. The
objective is to ensure that the encoder projects similar dialogue preference and item metadata
pairs close together in the embedding space, while dissimilar ones are projected farther apart. We
formulate the fine-tuning as a metric learning problem using the triplet loss. For each training

instance, we construct a triplet (p;, ;",r;), where:
* piis the LLM-generated preference representation from dialogue context d;,
. r;r is the ground-truth item (positive sample),
e r; is arandomly-selected incorrect item (negative sample).

Let f(-) be the embedding function of the shared text encoder. The triplet loss for one

26



training instance is defined as:
e =max (0, £ (pi) = £ = I (po) = )13+ ) 23)

Here, o is a margin hyperparameter that enforces minimum separation between the
positive and negative distances. The overall training objective minimizes the average triplet loss

over the dataset:
=)
l
ﬁrip]et = r_l Z "E’ﬁriplet
i=1

This objective drives the encoder to produce a shared representation space where rele-
vant items are ranked higher based on their proximity to the LLM-generated user preference
representation. Before encoding item metadata, we convert item descriptions into a passage con-
taining complete sentences instead of directly encoding structured metadata. This helps mitigate
the domain shift of encoded features between unstructured user preference representation and
structured metadata. The conversion is performed by prompting an LLM with structured item
metadata. The relevant prompt is shown in Table 2.4, and the impact of metadata transformation

is shown in Table 3.3 in the ablation study.

2.2.4 Item Retrieval During Inference

During inference, IPRA performs recommendation by retrieving the most relevant items
from the entire item space using the preference representation generated by the LLM. Given a
dialogue context d;, the LLM first produces a preference representation p; during inference. The
retrieval step involves computing cosine similarity between encoded preference representation

f(pi) and the pre-computed embeddings of all items in the corpus:

sim(py, r) = f(pi)- f(r) Vre s

ol 1 )2
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where . is the set of item candidates, and f(-) is the shared encoder used during training. The
top-k items with the highest similarity scores are selected to form the final recommendation list

Ci.
¢i = TopK,c  sim(p;, r)

2.3 Experiments

2.3.1 Datasets

We perform experiments on the movie and electronics product domains. For movie
recommendations, we use ReDial [64]. ReDial has 10k conversations and 182k utterances
involving 956 users. For the electronics domain, we construct our own CRS dataset named
GYPhone by collecting YouTube conversations regarding smartphones from the GSMArena
YouTube channel. The data collection is performed via the YouTube Data v3 API [123]. We
then use GPT-3.5-Turbo to identify and filter out utterances that are irrelevant to the domain. All
smartphone mentions in the conversations are identified by prompting GPT-3.5-Turbo. We then
connect the smartphone mentions in the conversations with corresponding phone metadata from
GSMArena.

In order to tackle the data sparsity issue, we only consider utterances that have more
than five replies as a single conversation. Similarly, we remove all users who have fewer than
five utterances in the dataset. The statistics of the resulting dataset are shown in Table 2.5 in
comparison to ReDial. The prompts related to data processing are given in Table 2.4. The
decoding during data processing was performed with a temperature of 0.7 and top-p of 1.0.

We use 10% of the dialogues from each dataset as the test set and the rest as the training
set. We use 30 trials per training sample to construct the preference alignment corpus for
intermediate representation. All representation pairs that satisfy the condition in Equation 2.1

are added to the alignment corpus. To ensure variety in user preference representation, we use a
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Table 2.5. Dataset statistics for movie and electronics domain.

Attribute ReDial GYPhone
Domain Movie Electronics
# Utterances 182150 190854
# Dialogues 10006 6860
# Users 956 5008
# Items 2460 592

decoding temperature of 1.0 for alignment data generation.

2.3.2 Baselines & Metrics

The following models are used as baselines for the recommendation. We use d2p,
p2r, and d2r to denote dialogue-to-preference, preference-to-recommendation, and dialogue-to-

recommendation modules respectively within the baseline names.

ReDial [64] This baseline first predicts the user sentiment on movies mentioned in the dialogue
context. Then, the sentiment is transformed into movie ratings and used by an autoencoder-
based recommender [95]. The autoencoder is trained using an external user-item interaction

dataset (MovieLens [32]).

KBRD [9] Preference signals from the dialogue context are enhanced with an item-oriented
knowledge graph. A Relational Graph Convolutional Network [94] is trained on an external

knowledge graph (DBpedia [53]).

KGSF [130] Preference signals from the dialogue context are enhanced with both an item-
oriented knowledge graph and a word-oriented knowledge graph. The item-oriented
knowledge graph is trained on DBpedia [53], and the word-oriented knowledge graph is

trained on ConceptNet [100].

UniCRS [114] Contextual word embeddings from RoBERTa [68] are fused with entity embed-
dings trained on DBpedia, and prompt learning is applied to enhance recommendation

performance.

29



Text embedding (d2r) [89] This baseline encodes the dialogue context with a text encoder and
performs a similarity search with encoded representations of item metadata to generate
recommendations. We use the all-MiniLM-L6-v2 model from Siamese-BERT [89] for

encoding both the dialogue and items.

LLM (d2r) [35] The dialogue context is provided to LLMs with a prompt for a zero-shot
recommendation. We evaluate both GPT-3.5-Turbo and GPT-4 in this setting. The prompts

for the direct recommendation baseline are listed in Table 2.4.

LLM (d2r) + Text embedding [113] A few recommendation candidates are generated with an
LLM in a zero-shot manner based on the dialogue context. Then, similar items are retrieved
by comparing the encoded representations of the recommended and target items. We use

OpenAl text-embedding-ada-002 [77] for this baseline, following Wang et al. [113].

LLM (d2r) + MESE [113] This baseline first uses an LLLM to generate item recommendations.
Then, an encoder model is used to retrieve similar items from the dataset based on the
recommended items. Encoder models are fine-tuned in a supervised manner to bridge the

semantic gap between dataset items and those generated by the LLM.

LLM (d2p) + Text embedding (p2r) An intermediate description of user preference is gener-
ated with an LLM based on the dialogue context. Then, similar items in the dataset are
retrieved based on the similarity between the encoded representations of the preference
description and the encoded representations of the target items. We use all-MiniLM-L6-

v2 [89] as the text embedding model for this baseline.

In order to evaluate the recommendation system’s performance, we use the hit rate metric,
denoted as Hit@*k for k = 1,10, 50. To evaluate the cross-trial robustness of the recommendation
system, we compute the average coefficient of variation (CV) of reciprocal ranks across all

samples in the test set, using 30 independent trials per sample. For a given sample i, CV is
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defined as:

CV,= )
Hi
where o; and ; are the standard deviation and mean of the reciprocal ranks across 30 trials for

sample 7, respectively. The average CV over N test samples is then given by:
1 N
A CVv=—) CV,
verage N I; i

2.3.3 Training Details

We experiment with three LLM backbones for the dialogue-to-preference step of IPRA:
Llama-3-8B-Instruct [17], Mistral-7B-Instruct-v0.3 [44], and Qwen2.5-7B-Instruct [3]. We
perform DPO on these models using LoRA adaptation, with a rank of 8 and a scaling factor of
16. The preference intensity hyperparameter § from Equation 2.2 is set to 0.1. We use a learning
rate of 10~ for 4 epochs during alignment, using a batch size of 1 and gradient accumulation
steps of 8. The training is performed using 2 x 48 GB NVIDIA RTX A6000 GPUs for three
days.

For the preference-to-recommendation step, we fine-tune a text embedding model for
content-based recommendation. We use the all-MiniLM-L6-v2 model from Siamese-BERT [89]
to encode both the dialogue context and item metadata. Item descriptions from MovieLens and
GSMArena are used for the movie and phone domains, respectively. To mitigate the domain
shift between unstructured text (i.e., user preference representation) and structured text (i.e.,
item metadata), we augment paragraph-level item descriptions by prompting an LLM with item
metadata. We then fine-tune the text embedding model to maximize the text embedding similarity
between ground truth items and the corresponding dialogue context. We fine-tune using a triplet
objective for 10 epochs with a batch size of 16. We use the Adam optimizer with a learning
rate of 2e-5. The negative dialogue-item pairs for the triplet objective are picked randomly. The

margin hyperparameter & in the triplet objective is set to 1.0 (Equation 2.3).
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2.3.4 Recommendation Performance

Tables 2.6 and 2.7 summarize the recommendation accuracy of IPRA across two datasets:
ReDial and GYPhone, using standard Hit@K metrics. Several core findings emerge from our
analysis:

1. IPRA consistently outperforms both LL.LM-only and hybrid baselines. Across
both domains and all evaluation thresholds, IPRA demonstrates significant improvements over
legacy CRS models, direct generation approaches using LL.Ms, and modular hybrid baselines.
On ReDial, IPRA-Llama achieves a Hit@50 of 0.468, outperforming the best legacy baseline
(UniCRS at 0.394) and more than doubling the score of an equivalent hybrid setup (Llama-3-8B +
Text embedding at 0.221). Relative to LLM-only methods, the improvements are also substantial,
with gains of 97% over GPT-3.5-Turbo and 89% over GPT-4.

2. Strong performance in electronics. In the more challenging GYPhone dataset, [IPRA
continues to lead. IPRA-Mistral achieves a Hit@50 of 0.402 with a relative improvement of
232% over the equivalent hybrid baseline (Mistral-7B + Text embedding at 0.121). The relative
improvements over the LLM-only baseline with GPT-3.5-Turbo and GPT-4 are 189% and 144%,
respectively. The results underscore the adaptability of our approach across diverse content
types.

3. Better generalization across domains. Transitioning from movies to electronics
typically results in significant performance degradation for baseline models. For instance, LLM
+ Text embedding baselines show a relative drop in Hit@50 of 43%, 51%, and 45% for the
LLaMA, Mistral, and Qwen backbones, respectively. In contrast, IPRA exhibits much smaller
declines—only 16%, 17%, and 17% for the same models—demonstrating more robust generaliza-
tion. This resilience is primarily attributed to two components: intermediate preference alignment

and text encoder fine-tuning. This is demonstrated by the ablation study in Section 2.3.6.
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Table 2.6. Performance of [IPRA compared to baselines on ReDial, underlined results outperform
all the baselines.

Method Hit@l Hit@10 Hit@50
ReDial 0.024 0.140 0.294
KBRD 0.032 0.153 0.339
KGSF 0.039 0.183 0.378
UniCRS 0.045 0.203 0.394
Text embedding (d2r) 0.019 0.084 0.190
gpt-3.5-turbo (d2r) 0.017 0.140 0.237
gpt-4 (d2r) 0.019 0.143 0.248
gpt-3.5-turbo (d2r) + Text embedding 0.020 0.157 0.284
gpt-3.5-turbo (d2r) + MESE 0.040 0.174 0.365

gpt-3.5-turbo (d2p) + Text embedding (p2r)  0.021 0.107 0.228
Llama-3-8B (d2p) + Text embedding (p2r) 0.022 0.103 0.221
Mistral-7B (d2p) + Text embedding (p2r) 0.025 0.121 0.246
Qwen2.5-7B (d2p) + Text embedding (p2r) 0.026 0.120 0.231

IPRA-Llama 0.050 0.228 0.468
IPRA-Mistral 0.047 0.243 0.482
IPRA-Qwen 0.044 0.238 0.466

Table 2.7. Performance of IPRA compared to baselines on GYPhone, underlined results
outperform all the baselines.

Method Hit@l Hit@l0 Hit@50
Text embedding (d2r) 0.012 0.039 0.134
gpt-3.5-turbo (d2r) 0.013 0.052 0.139
gpt-4 (d2r) 0.012 0.059 0.165
gpt-3.5-turbo (d2r) + Text embedding (12r) 0.015 0.061 0.158
gpt-3.5-turbo (d2r) + MESE (r2r) 0.031 0.104 0.210

gpt-3.5-turbo (d2p) + Text embedding (p2r)  0.010 0.043 0.117
Llama-3-8B (d2p) + Text embedding (p2r) 0.012 0.044 0.125
Mistral-7B (d2p) + Text embedding (p2r) 0.010 0.045 0.121
Qwen2.5-7B (d2p) + Text embedding (p2r) 0.009 0.045 0.127

IPRA-Llama 0.072 0.148 0.390
IPRA-Mistral 0.066 0.145 0.402
IPRA-Qwen 0.078 0.144 0.388
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2.3.5 Robustness Analysis

Tables 2.8 and 2.9 present a comparative robustness evaluation of [IPRA against various
baseline models on the movie and electronics domains. Robustness is quantified using the CV
over 30 independent trials across three decoding temperatures (0.7, 0.8, and 0.9). Several key
observations emerge:

1. IPRA outperforms LLM-only baselines in robustness. Across both domains and
all temperature settings, [IPRA models demonstrate substantially lower variability compared to
direct generation-based methods such as GPT-3.5-Turbo and GPT-4. For instance, on ReDial at
the temperature of 0.9, IPRA-Mistral reports a CV of 0.40, significantly outperforming GPT-4
(1.13) and GPT-3.5-Turbo (1.09). This indicates that [IPRA produces more consistent outputs,
making them more stable choices for real-world conversational recommendation tasks.

2. IPRA shows enhanced robustness over equivalent content-based hybrid baselines.
Compared to Llama-3-8B combined with content-based rerankers such as text embedding models,
IPRA-Llama achieves markedly lower variability. For example, on ReDial at the temperature
of 0.8, IPRA-Llama achieves a CV of 0.39 compared to 1.48 for the Llama-3-8B hybrid,
highlighting the advantage of tightly integrating personalization with generation within [PRA
rather than relying on decoupled reranking.

3. Impact of decoding temperature. All models, including baselines and IPRA variants,
exhibit increased variability with higher decoding temperatures. However, IPRA models are
significantly less sensitive to temperature changes. For instance, on ReDial, the CV of GPT-4
increases from 0.83 to 1.13 as the temperature increases from 0.7 to 0.9, whereas IPRA-Mistral
only increases modestly from 0.35 to 0.40. This suggests better control over stochastic generation,

likely due to the representation alignment paradigm of IPRA.
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Table 2.8. Robustness of IPRA compared to baselines on ReDial in terms of CV for decoding
temperature of 0.7, 0.8, and 0.9 for 30 trials per sample. Lower CV indicates improved robustness.

Method T=07 T=08 T=09
gpt-3.5-turbo (d2r) 0.82 0.98 1.09
gpt-4 (d2r) 0.83 1.02 1.13
gpt-3.5-turbo (d2r) + Text embedding (r2r) 1.20 1.23 1.31
gpt-3.5-turbo (d2r) + MESE (r2r) 1.15 1.17 1.21
gpt-3.5-turbo (d2p) + Text embedding (p2r) 1.39 1.49 1.67
Llama-3-8B (d2p) + Text embedding (p2r) 1.40 1.48 1.63
Mistral-7B (d2p) + Text embedding (p2r) 1.42 1.51 1.63
Qwen2.5-7B (d2p) + Text embedding (p2r) 1.39 1.49 1.59
IPRA-Llama 0.38 0.39 0.41
IPRA-Mistral 0.35 0.36 0.40
IPRA-Qwen 0.36 0.38 0.39

Table 2.9. Robustness of IPRA compared to baselines on GYPhone in terms of CV for decoding
temperature of 0.7, 0.8, and 0.9 for 30 trials per sample. Lower CV indicates improved robustness.

Method T=07 T=08 T=09
gpt-3.5-turbo (d2r) 0.75 0.76 0.83
gpt-4 (d2r) 0.84 0.95 1.08
gpt-3.5-turbo (d2r) + Text embedding (r2r) 1.30 1.32 1.35
gpt-3.5-turbo (d2r) + MESE (r2r) 1.25 1.31 1.34
gpt-3.5-turbo (d2p) + Text embedding (p2r) 1.42 1.58 1.81
Llama-3-8B (d2p) + Text embedding (p2r) 1.45 1.60 1.78
Mistral-7B (d2p) + Text embedding (p2r) 1.44 1.60 1.80
Qwen2.5-7B (d2p) + Text embedding (p2r) 1.50 1.58 1.75
IPRA-Llama 0.45 0.46 0.50
IPRA-Mistral 0.42 0.45 0.49
IPRA-Qwen 0.48 0.52 0.53
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2.3.6 Ablation Study

To assess the contribution of each feature in IPRA, we conduct an ablation study by
selectively removing three features: intermediate representation alignment, text encoder fine-
tuning, and item metadata transformation via LLM-augmented passages. Table 2.10 summarizes
the impact of the modifications on accuracy (Hit@50) and robustness (CV) of IPRA-Llama on
two domains.

Intermediate representation alignment. When we use a frozen LLM for the dialogue-
to-preference step, the impact of aligning the intermediate user preference representation is
removed. As shown in Table 2.10, this leads to the most significant performance degradation
across both domains. In the movie domain, Hit@50 drops from 0.468 to 0.374 (20%), and in
electronics, from 0.392 to 0.205 (47%). Moreover, we find that preference alignment is the
only feature significantly affecting robustness of the system. Without preference alignment,
robustness suffers significantly, with CV increasing from 0.38 to 1.35 for movies and from
0.45 to 1.42 for electronics. Additionally, we find that the performance drop is more prominent
for the electronics domain compared to movies, highlighting the importance of alignment in
cross-domain generalization of CRSs. These results highlight that aligning LLM-generated user
preference representation is the most important feature for performance, cross-trial robustness,
and cross-domain generalization of IPRA.

Text encoder fine-tuning. Freezing the text encoder removes the adaptability of [IPRA
to domain-specific item representation. While the performance drop is significant, with Hit@50
dropping to 0.386 (17%) for movies and 0.291 (26%) in electronics, it is slightly less compared
to the frozen LLMs scenario. Robustness deteriorates slightly, with the CV increasing from 0.38
to 0.41 for movies and 0.45 to 0.49 for electronics. These findings show that fine-tuning the text
encoder has minimal impact on robustness. While this feature has an impact on recommendation
accuracy, the impact is secondary to intermediate representation alignment.

Item descriptions. Replacing the passage-style item descriptions with structured meta-
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Table 2.10. Ablation Study, shown for [IPRA-Llama with a decoding temperature of 0.7.

Domain LLM Text Encoder Item Metadata Hit@50 CV

Aligned Fine-tuned Unstructured  0.468 0.38
Frozen  Fine-tuned Unstructured 0.374 1.35

Movie Aligned Frozen Unstructured ~ 0.386  0.41
Aligned Fine-tuned Structured 0.415 0.38
Aligned Fine-tuned Unstructured ~ 0.392 0.45
Electronics Frozen  Fine-tuned Unstructured  0.205 1.42
Aligned Frozen Unstructured  0.291 0.49
Aligned Fine-tuned Structured 0.335 0.46

data leads to reduced accuracy—Hit@50 drops to 0.415 (11%) in the movie domain and 0.335
(14%) in the electronics domain. This shows that domain shift between the encoded repre-
sentation of unstructured preference representation and structured item metadata may hurt

recommendation performance.

2.3.7 Case Studies

Table 2.11 shows two case studies, one from each domain. Each case is shown with
the corresponding dialogue context, ground truth item title, item description, user preference
description, and ranking for both the baseline and proposed methods.

In Case Study 1, the user expresses interest in several movies featuring Leonardo
DiCaprio. The baseline model Llama-3-8B identifies this preferred attribute but fails to identify
other underlying attributes such as compelling storytelling. The IPRA-Llama model correctly
identifies both user-preferred attributes that have potential overlap with the ground truth item
description and, therefore, is more likely to rank the ground truth movie higher. Indeed, we find
that the baseline model fails to rank the ground truth movie within the top 50 recommendation
candidates, while the IPRA ranks the ground truth within the top 20.

In Case Study 2, the user articulates a preference for practical, well-rounded smartphones
delivering flagship-like features at a mid-range price. While the baseline model recognizes the

importance of the mid-range price, it fails to connect these needs to the item-level attributes.
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In contrast, the IPRA-Llama explicitly extracts the user’s preference for flagship-level features,
mid-range pricing, and value-for-money—all of which are prominently aligned with the ground
truth description of the item. The IPRA model enables the item to be ranked much higher (rank
15 versus rank 39).

The case study demonstrates the proposed method’s ability to align user preference
descriptions that have higher overlap with ground truth features. This also highlights the
potential utility of [IPRA in cross-domain generalization. Even if the base LLM does not initially
prioritize the domain-specific attributes off the shelf, the reward signal from the recommendation
module can bias the aligned LLM to prioritize the best attributes during alignment. Therefore,
IPRA can generalize to a new domain as long as the domain-specific attributes are discussed in a

large pool of candidate preferences.

2.4 Conclusion

In this chapter, we propose IPRA, a two-step conversational recommendation approach
where the LLMs generate an intermediate user preference representation, which is then used by
a content-based recommendation module for the final recommendation. The LLMs are aligned
using DPO to generate a preference representation that maximizes the reward provided by the
recommendation module. For content-based recommendation, we fine-tune a text embedding
model with a triplet objective to ensure items relevant to LLM-generated preference represen-
tations are ranked higher. Experiments show that the proposed method improves the accuracy
and robustness of CRSs compared to LLM-only and hybrid baselines. IPRA also demonstrates
improved generalization to challenging domains such as electronics. IPRA provides a generic
paradigm that can be adapted to accommodate multiple recommendation modules and metrics
for preference alignment. For example, we can incorporate a sequential recommender module
instead of a content-based one if the use case is sensitive to item interaction sequence. Similarly,

we can adopt recommendation diversity or serendipity as a reward signal instead of maximizing
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Table 2.11. Case studies for conversational recommendation performance of IPRA-Llama

Dialogue Ground Truth Llama-3-8B IPRA-Llama
Case Study 1 Title: The Revenant (2015) Ground Truth Rank: Ground Truth Rank:
N/A 18

Expert: Hello, how are ou? Description: "The Revenant" Preference: The Preference: This
Seeker: Hi how are you? is a 2015 epic survival user has a preference user seems to have
Seeker: I'm great thank you! drama film directed by for movies starring a strong preference
Expert: T am well, looking Alejandro Gonzdlez Ifdr- Leonardo DiCaprio, for movies featuring
for a good movie? ritu, known for his visually particularly enjoying Leonardo DiCaprio, en-
Seeker: Yes I am... stunning and emotionally his performances in joying his performances

Seeker: I love Leonardo Di-
caprio movies like The Basket-
ball Diaries (1995)

Seeker: Also The Good Son
(1993) I believe that was with
him and Robert Dinero
Expert: Have you seen Incep-
tion (2010) ?

Seeker: I think he can do no
wrong lol

Expert: Have you seen Incep-
tion (2010)

Seeker: Also really enjoyed
The Wolf of Wall Street
(2013)

Seeker: Omg yes! I love that
movie!

resonant storytelling ... the
plot follows Hugh Glass, por-
trayed by Leonardo DiCaprio
in an Oscar-winning perfor-
mance, as he embarks on a
harrowing journey of survival
after being left for dead by
his expedition team following
a brutal bear attack. Tom
Hardy plays John Fitzgerald,
a fellow frontiersman ... "The
Revenant" is acclaimed for its
breathtaking cinematography
by Emmanuel Lubezki, which
captures the raw and unforgiv-
ing beauty of the wilderness

"

The Basketball Diaries
(1995) and The Good
Son (1993). They also
appreciate  his  role
in Inception (2010)
and The Wolf of Wall
Street (2013). It seems
that the user enjoys
psychological thrillers,
intense dramas, and
movies with complex
and dynamic characters,
as well as appreciating
DiCaprio’s acting
abilities. They may not
be a fan of lighthearted
or comedic films.

in films such as The
Basketball Diaries, The
Good Son, Inception,
and The Wolf of Wall
Street. They appreciate
the range of roles he
takes on and seem to
enjoy movies with com-
plex plots and intense
characters. It seems
that they are drawn
to movies with strong
performances and
compelling storytelling.

Case Study 2

User 1: To those comment-
ing about getting a better de-
vice for this price. Remember,
its not always about hardware.
The balance is there and i have
been using this device for a
couple days now and i have
to say its a great device for
the average user. Software is
packed with almost all the fea-
tures as the flagship devices.

Title: Samsung Galaxy A56

Ground Truth Rank:

Ground Truth Rank:

5G 39 15

Description: The Samsung Preference: The user Preference: The user
Galaxy A56 5G ... brings a is more focused on the values a well-balanced
flagship-like experience to the overall usability and bal- smartphone that of-
mid-range market, offering ance of a smartphone fers flagship-level

premium features at an afford-
able price. It sports a 6.7-inch
Full HD+ Super AMOLED
display with a 120Hz refresh
rate ... powered by the ef-
ficient Exynos 1580 chipset

camera system includes
a SOMP main sensor ... for
sharp selfies. A generous
5,000mAh battery supports
45W fast charging ...

rather than its hardware
superiority. They favor
a mid-range device that
caters to the average
user with stable perfor-
mance and intuitive soft-
ware features, even if
it doesn’t compete with
flagship specs. Their
main concern is the day-
to-day experience ...

software features at a
mid-range price. They
prioritize a smooth
and comprehensive
software  experience
that mirrors high-end
devices ... they appre-
ciate value-for-money
products ...
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the reciprocal rank of the ground truth item. We leave this for future research.

Chapter 2, in part, is a reprint of material that appears in the paper titled “Enhancing
Conversational Recommendations via Aligned Intermediate Preference Representations” by Nafis
Sadeq, Zhankui He, Zhouhang Xie, Byungkyu Kang, Prarit Lamba, and Julian McAuley, which
was submitted to the *ACM Conference on Recommender Systems*, 2025. The dissertation

author was the lead author of this paper.
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Chapter 3

Supressing Parametric Knowledge

3.1 Introduction

The performance of LLMs on simple downstream tasks such as question answering [87],
text classification [109], natural language understanding [37], etc. has improved significantly [4,
6], prompting the question whether they can perform more complex agent level tasks such human
simulacra [81], tool use [93], and role-playing [97]. Role-playing aims to enable an Al system to
impersonate a domain expert [119], companion for psychological support [106], or a fictional
character [111] by mimicking their knowledge, personality traits, and speaker style. Applications
of role-playing include customer support [99], embodied agents [41], and computational social
science [132]. While LLMs like GPT-4 [76], Gemini [26], Llama-3 [73] demonstrate some
role-playing capabilities, the role-playing agent often hallucinates when asked about things that
should be outside of their knowledge base [97].

Hallucination remains a challenge for most LLM-based systems [28]. While retrieval
augmented generation (RAG) [47, 59] may mitigate some hallucination induced by outdated
knowledge in language models [98], it cannot guarantee that most claims made by the system are
supported by a non-parametric knowledge base [1]. Learning to improve character role-playing
methods so that the responses are verifiable by a story-specific script serves as a case study that
can help mitigate hallucination for the RAG paradigm in general.

LLMs are pretrained on a large corpus of internet data and their vast parametric knowledge
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HICCUP 1st Year HARRY

During your time
studying at Hogwarts,
which spell did you find
most useful for dragon
fraining?

Can you describe your
most memorable
moment at Hogwarts?

N\

Well, there have been a lot of memorable
moments at Hogwarts, but one that stands
out for me is when | produced a fully-
formed Patronus to ward off Dementors.
it reminded me of the power of love and
happiness in the face of darkness.

Oh, well, I think the spell that | found most
useful for dragon training at
Hogwarts would have to be the Fire-
Making Spell. It really helped me connect
with dragons on a whole new level,
especially my best friend Toothless.

Figure 3.1. Example of cross-universe hallucination (Hiccup should not answer questions about
Hogwarts) and temporal hallucination (Harry should not talk about the Patronus charm in his
first year) in character role-play.

helps them perform a diverse range of tasks [84, 4]. However, the parametric knowledge of LLMs
makes the role-playing character vulnerable to out-of-character behaviors and hallucinations [97].
A role-playing character may hallucinate about things that are outside of their story-line (e.g.
Hiccup from ‘How to Train Your Dragon’ talking about learning a fire-making spell at Hogwarts)
or demonstrate knowledge of events ahead of time (Harry Potter as a first-year Hogwarts
student talks about producing the Patronus charm). A role-playing character should be able to
demonstrate a lack of knowledge about things that are not supported by a story-specific script
or knowledge outside of a relevant temporal window in case of time-sensitive role-play. One
approach to achieve this is to strictly remove parametric knowledge from the response and solely
rely on non-parametric retrieved knowledge. However, this approach degrades informativeness
and it can even hurt factual precision. This is shown in Figure 3.2 where we anonymized the
prompts to minimize the role of parametric knowledge. We argue that an ideal role-playing
approach should modulate the influence of parametric knowledge to find the balance between
factuality and informativeness.

Prior methods of role-play mostly rely on role-profile prompting [111] and knowledge
retrieval in a time-agnostic fashion [61]. These approaches heavily depend on parametric

knowledge of LLMs which leads to hallucinations and poor performance for less popular
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for characters associated with the ‘How to Train Your Dragon’ series.
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characters (shown in Figure 3.3). Currently, a major challenge for studying hallucination in
character role-play is the lack of a suitable dataset. The lack of a dataset forces researchers
to rely on a rating-based evaluation of hallucination [97, 71] which is highly subjective. Prior
datasets in the role-play domain are insufficient for studying time-sensitive character role-play or

hallucination for less popular characters. Our contributions are as follows:

* We release a dataset for Script Grounded Character Role-play (SGR) that includes more
than 2,000 characters, and 72,000 interviews. With script-specific knowledge and 4 diverse
tasks, the dataset aims to enable a systematic study of character hallucinations. To the best
of our knowledge, this is the largest and the most diverse dataset that facilitates the study
of temporal hallucination and hallucination for less popular characters. Script-specific
knowledge aligned with the given tasks also facilitates a more nuanced evaluation of

hallucination based on atomic fact decomposition [74].

* We propose RoleFact, a role-playing method that modulates the influence of parametric
knowledge of LLLMs on character responses. RoleFact improves factual precision by
18% for adversarial interviews, reduces temporal hallucination by 44% for time-sensitive

interviews, and improves factual precision by 23% for less popular characters.

3.2 RoleFact

RoleFact aims to mitigate hallucination by modulating the influence of parametric knowl-
edge within character responses. The overview of the method is shown in Figure 3.4. RoleFact
generates a response using a character profile and retrieved knowledge and updates the response
based on atomic fact verification using both parametric and non-parametric retrieved knowledge.
All facts supported by retrieved knowledge may remain in the final response. Facts that are only
supported by parametric knowledge of LLMs remain in the final response if the confidence is

above a calibrated threshold.
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Query (x) : During your time studying at Hogwarts,
which spell did you find most useful for dragon
training?

Response (z) : HICCUP : Oh, well, | think the spell
that | found most useful for dragon training at
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Response (y) : HICCUP: Oh, um, | \
didn't really use spells for dragon
training. | actually learned a lot about
dragons from my experiences with
Toothless and my mom, Valka. Just like
how she taught me about the different
dragon classes and their unique
characteristics. So, | guess you could
say my most useful "spell" was really
just understanding and connecting with
the dragons on a personal level.
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Figure 3.4. An overview of RoleFact, which performs parametric and non-parametric verification

of atomic facts.

3.2.1 Intermediate Response Generation

Let x € X represent a query and y € Y a response generated by the character. Let

RET : X x N x U — U, serve as a retrieval function that fetches the most relevant n € N documents

relevant to the query x from a set of non-parametric knowledge base U. The retrieved knowledge

may be denoted as u, € U, where U, C U. Let p € P denote the role profile description

and z € Z an intermediate response from the character. The response generation function

IRG : X x P x U, — Z utilizes the query x, the role profile p, and the retrieved knowledge u, to

produce an intermediate response z. The prompt used for IRG is shown below (ignoring line

breaks).

<u,>. Dialogue context: <x>.

IRG: You will role-play as <role_name> from <story_title>. Your task is to respond to
the following dialogue context. If the question matches a scene from your storyline,
please reuse the original lines from the story. You will respond and answer like
<role_name> using the tone, manner, and vocabulary <role_name> would use. Your

character description is: <p>. Relevant scenes for the given context are as follows:
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3.2.2 Atomic Fact Decomposition

The response z is decomposed into a list of atomic facts A, with a function DEC : Z — A..

DEC: 1 will give you an utterance from a movie or a play. Your task is to provide me
with a list of atomic facts expressed in the given utterance. Each atomic fact should be

described in a name-only third-person format. Utterance: <z>.

3.2.3 Atomic Fact Verification

Each atomic fact a € A; is verified against the retrieved non-parametric knowledge U,
and parametric knowledge V associated with an LLM. The functions for fact-checking against
non-parametric and parametric knowledge bases are denoted as FCR : A, x U, — {0,1} and
FCS:A;xV — {0,1} respectively. A set of verified atomic facts, Ay, is constructed such that if
a is supported by Uy, it is added to A,. Conversely, if a is not supported by Uy, it is only included
in A, if it appears to be supported by V' within a reasonable confidence threshold 7. Let’s assume
the function FCS is run m times using an LLM and a is supported k times by V. The fact a
is added to A, if % > t. The sample size m and the confidence threshold ¢ are calibrated on a

validation set.

FCR: Consider the given statement and the evidence knowledge sources. Indicate
whether the statement is supported by the knowledge sources. Negation of a false
statement should be considered supported. Statement: <a>. Evidence Knowledge

<Up>.

FCS: Consider the given statement by <role_name> from <story_title>. Indicate

whether the statement is supported by the storyline of <story_title>. Negation of a false

statement should be considered supported. Statement: <a>.
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Table 3.1. Factual precision (Fact Score T) and informativeness (SFPR 1) of RoleFact on all
tasks in the SGR dataset. All results here are produced with BM25 retrieval.

Adversarial ‘ Open Ended ‘ Dialogue Completion ‘ Scene Grounded

LLM Method  Fact Score SFPR Fact Score SFPR Fact Score SFPR  Fact Score SFPR
Baseline 0.41 3.7 0.72 6.5 0.52 6.4 0.65 5.2
Viewna7p T KGR 0.45 3.3 0.74 6.6 0.54 5.7 0.68 4.5
) + SR 0.44 3.5 0.70 6.7 0.51 6.2 0.62 5.1
RoleFact 0.49 3.8 0.81 6.8 0.63 6.3 0.77 54
Baseline 0.50 5.0 0.70 7.7 0.52 34 0.62 6.0
Llama-3-8b + KGR 0.56 4.1 0.72 7.4 0.50 3.2 0.65 5.1
ama-3-eb | gR 0.54 43 0.71 75 0.51 3.3 0.64 56
RoleFact 0.62 4.8 0.79 7.8 0.57 35 0.71 5.9
Baseline 0.61 3.8 0.76 5.8 0.65 4.2 0.74 4.8
GPT3.5 + KGR 0.65 2.8 0.79 5.6 0.68 3.8 0.77 4.3
’ + SR 0.63 3.1 0.78 5.7 0.66 3.9 0.75 4.3
RoleFact 0.72 3.7 0.88 5.8 0.77 4.0 0.85 4.6

3.2.4 Self-reflection Update

The final response y is generated by updating the intermediate response z via self-
reflection conditioned on x. During self-reflection, all unverified atomic facts A, \Ay are removed

from z. The self-reflection update function is denoted as SRU : X X Z x (A;\ Ay) =Y.

SRU: Consider the following response generated by an Al role-playing as <role_name>
from <story_title>. The response may contain one or more unsupported claims as a
result of hallucination. The unsupported claims are listed below. Rewrite the response
to remove all the unsupported claims from the response. If the hallucination stems

from a wrong assertion made in the original query, feel free to clarify that. Original

query <x>. Response <z>. Unsupported Claims <A\ A,>.

3.3 Experiments

We conduct experiments with three LLM backbones, namely Vicuna-7B-1.5 [128],
Llama-3-8B-Instruct [73], and GPT-3.5-Turbo. For retrieval, we consider BM25 [91], S-
BERT [90], and Contriever [43]. 1,000 randomly chosen samples from each task type constitute

the validation set. The validation set is used for calibrating the confidence threshold, sample size,
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Algorithm 2. RoleFact Algorithm

Require: x,p,n,m,t

e e e e e
A A T S el

18:
19:
20:
21:

R A U S o e

x € X < Input query
p € P < Role profile
n € N <— Number of documents
u, < Retrieved documents
7 € Z < Intermediate response
m <— Sample size
t < Confidence threshold
Up < RET(x,n)
7+ IRG(x, p,uy)
A, < DEC(z)
Ay {}
foracA;do
§1 < FCR(a,uy)
if s = 1 then
Ay +—A,U{a}
continue
end if
k<0
fori=1tomdo
sy < FCS(a,V)
k< k+s)
end for
if £ > ¢ then
Ay —A,U{a}
end if
end for
y < SRU(x,z,A; \ Ay)
return y

> perform retrieval
> intermediate response
> decompose facts

> retrieval fact-check

> add supported fact

> self fact-check

> add supported fact

> update response
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the retrieval method, and the number of documents to retrieve. Decoding for character response

generation is performed with temperature = 0.7 and top_p = 0.95 for all models.

3.3.1 Baselines

Our primary baseline is similar to [61]. We prompt an LLM with a role prompt, a
role profile, and retrieved dialogues relevant to the query. We also consider two additional
variants of the primary baseline designed to improve the factual precision of role-play. The
first variant rewrites the response of the primary baseline by removing facts absent from the
retrieved knowledge. This is denoted as knowledge-guided rewriting (Baseline + KGR) baseline.
The second variant updates the primary response using self-reflection to identify and mitigate
hallucination based on LLM self-confidence. This is denoted as the self-reflection (Baseline +

SR) baseline.

3.3.2 Evaluation Metrics

We measure factual precision with Fact Score [74]. All atomic facts are converted to a
‘name-only third person’ format for fact-checking. We calculate the number of supported atomic
facts per response (SFPR) to evaluate informativeness. We also measure temporal hallucination
rate (THR), which is defined as the number of atomic facts associated with temporal hallucination
for every 100 responses. THR was determined manually after analyzing unsupported facts from
500 samples from dialogue completion and scene-grounded tasks. For human evaluation, we use
a rating between one and seven to rate 200 responses in terms of factuality, informativeness, and

speaker style imitation.

3.3.3 Results

Table 3.1 shows the performance of RoleFact on the SGR dataset. RoleFact outperforms
all three baselines in factual precision while remaining competitive with the primary baseline in

terms of informativeness. For GPT-3.5, the relative improvement of RoleFact over the primary
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Table 3.2. Temporal hallucination rate (THR |) on scene-grounded interview and dialogue
completion tasks.

LILM Method SGI DC
Baseline 39.2 59.8

Vieuna-7b ¢ leFact 334 52.0

Baseline 29.6 65.3
Llama-3-8b | oFact 17.1 417
GPTA.5 Baseline 26.5 57.2

RoleFact 14.7 38.5

baseline in 18.0%, 15.7%, 18.4%, and 14.8% for adversarial, open-ended, dialogue completion,
and scene-grounded tasks respectively. The second best approach in terms of factuality is KGR.
However, KGR is also the least informative since it only allows facts supported by retrieved
knowledge. Comparing across LLMs, we find that GPT-3.5 is the best for factuality while
Llama-3-8B is more informative (30% more SFPR for adversarial tasks).

RoleFact decreases temporal hallucination on dialogue completion and scene-grounded
tasks, as shown in Table 3.2. For GPT-3.5, the relative reduction of hallucination is 32.7% and
44.5% for dialogue completion and the scene-grounded setting respectively. RoleFact improves
performance for less popular characters (example shown in Figure 3.5). Excluding the most

popular ten characters per story, the relative improvement is 22.9%.

3.3.4 Hyper-parameter Tuning

Figure 3.6 shows the impact of confidence threshold (7) and sample size (m) on factual
precision, informativeness, and temporal hallucination. Setting m = 0 indicates all facts must
be strictly supported by retrieved knowledge (similar to KGR). For m > 0, a small ¢ increases
the influence of parametric knowledge. This benefits informativeness but has a higher temporal
hallucination. Conversely, a high ¢ decreases the influence of parametric knowledge. This means

less temporal hallucination but also less informative character responses. We choose ¢ = 0.6
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Figure 3.5. Factual precision performance by role popularity (decreasing popularity left to right,
adversarial task, GPT-3.5).
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Figure 3.6. Calibration for confidence threshold (¢) and sample size (m) on the validation
set with GPT-3.5. (a,b) shows fact score and SFPR on adversarial task while (c¢,d) shows
the same on open ended task. The temporal hallucination rates for dialogue completion and
scene-grounded tasks are shown by e and f respectively.
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since it has the best fact score for adversarial and open-ended tasks while finding a middle ground
between informativeness and temporal hallucination.

Figure 3.7 shows the performance of RoleFact with respect to different retrieval ap-
proaches and number of retrieved documents. BM25 outperforms off-the-shelf dense retrieval
methods in most cases. Interestingly, we find that increasing the number of retrieved documents
beyond five may hurt factual precision. This phenomenon may be explained by similar findings

for RAG [98] where increased irrelevant context added to the prompt exacerbates hallucination.

3.3.5 Ablation study

We perform an ablation study to identify the contribution of parametric knowledge,
non-parametric retrieved knowledge, and role profile to the supported facts in the RoleFact
responses. This is shown in Table 3.3. The most significant performance drop happens when we
make the prompts anonymous (0.72 — 0.56), indicating that the largest share of facts may be
attributed to parametric knowledge. The fact score drops to 0.58 when retrieved knowledge is
removed from the prompt, indicating that retrieved knowledge is almost equally important. The

role profile has the lowest impact on performance (0.72 — 0.64).
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Table 3.3. Ablation study of RoleFact on adversarial task using GPT-3.5

Method Fact Score SFPR
RoleFact 0.72 3.7
+ anonymous  0.56 33
- retrieval 0.58 3.2
- role profile  0.64 2.9

Table 3.4. Human ratings for factuality, informativeness, and speaker style similarity on a scale
of one to seven

Method  Factuality Informativeness Speaker Style

Baseline 49 5.8 5.2
+ KGR 6.0 5.2 4.3
+ SR 5.6 5.4 5.1
RoleFact 6.1 5.7 53

3.3.6 Human Evaluation

Human ratings on a scale of one to seven in terms of factuality, informativeness, and
speaker style similarity are given in Table 3.4. RoleFact outperforms all three baselines in
terms of factuality with a score of 6.1, compared to 4.9, 6.0, and 5.6 scores from the baselines.
While the KGR baseline also achieves a competitive rating, the responses are less informative
and demonstrate poor speaker style when retrieved knowledge does not contain the required

information.

3.3.7 Case Study

Case study in shown in Table 3.5. Case 1 is an adversarial question where Anakin from
‘Star Wars’ is asked how his friendship with Spock from ‘Star Trek’ influenced his decisions
during the events of Clone Wars. The baseline response suffers from cross-universe hallucination
and mistakenly acknowledges the friendship. RoleFact not only denies the wrong assertion made

in the question but also clarifies that his decisions during the Clone Wars were actually influenced
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by training from his mentor Obi-Wan and other Jedi. Case 2 is a dialogue completion task taken
from a dinner scene of the ‘How to Train Your Dragon’ movie, taking place after Hiccup’s very
first day of dragon training. In the baseline response, the target character Ruffnut refers to Hiccup
as their fearless leader. This is an example of temporal hallucination induced by parametric
memory of LLMs since the knowledge of Hiccup’s fearlessness and leadership is not made
available to the LLLM via retrieval. Unlike the baseline, RoleFact is able to avoid mentioning
future information. Case 3 shows a scene grounded interview from the ‘Harry Potter’ series.
Shortly after being sorted into his house, Harry is asked how he perceives Snape’s strange look
towards him. The baseline response reveals information about future events that was not made
available to it via retrieval such as Harry’s connection with Voldemort, Snape’s final moment,
etc. RoleFact speculates that the look may be associated with dislike or suspicion which is much

more aligned with Harry’s understanding of the situation at the time.

3.4 Conclusion

In this chapter, we focus on the mitigation of hallucination for character role-play. We
introduce the SGR dataset which provides story-specific knowledge aligned with task-specific
interviews for a diverse set of characters. The dataset is specifically designed for studying
hallucinations of various types such as cross-universe hallucinations and temporal hallucinations.
SGR is the first dataset to facilitate automated evaluation of hallucination and analysis of
factuality for less popular characters. We propose RoleFact, a role-playing method that mitigates
hallucination via parametric and non-parametric verification of atomic facts. RoleFact improves
the overall factual precision by up to 18.4%. An interesting direction for future research is to
instruction-tune an open-weight LLM with script-specific knowledge and task-specific interviews
from the SGR dataset for generating factual and informative responses.

Chapter 3, in part, is a reprint of material that appears in the paper titled “Mitigating

Hallucination in Fictional Character Role-Play” by Nafis Sadeq, Zhouhang Xie, Byungkyu
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Table 3.5. Role-playing case studies against baselines, hallucinations are shown in red.

[Case 1: Adversarial Interview] Question: In what ways did your friendship with Spock influence your decisions during
the Clone Wars? (Target Character: ANAKIN from ‘Star Wars’)

Baseline
ANAKIN: My friendship
with Spock was a powerful
influence on me. He was a
wise mentor and a trusted ally,
guiding me through the com-
plexities of war and teaching
me the value of loyalty and
His logical approach to
situations balanced out my
impulsiveness, allowing us to
make strategic decisions that
benefited our cause ...

Baseline + KGR

ANAKIN: My apologies, but
I do not have any recollection
of a friendship with Spock dur-
ing the Clone Wars. My fo-
cus and decisions were pri-
marily influenced by my rela-
tionships with my Jedi men-
tors and loved ones during that
time.

Baseline + SR

ANAKIN: I’'m sorry, but I do
not have information about a
character named Spock or any
influence he may have had dur-
ing the Clone Wars. My de-
cisions during that time were
influenced by various factors,
including my dedication to the
Jedi Order and my desire to
bring peace to the galaxy.

RoleFact

ANAKIN: I'm sorry, but I
believe you are confused. I
am Anakin Skywalker, not
involved with Spock in any
way. My decisions during the
Clone Wars were influenced
by my training as a Jedi and
the guidance of my mentor,
Obi-Wan Kenobi. The conflict
with the Sith and the dark side
of the Force played a signifi-
cant role ...

[Case 2: Dialogue Completion] Question: GOBBER: The dragon manual. Everything we know about every
dragon we know of ... TUFFNUT: (you’ve got to be kidding) Wait, you mean read? ( Target Character: RUFFNUT
from ‘How to Train Your Dragon’ after first day of dragon training)

Baseline

RUFFNUT: Reading? Ugh,
that’s for the weaklings. I pre-
fer to learn on the fly, you
know, with a little hands-on
experience. Plus, who needs
a dragon manual when we’ve
got our own fearless leader,
Hiccup, to show us the ropes?

Baseline + KGR
RUFFNUT: Ugh, reading?
That’s for the weak and bor-
ing. I’d rather be out there
causing some chaos with the
dragons. Who needs a stupid
manual when you can figure
things out on the fly? ...

Baseline + SR

RUFFNUT: Ugh, reading?
Seriously? Can’t we just go
out and practice with the drag-
ons instead of burying our
noses in some boring manual?
Let’s go have some real fun,
like... causing chaos with the
twin ...

RoleFact

RUFFNUT: Ugh, reading?
Seriously? Can’t we just go
out and have some fun with
the dragons instead of bury-
ing our noses in some dusty
old book? Who needs to study
when you can just learn on the
fly ... *rolls eyes*

[Case 3: Scene Grounded Interview] Question: What do you believe Snape’s look towards you signifies? ( Target
Character: HARRY from ‘Harry Potter’, during the sorting hat ceremony in the first year)

Baseline
HARRY: [ believe Snape’s
look towards me signifies a
mixture of guilt, duty, and per-
haps even a hint of remorse.
He knew the truth about the
prophecy and the connection
between Voldemort and my-
self, and he carried the bur-
den of that knowledge heavily
. And in the end, his final
actions spoke volumes about
the complexity of his charac-
ter and his true loyalty.

Baseline + KGR

HARRY: Snape’s look to-
wards me signifies a compli-
cated mix of emotions and his-
tory between us. He has al-
ways had a tumultuous rela-
tionship with me, given his
past as a Death Eater and his
dual allegiance to both Dum-
bledore and Voldemort. I be-
lieve his look towards me car-
ries a sense of duty, guilt, and
perhaps even a glimmer of re-
morse for his actions ...

Baseline + SR

HARRY: I believe Snape’s
look towards me signifies a
complex mixture of emotions.
He harbors a deep sense of
guilt and remorse for his past
actions, especially towards my
parents, but also a sense of
duty and loyalty towards Dum-
bledore’s cause. There is also
an underlying sense of protec-
tiveness and care that he feels
towards me, despite his out-
ward demeanor ...

RoleFact

HARRY: Well, I think
Snape’s look towards me
signifies a great deal of dislike
and suspicion.
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Table 3.6. Role-playing case studies against baselines, hallucinations are shown in red.

[Case 4: Open Ended Interview] Question: Hagrid, what is your fondest memory with Harry, Ron, and Hermione?
(Target Character: HAGRID from ‘Harry Potter’)

Baseline

HAGRID: Oh, well, there’s
so many memories with those
three, but I reckon one of my
fondest is when we rescued
Norbert together. Harry, Ron,
and Hermione were so brave
and resourceful. It was a real
adventure, that was. And I'1l
always remember the look on
their faces when we were fly-
ing on Norbert’s back. Good
times, they were.

Baseline + KGR

HAGRID: ... It was when
Buckbeak was in grave dan-
ger of being executed unjustly.
They stood by me, showed
compassion for creatures like
Buckbeak, and even tried to
comfort me in their own way.
It meant a lot to me, seein’
their loyalty and compassion.

Baseline + SR

HAGRID: Oh, bless ’em, so
many memories [ have with
Harry, Ron, and Hermione.
But me fondest one would
’ave ter be when we rescued
Norbert the Norwegian Ridge-
back from the top o’ the tallest
tower at Hogwarts. It was a
wild adventure, but seein’ the
three of ’em workin’ together,
well, it warms me heart just
thinkin’ about it.

RoleFact

HAGRID: I reckon it would
have to be when we all snuck
down ter visit Buckbeak be-
fore his trial. *Twas a risky
move, but seein’ ’em standin’
up for a creature like that,
showin’ true courage and loy-
alty, it truly touched me heart
... Aye, that moment will al-
ways be close ter me heart ...

[Case 5: Adversarial Interview] Question: Please describe the wedding ceremony between you and Queen Elsa from
Arendelle. How did you two meet? (Target Character: GOBBER from ‘How to Train Your Dragon’)

Baseline

GOBBER: ... Well now,
that’s a tale for the ages!
We met on a chilly winter
day ... Queen Elsa and I
bonded over our shared love
for mystical creatures... we
found ourselves falling in love.
The wedding ceremony was
a grand affair, with dragons
soaring through the sky and ...
Aye, it was a day to remember,
it was.

Baseline + KGR

GOBBER: Oh, I'm afraid
you’ve got me confused with
someone else, laddie! I
haven’t tied the knot with
Queen Elsa from Arendelle.
But I can tell you a thing or
two about Viking weddings if
you’re interested!

Baseline + SR

GOBBER: Wedding cere-
mony between me and Queen
Elsa? Now, lad, I'm afraid
you’ve got the wrong tale
there. I’'m from Berk, not
Arendelle, and I've never
crossed paths with Queen Elsa.
As for me and weddings, well,
let’s just say my adventures
with dragons have kept me
plenty occupied.

RoleFact

GOBBER: Oh, laddie, ye got
me there! I’'m afraid I have
no knowledge o’ any wedding
ceremony with Queen Elsa
from Arendelle. I reckon ye
might be mixin’ me up with
someone else from a different
tale. But if ye have any ques-
tions about dragons or black-
smithin’, I"d be more than
happy to chat about that!

[Case 6: Adversarial Interview] Question: How did you develop the Kryptonite suit to
(Target Character: TONY from ‘Marvel Cinematic Universe’)

battle against Superman?

Baseline

TONY: Well, first of all, it’s
not Kryptonite, that’s a whole
different universe. As for the
suit to battle against Super-
man, let’s just say it involved a
lot of trial and error, advanced
technology, and some creative
problem-solving. The key was
finding his weakness and ex-
ploiting it to level the play-
ing field. It was a challenging
project, but ...

Baseline + KGR

TONY: Kryptonite suit?
Sorry, you must be mistaken.
I don’t have any involvement
with Kryptonite or battling
against Superman. My focus
is more on protecting Earth
from intergalactic threats and
using my technology to make
the world a safer place. If you
have any questions about my
suits or inventions, feel free to
ask!

Baseline + SR

TONY: Sorry, but I think you
have me confused with some-
one else. I didn’t develop
a Kryptonite suit to battle
against Superman. I'm Tony
Stark, also known as Iron
Man, and I’ve never had to
deal with Superman or Kryp-
tonite in my line of work. But
if you ever need help with
some high-tech armor or gad-
gets, I'm your guy.

RoleFact

TONY: Well, first of all,
Kryptonite is from the DC
Universe, not Marvel. But if
you’re referring to the Hulk-
buster armor I developed to
battle the Hulk, it was a combi-
nation of advanced technology
and strategic planning. ... So,
I built a suit that could match
the Hulk’s strength and hope-
fully neutralize the situation if
needed. It was all about ...
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Table 3.7. Role-playing case studies against baselines, hallucinations are shown in red.

[Case 7: Open Ended Interview] Question: What was the hardest challenge you faced while searching for the Dead
Man’s Chest? (Target Character: WILL from ‘Pirates of the Caribbean’)

Baseline

WILL: The hardest challenge
I faced while searching for the
Dead Man’s Chest was not a
physical one, but a personal
one. It was the struggle with
my own inner turmoil and the
realization of what I must sac-
rifice to save my father ...

Baseline + KGR

WILL: The hardest challenge
I faced while searching for
the Dead Man’s Chest was un-
doubtedly confronting Davy
Jones himself. He was a
formidable opponent, and ob-
taining that chest was no easy
task. But with grit ...

Baseline + SR

WILL: The hardest chal-
lenge I faced while search-
ing for the Dead Man’s Chest
was undoubtedly facing Davy
Jones himself. Jones was a
formidable and ruthless oppo-
nent, and our encounter tested
not only my swordsmanship
but also my wit and resolve ...

RoleFact

WILL: The hardest challenge
I faced while searching for
the Dead Man’s Chest was
definitely dealing with Davy
Jones and his merciless crew.
The fear of facing Jones him-
self and the cursed souls under
his command was a constant
test of courage and determina-
tion ...

[Case 8: Scene Grounded Interview] Question: What significance do you think the medallion holds for you? ( Target
Character: ELIZABETH from ‘Pirates of the Caribbean’)

Baseline

ELIZABETH: The medal-
lion holds great significance
for me. It represents a piv-
otal moment in my life when I
chose to defy societal expecta-
tions and embark on a path to
freedom and adventure. It is
a symbol of my courage, my
resilience, and my willingness
to fight for what I believe in.
The medallion may be just a
trinket to some, but to me ...

Baseline + KGR
ELIZABETH: The medal-
lion holds a connection to
the cursed treasure of Isla
de Muerta. It is a symbol
of danger and power, a re-
minder of the dangers that lurk
within the pirate world. It has
brought both peril and protec-
tion, and its significance is in-
tertwined with the mysteries
of the past and the adventures
that lie ahead.

Baseline + SR
ELIZABETH: It is a piece of
the treasure of Isla de Muerta,
a cursed treasure with connec-
tions to the undead crew of
the Black Pearl. The medal-
lion served as a catalyst for my
journey into the world of pi-
rates ... my own destiny as the
Pirate King. ... symbolizing
my transformation from a gov-
ernor’s daughter to a fearless
adventurer ...

RoleFact

ELIZABETH: The medal-
lion has a special meaning to
me. It’s a symbol of freedom,
adventure, and the untold sto-
ries of the sea. Its value goes
beyond material wealth, it rep-
resents a connection to my
past and my destiny.

[Case 9: Adversarial Interview] Question: What inspired you to mentor Harry Potter in his fight against Voldemort?
(Target Character: BRUCE from Batman)

Baseline

BRUCE: "It’s not about inspi-
ration, it’s about doing what’s
right. Harry Potter needed
guidance and support in his
battle against evil, and I be-
lieve it was my responsibility
to help him in any way I could.

Baseline + KGR

BRUCE: I’'m sorry, but I be-
lieve there might be a mistake.
I have no knowledge or in-
volvement in mentoring Harry
Potter in his fight against
Voldemort. My focus is on
protecting Gotham City and
fighting crime as Batman.

Baseline + SR

BRUCE: I'm afraid you have
me mistaken for someone else.
I'have not mentored Harry Pot-
ter in his fight against Volde-
mort. My mission is quite
different, focused on fighting
crime in Gotham City as Bat-
man.

RoleFact

BRUCE: I'm sorry, but I be-
lieve you may be mistaken.
I have never mentored Harry
Potter in his fight against
Voldemort. My focus has al-
ways been on Gotham City
and combating crime as Bat-
man.
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Kang, Prarit Lamba, Xiang Gao, and Julian McAuley, which was published in the *Findings of
Empirical Methods in Natural Language Processing®, 2024. The dissertation author was the lead

author of this paper.
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Chapter 4
Related Work

4.1 Related Work for InforMask
4.1.1 Random Masking

For pretraining Transformer [108] based language models such as BERT [15], a portion
of the tokens is randomly chosen to be masked to set up the masked language model (MLM)
objective. Prior studies have commonly used a masking rate of 15% [15, 45, 57, 104, 51, 33],
while some recent studies argue that masking rate of 15% may be a limitation [14] and the
pretraining process may benefit from increasing the masking rate to 40% [117]. However,
random masking is not an ideal choice for learning factual and commonsense knowledge. Words
that have high informative value may be masked less frequently compared to (e.g.) stop words,

given their frequencies in the corpus.

4.1.2 Span Masking

Although random masking is effective for pretraining a language model, some prior
works have attempted to optimize the masking procedure. Joshi et al. [45] propose SpanBERT
where they show improved performance on downstream NLP tasks by masking a span of words
instead of individual tokens. They randomly select the starting point of a span, then sample a
span size from a geometric distribution and mask the selected span. They continue to mask spans

until the target masking rate is met. This paper suggests masking spans instead of single words
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can prevent the model from predicting masked words by only looking at local cues. However, this
masking strategy inevitably reduces the modeling between the words in a span, etc., Mount-Fuji,

Mona-Lisa, which may hinder its performance in knowledge-intense tasks.

4.1.3 Entity-based Masking

Baidu-ERNIE [104] introduces an informed masking strategy where a span containing
named entities will be masked. This approach shows improvement compared to random masking
but requires prior knowledge regarding named entities. Similarly, Guu et al. [29] propose Salient
Span Masking where a span corresponding to a unique entity will be masked. They rely on
an off-the-shelf named entity recognition (NER) system to identify entity names. LUKE [121]
exploits an annotated entity corpus to explicitly mark out the named entities in the pretraining

corpus, and masks non-entity words and named entities separately.

4.1.4 PMI Masking

Levine et al. [57] propose a masking strategy based on Pointwise Mutual Information
(PMLI, 19), where a span of up to five words can be masked based on the joint PMI of the span
of words. PMI-Masking is an adaption of SpanBERT [45] where meaningful spans are masked
instead of random ones. However, PMI-Masking only considers correlated spans and fails to
focus on unigram named entities. This may lead to suboptimal performance on knowledge
intense tasks (details in Section 1.3.8). In our proposed method, we exploit PMI to determine the
informative value of tokens to encourage more efficient training and improve performance on

knowledge-intense tasks.

4.1.5 Knowledge-Enhanced LMs

KnowBERT [82] shows that factual recall performance in BERT can be improved
significantly by embedding knowledge bases into additional layers of the model. Tsinghua-

ERNIE [126] exploits a similar approach that injects knowledge graphs into the language model
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during pretraining. KEPLER [115] uses a knowledge base to jointly optimizes the knowledge
embedding loss and MLM loss on a general corpus, to improve the knowledge capacity of
the language model. Similar ideas are also explored in K-BERT [67] and CoLAKE [103].
CokeBERT [102] demonstrates that incorporating embeddings for dynamic knowledge context
can be more effective than incorporating static knowledge graphs. Other works have attempted
to incorporate knowledge in the form of lexical relation [52], word sense [56], syntax [2],
and parts-of-speech (POS) tags [48]. However, a high-quality knowledge base is expensive to
construct and not available for many languages. Different from these methods, our method is

fully unsupervised and does not rely on any external resource.

4.2 Related Work for IPRA
4.2.1 User Preference Elicitation

Earlier works on conversational recommendation often focused on user preference elici-
tation. Christakopoulou et al. [11] attempt to query the user regarding item attributes for learning
user preferences. They propose asking users about item attributes (restaurant location, purpose of
reservation, food preferences, etc.) to continuously update the latent representations associated
with user-item interactions. For selecting attributes for the next query, they use bandit-based
explore-exploit strategies [62, 63]. Sun et al. [105] extract item attributes from a restaurant review
dataset. The user preference in a particular conversation is represented as a set of facet/value
pairs using a belief tracker. A factorization machine uses the belief representation regarding the
user’s current preference to retrieve recommendation candidates.

Zhang et al. [125] use item attributes mentioned in the Amazon review dataset [72] to
construct question-answer pairs. The natural language questions are constructed using predefined
templates. They propose a Multi-Memory Network based on a GRU and an attention mechanism
trained on the conversational recommendation dataset augmented from user reviews. A similar

approach is used by Lei et al. [54]. They perform attribute prediction to determine which
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attribute should be used for user preference elicitation. Subsequently, attribute-aware Bayesian
Personalized Ranking (BPR) is used to provide recommendations. The attribute-aware BPR
re-ranks items based on the relationship between an item and its attributes, as well as the user’s
preference for that specific attribute. Li et al. [65] attempt to model both items and item attributes
in the same space for user preference elicitation. Similarly, Hu et al. [40] combine item-level
and attribute-level user feedback for user preference elicitation. Other works on attribute-based

user preference elicitation include the work of [10, 55, 133, 120, 107].

4.2.2 Dialogue Strategy for CRSs

Another line of work attempts to modulate the conversation strategy to improve CRSs.
Kang et al. [46] use multi-objective training and self-supervised bot-play to learn the best dialogue
strategy for a conversational recommendation. The initial multi-objective training combines the
losses associated with mimicking human utterances, deciding whether to recommend or not,
and predicting the correct movie. Then self-supervised bot-play is used to train a reinforcement
learning system for maximizing dialogue goal-related rewards.

Zhou et al. [131] propose using a topic prediction model that keeps track of topic
transition throughout the conversation. Once the natural flow of the dialogue reaches a specific
confidence threshold, the system triggers the recommendation turn. The goal is to facilitate better
transition from non-recommendation turn to recommendation turn. Sun et al. [105] propose
a deep reinforcement learning framework for learning a dialogue strategy. At each step, the
agent can decide to recommend items or ask questions about the user’s preference regarding a
single attribute (from a fixed set of attributes). The agent receives a reward when it asks about a
relevant attribute or makes a relevant recommendation. The system is optimized to maximize the
overall session based reward rather than the next turn reward. A similar approach is adopted by

[54, 69, 12].
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4.2.3 Language Models for CRSs

The effectiveness of conversational recommendation depends on the capability of the
language models used for CRSs. Some prior works on CRSs such as [64, 46] use Recurrent
Neural Networks (RNN) [38] for the dialogue system. Since RNNs need to be trained from
scratch, CRSs using this type of language model are data intensive. This type of systems cannot
benefit from additional commonsense knowledge found in large unpaired corpora and solely
relies on task-specific datasets for all knowledge. Later, pre-trained language models based
on Transformer [108] have become widely used. These types of language models are pre-
trained on large text corpora and can be adapted to specific dialogue settings with much smaller
task-specific datasets. [114, 110] are examples of CRSs that use transformer-based generative
language models. This type of CRSs benefit from pre-training and performs better than RNN-
based models in dialogue. However, they still require fine-tuning on domain-specific datasets
and may be hard to generalize in recommendation domains where ground-truth conversations
are hard to collect.

More recent language models use massive scaling [5] and in some cases instruction-
tuning [79, 6]. These LLMs are good at storing common sense world knowledge and can
adapt to task-specific settings with a simple prompt. These qualities make them ideal for
developing CRSs. Even though state-of-the-art LLMs can serve as recommendation systems
themselves, they perform poorly on direct recommendation, sequential recommendation, and
cold start scenarios [66]. Additionally, LLLMs’ knowledge can become out-of-date due to
evolving item space in CRSs and they often demonstrate bias towards popular items [122,
36]. Allowing an external recommendation system to exploit the LLM-generated intermediate
representations can potentially remedy these issues [21, 20, 75]. LLMs serve as controller for
external recommendation modules in this hybrid paradigm which mitigates limitations associated
with LLMs’ paramatric knowledge. However, the LLM-generated intermediate representations

often lead to issues like cross-trial robustness and cross-domain generalization which we aim to
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address in our work.

4.3 Related Work for RoleFact
4.3.1 Language Models for Role-play

Building autonomous agents that can simulate human behavior with individualized traits
is a long-standing challenge [25]. Prior works in NLP build conversational agents grounded with
various individualized traits, such as background stories [124, 80], demographic information [42,
13], social roles [132], and response style constraints [31]. In this work, we focus on building
dialogue systems that are aligned with user perceptions of fictional characters, known as character
role-play [97, 8, 61]. In terms of methodology, prior works can be categorized as training-free
role-prompting [111, 129, 61] or instruction-tuning [97, 71]. Role-prompting includes static
character descriptions [129, 111] and retrieved past experiences [61, 111]. In terms of role-
playing objectives, prior works focused on personality traits [92, 96], speaker style [8, 127],
and character fidelity [116, 97]. We specifically focus on character fidelity with respect to
story-specific knowledge and relevant timelines. A character role-play dialogue system should
produce responses aligned with facts related to its assigned character and storyline and it
should demonstrate a lack of knowledge about things that do not apply to them. [97]. However,
most existing methods of role-play lack mechanisms to reduce parametric memory-induced
hallucination. Moreover, heavy reliance on parametric memory leads to poor performance for
less popular characters since LLMs may not have adequate parametric knowledge about them.
To the best of our knowledge, our work is the first one to modulate the influence of parametric
knowledge to mitigate hallucination. This is also the first dataset to facilitate role-playing for

less popular characters.
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4.3.2 Factuality in Natural Language Generation

Beyond conversational systems, improving factuality in generated contents is an open
problem in NLP, benefiting domains such as summarization [7, 16], knowledge grounded
dialogue systems [18], and question answering [39, 23]. While fine-grained evaluation of
factuality based on atomic facts has been studied in NLP [74], there is currently no dataset for
character role-play that facilitates similar evaluation of factuality. Therefore, prior works on
role-play [111, 61, 97] have relied on rating-based evaluation of factuality which is expensive
for humans. Our dataset is the first one to facilitate automated fine-grained analysis of factuality

by matching decomposed atomic facts against script-specific knowledge.

4.3.3 Retrieval Augmented Methods

Our work is also related to Retrieval-augmented methods in NLP that improve model
output by incorporating retrieved external knowledge, typically for generation tasks [49, 59, 30].
While this class of method has been used in building role-playing agents [124, 80, 97, 8, 61],
these works perform retrieval in a time-agnostic manner. In order to study the temporal dimension
of character role-play (i.e. character development), we need a dataset where script knowledge is
aligned to temporal annotations. Our dataset provides temporal annotations with utterance-level

granularity.
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Chapter 5

Conclusion and Future Work

Parametric knowledge plays a foundational role in the capabilities of modern language
models. It empowers models to generalize, perform a wide range of tasks, and provide fallback
knowledge when external tools are unavailable. However, our study highlights several challenges
associated with relying solely on parametric knowledge, including limited recall of long-tail facts,
outdated information, and the generation of hallucinated content. This dissertation introduced
novel methods across the training and inference pipeline to address these issues: (1) InforMask to
improve factual knowledge acquisition, (2) I/PRA to align model representations with downstream
modules in hybrid systems, and (3) RoleFact, a calibrated suppression mechanism to mitigate

hallucinations during fictional character role-playing.

Future Research Directions

Future work can build upon the insights of this dissertation by exploring deeper inno-
vations in each of the three thrust areas: acquiring, leveraging, and suppressing parametric

knowledge.

Acquiring Parametric Knowledge
* InforMask for CLM: Future work can investigate token-specific masking rates for auto-
regressive language models to enable more efficient pretraining and improved acquisition

of factual knowledge.
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* Parametric Knowledge Editing: A promising direction for future research involves
directly editing model parameters to insert or update relational knowledge. Although
several knowledge editing techniques exist [112], most struggle to modify facts about a

target subject without affecting other facts related to the same subject.

Leveraging Parametric Knowledge
* Beyond Accuracy Representation Alignment: Future systems could adapt the alignment
strategy (e.g., [IPRA) based not only on recommendation accuracy but also on additional

signals such as diversity or serendipity.

* IPRA for Multi-modal CRSs: Extending LLM-powered hybrid CRSs to multi-modal
settings (e.g., fashion or music recommendation) remains an interesting direction for future

research.

Suppressing Parametric Knowledge
* Controllable Decoding for Hallucination Mitigation: While our existing work addresses
post-decoding updates to hallucinated text, future research could explore decoding-time
controls (beyond confidence thresholds) to allow on-the-fly prioritization between para-

metric and non-parametric knowledge sources when conflicts arise.

* Pre-decoding Filters for Hallucination Mitigation: A promising direction for future
research is the development of pre-decoding filters that can selectively avoid responding to
queries involving sensitive topics—such as legal, medical, or tax-related advice—until a

human expert can validate the LLM-generated responses.
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