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Abstract

Current Large Language Models (LLMs) post-training approaches fail to adequately capture

the heterogeneous and often conflicting nature of human preferences. This final year project ex-

plores effective methodologies for personalizing LLMs by tackling the reward modeling phase,

a critical step of the Reinforcement Learning from Human Feedback (RLHF) pipeline. On

a high level, we propose a conditional reward modeling formulation that aims to learn user-

specific preference distributions, enabling preservation of and adaptation to different opinions.

To realize this conditional reward model, we first evaluate the training-free few-shot prompt-

ing method, finding it insufficient for effective personalization. Subsequently, we experiment

with a Variational Auto-Encoder (VAE) based structure proposed in the literature, which out-

performs the traditional user-agnostic model but exhibits severe training instability. To address

this limitation, we develop an adaptive sampling strategy following continual learning princi-

ples that significantly stabilizes training and accelerates convergence. Other possible solutions

are also examined, including gradient manipulation techniques used in Multi-Objective Opti-

mization (MOO) and a contrastive learning paradigm. Further explorations of user preference

simulation with fine-grained user stories in the prompt reveal meaningful results, with users

in similar occupations demonstrating comparable tastes. This project deepens our understand-

ing of the theories and practice of LLM personalization and contributes to equitable AI access

across diverse user groups, enhancing human-centric AI alignment.
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1 Introduction

1.1 Current RLHF Failing to Reflect Preference Heterogeneity

Recent years have witnessed a drastic development of Large Language Models (LLMs) (Chang

et al., 2024). Demonstrating remarkable capabilities in natural language processing, their de-

ployment in numerous applications, from document refinement (Wang, 2023) to web agents (Yao

et al., 2022), has made them not only integral to industries but also a powerful daily life tool

for people from all walks of life.

The workflow for training a Large Language Model typically involves two stages (Achiam

et al., 2023): pre-training and post-training. During the pre-training phase, the model is trained

on internet-level corpora to learn linguistic patterns and perceive a wide range of concepts.

Following that, the post-training stage refines the model’s abilities in instruction-following and

aligns its performance with human morals and preferences. Based on the widely acknowledged

framework proposed by OpenAI (Ouyang et al., 2022), the post-training stage also contains

two steps: supervised fine-tuning (SFT) and preference alignment. SFT further fine-tunes the

pre-trained model on curated datasets with expert-provided demonstrations, where the model

learns to mimic high-quality human output. Preference alignment focuses on matching the

model’s behavior with user preferences and ethical guidelines. This is typically done through

Reinforcement Learning from Human Feedback (RLHF), where responses favored by human

annotators are encouraged, while those disliked are penalized. This project focuses on the

preference alignment stage, where the current RLHF scheme suffers from inherent flaws that

(a) Diverse preferences

(b) Underrepresented minority (c) Conflicting opinions cancelled out

Figure 1: Illustration of the flaws of current preference alignment
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hinder an LLM’s ability to personalize to diverse human tastes.

Human preferences are heterogeneous and often conflicting. Users with different backgrounds,

for instance, race, gender, and personality, may favor different LLM responses. For instance,

as shown in Figure 1a, those who prefer realistic, strictly programmed agents may favor the

first response, while those who want a more human-like, vivid model would go for the second.

However, common datasets used for preference alignment rely on anonymous annotators who

rank multiple responses without accounting for their demographic or contextual information.

This leads to a mixed, user-agnostic representation of opinions, and models trained on such

data often struggle to reflect the broad spectrum of user preferences.

Specifically, current training methods treat each comparison sample equally. When differ-

ent preferences arise, inducing conflicting forces that navigate how the model adapts, the

model misinterprets some of them as data noise. In cases illustrated in Figure 1b, voices

from the majority dominate. Consequently, the learned model tends to underrepresent minority

groups (Durmus et al., 2023). Alternatively, equal and opposite preferences may be cancelled

out, causing an eventual failure in learning any preference at all (Chakraborty et al., 2024).

To encapsulate, there are two bottlenecks for diverse preference modeling: insufficient profiling

of annotators and ineffective algorithms to distinguish and preserve conflicting preferences.

Recent advancements in dataset curation have alleviated the first limitation by incorporating

detailed annotator information or fine-grained multi-dimensional ratings for each preference

datapoint, allowing for a richer and more diverse representation of user preferences (Santurkar

et al., 2023; Durmus et al., 2023; Castricato et al., 2024; Cui et al., 2023). Given such progress,

this project aims to explore feasible frameworks that embed diverse user preferences in one

model and enable it to personalize adaptively.

1.2 Project Objectives and Summary of Outcomes

This project investigates the personalization of LLMs during the preference alignment post-

training stage. We focus on reward modeling, the first and most critical step of the RLHF

pipeline, where a reward model is trained to select the correct, favored response given a query-

ing prompt and several candidate responses. Different from the typical reward modeling pro-

cess, where diverse preference information is lost with all signals mixed, we use conditional

reward modeling, where individual tastes are separated, preserved, and able to be elicited

10
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with proper user identifiers. The conditional modeling changes the model specification on a

fundamental level, providing key support for tackling preference heterogeneity.

We then explore practical methods that realize this formulation. The training-free few-shot

prompting approach, although simple and cost-efficient, is shown to be ineffective in adapt-

ing model predictions to individual clients. Poddar et al. (2024) recently proposed a reward

model structure with a Variational Auto-Encoder (VAE) backbone, which proves capable of in-

ferring latent user preference distributions from demonstrations and navigating model outputs

accordingly. However, we find that the training process of this model often fails to converge,

potentially due to conflicts between signals from different users. We explore various solutions,

including gradient manipulation techniques from the multi-objective optimization literature and

a contrastive learning paradigm. Eventually, a simple adaptive sampling strategy conceptually

following a continual learning fashion proves effective. It stabilizes training and significantly

reduces the number of epochs required for convergence.

Apart from preference demonstrations, we also examine the possibility of user stories as identi-

fiers. By prompting a larger language model with fine-grained client descriptions and adopting

carefully designed techniques to overcome the issue of positional bias, we obtain simulation

results that demonstrate diverse preferences. Similar tastes are detected between users with

similar social occupations, verifying the validity of the simulation and providing insights into

how preferences are related to social attributes.

Our major outcomes are summarized as follows:

• We propose conditional reward modeling to preserve diverse human preferences on a

specification and conceptual level.

• We experiment with practical methods to realize conditional reward modeling, including

few-shot prompting and a VAE-based structure from the literature.

• To solve the training instability issue, we examine several solutions, including multi-

objective gradient manipulation techniques, contrastive learning, and propose an effec-

tive adaptive sampling strategy that stabilizes and accelerates convergence.

• We investigate using fine-grained user stories and identifiers and simulate preference

profiles by prompting a larger model. Results demonstrate diverse opinions and align

reasonably with social attributes.

11
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Through this project, we gained a deeper understanding of LLM preference alignment and

how personalization can be achieved algorithmically and practically. With these insights, we

further promote the call out to the research community importance and possibility of equal and

high-quality access to AI resources to every social member.

1.3 Report Outline

The main body of the report is organized into four sections. Section 2 introduces technical

preliminaries related to RLHF and reward modeling, followed by a review of existing related

works. Section 3 begins by elaborating on the proposed conditional reward modeling formula-

tion, which serves as the major high-level methodology. It then presents results of the few-shot

prompting approach, specifies the structure of the VAE-based model, and presents experimental

results. Given the limitation in failed training, Section 4 continues in exploring several solu-

tions. To maintain a consistent logic flow, the effective adaptive sampling strategy is discussed

first, followed by reports on multi-objective gradient manipulation techniques and a contrastive

learning paradigm. Section 5 illustrates the simulation of roleplaying a larger language model

with fine-grained user stories. Finally, the report ends with a concluding statement in Section 6.

2 Preliminary and Related Work

This section introduces the preliminary technologies and related works. Section 2.1 goes

through the RLHF pipeline, with details for reward modeling. Section 2.2 provides a litera-

ture review on user-specific or multi-dimensionally rated RLHF dataset curation, as well as

methods motivated by the heterogeneity of human preferences.

2.1 Reinforcement Learning from Human Feedback

Reinforcement Learning from Human Feedback (RLHF) (Ouyang et al., 2022) is a predomi-

nantly adopted method for the preference alignment stage in the post-training pipeline of LLMs

and is also in applied robotics (Torne Villasevil et al., 2023). It aims to align model behaviours

with human preferences and morals, effectively improving accuracy and safety.

Figure 2 (Dong et al., 2024) illustrates the overall workflow of RLHF. It begins with training a
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Figure 2: Overview of the RLHF pipeline

reward model capable of predicting human preferences via supervised learning on a dataset of

(prompt, candidate responses, human annotated preference) entries. After the reward modeling

stage, the policy training stage proceeds. The established reward model is incorporated into a

Reinforcement Learning (RL) cycle, guided by typical RL algorithms (Haarnoja et al., 2018;

Kostrikov et al., 2021), such as Proximal Policy Training (PPO) (Schulman et al., 2017). In the

following subsections, we elaborate more on reward modeling and policy training, respectively.

2.1.1 Reward Modeling

The reward modeling stage targets a reward model, usually based on language models, that can

predict the correct preferred response given a query and multiple candidate responses. It follows

a supervised training paradigm. With labeled preference data, the objective is to maximize the

likelihood that the ground-truth preferred response is favored. For example, on a typical RLHF

dataset with binary comparison between responses, we have

max
rθ

E
(x,yw,yl)∼D

[log pθ(yw ≻ yl | x)] , (1)

where rθ refers to the reward model parameterized by θ to be learned, D denotes the preference

dataset, the triplet (x, yw, yl) denotes a datapoint, x is the prompt, yw is the preferred response,

and yl is the rejected response. Here, pθ(·) is a probability calculated on the model outputs

using the Bradley-Terry-Luce (BTL) choice model (Bradley and Terry, 1952):

pθ(yw ≻ yl | x) =
erθ(yw|x)

erθ(yw|x) + erθ(yl|x)
, (2)

13
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where rθ(y | x) represents the reward score the model assigns to response y given prompt x.

However, such reward modeling is user-agnostic, essentially integrating preference distribu-

tions over the population into a joint one. As a consequence, diverse opinions are ignored and

lost in the learning process. In Section 3, we propose the conditional reward modeling formu-

lation by incorporating user identities into the above equations. Different from the traditional

reward models, conditional reward models can output different choices in answer to the same

querying triplet for different clients, preserving and adapting to diverse tastes.

2.1.2 Policy Training

Policy training via RL usually requires loading multiple models and fully fine-tuning language

agents, taking vast computational resources and time. Therefore, this project only focuses on

the reward modeling process, which lays the foundation of a successful RLHF run. Neverthe-

less, we still briefly introduce the process of policy training.

As shown in Figure 2, during each iteration of the process, the policy model to be learned

first generates several responses to an input prompt. Next, the reward model obtained from

the previous stage assigns real-valued scores to each of the responses. Based on this feedback,

the policy model is then optimized to maximize the reward score of its output, guided by the

adopted RL algorithm. This process allows the model to learn and adapt, refining its behavior

to meet user expectations.

2.2 Literature Review on Dataset Curation and Related Methods

Modeling diverse human preferences requires data. Instead of the commonly used datasets

where preference labels are annotated by anonymous users and aggregated as a whole, per-

sonalization requires each preference to be distinguishable. One straightforward method is

to provide user information. The OpinionsQA dataset (Santurkar et al., 2023) collects US citi-

zens’ opinions on controversial political issues, with each annotator’s demographic information

recorded in 8 attributes. Built on this, the GlobalOpinionsQA dataset (Durmus et al., 2023) fur-

ther incorporates more countries and more questions. However, these two datasets only include

questions from limited topics, mainly political, and thus cannot serve as a good general prefer-

ence learning dataset for LLMs. In this project, we mainly use the UltraFeedback dataset (Cui

et al., 2023), which contains ratings for each response from different aspects. Although lack
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of detailed annotator attributes, the fine-grained ratings enable data curation by creating users

who attach different weights to each perspective. Detailed methods will be clarified later.

Due to the lack of proper preference datasets, there exists little work that targets preserving

diverse user tastes in one model. Nevertheless, some algorithms have tried to solve an easier

problem where one finds a compromising solution among the preferences of different groups.

Chakraborty et al. (2024) adopts the typical RLHF workflow, training a separate reward model

for each group and optimizing the policy model for the worst-performing one in each train-

ing round. Ramesh et al. (2024) uses the alternative DPO (Rafailov et al., 2024) algorithm

equipped with mirror descent that also prioritizes undertrained groups. These methods aim to

reconcile the conflicts among different preferences, yet cannot preserve them.

3 Conditional Reward Modeling and Its Realization

3.1 Section Overview

This section discusses the main methods used to achieve diverse preference learning for LLM

reward models. Specifically, Section 3.2 introduces conditional reward modeling, which serves

as the fundamental support on the model specification level. Before investigating reward model

training, in Section 3.3, we report results of the training-free few-shot prompting method as

a baseline. Next, Section 3.4 introduces an effective model structure from recent literature

to realize condition reward model training using the Variational Auto-Encoder (Poddar et al.,

2024). Finally, Section 3.5 presents its experimental performance and major limitations, which

will be resolved by techniques documented in the Section 4.

3.2 Conditional Reward Modeling

Recall that the reward modeling stage, as the first step of the RLHF process, aims to obtain

a model that predicts users’ preferences among multiple responses to the same query. As in-

troduced in Section 2.1, current reward models are trained in a supervised learning fashion

on a mixed, user-agnostic preference dataset. However, this process is valid only when all

users share the same underlying preference. In the real situation of heterogeneous tastes, it

essentially aggregates opinions among the population. The resulting model tends to favor the
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majority while leaving the minority underrepresented, and diverse preference information may

be lost due to gradient conflicts.

The above issues cannot be tackled if the learner cannot distinguish signals from different

groups. In other words, one has to modify the model specification to incorporate this factor

into the learning process. Naturally, we consider conditional reward modeling. Specifically,

the objective function is

max
rθ

E
z∼Z

[
E

(xz ,yzw,y
z
l )∼Dz

[log pθ(y
z
w ≻ yzl | xz, z)]

]
, (3)

where rθ is the reward model to be learned parametrized by θ, Z is the set of all possible users,

Dz is the user-specific preference dataset, and pθ(y
z
w ≻ yzl | xz, z) is computed as

pθ(y
z
w ≻ yzl | xz, z) =

erθ(y
z
w|xz ,z)

erθ(yzw|xz ,z) + erθ(y
z
l |xz ,z)

, (4)

which is similar to the original Bradley-Terry-Luce choice model as in Equation (2). Compar-

ing the above conditional reward modeling with the traditional one, the simple but key differ-

ence lies in its consideration of users. Instead of fitting the marginal preference distribution

p(· | x, yw, yl), which mixes voices from all users together, it fits the conditional distribution

p(· | x, yw, yl, z) given a specific client. Such conditioning enables the model to embed con-

flicting opinions from diverse groups in the conditional distributions and to adapt its behaviour,

i.e., the preference prediction, according to the given user. This conditional reward modeling

provides the key ingredient for LLM personalization.

Theoretically, the user label z can be any data that identifies one user from another, for instance,

a user ID. Nevertheless, using meaningful information from which the user’s preference can be

best inferred, such as social attributes, life experiences, personality, and preference examples, is

more effective for the learning process and helps generalization to a broader population, utiliz-

ing the semantic interpretation ability of language models. In all the experiments in this section,

we only consider preference examples as user identifiers due to limited data. In Section 4, we

also explore using synthetic user stories as identifiers.
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3.3 Baseline: Few-Shot Prompting

Training LLMs is highly consuming in both time and memory. Hence, before training con-

ditional reward models, we first examine the performance of a tuning-free method - few-shot

prompting. Specifically, a post-trained LLM is directly used as a reward model and prompted

to predict user preferences.

Apart from the prompt-response triplet to be annotated, which consists of a prompt and two

responses, the model is additionally provided with a small number of preference examples of

a specific user. Each preference example is in the same format of a query triplet, but with the

ground-truth label telling which response is preferred by the user under consideration. This

method expects the model to infer the underlying preference of the given client through limited

demonstrations.

3.3.1 Experimental Setup

Dataset and preprocessing We consider a widely used RLHF dataset, UltraFeedback (Cui

et al., 2023). Each entry of UltraFeedback consists of a query, 2 ∼ 4 responses generated

by language models, and their corresponding multi-objective scores rated on four dimensions,

namely instruction-following, honesty, truthfulness, and helpfulness. When training a reward

model, these four scores are normally aggregated as the overall score of a response, and the

accepted and rejected pairs can then be determined.

We follow the suggested procedure in the original work to filter out potentially contaminated

entries. Additionally, to encourage disagreements among users, we only consider queries with 4

responses whose scores are not dominated by each other. Eventually, 300 questions are batched

into the training set, and 95 questions constitute the test set. In fact, 300 questions for each user

is not sufficient for effective conditional reward model learning, and due to limited compu-

tational resources, increasing the number of training samples for all users is not affordable.

Therefore, we use a dataset with fewer users later to train the reward model, as in Section 3.5,

and only the test set introduced here is used for evaluating the few-shot prompting method.

Simulating diverse preferences The multi-objective ratings enable us to simulate diverse

user preferences. We model each user as a preference vector w ∈ ∆4, where wi represents

17
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(a) Random (b) Cluster

Figure 3: Visualization of user opinions under two settings

the importance this user attaches to a certain dimension. As such, the user-specific rating for

a query is the weighted sum, instead of the uniform sum, of the sub-scores. When compar-

ing a pair of responses, different users may choose oppositely. Specifically, we generate 100

preference vectors using two strategies:

• Random: sample 99 variables from Dirichlet([1, 1, 1, 1]), plus 1 uniform baseline

• Cluster: sample 49, 30, and 20 variables from Dirichlet([2. 5, 2. 5, 2. 5, 2. 5]),

Dirichlet([0. 7, 0. 3, 6. 0, 3. 0]), and Dirichlet([7. 5, 0. 5, 1. 2, 0. 8]) respectively, plus 1 uni-

form baseline

Here, the uniform baseline refers to w = [0.25, 0.25, 0.25, 0.25], representing the uniform ag-

gregation used in current post-training schemes. Figure 3 visualizes the user opinions, where

each entry indicates the number of differences between two users in their choice of the most

preferred response for a certain query among the 95 test queries. Under the random setting,

users demonstrate highly diverse opinions, as in Figure 3a; under the cluster setting, conflicts

between clusters are more tense, and inter-cluster differences are mitigated, as in Figure 3b.

Question selection by information gain To facilitate the few-shot prompting method, sev-

eral preference examples should be provided in the prompt to demonstrate user tastes. To find

the most informative set, we adopt a greedy selection strategy based on mutual information. In

particular, the question with the highest information gain is selected in each iteration. In other
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words, we choose question j that maximizes

I(Z;Qj | QS) = I(Z;QS∪{j})

=
∑
z∈Z

∑
a∈Aj

p(z, a) log
p(z, a)

p(z)p(a)

=
∑
z∈Z

(
p(z, az) log

p(z, az)

p(z)p(az)
+ 0

)
(5)

=
∑
z∈Z

− log p(z)p(az) (6)

=
∑
z∈Z

− log
number of users choosing az

100
(7)

where Z is the user set, Qj is the response of question j, S is the set of questions already

chosen, QS is the set of responses to all questions in S, Aj is the response set of question j,

az is the response user z prefer the most for query j. Additionally, p(z, a) is the probability

of user z preferring response a and equals 1 when a = az and 0 otherwise; p(z) is the prob-

ability of selecting user z from a total of 100 users and equals 1
100

, p(az) is the probability

of any user preferring az for question j, estimated by the empirical number of users choosing

az in the dataset. Note that this greedy approach may not eventually yield the most informa-

tive set, but is widely adopted for its computation efficiency and satisfactory performance in

practice (Minoux, 2005).

Models and machines We adopt a Gemma-2 model with 2B parameters that is post-trained

on a joint set of common RLHF datasets based on the open-source SFT model provided by

Google (Team, 2024). This model has a basic knowledge of human preferences learned from

the mixed data. All experiments are conducted on one machine with one A100 GPU.

3.3.2 Results and Analysis

In the experiments, the model is directly prompted with 2 ∼ 5 preference demonstrations from

a particular user, a query, and two responses, and then answers which response is more likely to

be preferred by the current user. For illustration, an example prompt is attached in Appendix A.

Figure 4 presents the results using different numbers of few-shot demonstrations, evaluated by

the prediction accuracy on the test set.
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(a) Random (b) Cluster

Figure 4: Prediction accuracy of the few-shot prompting method under two settings

In Figure 4, the dotted line represents the accuracy of the model with no few-shot demonstra-

tions for the user with the uniform preference, which reflects the currently reported accuracy

using the traditional user-agnostic reward modeling and training. While this accuracy is rela-

tively high, all results represented by the bar plots, where the underlying user preferences are

highly heterogeneous, are much worse, verifying that the current RLHF scheme may fail to

cater to diverse clients in real-world applications.

Comparing across multiple bars, one observes that when the number of few-shot demonstra-

tions is small, performance is worse than the baseline with no demonstrations, which may be

caused by misinterpretation from limited data. Only when the number of examples reaches 5

is the accuracy improved to a small extent. In the clustered setting, improvements among dif-

ferent groups are not consistent, with cluster 1 witnessing the largest increase, while the other

two nearly none. This indicates that the selected demonstration set may be somewhat biased,

providing more information for certain groups.

From these experiments, we conclude that the training-free few-shot prompting method is quite

limited in dealing with diverse user preferences. In the next subsection, we explore a Variational

Auto-Encoder-based reward model structure from recent literature(Poddar et al., 2024) that is

effective in personalization but suffers from unstable training.

3.4 Realizing Conditional Reward Modeling with Variational Auto-Encoder

In the previous subsection, the few-shot prompting method utilizing solely the semantic un-

derstanding and inference ability of language models is shown to be not powerful enough for
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preference personalization. Instead, we consider training a conditional reward model with

preference demonstrations as user identifiers.

3.4.1 Challenges of Direct Finetuning

One straightforward approach is to append all examples into prompts with the querying prompt-

response triplet and directly fine-tune the language model to fit the correct choice. However,

this method, despite its simplicity, is challenged by several factors. The first and main problem

stems from the limited context window size of language models. In other words, the length

of the querying prompt a model can process is restricted. Some preference demonstrations are

lengthy, and the number of demonstrations is also strictly upper-bounded by this window size.

For example, the GPT-2 model (Radford et al., 2019) has a window size of 1024 tokens and can

accommodate approximately two triplets in the UltraFeedback dataset, leaving space for only

one demonstration.

Another challenge lies in the ability of language models to automatically infer the underlying

user preferences from the demonstrations and project them into the decision-making process

for the querying triplet. Although language models are trained to interpret contextual meaning

and may indeed have the potential to achieve it, there is no explicit objective in the said simple

finetuning approach that encourages the model to do it, and it is hard to find such an objective.

With the direct goal of choosing the correct response, whether the model can establish a good

connection between the demonstrations and the decision it is asked to make remains unknown.

3.4.2 VAE-based Model Structure

Considering the above two drawbacks, we search for a proper model structure that can deal with

multiple, potentially long preference examples and has specialized designs to infer user tastes

before choosing a favored response. Recently, Poddar et al. (2024) proposed a Variational

Auto-Encoder (VAE) -based backbone that can be used to realize conditional reward model

training, and was reported to achieve the state-of-the-art performance. Here, we first introduce

the architecture in detail for completeness, and later point out some training failure issues

encountered in practice in Section 3.5, as well as our solutions in Section 4.

Figure 5 illustrates the structure of the VAE-based conditional reward model. To better explain

21



FYP24080 Final Report

Figure 5: VAE-based conditional reward model

how data is passed through this pipeline, we first consider the inference process of a sample

consisting of several preference demonstrations and the querying triplet.

1. For each demonstration, the prompt is concatenated with the chosen and rejected re-

sponses, respectively, and separately passed into the same LLM encoder to obtain the

corresponding embedding vectors. Note that the parameters of this LLM encoder are

frozen, meaning that this module is not updated during training. Next, the embeddings of

the chosen and rejected conversations are input into a pair encoder to be learned, which

outputs a joint embedding for the entire demonstration.

2. The embeddings of all demonstrations are then processed by a sequence encoder to be

learned, which integrates information and infers the latent user taste, reflected by the gen-

erated mean and variance of the preference distribution. Next, a variable representing the

current user’s taste is sampled from a Gaussian distribution parametrized by the output

mean and variance. This step follows the typical VAE design.

3. In parallel, the prompt and one response of the querying triplet are concatenated and

passed into an LLM encoder, which shares the same structure as the one mentioned in

step 1 but is updated during training. The output embedding, together with the sampled

user variable in step 2, is input into the decoder to be learned. Finally, the decoder outputs
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the reward score of the given response. Out of the two responses in the querying triplet,

the one with a higher reward score will be chosen.

This structure resolves the two challenges confronted by the naive finetuning approach. Demon-

strations are processed independently by the pair encoder, which produces embeddings with a

controlled length, and integrated by the sequence encoder, bypassing the restriction of the LLM

context window size. For another thing, the VAE structure that infers latent user preference dis-

tributions explicitly forces the model to follow the learn-and-decide step.

3.4.3 Objective Interpretation

To end this subsection, we consider the objective function used to train this VAE-based condi-

tional reward model. Following the classical VAE framework, the objective also consists of a

maximum likelihood term, corresponding to the reconstruction loss in usual VAE training, and

a regularization term concerning the prior of the latent space. Specifically, we have

max
pθ,qψ

E
h∼H,

{(xh,yhw,yhl )c}
N
i=1∼Dh,

(xh,yhw,y
h
l )∼Dh

[
E

z∼qψ(·|{(xh,yhw,yhl )c}
N
i=1)

[
log pθ(y

h
w ≻ yhl | xh, z)

]

−βKL
(
qψ(· | {(xh, yhw, yhl )c}Ni=1) ∥ pz(·)

) ]
, (8)

where pθ(y
h
w ≻ yhl | xh, z) is computed using Equation (4), where rθ(·) denotes the output

reward score of the model for a certain response. Here, pθ covers the LLM under-training

and the decoder, qψ covers the pair and sequence encoders, H is the user set, Dh is the user-

specific preference dataset, {(xh, yhw, yhl )c}Ni=1 are the preference examples, (xh, yhw, y
h
l ) is the

querying triplet, qψ(· | {(xh, yhw, yhl )c}Ni=1) denotes the posterior distribution of the underlying

user preference given the examples, pz(·) denotes its prior distribution, KL(·∥·) computes the

KL-divergence between two distributions, and β is a hyperparameter.

The first term in Equation (8), the maximum likelihood term, corresponds to the vanilla con-

ditional reward modeling objective in Equation (3), which aims to predict the correct response

favored by a specific user. The KL-divergence term regularizes the posterior to not deviate too

much from a given prior, which is usually a standard Gaussian distribution. In practice, this

regularization is relatively less useful for reward learning, as the true population may be highly
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multimodal. Hence, the hyperparameter β can be simply set to 0 or a very small number.

3.5 Experimental Results and Major Limitations

This subsection presents the experimental results showing that the VAE-based conditional re-

ward model training is sometimes effective in preserving diverse user preferences, yet suffers

from unstable training, with many runs failing to converge.

3.5.1 Experimental Setup

Dataset and preprocessing We still consider the UltraFeedback dataset (Cui et al., 2023) and

mainly use its binarized version as our testbed. In the binarized version, each entry consists

of a prompt and only two candidate responses, which are extracted from the candidate pool

of the original dataset. Again, following the documented protocol from the source, entries

that are potentially contaminated are filtered out. Different from the experiments for few-shot

prompting in Section 3.2, we did not focus on questions with 4 non-dominating responses only.

Instead, such selection is left to be done after diverse user simulation.

Simulating diverse preferences To have a sufficient number of training samples for each

user for successful latent preference learning, and limited by time costs and access to GPU

resources, only two different users were simulated in the following experiments. Similarly

to the few-shot prompting setup, we utilize the fine-grained scores for four aspects, namely

helpfulness, honesty, instruction-following, and truthfulness, of each response provided by the

UltraFeedback dataset to construct different preference profiles. Specifically, one user prior-

itizes solely “helpfulness” and the other favors only “honesty”, i.e., their preference weights

are [1,0,0,0] and [0,1,0,0], respectively. Given the two responses to the same prompt, these

two users may choose differently according to the subscore. To maximize the disagreement,

triplets where the two users prefer the same response or attach equal rates to the two candidate

responses are filtered out during training. As a result, 30896 and 423 triplets are selected for

the training and test sets, respectively, of each user. Note that samples for different users are

not necessarily identical.
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Table 1: Hyperparameters used for the VAE-based model

Hyperparameter Value

Output embedding dimension of the LLM encoders 1024
Hidden layer dimension of the pair encoder 512
Output dimension of the pair encoder 512
Dimension of the latent space 512
Hidden layer dimension of the decoder 512
Learning rate 0.0001
Optimizer AdamW with weight decay = 0.001
Scheduler Cosine with 3% warmup steps
Per device batch size 4
Gradient accumulation step size 8
Number of training epochs 2

Preference demonstration selection Recall that preference demonstrations should be pro-

vided for each querying triplet as user identifiers. A total of 8 examples are randomly sampled

from a subset of 100 entries of the original dataset for each querying triplet. Here, we did not

perform greedy selection based on information gain as in Section 3.2, but the performance is

satisfactory. Note that this selection is completed in advance - the training and test sets are

fixed across all runs.

Sub-modules for the VAE-based model As shown in Figure 5, there are several sub-modules

in the backbone. Following the settings from the paper (Poddar et al., 2024), we use a two-layer

Multi-Layer Perceptron as the pair encoder, a self-attention layer as the sequence encoder,

and a two-layer Multi-Layer Perceptron as the decoder. Due to limitations on computational

resources, we adopt a relatively small language model - the open-sourced GPT-2 model by

OpenAI (Radford et al., 2019) with 124M parameters as the LLM encoders. Note that only the

LLM encoders for the querying prompt-response pair participate in training.

Hyperparameters and machines The hyperparameters used for the VAE-based model are

reported in Table 1. All experiments are conducted on one machine with 1 A6000 GPU.

Baselines Apart from the VAE-based conditional reward model, we also include the follow-

ing baselines for comparison.

• Few-shot prompting: In Section 3.2, we evaluate the few-shot prompting method using
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the average accuracy on 100 users with different preference weights across the four as-

pects, either generated randomly or clustered. In the current experimental setting, we

only consider two users. To directly compare the few-shot prompting method against

others, one shall also evaluate on the new test sets described above. However, as men-

tioned in Section 3.4.1, the GPT-2 model suffers from a very small context window size,

and thus is incapable of handling multiple preference demonstrations. Instead, we still

adopt the Gemma-2b model (Team, 2024) as in Section 3.2, whose context length can

cover up to 8 demonstrations. Since few-shot prompting only involves inference, the

time consumption is acceptable.

• Non-conditional/traditional reward model: To verify the effectiveness of the conditional

reward modeling formulation on personalized preference learning, we also train a GPT-2

model using the non-conditional/traditional formulation introduced in Section 2.1. No

preference demonstrations are provided as user identifiers, and the training objective is

to fit the mixed, aggregated, user-agnostic preference distribution.

3.5.2 Results and Limitations of Failed Training

Figure 6 and Table 2 illustrates the results of the few-shot prompting baselines with 0, 2, 4, 6,

and 8 preference demonstrations, the traditional reward modeling baseline, and the VAE-based

conditional reward modeling. The accuracy refers to the mean prediction accuracy of the two

users favoring “helpfulness” and “honesty”, and std. refers to the standard deviation, computed

across three runs with different random seeds.

Although using the Gemma-2b model with many more parameters, all the few-shot prompting

Figure 6: Test results of multiple methods on the personalized UltraFeedback dataset

26



FYP24080 Final Report

Table 2: Numerical test results of multiple methods

Method Fewshot n0 Fewshot n2 Fewshot n4 Fewshot n6 Fewshot n8

Accuracy±Std. 0.442±0.000 0.442±0.000 0.450±0.000 0.449±0.000 0.448±0.000

Method Traditional reward model Conditional reward model

Accuracy±Std. 0.473±0.005 0.574±0.109

baselines fall behind the two methods involving finetuning on the smaller GPT-2 model. This

emphasizes the necessity of a learning process in the human preference alignment for language

agents. Similarly to the results in Section 3.2, increasing the number of demonstrations in few-

shot prompting does not improve the performance significantly, also reflecting that the model

itself may not be able to correctly interpret the underlying user taste and use them to predict the

preferred response, although such guidelines are included in the prompt.

The VAE-based conditional reward model greatly outperforms the traditional baseline. This

superiority stems from the fundamentally different reward model specification - distinguishing,

preserving, and learning diverse user preferences by conditioning the output on not only the

querying triplet, but also the user identifiers.

However, as shown by the standard deviation in Table 2 and the error bar in Figure 6, the per-

formance of the VAE-based conditional reward model is highly unstable. Careful examination

reveals that, surprisingly, two out of the three runs of this method failed to converge, with

evaluation accuracy stagnating below 0.5 throughout the training process. Metrics on the test

set, including loss and accuracy, are plotted against the number of epochs trained, as shown in

Figure 7. More sets of experiments using the same settings demonstrate similar results.

Although the VAE-based conditional reward model proves effective, the observed unstable

training limits its reproducibility and practical applicability. In the next section, we analyze the

training behaviour in detail and adopt various methods from different perspectives to resolve

the issue, with a simple adaptive sampling strategy being the most helpful solution.
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(a) Test loss (b) Test accuracy

Figure 7: Evaluation curves of the conditional reward model across three runs

4 Techniques for Stabilizing and Accelerating Training

4.1 Section Overview

This section documents the explored methods aiming to resolve the training failure issue men-

tioned in Section 3.5, including gradient manipulation techniques - Multiple Gradient Descent

Algorithm and Projecting Conflicting Gradients - from the Multi-Objective Optimization lit-

erature, an additional contrastive learning paradigm, and the adaptive sampling strategy. The

first two approaches, although clearly motivated, did not yield desired outcomes. The simple

adaptive sampling strategy eventually proves to stabilize and accelerate training effectively. To

keep a smooth logic flow of this report, the working adaptive sampling strategy is described

first in Section 4.2, followed by the other two attempts in Sections 4.3 and 4.4.

4.2 Adaptive Sampling and Improved Results

In Section 4.2.1, we first discuss the possible reason for the stagnation of the training pro-

cess, followed by the specification on the adaptive sampling strategy in Section 4.2.2 improved

experimental results, and analysis on how the strategy works in Section 4.2.3.

4.2.1 Conflicts Between Different Users

Recall that although on average, the VAE-based conditional reward model achieves an appar-

ently higher accuracy compared to the traditional reward model due to improved model speci-
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(a) Failed run with seed 0 (b) Failed run with seed 2

Figure 8: Evaluation accuracy of individual users in the two failed runs

fication recognizing diverse preferences, there is a large standard deviation among independent

runs. This is because out of the three runs with different seeds, two of them failed to witness

any decrease in the loss function. In previous works that aim to obtain an unconditional reward

model achieving similar, fair performances across multiple social groups (Chakraborty et al.,

2024; Ramesh et al., 2024), as mentioned in Section 2.2, conflicts among the different groups

are the major bottleneck that needs to be properly resolved. Inspired by this insight, we suspect

that the training stagnation problem is also caused by user conflicts.

To verify this guess, we examine the variation trend of the evaluation accuracy of individual

users during training for the two failed runs. As shown in Figure 8, a clear adversarial relation is

observed between the two users. At nearly every step, the accuracy of one user increases, while

that of the other decreases. Potentially due to random batch sampling, where the proportion of

data of the two users varies across steps, together with other stochastic factors, such as unstable

gradient norms, the model focuses on different users alternatingly. As a consequence, only one

user is improved for a small number of steps, and both users are seldom jointly considered,

leading to a catastrophic training stagnation phenomenon.

Unlike the traditional reward model formulation, user conflicts in conditional reward modeling

were expected to be inherently handled by the encoder that produces different latent embed-

dings for individual users, distinguishing their opposite preference selections. However, our

observation reveals that such conflicts are still hard to alleviate. This may be because when

the encoder is undertrained, it cannot map embeddings that are sufficiently distinguishable for

the decoder. Hence, conflicts persist for the decoder and adversely affect the training of the

encoder, forming a deadlock.
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4.2.2 A Simple Adaptive Sampling Strategy

After investigating various possible solutions, a simple adaptive sampling strategy stands out

as effective. On a high level, this strategy follows a continual learning mindset. The detailed

description is as below.

1. Divide all users into three groups: to-be-trained (A), training (B), finished (C).

2. At each phase, select one user to group B and train for a fixed number of steps,

during which draw samples proportionately from each user such that

NA : NB : NC = 1 : 2 : 4, where NA, NB, and NC are the total number of

samples from users in group A, B, C, respectively.

3. Put this user in group C; repeat steps 2 and 3 until all users are in group C.

Specifically, the adaptive sampling strategy divides the entire training into n phases, each con-

sisting of a sufficient number of steps, where n is the number of users. At each phase, it focuses

on a single user, i.e., the one in group B, to train both the encoder to learn his/her latent pref-

erence distribution and the decoder to adapt its prediction given the latent embeddings. At this

phase, signals from users that have not been processed yet, i.e., those in group A, are restrained

due to the smaller amount of data. On the other hand, signals from users that have already been

processed and whose preferences have been learned earlier, i.e., those in group C, are ampli-

fied. Note that this amplification is designed deliberately because the gradient norms become

relatively small after the learning tasks for these users converge, and a strong enough gradient

signal is still required to prevent forgetting.

Intuitively, this strategy prevents the model from altering between different users by solving

them sequentially. It also prevents the forgetting problem in continual learning, which refers

to cases where the model degrades on earlier tasks as it fits new ones, by sampling more data,

amplifying signals, and thus keeping the model activated for processed users.

It is worth pointing out the difference between sampling proportionately and gradient weight-

ing. Indeed, attaching the corresponding weight to gradient vectors calculated from data of

different users is theoretically equivalent to sampling proportionately. However, to obtain an

individual gradient for each client requires a separate forward and backward pass on the entire

model. In other words, n bi-directional passes are needed when there are n users. Given the

30



FYP24080 Final Report

Figure 9: Evaluation accuracy of the conditional reward model with adaptive sampling

Table 3: Numerical test results of the conditional reward model with adaptive sampling

Method Traditional reward model
Conditional reward model

w/o adaptive sampling

Conditional reward model

with adaptive sampling

Accuracy±Std. 0.473±0.005 0.574±0.109 0.734±0.009

massive scale of language models, such operations are highly inefficient, and the training time

would be drastically inflated. On the contrary, sampling proportionately only requires drawing

examples from multiple user datasets according to a weighted probability distribution. Exam-

ples can still be combined into one batch and passed into the model as a whole. Here, a single

gradient obtained from one forward and backward pass is sufficient, as weighting is already

handled on the data level.

4.2.3 Improved Results and Analysis

We now present the improved results after adopting the adaptive sampling strategy. Given

the two simulated users, there are two possible sequential orders for moving them into the

“Training” group B, i.e., 1-2 and 2-1. We experiment with both orders, each three times with

different seeds, resulting in a total of six runs. We consider all six runs to calculate the metrics

for the adaptive sampling strategy reported below, unless otherwise specified.

As shown in Figure 9 and Table 3, compared to the existing vanilla VAE-based conditional

reward model (Poddar et al., 2024), our adaptive sampling strategy greatly increases the average

accuracy and decreases the standard deviation across multiple runs. Figure 10 verifies that all

six independent runs are successful with good loss and accuracy curves.

Notably, our strategy also significantly accelerates convergence and reduces the number of

training epochs needed. Instead of 2 epochs, it now takes only 0.25 epochs for the model to

converge, with curves for comparison plotted together in Figure 11 and numerical training times
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(a) Test loss (b) Test accuracy

Figure 10: Evaluation curves of the conditional reward model with adaptive sampling

(a) Test loss (b) Test accuracy

Figure 11: Comparison of convergence speed

listed in Table 4. This again verifies that our strategy prevents the model from “pondering”, and

the effectiveness of the continual learning-style design.

Finally, we examine whether the adversarial trend in the evaluation accuracies of individual

clients is alleviated. Figure 12 demonstrates that, as expected, the accuracy of the user who is

selected to be first focused on smoothly increases without fluctuation. When the training enters

the second phase, the accuracy of the other user is also improved, while that of the previous

client stays high without degrading. This provides an intuitive visualization of how the adaptive

Table 4: Training epochs and times

Method Traditional reward model
Conditional reward model

w/o adaptive sampling

Conditional reward model

with adaptive sampling

Number of Epochs Needed 2 2 0.25

Avg. Training Time 2h 32m 22s 4h 24m 16s 1h 9m 16s
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(a) Order 1-2 (b) Order 2-1

Figure 12: Evaluation accuracy of individual users with adaptive sampling

sampling strategy works. Results in Figure 12a and Figure 12b are averaged across three seeds

for the corresponding training order.

4.3 Attempt: Multi-Objective Gradient Manipulation

As plotted in Figure 8, the evaluation accuracies of different users often change in opposite

directions at each update step, which is possibly caused by multiple gradient vectors con-

flicting with each other. Conflicting gradients have been a prevalent challenge in the field

of Multi-Objective Optimization (MOO), and several algorithms have been developed to re-

solve it through gradient manipulation. In this section, we experiment with these methods.

Section 4.3.1 provides an overview of MOO, Section 4.3.2 specifies the two algorithms we

apply - Multiple Gradient Descent Algorithm (MGDA) and Projecting Conflicting Gradients

(PCGrad), and Section 4.3.3 reports the results.

4.3.1 Introduction to Multi-Objective Optimization

MOO aims to learn under multiple, potentially conflicting, objectives. Many practical problems

in various domains, such as federated learning (McMahan et al., 2017) and drug design (Xie

et al., 2021), can all be formulated as an MOO task. For example, clients participating in fed-

erated learning often possess heterogeneous local data, and multiple criteria must be satisfied

when designing new medicines. These objectives often conflict with each other, making it

impossible to find one solution that is better than the others in all objectives. Instead, MOO

methods aim to locate solutions on the Pareto Front, which is the set of Pareto optimal solutions
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that are not dominated by any other (Miettinen, 1999). In other words, on the Pareto Front, any

improvement in one objective requires degradation in another. Finding Pareto optimal solutions

is not the goal in our problem, and therefore, we do not elaborate on the detailed concepts here

and refer interested readers to some recent papers (Liu et al., 2024; Chen et al., 2025).

When dealing with conflicting objectives, conflicting gradients naturally emerge during train-

ing. One important line of MOO methods is the gradient manipulation methods, which aim

to resolve such conflicts and find a common descent direction for all objectives. Given the

adversarial trend between the two users in our experiments, perhaps finding a common update

gradient using MOO methods helps.

4.3.2 MGDA and PCGrad

We experiment with two gradient manipulation methods, namely Multiple Gradient Descent

Algorithm (MGDA) (Désidéri, 2012) and Projecting Conflicting Gradients (PCGrad) (Yu et al.,

2020). At each step, MGDA computes the update vector d that optimizes the minimal improve-

ment among all objectives:

max
d

min
i∈{1,...,m}

(fi(θ)− fi(θ − ηd)), (9)

where m is the number of objectives, fi(·)’s are the objective functions, θ is the optimization

variable (e.g., model parameters), and η is the step size. The dual problem of this task is to find

a convex combination of all gradients that has the minimum norm, namely

min
α∈∆m

∥
m∑
i=1

αigi∥22 (10)

where ∆m is the (m− 1)-dimensional simplex and gi is the gradient of the i-th objective, i.e.,

gi = ∇θfi(θ). This problem is usually solved by the Frank-Wolfe algorithm (Jaggi, 2013).

While MGDA is widely used to resolve gradient conflicts, PCGrad appears more intuitive as it

explicitly eliminates components in gradients that conflict with others. PGCrad considers two

gradients g1 and g2 “conflicting” if their inner product is negative. For two conflicting gradi-

ents, it corrects each of them by projecting them onto the normal plane of the other, reducing
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(a) MGDA (b) PCGrad

Figure 13: Illustration of MGDA and PCGrad

forces in opposite directions. For instance, the corrected g1 with respect to g2 is

ĝ1 = g1 −
gT1 g2

∥g2∥22
g2 (11)

The final composite gradient is the summation of all corrected sub-gradients, i.e., d =
∑m

i=1 ĝi.

Figure 13 illustrates how the update direction of MGDA and PCGrad is computed.

4.3.3 Results and Analysis

In our experiments, we treat the losses calculated from the data of different users as objectives.

At each step, we pass the data of different users into the model separately to obtain individual

gradients of each objective, which are then combined into a composite update direction by ap-

plying MGDA or PCGrad. After mitigating gradient conflicts, we expected the performance

for both users to be simultaneously improved most of the time. However, as shown in Fig-

ure 14, the previously observed adversarial trend persists, and the training process still fails to

converge. We suppose the reason lies in the probabilistic nature of VAE, where a sampling

step is performed when generating user embeddings from the latent space. Given the non-

deterministic behaviour, gradient surgery may not be effective. Moreover, obtaining individual

gradients requires separate forward and backward passes for data from different users, signifi-

cantly inducing computational overhead, which is also an advantage of the adaptive sampling

method as mentioned in Section 4.2.

4.4 Attempt: Contrastive Learning

This section reports a contrastive learning method we tried that aims to resolve the training

stagnation issue from another perspective. We discuss the motivation and methodology in Sec-
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(a) Evaluation accuracy of MGDA (b) Individual accuracies of MGDA

(c) Evaluation accuracy of PCGrad (d) Individual accuracies of PCGrad

Figure 14: Results using MGDA and PCGrad

tion 4.4.1, and present the results in Section 4.4.2. Although the performance of this approach

is not satisfactory, we still report our exploration for completeness.

4.4.1 Motivation and Contrastive Loss

As discussed in Section 4.2.1, one possible reason for some runs to fail in converging might

come from an inferior encoder. Specifically, when the encoder is undertrained, it is incapable

of inferring the underlying user preference from the given demonstrations and generating ef-

fective latent embeddings for different users. As a result, the latent user variables passed into

the decoder are hard to distinguish, and hence, conflicting preferences cannot be separately

modeled as conditional distributions as designed, inducing the adversarial and fluctuating trend

in the evaluation accuracy for individual clients.

Figure 15 serves as a shred of supporting evidence for this analysis. Using the t-SNE (Van der

Maaten and Hinton, 2008) method, it visualizes the mean vectors of the latent space for the two

users generated by the encoder during the only successful training. Each point corresponds to
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(a) Epoch 0.0 (start) (b) Epoch 1.0 (c) Epoch 2.0 (end)

Figure 15: t-SNE visualization of latent user embeddings in a successful run

the mean vector inferred from one set of preference demonstrations, and the color indicates the

user identity. At the beginning, embeddings for different users are mixed, and towards the end,

they are clearly separated into clusters. In Figure 15b, embeddings start to show a tendency of

separation, and the corresponding epoch falls into the period when loss decreases drastically,

as in Figure 7a. This correspondence verifies a strong relation between the distinguishability

of latent embeddings and the model performance.

In the above analysis, whether the encoder can produce distinguishable user embeddings seems

to be a key issue. One possible method to stimulate this is to use an additional contrastive loss,

which encourages latent embeddings of the same user to be more similar and those of different

users to be more different. In other words, the contrastive loss promotes a more clustered latent

space output by the encoder, which would help the decoder to tell diverse preferences from

individual clients apart. We adopt a contrastive loss based on cosine similarity. Specifically, on

all samples
{(

h, {(xh, yhw, yhl )c}Nk=1, (x
h, yhw, y

h
l )
)}B

i=1
in each batch, we compute

CL =
∑
i,j∈H

−1(hi = hj) CosSim(µi, µj) + 1(hi ̸= hj) CosSim(µi, µj) (12)

where B is the batch size, 1(·) is the indicator function, hi and hj denote the user identity of

samples i and j, µi and µj are their mean vectors output by the encoder, and CosSim(·, ·) refers

to the cosine similarity function. This term can be directly added to the original VAE loss in

practice with a proper coefficient to control the tradeoff among other objective terms.

4.4.2 Results and Analysis

We experiment with the contrastive loss using one of the seeds on which the vanilla VAE-based

conditional reward model fails to converge. A coefficient of 0.5 is adopted. To increase the
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(a) Evaluation accuracy (b) Training contrastive loss

Figure 16: Training contrastive loss and evaluation accuracy curves

(a) Epoch 0.0 (start) (b) Epoch 0.1 (c) Step 2.0 (end)

Figure 17: t-SNE visualization of latent user embeddings with contrastive loss

number of samples in each batch and thus make the computed contrastive loss more informa-

tive, we use a larger per-device batch size of 8 and a gradient accumulation step of 4, still

resulting in an effective batch size of 32.

Figure 16 plots the evaluation accuracy curve and the training contrastive loss curve. Although

the contrastive loss quickly decreases to a small value, it converges and starts to oscillate, and

the training still fails with nearly no improvement in the evaluation accuracy. We also examine

the t-SNE visualization of latent embeddings during training, as in Figure 17. However, the

effectiveness of this mechanism in stimulating the encoder to produce clustered embeddings

appears very limited. After the contrastive loss converges, points corresponding to different

users are only shifted apart to a small extent. Given the accuracy performance, such shifts still

seem insufficient for the decoder to distinguish different users.
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5 Prompting Larger Models with Fine-Grained User Stories

5.1 Section Overview

In previous sections, only preference demonstrations are used as user identifications for the

model to infer the underlying user taste. Beyond this, user preferences are also highly correlated

with many sociological attributes and factors, such as cultural background, life experiences,

personality, occupation, etc. In this section, we explore the possibility of LLM personaliza-

tion with fine-grained user stories. Unlike the few-shot prompting method with demonstrations

in Section 3.2, we found that directly prompting a larger language model with such stories

simulates preferences that reflect reasonable structures related to user occupation. Section 5.2

introduces the experimental setups, Section 5.3 elaborates the technique for mitigating posi-

tional bias, which refers to the phenomenon of LLMs overly choosing the first option, and

finally, in Section 5.4, results, analysis, and interpretation are presented.

5.2 Experimental Setup

User stories We use 36 synthetic user stories that document in detail a client’s profile, includ-

ing name, age, race, current social position, family situation, interests, hobbies, and personality.

We label the users according to their position for the convenience of further analysis. A sample

profile is as below.

Sociology college student: Imagine that you are Klaus Mueller, a 20-year-old stu-
dent at Oak Hill College, studying sociology. You are passionate about social jus-
tice and exploring different perspectives. You have a strong sense of empathy, al-
lowing you to connect with individuals from diverse backgrounds. Your analytical
skills shine not only in your academic work but also in these extracurricular activi-
ties, where you help organize community events and awareness campaigns. For the
sociology research paper, you have chosen to explore the effects of gentrification,
focusing on how it impacts community cohesion and access to essential services in
low-income neighborhoods. You plan to incorporate firsthand interviews and com-
munity surveys to add depth to the analysis.

Questions and models We still adopt the binarized UltraFeedback dataset (Cui et al., 2023)

as our source for extracting the prompt-responses triplets for querying the model. To reduce

the computational overhead, only 1000 randomly sampled entries are considered. We use the
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open-source LLM Llama-3 with 8B parameters provided by Meta (Grattafiori et al., 2024) as

a reward model. Specifically, user stories are injected as the system prompt, querying triplets

are appended in the user prompt, and the model is asked to predict which of the two responses

to the given question the given user is more likely to prefer. However, we find that letting the

model directly choose from two options leads to severe bias towards the first one, even if we

randomly swap the order. In the next subsection, we analyze this phenomenon in detail and

provide a scoring technique to resolve it.

5.3 Mitigating Positional Bias

When using profile stories as user identifications and requesting the model to directly choose

from the two given candidate responses, a salient positional bias is observed, which refers to

the scenario where LLMs lean towards the option that is in a certain position. In our case, the

first option is overfrequently preferred. The bias persisted even if we used common prompting

techniques, such as chain-of-thought and explicit requirement, as listed below.

• Chain-of-thought: Please begin your evaluation by “<My analysis>” (without
quotes) and provide a short analysis on the two responses.

• Explicit guideline: Ensure that the order in which the responses were presented
does not influence your decision.

5.3.1 Inconsistency in User Choices and Homogeneous Preferences

Figure 18 shows the percentage of the preferred response of some sampled users, where 0

indicates a preference for the first option, 1 for the second option, and 2 and -1 indicate invalid

answers due to both or none of the options mentioned in the model response. The complete

figures are attached in Appendix B. Figure 18a and Figure 18b denote two independent runs

with the order of responses in all queries reversed. Note that in both runs, the responses are

shuffled so that the first option is not always the preferred one in the original dataset. One

can see that in both subfigures, the first option is preferred significantly more than the second,

indicating that after swapping the positions of the two responses, most users also switched their

choice to the opposite. Figure 18c plots the results combining these two runs, and cases where

the model responses are not consistent are counted towards the -1 category. Again, a majority

of choices are invalid due to inconsistency.
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(a) Random order of options

(b) Above order reversed

(c) Two orders combined

Figure 18: Per user preference distribution (partial)

Figure 19: Per question preference distribution

Moreover, even among the valid choices, most users are simulated to have selected the same

response for a certain prompt. Figure 19 shows the percentage of preference choices for each of

the 1000 questions, with bars sorted in ascending order of the number of votes for the first and

second response, respectively. It is clear that more than half of the questions receive universal

answers, where the bar contains either blue or orange, but not both, excluding the yellow part

for invalid answers. This indicates that the heterogeneity of user preferences may not have been

sufficiently simulated.

5.3.2 Scoring Querying Mode

To overcome the issue of positional bias, we introduce another querying mode using scoring.

Instead of a direct pairwise comparison, we ask the model to rate a single response to a par-
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(a) Per user preference distribution (two orders combined) (partial)

(b) Per question preference distribution

Figure 20: Simulation results with scoring mode

ticular prompt and select the response with a higher score to be the predicted preferred one.

In fact, this mechanism is inspired by the original composition of the UltraFeedback dataset,

where each response is also rated instead of directly compared.

Similarly to the UltraFeedback dataset, to guide to model to evaluate a response comprehen-

sively and calibrate to the described user more accurately, we prompt the model to give sub-

grades on four aspects, namely truthfulness, instruction-following, helpfulness, and personal

preference, with descriptions of each dimension included in the prompt for clarity. Each di-

mension will be assigned a score of -2, -1, 0, 1, or 2, where negative scores are more intuitive

in expressing incorrectness, irrelevance, or personal dislike, and 0 represents a neutral perspec-

tive. The descriptions and complete prompts are attached in Appendix A.

It is noteworthy that we exclude the “honesty” dimension used in the UltraFeedback dataset.

For one thing, “honesty” requests the model to be honest about its knowledge and express its

uncertainty using weakeners, such as “I guess” and “perhaps”. However, we observe that the

LLM might follow this instruction too rigidly, penalizing responses simply because it does

not include weakeners, even when it is not necessary. For another thing, when referring to

the response being factually correct, “honesty” overlaps with “truthfulness”. Therefore, we

decided to exclude it from the evaluation criteria. In addition, we include a dimension of

“personal preference”, which explicitly requires the model to consider the given user profile

when making the prediction.

The scoring querying mode successfully resolves the bias issue. Figure 20a illustrates the per-
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Figure 21: Frequencies of the responses being selected

centage of the selected option of the same sampled users after combining the two independent

runs with reversed response positions. The frequencies of the two options being selected by

each user are approximately the same, and the number of invalid model replies due to inconsis-

tent choices or fatal responses is significantly reduced. Additionally, as shown in Figure 20b,

the simulated preference is much more diverse, with most questions receiving different opin-

ions from the population, demonstrating a sharp contrast to Figure 19.

In summary, the scoring mode greatly mitigates positional biases by improving the consistency

of user choices given different orders of candidate responses and simulating heterogeneous

preferences that are more similar to real-world scenarios. In the next subsection, all results are

derived from experiments using the scoring mode.

5.4 Results and Interpretation

This subsection presents the analysis and interpretation of the simulated preferences. In partic-

ular, we found that users with related occupations show similar preferences.

5.4.1 Diverse Preferences of Different Users

The first question we investigate is whether the chosen response in the original dataset, which

is labeled by a single annotator, is still preferred in our simulation, where multiple users are

involved. Figure 21 shows the number of users choosing the originally preferred and rejected

responses, respectively, for all the 1000 questions. Users counted towards the green bar select

the originally preferred one, while those in the red bars select the opposite. It is apparent

that although the former is slightly larger in number, there are still quite many users in the
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Figure 22: Pairwise similarity of user preferences

latter. The preferences of these users are underrepresented in the original dataset and thus not

modeled in the RLHF. Through this simulation, we re-emphasize that human preferences are

highly heterogeneous, which should be considered in the LLM alignment process.

5.4.2 Similar Preferences among Similar Occupations

For each user, their preferences for all questions are integrated into a one-dimensional vector.

By calculating pair-wise cosine similarities of such vectors, a similarity matrix is obtained, as

illustrated in Figure 22. An entry with a darker color represents higher similarity. One can

observe that the rows and columns for “elementary student” are consistently light, indicating

low similarity with all other professional occupations. This highly aligns with our intuition that

young children process information and make decisions significantly differently from adults.

By linking each user with his or her mutual top five similar neighbors, we construct connected

graphs to further reflect the structure. In other words, two users are connected if and only if

they both ranked top five in each other’s similarity list. These connected graphs, as shown in

Figure 23, reveal some expected structures. For instance, singers and rappers, safety positions
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Figure 23: Connected graphs of mutual top five similar users

and politicians, two policemen, and two programmers share highly similar tastes.

5.4.3 Discussion

The above findings reflect the correlation between preferences and user occupations, and also

verify the rationality and validity of the simulation results, which are obtained by simply

prompting a relatively larger LLM with fine-grained user stories without any parameter fine-

tuning. Nevertheless, obtaining user stories may be difficult under privacy considerations. On

the other hand, providing preference demonstrations, as in experiments reported in previous

sections, requires far less sensitive data.

6 Conclusion, Limitation, and Future Work

This project investigates methodologies for personalizing LLMs to diverse user preferences.

We propose a conditional reward modelling framework that serves as the foundation for pre-

serving and adapting to diverse preferences. We show that compared to the training-free few-

shot prompting method and traditional reward modeling, a VAE-based structure is effective in

realizing this formulation but suffers from failed training. The adaptive sampling strategy we

developed resolves this issue, resulting in successful training across all runs and significantly

accelerating convergence. While not working in practice, we also experimented with other

45



FYP24080 Final Report

methods, including gradient manipulation techniques and contrastive learning. Finally, we find

that prompting larger models with fine-grained user stories simulates diverse and meaningful

preferences with reasonable structures related to user occupations detected.

Several limitations merit consideration and future work. First, our experiments were con-

strained to a relatively small number of simulated users (two) due to computational resource

limitations, and the scalability of our findings to more complex preference landscapes requires

further verification. Second, the reward modeling stage addresses only the first phase of the

RLHF pipeline; a complete implementation would require policy training, yielding LLMs ca-

pable of generating personalized content given user identifiers. Additionally, investigating ef-

ficient user identification mechanisms that balance informativeness (e.g., personal stories) and

privacy (e.g., preference demonstrations) could enhance practical deployability.

This project contributes to the personalization of LLMs, advancing the goal of creating more

adaptive and inclusive AI systems that cater to diverse human preferences. By addressing the

heterogeneity of user tastes, this work takes an important step toward ensuring equitable access

to high-quality AI tools for users across different backgrounds and preferences.
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A Sample Prompts

A Few-shot prompting prompts

We provide an example prompt used in the few-shot prompting method with preference demon-

strations in Section 3.2 as below.

[Context]
[My preference] Here are several prompt-response examples reflecting my preferred
type of responses. You should learn from these examples and curate your response
to my preference.
<Example 1>
[Prompt] (omitted)
[Better response] (omitted)
[Worse response] (omitted)
(7 examples omitted)
Remember: your response to the following task should cater to my demonstrated
preference.
Describe a memorable holiday you had.
[RESPONSE A]
I’m just an AI, I don’t have personal experiences or memories, but I can certainly
help you plan a memorable holiday! Have you considered a tropical island get-
away? (omitted)
[RESPONSE B]
My most memorable holiday was a two-week road trip across the United States
with my closest friends from college. We called ourselves the “Traveling
Troubadours” and embarked on an unforgettable journey from Boston to Los An-
geles, exploring the country’s natural wonders, historic sites, and quirky roadside
attractions. (omitted)
Which one is better? A or B?

B Scoring criteria and roleplay prompts

The detailed descriptions of the four scoring dimensions and the prompt templates used in the

roleplay prompting experiments in Section 5 are as below.
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Hi, there! Thank you for helping us in the following task. Consider the following
response provided by an AI assistant to a user instruction. Please rate the response
based on your personal experience and preference on four dimensions: truthfulness,
instruction-following, helpfulness, and personal preference. For each dimension, you
can rate -2, -1, 0, 1, or 2. Here is the scoring standard for each dimension:
Truthfulness: The response should be faithful to factual knowledge as well as given
contexts, never including any fictional facts that aren’t true or cannot be grounded in
the instruction. If you are not sure if the response is truthful, just rate 0.
Instruction-following: The response should conform to the user instructions. For
example, if there are any instructions on the length, format, tone, or style of the
response, the response should satisfy them.
Helpfulness: The response should be relevant and useful, either directly solving the
user’s doubt or offering information that can further help the user to proceed.
Personal preference: Consider whether there is anything in the response that is par-
ticularly to or against your personal taste.
You should start with a short analysis, and end with the final ratings strictly using
this format: [[A, B, C, D]], where A, B, C, D are your ratings for truthfulness,
instruction-following, helpfulness, and personal preference, respectively.
Here is the user instruction and the AI response:
[User Instruction] (omitted)
[AI response] (omitted)
Remember: If you are not sure of the truthfulness of the response, rate 0 for the
dimension of truthfulness. Strictly follow the format [[A, B, C, D]] when stating
your final ratings.

B Complete Version of Partial Figures

Figure 24: Full version of Figure 18a
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Figure 25: Full version of Figure 18b

Figure 26: Full version of Figure 18c

Figure 27: Full version of Figure 20a
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