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Abstract

Personalizing large language models (LLMs)
to individual user preferences is essential in
real-world application scenarios. Reward mod-
els (RMs), which are central to existing post-
training methods, aim to align LLM outputs
with human preference by providing feedback
signals during fine-tuning. However, existing
RMs struggle to capture nuanced, user-specific
preferences, especially under limited data and
across diverse domains. Thus, we introduce
PersRM-R1, the first reasoning-based reward
modeling framework specifically designed to
identify and represent personal factors from
only one or a few personal exemplars. To ad-
dress challenges including limited data avail-
ability and the requirement for robust general-
ization, our approach combines synthetic data
generation with a two-stage training pipeline
consisting of supervised fine-tuning followed
by reinforcement fine-tuning. Experimental re-
sults demonstrate that PersRM-R1 outperforms
existing models of similar size and matches the
performance of much larger models in both ac-
curacy and generalizability, paving the way for
more effective personalized LLMs.

1 Introduction

The paradigm of pre-training followed by post-
training has been widely adopted in both academia
and industry for developing large language models
(LLMs). In the post-training stage, common val-
ues, such as harmlessness, helpfulness, and honesty,
that are shared among human beings, and common
capabilities, such as chatting, reasoning, which are
shared among various tasks, have been the opti-
mization objective in model fine-tuning (Bai et al.,
2022a,b; Ouyang et al., 2022). However, as LLMs
are increasingly integrated into personalized appli-
cations, e.g., personal assistants, tutoring systems,
and writing aids, there is a growing need for models
that can not only follow specific user instructions
but also align closely with individual preferences
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Figure 1: Top: Post-training for user-facing LLMs in-
volves two key stages: 1) aligning the LLM with shared
human values and endowing it with fundamental capa-
bilities; 2) tailoring the LLM to individual preferences.
Middle: General-purpose RMs, including both scalar
and generative types, are trained on standard tasks to
generate reward scores for given responses. Bottom:
PersRM-R1 is capable of capturing subtle personal-
ity traits presented in personal exemplars, conducting
personality-centric reasoning analyses, and generating
reward scores that reflect how closely each response
aligns with the style exhibited in the personal exem-
plars.

and communication styles. These differences, such
as preference for conciseness, use of humorous
expressions, and opinions on controversial topics,
distinguish one person from another. Thus, per-
sonalization alignment that makes the user-facing
LLM best fit for each individual is essential; how-
ever, it has not received much attention in the com-
munity(cf. Fig. 1, top panel).

Reinforcement learning (RL) methods based on
reward models (RMs) are commonly applied in
LLM post-training, where a reward model is trained
to provide reward signals for the training of the
policy model through reinforcement learning al-
gorithms (Christiano et al., 2017; Ouyang et al.,



2022). The reliability of RMs lies at the core
of the success of such methods (Li et al., 2023;
Casper et al., 2023). RMs for common values and
capabilities alignment are trained on large-scale
crowd-sourcing data to represent homogeneous
preferences for general purposes (cf. Fig. 1, middle
panel). In contrast, RMs for individuals ought to
be personalized, as studied in the literature of neu-
roscience, where the emission of rewarding signals,
like dopamine, is influenced by the value compo-
nent that reveals the brain’s subjective evaluation
of the effects of goal achievements (Schultz, 2015).

Developing such models, however, is non-trivial,
particularly in settings where only limited user-
specific data is available. In this work, we investi-
gate how to construct and train personalized reward
models under realistic data constraints. We focus
on two central technical challenges: (a) the scarcity
of individual-specific demonstrations for effective
model tuning, and (b) the base model’s insufficient
sensitivity to nuanced personality traits reflected in
both exemplars and generated responses.

We introduce a novel approach to address
these challenges, ultimately resulting in our RMs,
namely PersRM-R1. The overall development
pipeline of our method is illustrated in Fig. 3.
Specifically, to tackle the first challenge, we de-
sign a synthetic data generation pipeline to enhance
pairwise preference data (cf. Fig. 2, left panel).
For the second challenge, we propose to incorpo-
rate a personality-centric reasoning process into
reward modeling. This is motivated by our hypoth-
esis that personality traits are inherently embedded
within the text and must be explicitly extracted
and analyzed to more accurately assess personal-
ity similarity between a personal exemplar and an
arbitrary response. To this end, we generate syn-
thetic reasoning traces for pairwise preference data
(cf. Fig. 2, right panel), which are used to tune the
base model in supervised fine-tuning (SFT) to en-
hance its foundational capability to reason about
personality traits and to produce reward scores in
a standardized format. Subsequently, reinforce-
ment fine-tuning (RFT) is employed to further en-
hance its performance and generalizability, build-
ing on recent advances in reasoning-augmented
LLMs (DeepSeek-Al et al., 2025; Liu et al., 2025).

The performance of PersRM-R1 is evaluated on
the representative personalization alignment task
of personal stylish writing, across diverse genres
including email, essays, news articles, blogs, Tweet
and more. Experimental results show that PersRM-

R1 not only outperforms existing models of com-
parable size but also matches the accuracy and
generalizability of much larger models. To the
best of our knowledge, this work presents the first
reasoning-based reward model tailored for person-
alization. We propose PersRM-R1, which inte-
grates guided data augmentation with a two-stage
fine-tuning pipeline to enable preference modeling
from minimal user input. Beyond establishing a
new direction for personalized alignment, our study
systematically investigates alternative approaches
such as in-context learning and conducts ablations
to isolate the contributions of each pipeline com-
ponent, providing a comprehensive foundation for
future work in personalized reward modeling.

2 Related Work

LLM Personalization. Existing methods for per-
sonalizing LLMs can be categorized into two
classes: 1) tuning-free methods, such as retrieval-
augmented generation (RAG) (Salemi et al., 2024),
prompt engineering (Park et al., 2023), and steer-
ing vector intervention (Konen et al., 2024; Cao
et al., 2024); 2) tuning-based methods, which in-
fluence the manifested personality traits of LLMs
through supervised fine-tuning (Shao et al., 2023),
direct preference optimization (Li et al., 2024; Zeng
et al., 2024), and RM-based approaches (Chen
et al., 2025a). Tuning-free methods, while simple
to implement, often induce extra token costs and
sacrifice inference speed. Moreover, their perfor-
mance can be inconsistent and sensitive to retrieved
information, prompts, or steering vectors. In con-
trast, tuning-based methods that directly integrate
personality traits into the model parameters offer
a more robust and fundamental solution. A con-
current work by Chen et al. (2025a) focuses on
developing personalized RMs by efficiently tun-
ing parameters of the base model for each specific
traits, a strategy that becomes impractical when
considering the vast number of potential users. In
contrast, our work focuses on a distinct path to per-
sonalized reward modeling, where we develop a
unified RM that captures personal traits from indi-
vidual exemplars and arbitrary responses, produc-
ing reward scores that reflect personality similarity.
Reasoning-enhanced Reward Modeling. RMs
in current literature can be categorized into two
classes: scalar and generative RMs (Lambert et al.,
2024; Liu et al., 2025). Scalar RMs are trained to
predict a scalar reward value given a pair of prompt



and response. In contrast, generative RMs offer
a more general formulation for reward modeling
that exhibits strong generalization potential. In
addition, reasoning capability can be naturally in-
corporated into the rewarding process (Yang et al.,
2024a; Chen et al., 2025b; Liu et al., 2025; Guo
et al., 2025), which has attracted increasing atten-
tion recently, motivated by the success of incorpo-
rating long-reasoning process in LLMs in tasks of
coding and math problem solving (DeepSeek-Al
et al., 2025; OpenAl et al., 2024). Most of the ex-
isting work in this direction focus on tasks where
ground-truth rule-based rewards can be obtained.
In contrast, employing reinforcement learning in
open domains is more challenging as reliable re-
wards are absent. While previous work (Liu et al.,
2025) employs self-generated principles to gener-
ate rewards aimed at common value alignment, we
demonstrate that, with appropriate modifications
to address challenges such as identifying nuanced
preference characteristics and coping with limited
data, similar strategies can be adapted for personal-
ized reward generation.

3 Methodology

In this section, we introduce the three key phases
in developing personalization reward models: data
curation (cf. Sec. 3.1), supervised fine-tuning (SFT,
cf. Sec. 3.2), and reinforcement fine-tuning (RFT,
cf. Sec. 3.3). Each subsection herein addresses
distinct challenges introduced by RM in the context
of personalization alignment, while preliminaries
on SFT and RFT are provided in Appendix A. An
overview of the full training pipeline is shown in
Figure 3.

3.1 Personalization Data Augmentation

To address the challenge of lacking user-specific
preference data for reward modeling, we employ
data augmentation techniques using LLMs to gener-
ate a synthetic dataset conditioned on a limited user
corpus Deypi = {e;}. First, LLMs are prompted
to produce both aligned and divergent responses
conditioned on user exemplars. Second, deeper rea-
soning is elicited to re-evaluate the auto-labeled re-
sponses generated in the first stage, enabling more
faithful scoring. Together, these two stages distill
the LLMs’ understanding of user-specific prefer-
ences, producing high-quality synthetic data suffi-
cient for fine-tuning the reward model.

Pairwise Preference Data Construction. Given

a query/problem x, we prompt an LLM to gener-
ate content that is close (y™), or divergent (y ™) to
the user’s personality traits exhibited in the exem-
plars/context e, respectively, resulting in a synthetic
collection Dyyyy = {z,e,y",y~ }.

* To generate positive samples i that preserve
user-specific stylistic characteristics, we em-
ploy two strategies. The first, intra-author
retrieval, involves selecting alternative re-
sponses authored by the same user for dif-
ferent queries, thereby ensuring authentic and
consistent personalized style. The second, lex-
ical perturbation, creates controlled variants
of demonstrations through (up to six) syn-
onym substitutions while maintaining the orig-
inal grammatical structure and sentence order.

* Negative samples y~ are obtained via three
complementary approaches. Cross-author re-
trieval sources responses from different users,
introducing clear stylistic and preference di-
vergences. Random sampling employs large
language models to generate loosely related
or off-topic responses, serving as weak nega-
tive examples. Finally, confounding sampling
leverages LLMs to generate responses that ap-
proximate the stylistic features present in the
user’s exemplars. While the current LLMs
lack the ability to faithfully capture personal-
ized styles, a gap this work seeks to address,
these samples nonetheless serve as strong ad-
versarial negatives, encouraging the reward
model to attend to fine-grained stylistic cues.

This comprehensive sampling framework spans a
continuum of difficulty levels, which is essential for
developing robust and generalizable reward mod-
els (Li et al., 2025).

Reasoning Trace Generation. Reward mod-
els augmented with explicit reasoning traces
have demonstrated superior capabilities in deliv-
ering fine-grained and reliable preference assess-
ments (Li et al., 2025; Lee et al., 2024). To further
enhance alignment with user-specific preferences,
we elicit comparative reasoning from LLMs to as-
sess the stylistic match or mismatch between gen-
erated responses.

Specifically, given a quadruple (z,e,y™,y~)
from the synthetic dataset Dsy,, we prompt the
LLM to evaluate the similarity between each re-
sponse (y and y~) and the user exemplars e re-
spectively. The model is constrained to output a
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Figure 2: Pairwise preference data generation pipeline includes: LEFT) personalization data argumentation with
contrastive prompting (Stage 1), and RIGHT) reasoning traces collection and post-hoc data filtering (Stage 2).

reasoning-based evaluation tuple V = (7,7, r7),
where:

* T is a step-by-step reasoning trace explaining
the comparative judgment, including an anal-
ysis of stylistic alignment, tone, phrasing, or
semantic intent;

» rT and r~ are scalar reward scores, typically
normalized within a bounded range (e.g., [1,
10], reflecting the model’s confidence in the
stylistic compatibility of y* and y~ with the
user exemplars.

This encourages the model to articulate fine-
grained distinctions and builds interpretability into
reward modeling by exposing the rationale behind
preference decisions.

Faithful Reasoning Trace Filtering. To ensure
alignment between reasoning traces and the in-
tended preference signal, we apply a filtering step
that retains only faithful reasoning outputs, i.e.
those that are consistent with the preference im-
plied by the contrastive generation stage (i.e., y*
should be stylistically more aligned with the ex-
emplars e than y ). Reasoning traces that contra-
dict this assumption are excluded from the dataset,
as they may introduce conflicting supervision and
hinder effective training. This filtering ensures
coherence between the scalar reward scores and
the reasoning trace 7, resulting in the dataset
Dspr = {z,e,y",y~,V}, which contains con-
trastive response pairs with faithful justifications.
This dataset is used for subsequent supervised fine-
tuning (SFT) to elicit reasoning justifications that

improve the reward model’s ability to assess prefer-
ences with increased accuracy and interpretability.

3.2 Supervised Fine-Tuning

With the curated dataset Dspr in place, we first
perform supervised fine-tuning on the RM to in-
ternalize the knowledge extracted through guided
prompting. This results in a warm-started RM, de-
noted as PersRM-SFT, that can better assess user-
aligned preferences in a generative way. The train-
ing objective is to maximize the conditional log-
likelihood

meax E(%e,y*’yTV)NDSFT logpg(v ’ x,yﬂy*, 6)7

where V is the structured reasoning-augmented
evaluations and 6 denotes the trainable parame-
ters of the reward model. This SFT phase serves to
align the model’s outputs with high-quality, faith-
ful supervision signals, preparing it for subsequent
reinforcement learning.

3.3 Reinforcement Fine-Tuning

Following SFT, we further optimize the reward
model through RL to promote exploration of di-
verse reasoning patterns and improve robustness
in preference assessments. While SFT provides
high-quality supervision signals, it remains lim-
ited to the imitation of static patterns seen during
data curation. In contrast, RFT enables the model
to generate novel reasoning traces that generalize
beyond the curated examples, allowing for more
adaptive and discriminative preference modeling.

Sampling and Format Validation. Given an in-
put quadruple (z, e,y ™,y ™), we sample reasoning-
based evaluations V ~ pg(V | z,y™,y ", e) from
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Figure 3: Training pipeline of PersRM-R1. The pro-
cess begins with personalization data augmentation (see
Sec. 3.1), followed by supervised fine-tuning (Sec. 3.2),
and concludes with reinforcement fine-tuning (Sec. 3.3)
to explore effective reasoning traces.

the current reward model. To ensure valid learn-
ing signals, we first perform format validation
using a deterministic procedure fmt()’), which
checks whether the generated output conforms to
the expected structured format. If the format is
valid, we parse the reasoning trace and scores as
(7,71, 77) < V; otherwise, the response is con-
sidered invalid and penalized.

Reward Function Design. To guide the model to-
ward both faithful reasoning and correct preference
assessments, we define a sparse reward function
based on format correctness and consistency with

contrastive supervision:

-1, —fmt(V)
r(V,z,yT,y7,e) =<0, fmt(V) AP <77 (1)
+1, fmt(V) A7t > 77

This reward signal encourages the generation of
well-structured outputs that faithfully reflect the
intended preference signal, where the preferred
response y* should receive a higher score than
y~. Outputs that violate formatting constraints
or misalign with the contrastive signal receive a
penalty, thereby discouraging hallucinated or unre-
liable evaluations.

Policy Optimization. The reward model is then
updated using standard RL algorithms with the
objective of maximizing expected reward:

4+
mgax ]E(l‘,e,y+ :yi)N'Dsyn,VNpg T(V7 Yy Y , 6).

This process results in a reinforcement-tuned per-
sonalized reward model, denoted as PersRM-R1,
which benefits from both SFT pretraining and RL-
guided exploration. To assess the necessity of SFT,
we include an ablation variant, denoted as PersRM-
RFT, which applies RL directly on the pretrained

base model without SFT initialization. This cold-
start configuration allows us to evaluate whether re-
inforcement alone suffices to capture user-specific
preferences or if the curated supervision from SFT
is critical for performance.

4 Experiments

4.1 Experimental Setup

Dataset. Our experiments use two datasets cen-
tered on writing styles: the CCAT dataset, which
contains news articles by 50 authors (Lewis et al.,
2004), and CMCC dataset, which includes multi-
genre writings such as emails, blogs, essays by
21 authors (Goldstein-Stewart et al., 2008). Our
evaluation protocol is designed to test generaliza-
tion to both unseen authors and unseen genres, ne-
cessitating a strict, non-overlapping partition of
data into training, validation, and test sets. We
employ a strictly author-disjoint split, ensuring au-
thors used for training, validation, and testing are
entirely separate. This allows our evaluation to
assess the model’s true capabilities in personality
trait analysis and scoring, rather than relying on
memorization.

Additionally, we develop a challenging cross-
domain test set to assess the generalizability of
models in measuring personality similarity across
different genres. An ideal model should perform
well in this scenario, as we hypothesize that per-
sonal traits remain consistent cross domains. This
test set is constructed exclusively from CMCC,
which features multiple genres for the same author,
whereas CCAT contains only news articles.

* Training Set: We construct the training set
using our data curation pipeline based on news
articles, emails, and essays of a large group
of authors, comprising 45 authors from the
CCAT corpus and 18 authors from the CMCC
corpus, which results in approximately 17.2k
pairwise preference and reasoning samples.

* Validation Set: The validation set is built
using a held-out group of authors: 2 authors
from CCAT and [ author from CMCC. This
set consists of 200 samples.

» Standard Test Set: The test set is composed
of a separate group of held-out authors: the re-
maining 3 authors from CCAT and the remain-
ing 2 authors from CMCC. This set contains
334 pairwise samples.



¢ Cross-Domain (Cr. Do.) Test Set: This test
set is constructed using documents from the
3 CMCC authors from the validation and test
splits. Crucially, we exclusively use genres
that are entirely withheld from both the train-
ing and validation sets. These unseen genres
include blog articles, interview transcripts,
and chat logs. This challenging set consists
of 439 pairwise samples.

Models. We use Qwen2.5-3B-Instruct and
Qwen?2.5-7B-Instrcut as base models, as prior work
demonstrates that the strong fundamental reason-
ing abilities of Qwen series facilitate effective post-
training and adaptation to reasoning-focused down-
stream tasks (Xie et al., 2025). Our resulting mod-
els are referred to as PersRM-R1-3B and PersRM-
R1-7B, respectively. Qwen2.5-72B-Instruct (Qwen
Team, 2024) is employed for both preference data
construction and reasoning trace generation. !
Model Training. Our models are trained following
the SFT and RFT procedure introduced in Sec. 3.2
and Sec. 3.2. Further training details, such as hy-
perparameter setups, are provided in Appendix B.
Evaluation Metric. Following previous work (Sti-
ennon et al., 2022; Lambert et al., 2024), we evalu-
ate RM performance using accuracy with respect
to the ground-truth preference labels, where ran-
dom guessing yields an accuracy of 50%. Further
details on the evaluation methodology for different
types of RMs are provided in Appendix B.

4.2 Baselines

We compare PersRM-R1 with a diverse set of well-
known reward models across three baseline cate-
gories: (1) Scalar RMs: Internlm2-7B-Reward,
RM-Mistral-7B, Skywork-Reward-Llama3.1-8B
(abbreviated as SR-Llama3.1-8B), all of which are
top-performing models of approximately 7B param-
eters on the RewardBench leaderboard (Lambert
et al., 2024); (2) Generative RMs: Mistral-v0.3-
7B-Instruct (Jiang et al., 2023), the Qwen2.5 series
(ranging from 7B to 32B), Llama-3.1-8B-Instruct,
Llama-3.1-70B-Instruct (MetaAl, 2024), represent-
ing mainstream open-source LLMs across a large
range of model size; (3) Reasoning RMs: We also

"DeepSeck-R 1-Distill-Llama-70B (DeepSeek-Al et al.,
2025), another strong open-source LLM known for its rea-
soning capabilities, is also examined. However, in our ex-
perimental scenario, its generated reasoning traces often lack
proper formatting. In contrast, Qwen2.5-72B-Instruct exhibits
satisfactory performance in both reasoning quality and adher-
ence to formatting requirements.

compare against two recently released, state-of-the-
art RMs that have been specifically enhanced for
reasoning capabilities: RM-R1-7B (Chen et al.,
2025) and RRM-7B (Guo et al., 2025).

4.3 Experimental Results

Table 1 presents a performance comparison be-
tween our models and various baselines. We report
the performance on the standard test set, with sep-
arate results for each dataset (CCAT and CMCCQ),
as well as on the cross-domain test set (Cr. Do.).

Category Model CCAT CMCC Cr. Do.
Scalar  Internlm2-7B-Reward ~ 67.8 69.2 64.3
RM RM-Mistral-7B 65.7 68.1 62.8

S SR-Llama3.1-8B 65.3 68.4 68.8
Mistral-v0.3-7B-Ins. 73.9 76.2 74.8
. Qwen2.5-7B-Ins. 77.6 75.8 72.4

Generative  Qwen2.5-14B-Ins. 82.3 82.8 83.1

RMs Qwen2.5-32B-Ins. 86.4 87.1 86.7
Llama3.1-8B-Ins. 71.3 79.3 73.8
Llama3.1-70B-Ins. 94.3 943 93.7

. RM-R1-7B 89.8 88.2 89.7

Reasoning RRM-7B 872  89.6 89.3

RMs PersRM-R1-3B (Ours) 91.8 922 89.7
PersRM-R1-7B (Ours) 93.8 94.6 923

Table 1: Performance comparison of various models
across different test sets, reported as reward modeling
accuracy (%), where higher values indicate better perfor-
mance. Best results are in bold, runner-up in underline.

Performance of Baselines. Our evaluation of the
baseline models yields three important findings.
First, existing scalar-based RMs perform poorly in
scoring personal preferences, with accracies below
70.0%, indicating their inadequacy in distinguish-
ing personalization divergence. Second, reward
modeling performance for personalization exhibits
a clear scaling trend, with larger models consis-
tently achieving higher accuracy. For example, the
Qwen2.5 series shows improved performance as
model size increases, and Llama3.1-70B-Instruct
achieves the best results across most benchmarks,
underscoring the effectiveness of greater model ca-
pacity in capturing user-specific preferences.Third,
reasoning-based reward models consistently out-
perform non-reasoning generative models of com-
parable size. For example, RM-R1-7B achieves
nearly 10% higher accuracy than Qwen2.5-7B and
Llama3.1-8B, and performs comparably to the
larger Qwen2.5-32B. These results underscore the
superiority and potential of reasoning reward mod-
els in personalization alignment.

Effectiveness of PersRM-R1. Our proposed
model, PersRM-R1-7B, achieves 93.8% accuracy
on CCAT and 94.6% on CMCC, substantially out-
performing other reasoning-based models of sim-



ilar size. This demonstrates the effectiveness of
our training paradigm, even with a limited amount
of personalized data. Moreover, despite having
significantly fewer parameters, our models ap-
proach the performance of much larger models
such as Llama3.1-70B-Instruct, highlighting their
efficiency and scalability. These findings support
our hypothesis that existing reward models, typi-
cally trained on datasets focused on mathematical
or common-sense reasoning, lack the architectural
and data-centric design necessary for capturing per-
sonalized preferences. This highlights the need
for specialized personalization reward models, as
advanced in this study.

Model #Ex. CCAT CMCC Cr. Do.
1 77.6 75.8 72.4
Qwen2.5-7B-Ins. 3 783 +0.7) 79.2 (+34) 76.2 (+3.8)
1 943 94.3 93.7
Llama3.1-70B-Ins. 3 943 (+0.0) 94.6 (+0.3) 93.9 (+0.2)
1 938 94.6 92.3
PersRM-R1-7B 3 94.1 (+0.3) 95.1 (+0.5) 92.6 (+0.3)

Table 2: Reward modeling accuracy (%) with varying
numbers of exemplars (# Ex.). Values in parentheses
indicate improvement over the one-exemplar setting.

Cross-Domain Generalizability. The cross-
domain test setup is challenging, especially for
RMs with relatively small size. PersRM-R1-7B
achieves an accuracy of 92.3%, while the smaller
PersRM-R1-3B attains 89.7%, exhibiting strong
cross-domain generalizability to genres not in-
cluded in the training data. This strong perfor-
mance on unseen genres highlights our method’s
ability to learn the underlying principles of per-
sonal preference rather than merely overfitting to
the topics in the training data. This capability is cru-
cial for building RMs that are practical and reliable
in real-world applications.

Generalizability to Additional Exemplars. We
evaluate the generalizability to additional exem-
plars in inference time, as in realistic scenarios mul-
tiple exemplars are available for a target user.We
observe from experimental results in Table 2 that
incorporating additional personal exemplars leads
to performance improvements across all models.
This effect is particularly pronounced for Qwen2.5-
7B-Instruct, which starts with relatively low per-
formance when using only one exemplar. No-
tably, PersRM-R1-7B demonstrates even greater
improvement, despite already achieving the best
results in the single-exemplar setting, when com-
pared to Llama3.1-70B-Instruct. This highlights

the strong generalizability of PersRM-R1-7B with
respect to the number of exemplars provided, even
tuned on preference data with only one exemplar.
Additional results are provided in Appendix F.3.
Tweet Style Test and User Study. To further as-
sess the robustness and practical applicability of
our model, we conducted a cross-domain test on the
LaMP-Tweet dataset (Salemi et al., 2023), which
presents a particularly challenging evaluation due
to its informal, fragmented structure that differs
profoundly from formal writing styles. As shown
in Table 3, despite this domain shift, our mod-
els demonstrate highly competitive performance:
PersRM-R1-7B achieves 84.8% accuracy, perform-
ing on par with the significantly larger Llama3.1-
70B-Ins. (86.7%), while our more parameter-
efficient PersRM-R1-3B attains a robust 82.1%,
outperforming several larger models. This success
validates our model’s ability to internalize trans-
ferable personalization principles and capture nu-
anced authorial voice even from fragmented in-
formal data, underscoring the robustness of our
reasoning-based approach. Additionally, we con-
ducted a user study to measure alignment with hu-
man perception in Appendix I.

Category Model Cr. Do. LaMP-Tweet
Internlm2-7B-reward 423
Scalar RMs RM-Mistral-7B 48.1
SR-Llama-3.1-8B 39.12
Mistral-v0.3-7B-Ins. 69.3
. Qwen2.5-7B-Ins. 64.6
Generative  Qwen2.5-14B-Ins. 73.2
RMs Qwen2.5-32B-Instruct 81.6
Llama3.1-8B-Ins. 62.1
Llama3.1-70B-Ins. 86.7
Reasoning RM-R17B 79.3
RMs RRM-7B 77.2
PerRM-R1-3B (ours) 82.1
Our Models pg RM_R1-7B (ours) 84.8

Table 3: Model performance on LaMP-Tweet test set
(accuracy %). Best in bold, runner-up underlined.

S Analysis

5.1 Effectiveness of Different Paradigms

We explore the effectiveness of different training
paradigms: 1) SFT only, 2) RFT only, and 3) SFT
followed by RFT (SFT+RFT). Our experiments
are conducted based on the Qwen2.5-7B-Instruct
model and previously constructed datasets. As il-
lustrated in Table 4, both standalone SFT and RFT
are effective in enhancing the model’s capabilities
in measuring personality similarity. However, the
paradigm of SFT followed by RFT, embodied in
our PersRM-R1-7B model, delivers the most signif-
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Figure 4: Comparison between the RFT stage for the
RFT only and SFT followed by RFT training paradigms.

icant performance boost, substantially outperform-
ing all other approaches. This highlights the value
of integrating both supervised and reinforcement
fine-tuning strategies, and suggests that the strong
capabilities of PersRM-R1 are not solely due to
knowledge distillation through SFT from the oft-
the-shelf LLLM used in data construction, but also
stem from the reinforcement learning procedure,
which enables the model explore and generalize to
novel skills for solving the task.

To gain deeper insights into the value of the SFT
stage, we track the average sequence length and
reward scores during the RFT stage for the RFT
Only and SFT+RFT training paradigms, as shown
in Fig. 4. The results demonstrate that perform-
ing SFT prior to RFT yields a model capable of
generating longer sequences and achieving higher
average reward scores compared to the base model.
RFT applied to this improved starting point consis-
tently outperforms RFT applied directly to the base
model in both sequence length and average reward.
This underscores the importance of an initial SFT
phase for establishing a foundational reasoning ca-
pabilities, without which the model struggles to
learn effectively.

Training Paradigm CCAT CMCC Cr. Do.

Base Model 77.6 75.8 72.4
SFT Only 86.1 877 822
RFT Only 83.7 84.2 80.2

SFT + RFT 93.8 94.6 92.3

Table 4: Reward modeling accuracy (%) across different
training paradigms.

5.2 Utility in Personalized Generation

To demonstrate the practical utility of PersRM-R1
and provide a fair comparison against existing re-
ward modeling approaches, we conduct a Best-of-
N evaluation on the LaMP-Tweet dataset. Using

Qwen2.5-7B-Instruct, we generate a shared pool
of 32 candidate tweets for each test case. To en-
sure a fair comparison, all reward models evalu-
ate the exact same candidate pool, identifying the
top-ranked response based on the user’s histori-
cal profile. We employ both Human Evaluation
and GPT-4o to perform head-to-head comparisons
between the response selected by PersRM-R1-7B
and those selected by other reward models. As
presented in Table 5, PersRM-R1 demonstrates su-
perior utility in identifying user-specific stylistic
nuances. These results empirically verify that our
proposed model better aligns with human pref-
erences, enabling more effective guidance for
downstream personalized generation.

Opponent Method Win Rate (%) of PersRM-R1
(Selector from N = 32) GPT-40 Eval Human Eval
RM-R1-7B 88.5 81.2
RM-Mistral-7B 86.2 83.5
RRM-7B 79.1 81.4

Table 5: Best-of-N win rates on LaMP-Tweet. “Win
Rate” denotes the frequency where the selection of
PersRM-R1 is preferred over that of the opponent.

5.3 Emergent Advanced Reasoning Behaviors

During the RFT phase, we observe the emergence
of two categories of reasoning behaviors. First,
task-specific behaviors evolve beyond the fixed
rubrics of SFT. The model demonstrates an ex-
ploratory capacity to discover novel, case-specific
criteria and employs dynamic prioritization, flex-
ibly weighting these criteria based on the specific
context to ensure nuanced preference judgments.
Second, cognitive behaviors (Gandhi et al., 2025),
such as verification and self-correction, appear
to refine the reasoning flow. Detailed examples
of these emergent behaviors are provided in Ap-
pendix E and Appendix J.

6 Conclusion

We introduce PersRM-R1, the first reasoning-
based reward model for personalization align-
ment. Trained via a novel pipeline of guided
data augmentation, supervised and reinforcement
fine-tuning, it learns to perform fine-grained,
personality-centric reasoning. Experimentally,
PersRM-R1 achieves state-of-the-art, parameter-
efficient performance and generalizes robustly to
unseen domains and new user exemplars by captur-
ing transferable personal preference principles.



7 Limitations

The superior capabilities of PersRM-R1 in person-
ality trait analysis and similarity measurement open
up several promising avenues for future exploration.
In the following, we discuss the scope of our cur-
rent work, framing these boundaries as key oppor-
tunities that build upon the foundation we have
established. First, the evaluation of personalized
policy tuning was not conducted, as this subsequent
step is a significantly more resource-intensive task.
Our empirical validation, which was deliberately
focused on the reward model itself, provides suffi-
cient and robust evidence for its efficacy through ex-
tensive experiments. Second, the training and eval-
uation of PersRM-R1 are conducted using datasets
particularly focused on writing tasks, due to the
limited availability of open-source user-specific
data in other domains. Crucially, this data limi-
tation underscores the value of our approach, as the
data construction pipeline and training paradigm
for PersRM-R1 were designed to be highly adapt-
able and are not confined to these specific domains.
Scaling and evaluating the approach cross addi-
tional domains remains an important direction for
future research.
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Appendix
A Preliminary

A.1 Reward Modeling

Canonical reward models are typically formulated
as a Bradley-Terry (BT) models (Knox and Stone,
2013; Christiano et al., 2017) and are trained in
supervised learning. The model estimates the prob-
ability that one response is preferred over another,
and the optimization objective is formulated with
loss function:

EBT(Q) = _E(ac,y+,y_)~D [IOg o (TG ('Tv y+) —Te (LU, y_()z))]

where D represents a pairwise preference
database containing triplet entries (z,y ",y ™), z is
the query, y™ and 3~ are the preferred or rejected
responses, respectively. 7y(z,y) denotes the pre-
dicted reward score for response y given input x by
a reward model that is parameterized by 6. o (-) is
the sigmoid function.

As causal LLMs exhibit great generalizabil-
ity across diverse domains (Radford et al., 2019;
Brown et al., 2020), reward modeling has been
formulated as a generative task recently (Liu et al.,
2025; Guo et al., 2025), where a causal LLM works
as the reward model to predict the reward score in
its generated output. The training objective is iden-
tical to the next-token prediction in pre-training:

T—1

ECausal(e) = —Eyop Z Inge(xt.H | T1,...

t=1

7$t) )

(3)
where 2’ is a piece of text constructed with
(x,y",y7), po(wes1 | x1,...,7;) represents the
predicted probability of the next token given pre-
vious ones. The training sample 2’ used in this
formulation is flexible where intermediate reason-
ing process can be included before the production
of the final reward score. We adopt the causal for-
mulation to perform supervised fine-tuning (SFT)
in this paper, as it aligns with our goal to incorpo-
rate reasoning process into reward modeling.

A.2 Reinforcement Fine-tuning

Proximal policy optimization (PPO) (Schulman
et al.,, 2017) and its variant group relative pol-
icy optimization (GRPO) (Shao et al., 2024) are
two mainstreaming RL. methods for RFT to en-
hance reasoning capabilities of LLMs. In this
work, we utilize GRPO for RFT following existing
work in enhancing reasoning capabilities for LLMs

)
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(DeepSeek-Al et al., 2025; Chen et al., 2025b; Guo
et al., 2025).

GRPO is an improved version of PPO designed
to boost memory and computational efficiency Tra-
ditionally, PPO uses a value model to estimate the
state value of generated responses for advantage
estimation (Schulman et al., 2015). In the domain
of RFT for LLMs, this value model is typically
initialized with a pretrained LLM similar in size
to the policy model and is optimized along with
it in supervised learning. In contrast, GRPO re-
moves the need for a value model by estimating
advantages through a Monte Carlo approach. It
calculates advantages based on the rewards from a
set of randomly sampled outputs, which greatly re-
duces both memory and computational cost while
ensuring effective policy optimization.

In GRPO, a group of outputs for a given prompt
x is generated by sampling from the policy my:

“)

{o1,09,...,06} ~m(- | x),

where, G is a hyperparameter that specifies how
many outputs are sampled per prompt x. To esti-
mate the advantage for each sampled output, GRPO
uses the normalized reward within the group:

r; — I

o(r)

where r = {r1,7r2,...,rg} are the rewards as-
signed to each output in the group, calculated by
a rule-based reward function or a learned reward
model. T and o(r) denote the mean and standard
deviation of the rewards in the group, respectively.
With these advantage estimates, GRPO updates
the policy by maximizing the following objective,
closely following the PPO framework:

de{l2....G}, )

G loil
1 1 . .
Tarwol6) = > o Z{mm [At(a)Ai,t, cllp()\t(ﬁ),
i=1 "t =1
1—¢,14+ 8) Ai,t] — B]D)KL[WGHWref]},

__m9(0it|w,0i,<t)
where \;(6) = Ty (Ort[0r 1)

change in predicted probability of token o;; be-
tween the current and previous policy models. The
advantage A; ; is set to = A; for all tokens in out-
put o;, and |o;| denotes the number of tokens in
output o;. The hyperparameter € controls the clip-
ping range for stable updates, while /3 determines
the weight of the KL-divergence constraint with
respect to a reference policy 7.¢. For a deeper dive

measures the



into the theoretical foundations and optimization
strategies, we refer readers to the original PPO and
GRPO papers (Schulman et al., 2017; Shao et al.,
2024).

B Additional Training and Evaluation
Details

SFT. SFT Stage is carried out using the SFT-
Trainer module from OpenRLHF (Hu et al., 2025),
with a batch size of 64 and a single training epoch.
To improve GPU memory efficiency, we enable
gradient checkpointing, leverage FlashAttention,
and apply optimizer offloading. The model is op-
timized using the Adam optimizer with a learning
rate of 5e-6.

RFT. We adopt the verl framework (Sheng et al.,
2025) for all GRPO training. The training is per-
formed using Fully Sharded Data Parallel (FSDP)
with parameter, gradient, and optimizer offloading
enabled to improve memory efficiency. The train-
ing batch size is set to 32. Gradient checkpointing
is enabled to further reduce memory usage. Roll-
out generation is handled by the vLLM backend,
configured with tensor parallelism size of 1 and
GPU memory utilization capped at 0.6. Sampling
uses default parameters, with temperature = 1.0
and top-p = 1.0. Each prompt is decoded using 8
candidate responses. KL regularization is applied
with a coefficient of 1e-3 and uses the low-variance
KL approximation. The learning rate is set to 3e-7
for all model sizes, with no scheduler applied. We
train the 3B and 7B models on 1 node equipped
with 8 A100 (80GB) GPUs.

Reward Model Evaluation. The evaluation
methodology for RMs is fundamentally depen-
dent on their architecture and task formulation
(cf. Sec. A.1), which dictates the format of the
input data and the method to extract reward scores
to calculate reward modeling accuracy. We define
distinct input structures for scalar-based and gener-
ative models.

* Scalar RMs are trained to predict a quality
score for a single response in isolation. The
training instances for these models are struc-
tured as a {query, response} entity, where
the model learns to output a scalar value corre-
sponding to an absolute quality rating. To eval-
uate on pairwise data {query, response_a,
response_b}, the RM performs inference
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separately on each response in the triplet to
obtain individual reward scores.

Generative RMs are trained on pairwise
preference data to directly learn a com-
parative function. The input for these
models is a triplet formatted as {query,
chosen_response, rejected_response}.
During training, the model is optimized to as-
sign a higher score to the chosen_response
over the rejected_response for the same
query. For evaluation on pairwise data
{query, response_a, response_b}, the
RM processes an input constructed with the
triplet and predicts reward scores for both re-
sponses simultaneously.

C Prompt Examples for Response Sample

Generation

Prompt Example 1 : Style Mimicking

You are an expert writer trained to imitate
human-written responses.

Your task is to write a continuation based on
the sentence inside <Problem>, while closely
following the tone, structure, style, and content
of the example inside <Context>. The example
provided does not need to be copied.

Instead, you should carefully mimic its lan-
guage patterns, coherence, detail level, and
writing flow to generate a similar-quality out-
put.

<Problem> {problem} </Problem>
<Context> {context} </Context>

Now, please generate a continuation that
matches the writing style and quality of the
example above, based on the problem.

Your response should read as if it could have
been written by the same author who wrote the
example in <Context>.

(. J

Prompt Example 2: Minor Replacement

You must perform only minimal rewriting of
the paragraph below. Strictly replace exactly
5 to 6 individual words only, preferably adjec-
tives, adverbs, or verbs, with close synonyms.
Do not change sentence structure, punctuation,
or the order of words.

Do not alter nouns, names, numbers, or proper
terms.

Do not insert or remove any words — the total




word count should remain nearly identical.
The meaning, tone, and style of the paragraph
must remain unchanged.

Do not explain your changes — only output
the rewritten paragraph.

Here is the paragraph to rewrite: {paragraph}
. J

Prompt Example 3 : Random Style

You are a creative writer.

Your task is to randomly continue the given
sentence in any style, tone, or direction.

Each time you see the same input, you must
write something completely different from be-
fore.

You are encouraged to be unpredictable, hu-
morous, absurd, poetic, or even surreal.
Avoid logical consistency or factual accuracy.
Focus on creativity, stylistic variation, and di-
vergence from expected content.

The sentence you must continue is shown be-
low between <Problem> tags. Your response
should be a free-form continuation, based
solely on the content within <Problem>.
<Problem> {problem} </Problem>

Now, please generate the continuation.

- J

D Prompt Examples for Reasoning Trace
Generation

Prompt Example 4: Reasoning Trace Gen-
eration

You are a skilled assistant for scoring and com-
paring responses.

You need to evaluate two given responses
based on how well they match the context’s
personal style, tone, preferences, and writing
style.

Your overall scores must reflect a single, com-
prehensive judgment per response that inte-
grates all criteria.

Personal-Align-Specific Criteria (you may
choose from or add to these as appropriate):

1. Personal Style Adherence:

2. Tone and Voice Consistency:

3. Language Fluency and Coherence:

4. Relevance to Personal Preferences and Ex-
periences:

You may also add other relevant criteria if they
help evaluate the two responses.
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Your task is to use the most suitable criteria
for the current context to judge the responses
holistically and then output one overall integer
score per response.

Conversation Context: { context }

Responses to be Scored:

Response A: { response a}

Response B: { response b}

Output Format Requirements Produce your an-
swer as exactly three sections:

<criteria> Specific Criteria: Clearly list the
criteria you decided to use for this context (you
can select from the ones provided or add new
ones if appropriate). Do not include any scores
in this section.</criteria>

<eval> Analysis: Provide a very detailed,
thorough, and step-by-step reasoning process.
Break your reasoning into multiple points as
you go through each chosen criterion one by
one. Explain how Response A and Response
B satisfy or fail that criterion, and clearly state
the impact of each observation on your final
judgment. End this section with a conclud-
ing sentence that ties all observations together
and justifies the overall scores you will give.
Do not include any numeric scores in this sec-
tion.</eval>

<scores> Scores: [[X,y]]</scores>

.

E Case Study

In this section, we present a concrete example gen-
erated by PersRM-R1, accompanied by explanatory
comments (highlighted in gray) to clarify its behav-
ior. These annotations are added for illustration
purposes and are not part of the original model
output.

Response Generated by PersRM-R1

<criteria>
Specific Criteria:

1. Personal Style Adherence
2. Tone and Voice Consistency

. Language Fluency and Coherence

. Argumentation Grounded in Personal
Narrative # Note: PersRM-R1 discovers
novel sample-specific criteria that are be-




yond those included in synthetic data gen-
eration for SFT.

</criteria>

<eval>

Analysis:

First, let’s establish a clear evaluation plan: I
will assess the four standard criteria sequen-
tially, then focus on the more nuanced, discov-
ered criterion, and finally, trace back through
all points to confirm the final scores. # Note:
Cognitive Behavior: Subgoal Setting

1. Personal Style Adherence:

* Response A: This response closely
mirrors the user’s personal style.
It effectively integrates casual lan-
guage and humor, making it feel like
a natural continuation of the user’s
thoughts.

* Response B: This response also ad-
heres well, but is slightly more for-
mal in some parts, representing a
minor deviation from the user’s typi-
cally more relaxed style.

2. Tone and Voice Consistency:

* Response A: The tone is fully
aligned. It maintains the same level
of emotional intimacy and casual-
ness as the user’s original message,
feeling natural and consistent.

* Response B: The tone is mostly
aligned. However, the slight formal-
ity can make it feel a bit less per-
sonal and more distant compared to
the user’s voice.

3. Language Fluency and Coherence:

* Response A: The language is very
fluent and smooth, with no awkward
phrasing.

* Response B: Mostly fluent, but
the intermittent formality creates a
slightly disjointed reading experi-
ence compared to the user’s seam-
less style.

15

4. Argumentation Grounded in Personal
Narrative: This is the crucial differentia-
tor that goes beyond surface-level style
matching. It’s not just about *including*
anecdotes (covered by "Relevance’), but
about using a personal story as the foun-
dational structure for the entire argument.
This insight represents the Discovery of
Emergent and Naunced Criteria. In this
context, this criterion is weighted heav-
ily, demonstrating Dynamic and Context-
Aware Rubric Prioritization.

* Response A: Excels here. It cor-
rectly identifies and replicates the
user’s method of building the entire
response around a central personal
story.

* Initially, I thought Response B’s use
of examples was sufficient. How-
ever, upon reconsideration, that
route doesn’t hold. Response B only
sprinkles in anecdotes as supporting
evidence for a list of points, failing
to grasp that the narrative *is* the ar-
gument. This is a fundamental stylis-
tic misunderstanding. # Note: Cog-
nitive Behavior: Backtracking

Concluding Summary: Let me double-check
the overall logic before scoring. (Cognitive Be-
havior: Verification) While both responses per-
form adequately on surface-level criteria like
tone and fluency, Response A demonstrates
a profoundly deeper understanding of the au-
thor’s style by correctly identifying and repli-
cating the core Argumentation Grounded in
Personal Narrative technique. Response B’s
failure on this single, prioritized criterion cre-
ates a significant quality gap. Therefore, if
Response A is superior, it must have fulfilled
this key requirement, which it has. Tracing
back, this single point justifies a much higher
score. (Cognitive Behavior: Backward Chain-
ing) This clear, verifiable distinction based on
a critical discovered criterion perfectly exem-
plifies Enhanced Interpretability and Faithful
Adherence and is the basis for the final scores.
</eval>

<scores> [[9,7]] </scores>




F Additional Experimental Results

F.1 Evaluation of Constructed Preference
Dataset

In this part, we evaluate the quality of the prefer-
ence dataset constructed after the first stage of our
data curation pipeline (see Fig. 2, left panel). Fol-
lowing previous work (Zheng et al., 2023; Shaikh
et al., 2024; Yang et al., 2024b), we use GPT-40 as
a proxy for human judges to compare the stylish
similarity between responses and personal exem-
plars. GPT-40 is prompted to produce a similarity
score given a pair of responses over 300 randomly
selected samples for each of the 5 methods, for a to-
tal of 1,500 samples as our evaluation metric, where
a higher similarity score indicates closer personal-
ity traits exhibited in the given pair of responses.
The prompt used for this evaluation is provided
below. Specifically, GPT-40 is prompted to assign
a similarity score to each response and exemplars
pair on 1,500 samples. A higher similarity score
reflects a greater alignment in the exhibited person-
ality traits between the response and the personal
exemplars. The prompt used for this evaluation is
presented below.

Prompt Example for Style Similarity Evalu-
ation

Evaluate the similarity between the following
two sentences in terms of sentence structure,
grammar, style, tone, and word choice.

Give a comprehensive similarity score ranging
from O to 10, where a higher score indicates
greater similarity.

Only return a single number. Do not provide

any explanation.
\\

J

Table 6 shows that different generation strate-
gies yield clearly distinguishable similarity scores,
confirming the effectiveness and stylistic separa-
bility of our preference data. The high scores for
target-author writings and low scores for random-
ized styles suggest that the dataset can provide
reliable training signals for style alignment.

F.2 RFT Training Curves

Fig. 5 illustrates training curves of RFT during
the developing of PersRM-R1-3B and PersRM-
R1-7B. The average reward obtained by each
model (cf. Eq. 1) steadily increases until reach-
ing a plateau. Notably, PersRM-R1-7B achieves
a higher average reward than PersRM-R1-3B at
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Category GPT-40-eval score
Other writings by the target author 941
Minor Replacement 9.39
Style Mimicking 5.89
Writings by other authors 3.86
Style Randomization 241

Table 6: Style similarity scores evaluated by GPT-40

1.00
0.75
0.50

0.25

Reward

0.00

-0.256

-0.50
—— PersRM-R1-3B.
—— PersRM-R1-7B.

400 500

-0.75

200 300
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Figure 5: Reward curves during RFT for PersRM-R1-
3B and PersRM-R1-7B.

both the initial stage and at convergence, indicating
its superior final performance after both SFT and
RFT. Interestingly, the smaller model surpasses the
larger model in terms of reward during steps [100,
250] and [300, 400], though the larger model even-
tually overtakes it. These curves clearly illustrate
the effectiveness of our RFT training in enhancing
the model’s capability to analyze personality traits
and produce reward scores that reflect personality
similarity.

F.3 Generalizability to Additional Exemplars
of Different Training Paradigms

We evaluate the generalizability to additional exem-
plars in inference time for models that are trained
in different training paradigms (cf. Sec. 5.1) us-
ing Qwen2.5-7B-Instruct as the base model. Ex-
perimental results are presented in Table 7. This
demonstrates that the model trained through SFT
followed by RFT, i.e., PersRM-R1-7B, exhibits
stronger generalizability to additional exemplars.

G Dataset Details

Our dataset is constructed from two corpora:
CCAT (news) and CMCC (multi-genre). We adopt
a strictly author-disjoint split to ensure that the
evaluation measures the model’s generalizability.
Details of dataset splits are provided in Table 8.



Training #Ex. CCAT CMCC Cross-Domain
Paradigm

1 861 877 822
SETOnly 3 §63(+02) 877 (+0) 824 (+0.2)

T 837 842 %0.2
RETOnly 3 237(40) 842(+0) 80.5 (+0.3)

T 938 94.6 92.3
SFT+RFT 3 941 (+0.2) 95.1 (+0.5) 92.6 (+0.4)

Table 7: Reward modeling accuracy (%) with vary-
ing number of exemplars (# Ex.). Values in parenthe-
ses indicate the improvement achieved relative to us-
ing one exemplar. The best-performing results in the
three-exemplar setup are highlighted in bold, while the
runner-up results are underlined.

Split # Authors # Pairwise
(CCAT/CMCC) Samples
Training Set 45718 17.2k
Validation Set 2/1 200
Test Set (In-domain) 3/2 334
Test Set (Cross-Domain) 0/3 439

Table 8: Author and sample counts of each dataset split.

H Cross-Domain Generalization on the
LaMP-Tweet Dataset

To rigorously assess the generalization capabili-
ties of PersRM-R1 beyond its training distribution,
we conduct a challenging cross-domain evaluation
using the LaMP dataset (Salemi et al., 2023).

Motivation. Our primary motivation is to test the
model’s robustness against a significant domain
shift. While our training data (CMCC, CCAT50)
is composed of long-form, structured content like
emails and essays, the chosen LaMP task features
text from the social media domain. Specifically,
we use the LaMP7: Personalized Tweet Para-
phrasing task, where tweets are characterized by
their brevity, informality, and strong, idiosyncratic
stylistic personalization. This stark contrast makes
LaMP7 an ideal out-of-distribution testbed to eval-
uate if PersRM-R1 has learned transferable prin-
ciples of personal preference, rather than merely
overfitting to the stylistic patterns of formal writ-

ing.

Dataset and Protocol. For this evaluation, we
designed a rigorous protocol to create a stylistic
coherence identification task. We selected two dis-
joint sets of users from LaMP7: 120 target users for
generating evaluation instances and 120 distractor
users for negative sampling. The process for each
of the 120 target users is as follows:
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» User Profile: A stylistic profile is created
from 5 historical tweets of the target user.

 Positive Sample: An authentic, unseen tweet
from the same target user, representing perfect
stylistic alignment.

* Negative Sample: A tweet randomly drawn
from the distractor user pool.

This strict separation between target and distractor
pools ensures a clean and robust evaluation, tasking
the model to identify the stylistically coherent tweet
(the positive sample) based solely on the user’s
profile.

Results and Analysis. As shown in Table 3,
our models demonstrate highly competitive per-
formance in this challenging cross-domain setting.
PersRM-R1-7B achieves an accuracy of 84.8%,
performing on par with the significantly larger
Llama3.1-70B-Ins. (86.7%). Moreover, our more
parameter-efficient PersRM-R1-3B model attains
a robust accuracy of 82.1%, outperforming several
larger models. While the absolute accuracies are ex-
pectedly lower than on our in-domain datasets due
to the profound domain shift, the results are partic-
ularly noteworthy. The challenge lies in inferring
a consistent authorial voice from noisy and frag-
mented data. For instance, a user’s profile might
contain a mix of colloquialisms, abbreviations, and
direct replies, such as: "got an email saying they’ve
posted my sims 3. it’ll take 3-5 days wtff." and
"@KahunalLaguna YOU BETTER NOT JUST SIT
AT HOME." The success of PersRM-R1 in this
setting proves that it has internalized transferable
principles of personalization that extend beyond
formal writing structures. It validates our model’s
ability to capture the nuanced essence of a user’s in-
formal tone and style, underscoring the robustness
of our reasoning-based approach.

I User Study on Perceived
Personalization Quality

To validate whether PersRM-R1’s scoring mech-
anism aligns with human perception of person-
alization, we conducted a dedicated user study.
This study directly addresses the model’s ability
to capture the subjective quality of personalized
responses as judged by humans.

Experimental Setup. We randomly selected 50
test instances, yielding a total of 50 positive and



Models RewardBench RM-Bench RMB Avg
InternLM2-20B-reward 90.2 68.3 62.9 73.6
Eurus-RM-7B 82.8 65.9 68.3 72.3
JudgeLRM 75.2 64.7 53.1 64.3
Llama3.1-70B-Instruct 84.0 65.5 68.9 728
RM-R1-7B 85.2 70.2 66.4 73.9
PersRM-R1-7B 80.7 68.9 60.1 69.9

Table 9: Evaluation of general alignment quality.
PersRM-R1 maintains robust general capabilities while
specializing in personalization.

50 negative responses for evaluation. To ensure
a fair and consistent evaluation, 15 human anno-
tators were instructed to score the personalization
quality of each response on a 0-10 scale, following
the identical scoring rubric established during the
training phase. Concurrently, we used our PersRM-
R1-7B to score the same set of 100 responses.

Results and Analysis. The score distributions
from both human evaluators and PersRM-R1 are
presented in Figure 6. A key observation is that
both distributions exhibit a clear bimodal pattern,
as visualized by the histograms and the Kernel Den-
sity Estimation (KDE) curves. For human evalu-
ators, the scores tend to cluster at the lower end
(around 1-2) and the higher end (around 7-8), sug-
gesting that humans can distinctly categorize re-
sponses into "low-quality" and "high-quality" per-
sonalization. Crucially, PersRM-R1’s scoring dis-
tribution mirrors this bimodal trend, with its own
peaks around scores of 3 and 8. The strong align-
ment of the higher-score peak (around 8) indicates
that our model’s criteria for what constitutes a well-
personalized response are highly consistent with
those of human judges. While there is a slight shift
in the low-score peak, the overall structural sim-
ilarity of the distributions strongly suggests that
PersRM-R1 has successfully internalized nuanced,
human-centric principles of personal preference.
This result provides compelling evidence that our
reasoning-based reward model effectively captures
perceived personalization quality, bridging the gap
between automated metrics and genuine human
experience.

J Cognitive Behaviors

As mentioned in the main text, RFT elicits four
cognitive behaviors that enhance reasoning. In
contrast, with SFT alone, none of these behaviors
except for subgoal setting are observable. This sug-
gests that the base LLM, i.e., Qwen2.5-7B-Instruct,
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Figure 6: Comparison of score distributions between
human evaluators (left, blue) and our PersRM-R1 model
(right, red) on 100 test responses. Both the histograms
and their corresponding Kernel Density Estimation
(KDE) plots show a distinct bimodal distribution.

does not inherently demonstrate these human-like
reasoning skills when analyzing personality traits.
Instead, these abilities are explored and reinforced
during RFT with our constructed preference data,
a process analogous to the emergence of the “Aha
moment” observed in the RFT of DeepSeek-R1 for
solving math and coding problems (DeepSeek-Al
et al., 2025).We provide illustrative examples of
these behaviors below:

Examples of Identified Cognitive Behaviors

Verification:  “Let me double-check
whether Response A’s tone truly aligns with
the user’s style ...”

Backtracking: “Initially, I thought Re-
sponse B matched better, but upon recon-
sideration, that route doesn’t hold due to its
formal tone ...”

Subgoal Setting: “First, let’s evaluate tone
consistency, then move on to language flu-
ency and finally check personal relevance

Backward Chaining: “If Response A is
indeed superior, it must fulfill all the crite-

ria—let me trace back through each evalua-
tion point to confirm ...”

K Assessment of General Alignment
Quality

Beyond evaluating personalization capabilities, it
is crucial to assess whether PersRM-R1 retains the
ability to distinguish general preference alignment.
Therefore, we conducted evaluations on three
widely adopted benchmarks: RewardBench (Lam-
bert et al., 2025), RM-Bench (Liu et al., 2024), and



RMB (Zhou et al., 2024). The results, presented
in Table 9, demonstrate that PersRM-R1 retains
solid general alignment capabilities despite be-
ing specialized for personalization tasks. While
generalist models like LLlama3.1-70B-Instruct and
InternLM2-20B-reward achieve higher average
scores, PersRM-R1 maintains reasonable perfor-
mance across general benchmarks, indicating that
our personalization-focused training does not sig-
nificantly compromise its ability to assess general
preferences.
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