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Abstract

Pluralistic alignment is essential for adapting
large language models (LLMs) to the diverse
preferences of individuals and minority groups.
However, existing personalized reward models
often mix stable personal traits with episode-
specific factors, limiting their ability to general-
ize across episodes. To address this challenge,
we propose EpiPersona, a framework for ex-
plicit persona–episode coupling. EpiPersona
first projects noisy preference feedback into a
low-dimensional persona space, where similar
personas are aggregated into shared discrete
codewords. This process separates enduring
personal characteristics from situational sig-
nals without relying on predefined preference
dimensions. The inferred persona representa-
tion is then coupled with the current episode,
enabling episode-aware preference prediction.
Extensive experiments show that EpiPersona
outperforms the baselines. It achieves notable
performance gains in hard episodic-shift sce-
narios, while remaining effective with sparse
preference data.

1 Introduction

Aligning artificial intelligence with human prefer-
ences has been a crucial point of both theoretical
and applied research for AI systems (Kirk et al.,
2024b; Zhang et al., 2024; Zhu et al., 2025; Guan
et al., 2025; Xu et al., 2025). However, most exist-
ing approaches treat preferences as uniform, over-
looking the heterogeneity found across individu-
als and groups (Li et al., 2026; Oh et al., 2025).
Addressing the needs of a diverse population is
therefore essential, making pluralistic alignment
(Poddar et al., 2024; Chen et al., 2025; Ryan et al.,
2025) a vital step toward building human-centered
AI systems (Zheng et al., 2023; Zhang et al., 2025;
Kirk et al., 2024a; Yuan et al., 2026).

Large language models can learn from human
feedback (Christiano et al., 2017; Bai et al., 2022;
Xie et al., 2024; Cross et al., 2025; Riemer et al.,

2025). Since keeping a human in the loop to pro-
vide continuous feedback is impractical (Kaufmann
et al., 2025; Cai et al., 2026), there is a growing de-
mand for personalized reward models (Ryan et al.,
2025; Bose et al., 2025) which can capture indi-
vidual preferences using a small amount of user-
specific annotation (Cai et al., 2026; Zhao et al.,
2024; Chen et al., 2025).

To collect such preference feedback, studies
predominantly adopt the pairwise comparison ap-
proach (e.g., “Which response do you prefer?”) to
identify personalized preferences due to its user-
friendliness (Zheng et al., 2023; Kirk et al., 2024a;
Ryan et al., 2025; Balepur et al., 2025; Li et al.,
2026; Poddar et al., 2024). Existing approaches
can be categorized into non-parametric modeling
and parametric modeling. Non-parametric model-
ing leverages historical retrieval (Zollo et al., 2025)
or text-based preference summarization (Balepur
et al., 2025; Ryan et al., 2025) to infer the person-
alized preference. While intuitive, this approach is
less effective at higher-level abstractions as prefer-
ences are particularly implicit and complex (Jang
et al., 2023; Balepur et al., 2025). Parametric mod-
eling compresses long-term interaction histories
into a semantic space, such as predefined prefer-
ence dimensions (Oh et al., 2025; Li et al., 2026)
(e.g., harmlessness, helpfulness, and humor) or con-
text compression (Zhao et al., 2024; Poddar et al.,
2024) for downstream tasks such as pluralistic re-
ward learning (Bradley and Terry, 1952). However,
the unique challenges remain unsolved. Two inter-
connected challenges are highlighted:

First, existing methods mix stable personal traits
with temporary episodic signals in the representa-
tion, failing to separate stable traits from dynamic
episodic influences. As a result, static traits are not
disentangled, limiting cross-episode generalization.
Second, prevailing methods rely on predefined di-
mensions to model preferences. Human preference
is better understood as a latent semantic space to be
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Episode 1: I need to 
decide today 
whether to adopt a 
new surgical tool. 
Give me a quick 
recommendation.
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Figure 1: We propose EpiPersona. Based on an individual’s historical preference information, we model the
individual’s latent persona Zu. We further introduce two variants of EpiPersona that couple persona Zu with episode
context e for preference prediction.

discovered (Poddar et al., 2024), while predefined
dimensions constrain its richness and introduce pri-
ori biases.

To address these challenges, we propose per-
sona projection, which disentangles stable traits
(i.e., the persona) from episode-specific preference
feedback. It is motivated by the insight that indi-
viduals’ preferences are driven by their latent and
stable personas. For example (see Figure 1), a user
A in a work decision scenario and user B in an
online shopping scenario may both prefer concise
and direct responses; their feedback thus reflects
the same efficiency-driven persona. Formally, our
method projects individuals’ preference feedback
from the high-dimensional token space X ⊂ RD
into a low-dimensional persona space Zp ⊂ Rd
(d≪ D), enabling feedback x ∈ X with similar la-
tent personas to be aggregated into shared persona
codewords zp ∈ Zp. In other words, we learn a
mapping x ↦→ zp. This mapping function converts
the originally redundant and noisy feedback into a
combinatorial persona codeword, enabling robust
generalization across individuals.

Building on persona projection, we propose
EpiPersona, a method for PERSONA–EPIsode
coupling. It constructs persona codewords automat-
ically without relying on predefined dimensions by
proposing parameterized abductive reasoning and
VQ-based mapping (Van Den Oord et al., 2017).
After disentangling personas, we further couple
them with the current episode, capturing both sta-
ble persona and situational factors, enabling robust
prediction of cross-episode preferences. Our main
contributions are as follows:

•We propose EpiPersona, a framework that sep-

arates stable persona traits from episode-specific
signals without relying on predefined preference
dimensions.
•We propose parameterized abductive reasoning

and VQ-based persona projection to ground pref-
erence feedback into a discrete persona codebook,
coupled with episode context for contextualized
preference prediction.
• Extensive experiments demonstrate that

EpiPersona outperforms baselines, with particu-
larly robust generalization in challenging settings
such as the episodic-shift scenario.

2 Related work

Pluralistic alignment adapts the preferences of
diverse groups, especially minority populations,
thereby maximizing the collective benefits (Zollo
et al., 2025) and promoting fairness across hetero-
geneous user communities (Kirk et al., 2024a,b).
Studies show that even high-performing models
struggle to satisfy preferences across different re-
gions, cultures, and topics (Kirk et al., 2024a).
These challenges underscore the diversity and com-
plexity of human preferences. Due to the sparse-
ness of individual preference data (Oh et al., 2025;
Li et al., 2026), existing approaches use human
feedback in the form of pairwise preference com-
parisons (Zheng et al., 2023; Poddar et al., 2024;
Ryan et al., 2025; Balepur et al., 2025; Li et al.,
2026; Kirk et al., 2024a). Prior personalized reward
models employ the following methods to model
pluralistic preferences:

Non-parametric modeling. Preference sum-
marization (text-based). Preference dimensions
are often defined as such attributes as helpfulness,
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honesty, and harmlessness (Askell et al., 2021).
However, simplified dimensions may not be able
to capture the diversity of human preferences (Kirk
et al., 2024b). Studies (Ryan et al., 2025; Balepur
et al., 2025) utilize preference attribution methods
to extract individual preferences. Among them,
SynthesizeMe (Ryan et al., 2025) uses bootstrap
reasoning on limited user interaction data and ver-
ifies inferred preferences on the validation set to
synthesize the personas. PI (Balepur et al., 2025)
leverages text-based abductive reasoning on pref-
erence data to infer users’ underlying needs and
interests. They can be adaptive to in-context learn-
ing, such as LLM-as-a-judge optimizing (Gu et al.,
2026) and personal LLM (Ryan et al., 2025; Li
et al., 2026; Balepur et al., 2025; Du et al., 2025).
Retrieval-augmented generation (RAG). Personal-
LLM (Zollo et al., 2025) combines context learning
with historical information retrieval to produce the
personalized responses. In contrast, EpiPersona
employs the parameterized modeling approach to
globally and abstractly represent personalized pref-
erences.

Parametric modeling. Parameterized prefer-
ences have been used for personalized reward
model training (Zhao et al., 2024; Poddar et al.,
2024). For example, GPO (Zhao et al., 2024) adds
a few-shot preference module on top of the base
LLM and learns to predict group preference scores
from historical user data. VPL (Poddar et al., 2024)
compresses historical user preference data into a
parameterized latent distribution using the VAE
module. Predefined preference dimensions. AM-
PLe (Oh et al., 2025) models user preferences along
multiple predefined dimensions via posterior up-
dates, while Li et al. (2026) constructs a prefer-
ence space grounded in psychological models. In
contrast, EpiPersona requires no predefined dimen-
sions, instead disentangling stable personas directly
from episode-specific feedback.

3 Problem Setting

Let U denote a population of individuals and E the
space of episodes. Each individual u ∈ U may
participate in multiple episodes e ∈ E , where each
episode is associated with a query qe. For a given
episode e, the system presents a set of candidate
responses {τ (i)e }Ki=1. We assume that preferences
are generated by an underlying, unobserved reward
function:

Ru(τe)→ R, (1)

which reflects the utility assigned to response τe by
individual u under episode e.

Observed feedback. The reward function Ru is
not directly observable. Instead, for each individual
u and episode e, we observe the pairwise prefer-
ence feedback of the form:

x = (τ (i)e , τ (j)e , ye), (2)

where ye ∈ {0, 1}. ye = 1 indicates τ
(i)
e is pre-

ferred over τ (j)e in episode e. We denote the collec-
tion of observations for individual u as:

Xu = {(τ (i)e , τ (j)e , ye) | e ∈ Eu}. (3)

Latent persona assumption. We define the
episode-related response τe and a latent persona
Zu of individual u. We assume that the underlying
reward function can be modeled as:

Ru(τe) =̂ Rθ(Zu, τe) ∈ R, (4)

where Rθ(·, ·) is an estimated reward function. The
latent persona Zu is unobserved but can be inferred
from observable features Xu:

Zu ∼ p(Zu | Xu). (5)

4 Method

We present an overview of EpiPersona in Figure
1. First, we disentangle individuals’ stable per-
sona traits from their preference feedback via per-
sona projection, mapping feedback with similar
personas into a shared latent space (Section 4.1).
Subsequently, the model couples the inferred la-
tent persona with the specific episodes to enable
contextualized preference prediction (Section 4.2).
The EpiPersona achieves persona disentanglement
through parameterized abductive reasoning (Sec-
tion 4.3) and vector-quantized mapping (Section
4.4), automatically constructing a structured per-
sona space without requiring predefined preference
dimensions.

4.1 Persona projection
Formulation and assumptions. We assume that
each observed preference feedback x ∈ Xu from
individual u is jointly determined by the episode-
specific responses τe and a latent, stable persona
Zu. Formally, the preference formation process
can be expressed as:

ye ∼ p
(︂
ye | Zu, τ (i)e , τ (j)e

)︂
. (6)
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Latent persona modeling. The overall persona
projection mapping function is illustrated in Fig-
ure 2. Specifically, we model an individual’s per-
sona Zu as a latent variable that potentially follows
a multimodal distribution, reflecting that a single
individual may exhibit multiple persona patterns
(Chen et al., 2025). Concretely, we represent the
latent persona of individual u as a set of persona
codewords:

Zu = { zp | zp ∈ Zp } (7)

where each zp corresponds to a stable persona code-
word. Crucially, each persona codeword zp lies in
a shared persona space Zp, which is common to
all individuals. To further represent the persona
codeword zp, we leverage the individual’s feedback
x ∈ Xu. Specifically, we map feedback instance x
into the persona codeword zp ∈ Zp via a persona
projection function g:

g : x ↦→ zp, zp ∈ Zp ⊂ Rd, (8)

where d≪ D and D is the dimension of the orig-
inal feedback x ∈ RD. It learns to automatically
construct the persona space.

In this way, Zu = { g(x) | x ∈ Xu } ⊆ Zp
captures the diverse persona traits of an individual,
while grounding them in the shared persona space
Zp. This shared space Zp is also jointly updated
from feedback across all individuals, enabling it to
retain collective universality.

Objective of persona projection. In summary,
the objective of persona projection is to map
episode-specific feedback x into a low-dimensional
persona codeword zp ∈ Zu. This process aims to
disentangle stable persona from episodic variability.
We realize the mapping g through parameterized
abductive reasoning (Section 4.3) and VQ-based
mapping (Section 4.4).

4.2 Persona-episode coupling
Based on persona projection, we couple the user
persona Zu with the episode to model an individ-
ual’s preferences. This process captures how an in-
dividual’s persona may be activated in an episode.

Since downstream scenarios differ fundamen-
tally in output space, we propose two variants:
generative for preference generation (natural lan-
guage), and discriminative for preference scoring.

EpiPersona-A (generative): This method gen-
erates a natural language description of the individ-
ual preference under the episode e. Note that the

input only includes the latent persona Zu (based
on historical feedback) and episode e. It allows
the generated Prefe to be used in a plug-and-play
manner, such as judging the individuals’ potential
choices. Formally, the process is defined as:

Prefe = gψ(Zu, e) (9)

where gψ is a transformer-based language model
trained with an NTP (Radford et al., 2018) objec-
tive. The output follows a JSON format containing
keys such as persona, value, identification, intent,
style, etc. Detailed comparison of EpiPersona-A
with related methods is in Appendix A.4.

EpiPersona-B (discriminative): The reward is
modeled via a Bradley-Terry preference compari-
son (Bradley and Terry, 1952) based on latent per-
sona Zu:

Rθ(Zu, τe) = W⊤ϕ
(︁
hθh(Zu, τe)

)︁
(10)

where hθh is an encoder producing episode-persona
coupled representation, ϕ is an optional nonlinear
transformation, W maps the representation to a
scalar reward. More detailed model architecture
is shown as Figure A.2 in the Appendix. For the
inference algorithm, see the Alg.1 and 2 in the
Appendix.

4.3 Parameterized abductive reasoning

To realize the persona projection function g (see
Eq.8), we first implement the instance-level encod-
ing, mapping each preference-feedback instance to
an estimated persona r.

We approach this using abductive reasoning fol-
lowing recent work (Balepur et al., 2025; Ryan
et al., 2025), which infers a plausible persona from
observed data. Building on this idea, we intro-
duce parameterized abductive reasoning, which
estimates latent preference by comparing choices.
Specifically, it does not require the LLM to gen-
erate a human-readable reasoning trace. The es-
timated persona r is represented as a continuous
learnable vector:

λ(P, τ (i)e , τ (j)e , ye) ↦→ r , (11)

where P denotes the prompt that elicits the model
to infer the persona underlying the user’s choice, λ
is the LLM-based encoder. The estimated persona r
encodes the rationale behind an individual’s prefer-
ence feedback. At this stage, r is still instance-level
and not shared across users.
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Figure 2: Overview of the persona projection mapping.

4.4 VQ-based mapping
Building on parameterized abductive reasoning
(see Section 4.3), we then map the estimated per-
sona r into a shared persona space using a VQ-
based mapping, completing the persona projection
function g. The procedure is as follows:

Variable persona compressed window. Let the
estimated persona r ∈ Rd be injected into com-
pressed windows as an embedding. The result-
ing window representation is then projected into
a shared representation space via fθf (·), yielding
w(w) = fθf (r). Each window w(w) thus encapsu-
lates a latent estimated persona derived from ob-
served individual feedback. The window size is
flexibly configurable.

Persona codebook. We then define the persona
codebook Zp, which represents the shared persona
space. P denotes the codebook size. Formally, Zp
is defined as:

Zp = {z(1)p , z(2)p , . . . , z(P )
p }, zp ∈ Rd. (12)

VQ-based mapping aims to map the compressed
windows onto a set of learnable persona codewords
zp, without assuming the predefined dimensions.

Nearest-neighbor quantization. We represent
the n windows of user u asW = [w1, . . . ,wn]

⊤ ∈
Rn×d. w(w) is quantized by selecting the nearest
persona codeword from Zp:

m∗(w) = arg min
m∈{1,...,P}

∥w(w) − z(m)
p ∥2. (13)

The corresponding persona codeword is then de-
fined as:

Zu =
(︁
z(m

∗(w))
p

)︁n
w=1

. (14)

Loss. To train the VQ module, we adopt two
auxiliary objectives: a commitment loss Lcommit
and an entropy-based diversity loss Ldiv.

Diversity regularisation. To avoid codebook
collapse (Zhu et al., 2024), we propose an entropy-
based diversity loss. For each window representa-
tion w(w), we compute a soft assignment over the
codebook via cosine similarity with temperature τ :

a(w)c =
exp

(︁
cos(w(w), z

(c)
p ) / τ

)︁
∑︁P

c′=1 exp
(︁
cos(w(w), z

(c′)
p ) / τ

)︁ . (15)

We average the soft assignments across all n win-
dows to obtain the empirical codeword utilisation
distribution p̄c =

1
n

∑︁n
w=1 a

(w)
c , and define the di-

versity loss as its negative entropy:

Ldiv = −H(p̄) =
P∑︂

c=1

p̄c log p̄c ≤ 0. (16)

Minimising Ldiv is equivalent to maximising H(p̄),
thereby encouraging uniform utilisation across all
P persona codewords. Crucially, the gradient flows
through w(w) back to the encoder fθf , while the
codebook is detached, so only the encoder weights
are steered toward producing more diverse repre-
sentations.

Commitment loss. Lcommit is a standard VQ
commitment (Van Den Oord et al., 2017) loss that
encourages the projected window representations
to stay close to their assigned codebook entries. It
prevents the encoder from producing representa-
tions that drift arbitrarily between codewords:

Lcommit =
n∑︂

w=1

⃦⃦
w(w) − sg

[︁
z(m

∗(w))
p

]︁⃦⃦2
2
, (17)

where sg[·] denotes the stop-gradient operator. Gra-
dients are propagated back to the encoder via the
straight-through estimator (Bengio et al., 2013),
while the codebook entries are updated through an
exponential moving average (EMA). The details of
EMA are provided in Appendix A.6.

4.5 Overall training objective
The overall training objective combines the task
loss Ltask with the two VQ auxiliary terms:

L = Ltask + αcommit Lcommit + αdiv Ldiv, (18)

where αcommit and αdiv are the corresponding
weights.

Corresponding to Section 4.2, the task loss of
EpiPersona-A is the autoregressive next-token pre-
diction loss:

LAtask = −
T∑︂

t=1

log pψ(st | s<t, Zu, e), (19)
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where s = (s1, . . . , sT ), which is the episode-
specific preference description.

The task loss of EpiPersona-B is the Bradley-
Terry pairwise comparison loss:

∆Re = Rθ(Zu, τ
(i)
e )−Rθ(Zu, τ

(j)
e ), (20)

then:

LBtask = −ye log σ(∆Re)−(1−ye) log(1−σ(∆Re)).
(21)

Together, these objectives jointly optimize the task
performance and update VQ representations.

5 Experiment

5.1 Experiment setting

Baselines. We compare EpiPersona against two
categories of methods: a) Non-parametric prefer-
ence modeling. These methods model preferences
using natural language and can be adapted to LLMs
in a plug-and-play manner: SynthesizeMe (Ryan
et al., 2025) synthesizes personas through LLM-
based bootstrap reasoning and validation; Person-
alLLM (Zollo et al., 2025) retrieves similar inter-
actions as in-context examples to adapt to individ-
ual preferences; PI (Balepur et al., 2025) infers
personas from preference feedback and incorpo-
rates them into context for alignment. b) Para-
metric preference modeling. GPO (Zhao et al.,
2024) uses a transformer to predict preferences
conditioned on context samples; VPL (Poddar
et al., 2024) employs a VAE to model individ-
ual preferences as latent distributions; Bradley-
Terry (BT) (Bradley and Terry, 1952) learns re-
ward scores from pairwise comparisons without
personalization. LoRe (Bose et al., 2025) repre-
sents individual reward functions as weighted com-
binations of shared basis functions in a low-rank
subspace; MRM (Cai et al., 2026) reformulates
personalized reward modeling as meta-learning via
a MAML-style framework.

Tasks We evaluate on two tasks with different
output spaces. This setting aims to assess the per-
sonalized preferences modeling ability comprehen-
sively. Task selection is based on downstream task
requirements. a) Generative. Following existing
work (Ryan et al., 2025), this task evaluates the
ability to generate natural language descriptions
of individual preferences. Given an individual’s
historical data and the current episode, the model
generates the individual’s preference. An LLM

judge then uses it to predict which of two candidate
responses the individual would prefer. b) Discrim-
inative. This task evaluates the ability to predict
personalized preference scores directly. Follow-
ing standard practice (Zhao et al., 2023; Cai et al.,
2026), we evaluate on pairwise comparisons and re-
port accuracy. See Appendix A.1 for the complete
task formulation.

Datasets Prism (Kirk et al., 2024a) is a values-
and controversy-guided human feedback dataset
linking sociodemographics and stated preferences
of 1,500 participants from 75 countries. It provides
pairwise comparisons of model responses within
shared conversational contexts. Arena (Zheng
et al., 2023) is a crowdsourced benchmark where
users compare two anonymous LLM outputs and
select their preferred response. The distribution
and characteristics of the dataset are shown in Ap-
pendix A.2.

Dataset setting. The datasets contains no over-
lapping individuals between the train and test sets.
Moreover, the historical and current samples do
not share overlapping conversations. This setup
ensures we evaluate on unseen individuals with un-
seen conversations, which aligns with real-world
scenarios.

Implementation setup Fine-tuning is performed
using the LoRA method applied to the main lin-
ear layers. The VQ codebook is initialized us-
ing K-means. λ is consistent with the finetuned
backbone model used. Additional implementation
details and hyperparameter experiments are pro-
vided in Appendix A.3 and A.9. Additional setup
for generative setting: For downstream evalua-
tion (LLM-as-a-Judge), LLMs including GPT-OSS-
120B and Llama-3.3-70B-Instruct are employed.
The backbone model used is Llama-3.1-8B. Addi-
tional setup for discriminative setting: The back-
bone model of all baselines used is Llama-3.1-8B
and Llama-3.2-3B. The source code is available at
https://github.com/PiLab-ZJU/EpiPersona.

5.2 Results

Experiments and analyses are presented in Sec-
tions 5.2.1 and 5.2.2, respectively.

5.2.1 Performance validation

We evaluate EpiPersona from two aspects: 1) Per-
formance validation, 2) Contribution of each com-
ponent to preference modeling.
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Table 1: Comparison on generative task (LLM-as-a-judge). Values are percentages with standard deviations (95%
CI).

Prism Arena
GPT-OSS-120B Llama-3.3-70B GPT-OSS-120B Llama-3.3-70B

Baseline
Random 50% 50% 50% 50%
LLM as a judge (Base model) 56.30 ± 1.26% 55.90 ± 1.22% 64.36 ± 3.91% 64.18 ± 3.91%

Personalization Methods
SynthesizeMe (GPT-OSS-120B) 57.24 ± 1.27% 57.67 ± 1.27% 64.89 ± 4.11% 64.39 ± 3.93%
SynthesizeMe (Llama-3.1-8B) 57.27 ± 1.28% 56.86 ± 1.26% 63.83 ± 4.26% 64.17 ± 3.85%
PI (GPT-OSS-120B) 54.00 ± 1.37% 57.22 ± 1.28% 61.72 ± 4.78% 63.28 ± 3.98%
PI (Llama-3.1-8B) 57.48 ± 1.28% 56.58 ± 1.36% 63.06 ± 4.13% 63.97 ± 3.97%
PersonalLLM (demo num=1) 54.39 ± 1.26% 55.81 ± 1.24% 59.71 ± 4.10% 59.33 ± 4.09%
PersonalLLM (demo num=3) 56.29 ± 1.38% 56.42 ± 1.25% 62.01 ± 4.13% 63.13 ± 3.89%
PersonalLLM (demo num=5) 56.46 ± 1.34% 56.21 ± 1.24% 62.43 ± 4.97% 64.13 ± 3.92%

General LLMs (Persona summarization)
Qwen3-235B 57.09 ± 1.21% 58.40 ± 1.12% 60.97 ± 4.13% 61.10 ± 4.03%
GPT-OSS-120B 56.98 ± 1.38% 57.79 ± 1.27% 63.04 ± 4.15% 64.32 ± 3.93%
GPT-4o-mini 57.48 ± 1.28% 58.21 ± 1.25% 61.39 ± 4.10% 60.37 ± 4.03%
LLAMA-3.1-8B 56.82 ± 1.64% 58.39 ± 1.24% 61.27 ± 4.15% 63.99 ± 4.10%
LLAMA-3.3-70B 56.78 ± 1.25% 58.18 ± 1.29% 63.89 ± 3.97% 62.68 ± 4.00%

Ours
EpiPersona-A 59.38 ± 1.25% 59.15 ± 1.30% 66.07 ± 3.98% 65.01 ± 3.90%

Generative setting. As shown in Table 1, we
compare EpiPersona-A with non-parametric pref-
erence modeling approaches. Against the RAG-
based PersonalLLM, our method improves by
2.92% on Prism and 3.64% on Arena. While
RAG-based approaches capture localized or recent
information, they overlook globally stable pref-
erences. Conversely, methods like SynthesizeMe
and PI model static global personas but struggle to
adapt to episode-dependent preference variations.
EpiPersona-A addresses both limitations by condi-
tioning episode-specific preference predictions on
a latent persona, with parametric history modeling
enabling better generalization and robustness.

Discriminative setting. As shown in Table 2,
we compare EpiPersona-B (ours) with paramet-
ric preference modeling methods on pluralistic re-
ward learning. EpiPersona-B consistently achieves
higher or comparable performance than other base-
lines, demonstrating the effectiveness of disentan-
gling the persona from episode-related information
via persona projection. Specifically, while VPL and
MRM model latent individual information, their
performance is sensitive to context and model size.
In contrast, EpiPersona-B shows robust preference
prediction, achieving the highest scores with both
Llama-3.2-3B and Llama-3.1-8B.

Ablation of EpiPersona. To validate the contri-
bution of each component in EpiPersona, we con-
duct ablation studies on two datasets, focusing on a
more complex generative setting. Table 3 presents

Table 2: Comparison of the discriminative task. Values
are percentages with standard deviations (95% CI).

Prism Arena

Llama-3.2-3B Llama-3.1-8B Llama-3.2-3B Llama-3.1-8B

GPO 55.26 ± 1.25% 56.48 ± 1.24% 53.87 ± 4.14% 56.69 ± 4.05%

VPL 58.26 ± 1.75% 58.23 ± 1.75% 56.69 ± 5.81% 54.93 ± 5.71%

BT 56.58 ± 1.47% 57.11 ± 1.55% 51.94 ± 5.31% 54.06 ± 5.42%

LoRe 53.57 ± 1.81% 51.70 ± 1.78% 53.17 ± 5.99% 52.48 ± 5.63%

MRM 55.65 ± 1.75% 57.14 ± 1.71% 56.79 ± 5.63% 56.68 ± 5.63%

Ours 60.23 ± 1.76% 58.54 ± 1.76% 59.57 ± 5.67% 57.45 ± 5.12%

the results comparing two main ablation variants.
Additionally, a detailed ablation study on the effect
of the diversity loss on codebook utilization and
training stability is provided in Appendix A.8.

Ablation variant 1: Text-based preference
modeling (w/o modeling preference on latent per-
sona). Global persona prediction summarizes the
text-based persona from the historical informa-
tion. Episode-specific preference prediction cou-
ples the text-based persona with the episode to
predict the episode-specific preference (see prompt
in Appendix A.11.4).

Ablation variant 2: Parametric preference
modeling represents individual preferences with a
latent persona Zu. To assess the contribution of spe-
cific components, we conducted ablation studies by
removing the VQ-based mapping (w/o VQ-based
mapping) and parametric abductive reasoning (w/o
param. abductive reasoning) modules.

Component-wise analysis. For ablation variant
1 (Text-based preference modeling), using the sta-
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ble global persona achieves moderate performance.
Adding episode-specific preference prediction with
different LLMs brings minor improvements, sug-
gesting that text-based approaches alone have lim-
ited ability to capture episode-level preferences.

For ablation variant 2 (Parametric prefer-
ence modeling), representing individual prefer-
ences with a latent persona Zu boosts performance.
Ablation studies show that removing the VQ-based
mapping or the parametric abductive reasoning
module reduces accuracy, confirming that each
component contributes to overall performance.

Table 3: Ablation study on EpiPersona-A.

Prism Arena

Ablation Variant 1: Text-based preference modeling
Global persona prediction
only stable persona gpt-oss-120b 57.54 ± 1.15% 64.05 ± 4.13%

Episode-specific preference prediction
with Qwen3-235B 57.09 ± 1.21% 60.97 ± 4.13%

with distilled Llama-3.1-8B 56.98 ± 1.38% 62.52 ± 4.08%

Ablation Variant 2: Parameter-based preference modeling
w/o VQ-based mapping 57.56 ± 1.13% 62.66 ± 4.01%

w/o param. abductive reasoning 57.99 ± 1.13% 64.36 ± 4.01%

EpiPersona (Ours) 59.38 ± 1.25% 66.07 ± 3.98%
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Figure 3: Evaluation of EpiPersona under different sce-
narios. (A) Episode similarity: performance under high
vs. low episode similarity. (B) Number of preference
feedback instances: model performance across users
with varying amounts of historical feedback.

5.2.2 Analysis
To understand episode generalization, we analyze
it from three perspectives: (1) episode similarity,
(2) the number of individual preference feedback
instances, i.e., reflecting the data distribution, and
(3) insights from the codebook.

Analysis of episode similarity effects. Episode
similarity refers to the similarity between an indi-
vidual’s current episode and their historical pref-
erence episodes. Low similarity indicates a large
episodic gap and shift (i.e., an episode-shift sce-
nario), implying that historical episodes are less in-

formative to the current sample. Episode similarity
is computed using Qwen3-Embedding. As shown
in Figure 3(A), the results reveal two interesting
findings. Finding 1: EpiPersona, SynthesizeMe,
and PI all perform better under high episode simi-
larity, suggesting that similar contexts help models
more accurately infer individual preferences. This
also indicates that samples in the episode-shift sce-
nario are relatively hard. Finding 2: Under low
episode similarity, our method shows a smaller per-
formance drop, demonstrating its ability to handle
unseen episodes and improve generalization during
inference: our model drops only 0.043, compared
to 0.178 and 0.144 for the other methods. In the
low-episode similarity scenario, our method out-
performs the SOTA by ∼5% (see Figure 3(A)).

Analysis of instance number. As shown in Fig-
ure 3(B), across varying ranges of user preference
counts, our method maintains consistently com-
petitive performance compared to the baselines.
The benefits of EpiPersona are especially apparent
when user preferences are sparse.

These two analyses collectively validate EpiPer-
sona’s strong generalization capability: it maintains
robust performance under both episodic distribu-
tion shift and data scarcity, outperforming SOTA
baselines in both challenging settings.
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Figure 4: Pairwise Jaccard similarity of codebook index
sets among 45 randomly sampled users.

Analysis on codebook Codebook evolution. Fig-
ure 4 visualizes the pairwise Jaccard similarity of
codebook index sets among 45 randomly sampled
users across training steps. It shows that: • Step
750: Off-diagonal entries are predominantly near
zero, indicating largely distinct index sets across
users. • Step 2250: Partial clusters of similar users
emerge, suggesting the codebook begins to orga-
nize users by shared preferences.

It indicates that the learned codebook is capable
of partitioning the user population into preference
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clusters, and the model is capturing individualized
preference structure.
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Figure 5: Codebook utilization rate for different code-
book sizes (window size=30).

Codebook usage analysis. Figure 5 reports code-
book utilization across training steps for sizes from
32 to 512. We observe two patterns: (1) Small
codebooks (K ≤ 64) maintain near 100% utiliza-
tion throughout training, while larger codebooks
stabilize at lower rates. This reflects the codebook’s
adaptive use of capacity, matching the data’s intrin-
sic preference diversity. (2) To further illustrate
this, the result shows that the absolute number of
active entries converges to a similar range across
all codebook sizes (see Appendix A.7).

6 Conclusion

We introduced EpiPersona, a novel method for plu-
ralistic alignment that jointly models stable per-
sonas and dynamic episodes. By projecting indi-
vidual preference feedback into a low-dimensional,
shared persona space via parameterized abductive
reasoning and vector quantization, our method ef-
fectively disentangles enduring personal traits from
situational variations.

Limitations

While EpiPersona demonstrates promising results
in open-domain dialogue personalization, several
limitations warrant acknowledgment. First, our ex-
periments are conducted on open-domain datasets.
Future studies could further reflect the complexity
of specialized domains. Extending EpiPersona to
high-stakes and specialized settings such as med-
ical consultation, legal advisory, and educational
contexts would be an important step toward broader
impact. Second, the datasets employed in this work
are predominantly English-based, which restricts
our ability to assess the framework’s robustness
across diverse linguistic contexts. Future work

should explore multilingual benchmarks to address
this gap.

Ethical Considerations

As with any personalization technology, our ap-
proach raises inherent privacy considerations.
Learned persona representations may unintention-
ally encode sensitive attributes, such as political be-
liefs, health conditions, or socioeconomic status, or
enable inference of private information from behav-
ioral traces, even when no explicit personal data is
provided. The episodic memory mechanism, while
designed for preference tracking, could in princi-
ple reconstruct fine-grained behavioral profiles that
users did not intend to disclose.

Although we mitigate this risk by (a) relying
solely on publicly available, peer-reviewed bench-
marks (Prism and Arena) that have undergone
ethics review with established privacy protections,
and (b) strictly adhering to dataset usage agree-
ments, the potential for such issues in real-world
deployment remains a concern. Future work should
explore privacy-preserving personalization tech-
niques, such as differential privacy over persona
embeddings or federated learning schemes that
keep user-specific parameters on-device.

Finally, while the proposed framework advances
preference modeling and reward learning for plu-
ralistic alignment, its application should be ap-
proached with caution to prevent misuse. Con-
cretely, a deployed system could (a) exploit fine-
grained persona representations to craft persuasive
messages tailored to individual psychological vul-
nerabilities, or (b) repurpose preference signals as
a covert profiling mechanism for surveillance. To
guard against such scenarios, we will release our
method under a restrictive license that explicitly
prohibits commercial exploitation for targeted ma-
nipulation or user monitoring. Beyond our own
release practices, we call on the community to
develop complementary safeguards: (a) fairness
evaluation protocols that audit personalization out-
comes across demographic groups and episodic
contexts, (b) red-teaming methodologies specific
to persona-conditioned generation, and (c) institu-
tional best practices for responsible deployment of
pluralistic alignment systems.
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A Appendix

A.1 Task design

These two settings define the general evaluation
paradigm rather than being tied to any specific
model design.

Task 1: Generative setting. In this paradigm,
an LLM is prompted to infer a natural-language
description of an individual user’s preference based
on historical interactions Xu, optionally condi-
tioned on the current episode e. This formulation
is applicable to a broad class of non-parametric
baselines that rely on in-context prompting.

Pref = G(Xu, e) or Pref = G(Xu) (A.1)

The generated preference Pref is expressed in
natural language and summarizes the individual’s
persona or preference. Subsequently, preference
and a set of candidate responses {τ (1)e , τ

(2)
e } are

provided to a large language model acting as a
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judge. ŷe ∈ {0, 1} indicates whether the user se-
lects the response. The judge predicts which re-
sponse the user is more likely to select:

ŷe = LLM(Pref, τ (1)e , τ (2)e ). (A.2)

This task is mainly designed for EpiPersona-A
and non-parametric preference modeling, follow-
ing the LLM-as-a-judge evaluation paradigm.

Task 2: Discriminative setting. Let e denote the
current episode. The user’s historical preference
information is Xu. Given a candidate response τe
under episode e, the goal is to predict the probabil-
ity that the user would select this response:

ŷe = arg max
τe∈{τ (1)e ,τ

(2)
e }

P(ye = 1 | h(Xu), τe).

(A.3)
where h denotes the encoding of user context Xu.
Model performance is evaluated using accuracy
(Acc).

This task is primarily designed for EpiPersona-
B and parametric preference modeling.

These two task settings correspond to different
real-world application scenarios. The generative
setting is better suited for plug-and-play settings,
where the generated textual preference descriptions
can be directly injected into the prompt of the LLM.
The discriminative setting, on the other hand, is
more appropriate for scenarios that require end-to-
end training of personalized reward models. The
two variants operate in fundamentally different out-
put spaces, thereby providing a more comprehen-
sive evaluation of the EpiPersona framework as a
whole.

A.2 Dataset construction
A fundamental challenge in personalized prefer-
ence research is that collecting real-world prefer-
ence data with individual identity annotations is
exceedingly difficult. Arena and Prism are among
the few publicly available datasets that simulta-
neously satisfy the following criteria: (1) Each
dataset contains multiple preference records per
user across different episodes, enabling genuine
longitudinal modeling of individual preferences.
(2) Both datasets exhibit sufficient inter-individual
heterogeneity to support meaningful pluralistic
alignment research, capturing the diversity of real-
world user populations.

We follow the existing study (Ryan et al., 2025)
in adopting the dataset split (train, validation, and
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Figure A.1: The distribution of the history samples per
user.

test sets) as well as the division of each individual’s
historical and current data to ensure more consis-
tent and continuous experimental validation. These
two datasets compile the high-quality and challeng-
ing individual data to serve as a benchmark for
personalized alignment. The distribution of his-
torical sample numbers per individual is shown in
Figure A.1. The statistics of historical/current pairs
for both datasets are summarized in Table A.1.

Table A.1: Statistics of user numbers and histori-
cal/current pairs for Arena and Prism datasets.

Arena Prism

Hist/cur pairs Hist/cur pairs

Train 202/103 4192/2177
Validation 155/80 973/514
Test 514/284 5816/3033

A.3 Implementation details

The model is fine-tuned with LoRA (rank r = 8,
α = 32, dropout = 0.1). The vector quantization
module uses a codebook size of 256 for Prism and
64 for Arena. The VQ commitment loss weight is
set to 1.0, the diversity loss weight to 0.1, and the
diversity softmax temperature to 0.5. User prefer-
ence history is encoded with a sliding window of
size 30. Preference descriptions s are generated by
Qwen3-235B-A22B-Instruct based on users’ real
feedback. We use a JSON dictionary format with
fields such as persona, value, preferred style, and
intent (see prompt in Appendix A.11.1).

Training is conducted on 2 NVIDIA GPUs (H20)
with a per-device batch size of 2 and gradient ac-
cumulation steps of 2, yielding an effective global
batch size of 8. We use the AdamW optimizer
with learning rate 5 × 10−6, weight decay 0.01,
and a linear warmup over 100 steps followed by
constant scheduling. Gradient clipping is applied
at 1.0. Distributed training is managed via Deep-
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Speed ZeRO Stage 2 with CPU optimizer offload-
ing. Due to the limited size of the Arena dataset,
we first pre-trained the transformer-based model on
the Prism dataset (for EpiPersona-A) to stabilize
training. We initialize the codebook via K-means
rather than random initialization, with 20 iterations
at initialization. We reset a codebook entry when
its EMA usage frequency falls below 1.

A.4 Comparison of preference modeling
methods across core capabilities

We formalize the core capabilities of preference
modeling as: human-observable and interpretable
(Human-O/I), machine-understandable (Machine-
U), compression capability (Compact-C), and
global preference abstraction capability (Global-
A).

Text-based summarization and RAG offer inter-
pretability but provide weaker compression, learn-
ability, and abstraction, which may undesirably fo-
cus on users’ fragmented information. Parameter-
ized preference modeling excels in learnability and
abstraction but is less observable and plug-and-play.
Predefined dimensions compress preferences into
dense vectors, aiding learning and interpretability,
yet rely heavily on manual design, limiting flexibil-
ity.

Our approach proposes a learnable personal-
ized preference attribution (EpiPersona-A) that
capitalizes on the strengths of these four capa-
bilities. Specifically, Machine-understandable:
EpiPersona-A parameterizes users’ static personas
employing parameterized abductive reasoning and
VQ-based mapping; Compression capability: Pa-
rameterized static personas serve as a highly com-
pressed representation of user preferences, prevent-
ing loss of persona information via text summa-
rization; Global preference abstraction capabil-
ity: EpiPersona-A provides a macro-level, abstract
characterization of user personalities, instead of
isolated or fragmented local information; Human-
observable and interpretable: Dynamic prefer-
ences are predicted in textual form, making them
plug-and-play compatible with any LLM. See Ta-
ble A.2 for the comparison of these models.

A.5 Figure of model details

Figure A.2 illustrates the detailed architecture of
our model, including the parameterized abduc-
tive reasoning module and the VQ-based mapping
mechanism.

A.6 The detail of VQ-based mapping

Exponential moving average update. We adopt
an exponential moving average scheme to stabilize
codebook learning. For each persona codeword
z
(m)
p , we maintain an EMA count Nm and an EMA

embedding Em. At each update step, we first accu-
mulate statistics over the current batch:

Nm ← γNm + (1− γ)
n∑︂

w=1

I
[︂
m∗(w) = m

]︂
,

(A.4)

Em ← γEm + (1− γ)
n∑︂

w=1

I
[︂
m∗(w) = m

]︂

× w(w) (A.5)

where γ ∈ (0, 1) is the EMA decay rate and I[·] de-
notes the indicator function. The persona codeword
is then updated as:

z(m)
p ← Em

Nm
. (A.6)

A.7 Codebook usage analysis

As shown in Figure A.3, the codebook usage dy-
namics reveal several consistent patterns across all
codebook sizes:

1. Codebook utilization dynamics. At the very
beginning of training, codebook usage starts
high due to the K-means initialization. Af-
ter the initialization phase, the actual number
of utilized codewords gradually stabilizes as
training progresses.

2. Size-dependent utilization ceiling. Larger
codebooks (size ∈ {256, 512}) converge
to high absolute utilization levels, whereas
smaller codebooks (size ∈ {32, 64}) satu-
rate earlier with nearly all entries occupied.
This indicates that an excessively small code-
book reaches its utilization ceiling prema-
turely, thereby limiting the model’s expressive
power.

3. Dataset-driven convergence. As training pro-
gresses, codebooks of varying sizes converge
to their respective stable usage levels. This
implies that the effective number of required
codebook entries is closely tied to the intrinsic
preference diversity of the dataset, rather than
being an artifact of model capacity alone.
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Table A.2: Comparing various preference modeling methods in terms of key attributes. Predef.: Predefined
dimensions; Text-based sum.: text-based preference summarization; Parameterized.: Parameterized modeling;
EpiPersona-A: Our proposed method.

Method Human-O/I Machine-U Compact-C Global-A

Text-based sum. ! - - -
Parameterized. - ! ! !

Predef. ! ! ! -
RAG ! - - -

EpiPersona-A ! ! ! !
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Figure A.2: Model architecture details (parameterized abductive reasoning and VQ-based mapping).

A.8 Effect of diversity loss on codebook
utilization

To validate the effectiveness of the diversity loss,
we conduct an ablation study comparing codebook
usage with and without it under two codebook sizes
(128 and 256), as shown in Figure A.4. To quantify
training stability, we measure oscillation as the
rolling standard deviation of codebook utilization
over a window of 4 consecutive training steps.

Reduced Oscillation. Without the diversity loss,
codebook usage exhibits severe oscillation through-
out training. The rolling standard deviation reaches
up to 30% for codebook size 128 and approxi-
mately 20% for codebook size 256. With the di-
versity loss, oscillation is suppressed to below 10%
across both settings, indicating substantially more
stable training dynamics.

Alleviated Codebook Collapse. Without the di-
versity loss, codebook utilization frequently drops
below 25% for size 128 and below 10% for size
256, reflecting recurring collapse. With the di-
versity loss, utilization is maintained consistently
above 50% and 30% for the two sizes, respectively.
These results confirm that the diversity loss is es-
sential for stable and efficient codebook utilization.

A.9 Hyperparameter experiment
To investigate the effect of key hyperparameters,
we conduct ablation studies on codebook size and
window size, as shown in Figure A.5.

For codebook size, accuracy remains stable
across 32, 64, 128, 256, 512. For window size,
performance follows an inverted U-shaped trend
over 10, 15, 20, 25, 30, 35, 40. A window that is
too small fails to capture sufficient context, while
an overly large window introduces irrelevant noise.
In both cases, accuracy variance remains within
0.5%, indicating that our model is relatively robust
to these hyperparameters.

A.10 Inference algorithm
We summarize the inference procedure for EpiPer-
sona. Given user preference feedback and an
episode, the algorithms first encode feedback us-
ing parameterized abductive reasoning and convert
it to latent persona representations via VQ-based
mapping. We then generate either episode-specific
preferences (EpiPersona-A) or reward scores for
candidate responses (EpiPersona-B) (see algorithm
1 and 2).
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Algorithm 1 EpiPersona-A: Persona-episode cou-
pled preference generation

Input: Feedback set Xu for individual u; target
episode e = (τ

(i)
e , τ

(j)
e )

Output: Personalized preference description
Prefe
// Step 1: Parameterized abductive reasoning
(Section 4.3)
for each feedback x = (τ

(i)
e , τ

(j)
e , ye) ∈ Xu do

Infer estimated persona: r ←
λ(P, τ (i)e , τ

(j)
e , ye)

end for
Collect all estimated personas: Ru = {r | x ∈
Xu}
// Step 2: VQ-based mapping (Section 4.4)
Project into shared space: w(w) = fθ(r) for
each r ∈ Ru

Quantize each window via nearest-neighbor
lookup:

m∗(w) = arg min
m∈{1,...,P}

∥w(w) − z(m)
p ∥2

Obtain latent persona set: Zu =
(︁
z
(m∗(w))
p

)︁n
w=1

// Step 3: Persona-episode coupling (Section 4.2)

Generate preference: Prefe = gψ(Zu, e)
Format Prefe as JSON with keys: persona,
value, identification, intent, style
return Prefe

Algorithm 2 EpiPersona-B: Episode-aware
persona-based reward modeling

Input: Feedback set Xu for individual u;
episode e; candidate responses τ (i)e , τ

(j)
e

Output: Rewards Rθ(Zu, τ
(i)
e ) and

Rθ(Zu, τ
(j)
e )

// Step 1: Parameterized abductive reasoning
(Section 4.3)
for each feedback x = (τ

(i)
e , τ

(j)
e , ye) ∈ Xu do

Infer estimated persona: r ←
λ(P, τ (i)e , τ

(j)
e , ye)

end for
Collect all estimated personas: Ru = {r | x ∈
Xu}
// Step 2: VQ-based mapping (Section 4.4)
Project into shared space: w(w) = fθ(r) for
each r ∈ Ru

Quantize each window via nearest-neighbor
lookup:

m∗(w) = arg min
m∈{1,...,P}

∥w(w) − z(m)
p ∥2

Obtain latent persona set: Zu =
(︁
z
(m∗(w))
p

)︁n
w=1

// Step 3: Persona-episode coupling & reward
computation (Section 4.2)
for each candidate response τ

(k)
e ∈ {τ (i)e , τ

(j)
e }

do
Compute episode-persona coupled representa-
tion: hθ(Zu, τ

(k)
e )

Compute reward: Rθ(Zu, τ
(k)
e ) =

W⊤ϕ
(︁
hθ(Zu, τ

(k)
e )

)︁

end for
Predict preference via Bradley-Terry compari-
son:

ŷe = 1
[︂
Rθ(Zu, τ

(i)
e ) > Rθ(Zu, τ

(j)
e )

]︂

return Rθ(Zu, τ
(i)
e ), Rθ(Zu, τ

(j)
e ), ŷe
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A.11 Prompt

This section lists the prompts used for modeling
user beliefs and preferences, including:
1. Prompt for fine-grained preference description
extraction;
2. LLM-as-a-Judge Prompt for EpiPersona-A;
3. LLM-as-a-Judge Prompt with Retrieval Aug-
mentation;
4. Text-based Episode-specific Preference Predic-
tion Prompt (used in ablation test);
5. Parameterized Abductive Reasoning Prompt
(P);
6. EpiPersona-A Prompt for episode-specific con-
text coupled with user representation Zu.

1. Prompt for fine-grained prefer-
ence description extraction (guidance for
EpiPersona-A)

Given the dialogue context below and two
possible responses—
one selected by the user and one not:

Dialogue context: {context}

Chosen answer: {chosen}

Rejected answer: {rejected}

---Task---
Analyze the user's selection and extract
explicitly defined
preference elements.

---Definitions---
The extracted preferences should be
divided into the following
categories:

1. Stable preferences (long-term,
consistent traits):
persona: the user's personality or
character traits.
value: the user's values, opinions, or
attitudes.
identification: the user's social
identity, role, or profession
if inferable.

2. Dynamic preferences (context-dependent
and situational):
style: the user's preferred expression
style, tone, or format.
intent: the user's goal or intention in
choosing the response.

---Rules---
1. If a preference element cannot be
inferred, return None.
2. Do not guess or invent information
beyond what can be

reasonably inferred from the context.

3. The output must be strictly formatted
as JSON and must not

contain comments.

---Output Format---
{

"stable_preferences": {
"persona": "<persona>",
"value": "<value>",
"identification": "<identification>"

},
"dynamic_preferences": {
"style": "<style>",
"intent": "<intent>"

}
}
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2. LLM-as-a-Judge Prompt (EpiPersona-A)

Your input fields are:
1. conversation (str): The conversation
context leading up to the completions.
2. first_completion (str): The first of
the two candidate responses.
3. second_completion (str): The second of
the two candidate responses.

Your output fields are:
1. reasoning (str): A brief explanation of
the judgment.
2. preference (str): The response more
likely to be preferred by the user.

The value must be one of: "First" or
"Second".

All interactions follow the structure
below.

[[ ## conversation ## ]]
{conversation}

[[ ## first_completion ## ]]
{first_completion}

[[ ## second_completion ## ]]
{second_completion}

The output must be a valid JSON object
with the following structure:

{
"reasoning": "<reasoning>",
"preference": "<First | Second>"

}

Your objective:
Given a conversation and two responses
generated by different models,
determine which response the human user is
more likely to prefer.

The user you are judging for has the
following preference profile:
===
{user_preference}
===

Consider the user's persona and
preferences carefully, and
make a rational, preference-consistent
judgment.

3. LLM-as-a-Judge Prompt with Retrieval
Augmentation

User History (Retrieved Demonstrations):

---
User's historical selection i (can be used
as a reference if relevant):

[[ ## conversation ## ]]
{demo_conversation_i}

[[ ## first_completion ## ]]
{demo_first_completion_i}

[[ ## second_completion ## ]]
{demo_second_completion_i}

User's choice: "First" or "Second"

(The above block may repeat for multiple
retrieved demonstrations.)

Current Dialogue Context:
{conversation}

Candidate Responses:

[[ ## first_completion ## ]]
{first_completion}

[[ ## second_completion ## ]]
{second_completion}

Task:
Given the current dialogue context and the
user's historical selections,
infer which candidate response the user is
more likely to choose.
You should support your judgment by
reasoning about how the current
responses relate to patterns observed in
the user's history.

Output Format:
The output must be a valid JSON object and
contain no additional text.

{
"preference": "<First | Second>"

}
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4. Prompt for Text-based Preference Mod-
eling (Episode-specific Preference Predic-
tion)

Given the user's historical stable
preferences and the current context,
infer the Stable preferences and Dynamic
preferences that are relevant
to the specific episode.

Historical Stable Preferences:
{stable_preferences}

Current Context:
{context}

Definitions:

1. Stable preferences (long-term,
consistent traits):
- persona: the user's personality or
character traits.
- value: the user's values, opinions, or
attitudes.
- identification: the user's social
identity, role, or profession
(if inferable).

2. Dynamic preferences (context-dependent
and situational):
- style: the user's preferred style, tone,
or format of expression.
- intent: the user's immediate goal or
purpose in this context.

Rules:
- Infer only preferences that are
reasonably supported by the
historical data and the current context.

- If a preference element cannot be
inferred, set its value to null.
- Do not introduce unsupported
assumptions.
- The output must be valid JSON and
contain no extra text.

Output Format:
{
"related_stable_preferences": {
"persona": "<persona>",
"value": "<value>",
"identification": "<identification>"

},
"dynamic_preferences": {
"style": "<style>",
"intent": "<intent>"

}
}

5. Parameterized Abductive Reasoning (P)

Task:
Given a dialogue context and two
alternative responses—one chosen by
the user and one rejected—identify the
stable preference implied by
the user's selection.

Definition of Stable Preference:
A stable preference reflects enduring
aspects of the user's persona,
values, or identity. Such preferences are
transferable across dialogue
contexts and are unlikely to change due to
short-term or situational
factors.

Inputs:

Dialogue Context:
{context}

Chosen Answer:
{chosen}

Rejected Answer:
{rejected}

Inference Objective:
Infer the stable preference that best
explains why the chosen answer
was preferred over the rejected one. If no
stable preference can be
reasonably inferred, return an empty
string.

Output Format:
The output must be a valid JSON object and
contain no additional text.

{
"stable_preferences": "<preference or
empty string>"

}
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6. EpiPersona-A Prompt for Episode-
specific Context (Coupled with Zu)

Given the current context, infer Stable
preferences and Dynamic
preferences relevant to the specific
context.

Context:
{context}

Respond ONLY in the following JSON
structure:

{
"related_stable_preferences": {

"persona": "<persona>",
"value": "<value>",
"identification":
"<identification>"

},
"dynamic_preferences": {

"style": "<style>",
"intent": "<intent>"

}
}
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