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Fig.1: Motivating the need for user-specific evaluation in personalized T2I
assessment. From user histories, we observe that different users favor different vi-
sual attributes, suggesting that they prioritize different criteria when judging images.
Consequently, applying a fixed, one-size-fits-all criterion space (left) can fail to capture
these differences and predict which image a user would prefer, whereas inducing cri-
teria from each user’s history (right) yields personalized evaluation spaces that more
reliably predict user preferences. Notably, even when User A and User B prefer the
same image, the dimensions they prioritize differ, highlighting that the same choice
may be supported by different underlying factors.

Abstract. Recent text-to-image (T2I) models generate semantically co-
herent images from textual prompts, yet evaluating how well they align
with individual user preferences remains an open challenge. Conventional
evaluation methods, general reward functions or similarity-based metrics,
fail to capture the diversity and complexity of personal visual tastes. We
present PIGReward, a personalized reward modeling framework that dy-
namically generates user-conditioned evaluation dimensions and assesses
images through CoT reasoning. To address the scarcity of user data, PI-
GReward adopts a self-bootstrapping strategy that reasons over limited
reference data to construct rich user contexts, enabling personalization
without user-specific training. Beyond evaluation, PIGReward provides
personalized feedback that drives user-specific prompt optimization, im-
proving alignment between generated images and individual intent. Ex-
tensive experiments demonstrate that PIGReward outperforms existing
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methods in both accuracy and interpretability, establishing a scalable,
reasoning-based foundation for personalized T2I evaluation and opti-
mization. Project page: https://jeongeunnn-e/PIGReward/

Keywords: Personalized reward modeling - Text-to-image generation -
Visual chain-of-thought reasoning

1 Introduction

Recent text-to-image (T2I) generative models [29}[31}|34,[36] have shown re-
markable performance in generating high-quality images from natural language
prompts. Moving beyond generating generic, one-size-fits-all images, following
works explores personalization in T2I generation to better align with individ-
ual preferences [8},/56,/63]. These methods typically adopt a history-driven ap-
proach [3,4,/16], leveraging user-specific references (e.g., prior image preferences
or interactions) to reflect unique visual tastes.

However, evaluating personalization remains a significant challenge under
conventional T2l evaluation methods. Most widely-used approaches are based on
reward functions fine-tuned on large-scale general human preference datasets |17,
57,/60]. They reduce human preferences to a single scalar score, failing to con-
sider their inherent complexity. This has motivated multi-dimensional evalua-
tion [22,[59,(70], which introduces a small set of pre-defined dimensions (e.g.,
Alignment, Detail). More recently, large vision-language models (LVLMs) have
been adopted as generative reward models [52,/53,(77|, offering interpretable ex-
planations through their strong reasoning capabilities. Yet these approaches still
rely on fixed criteria that are uniformly applied across users. In real world, dif-
ferent users may attend to distinct aspects of the same image pair, leading to
divergent judgments. A limited set of predefined dimensions cannot fully cover
such user-dependent evaluative perspective.

On the other hand, prior personalized T2I works [3,[16}41,[51}/62] typically
adopt three strategies to evaluate personalization. First, they employ statistical
metrics such as CLIPScore [12], Fréchet Inception Distance (FID) 13|, and In-
ception Score (IS) [38] to measure pixel- or embedding-level similarity between
user reference and generated outputs. These approaches implicitly assume that
user alignment can be approximated by visual recurrence. However, personaliza-
tion is not just reproducing previously liked images, but generalizing underlying
preference reflected in them [24L/61]. Second, some methods [16] naively prompt
off-the-shelf LVLMs [14] to assess candidates given reference images in a few-
shot manner. Lacking an explicit mechanism for user-specific preference reason-
ing, these approaches often result in heuristic judgments. Third, they conduct
human evaluations, which are costly, time-consuming, and difficult to reproduce
at scale.

In this work, we propose PIGReward, a LVLM-based personalized reward
modeling framework for T2I generation. Unlike prior multi-dimensional approaches
that rely on fixed dimensions, PIGReward adaptively derives user-tailored di-
mensions from limited user reference data, facilitating personalized assessment
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without additional user-specific training. To model user preference from scarce
user data, often limited to only pairwise choices, we introduce a self-bootstrapping
preference reasoning process that converts implicit image-level preferences into
explicit, language-based rationales, which result in a rich user context. Condi-
tioned on this context, our reward model (1) generates user-conditioned eval-
uation dimensions and (2) performs chain-of-thought (CoT) reasoning to score
along those dimensions with explicit rationales to produce a personalized re-
ward. To support such structured reasoning, we construct a 5K CoT-formatted
dataset and distill it into PIGReward via supervised fine-tuning. Thus, PIGRe-
ward supports interpretable, user-conditioned T2I evaluation under sparse user
feedback.

Further, we demonstrate the potential of PIGReward beyond evaluation
by leveraging its feedback for personalized prompt optimization. Unlike prior
works [5,[21] that aim to optimize prompts toward general aesthetic quality,
PIGReward incorporates individual context and provides user-conditioned sig-
nals that reflect individual visual taste. These signals identify preferred—rejected
prompt variants, which are then used to fine-tune the prompt model via direct
preference optimization (DPO) [32|, enabling user-aligned generation.

Through extensive experiments, PIGReward demonstrates its effectiveness
on user-level benchmarks, including Pick-a-Pic [17], PIP [3]|, and PASTA [61].
To further evaluate personalization under more realistic conditions, we intro-
duce PIGBench, a benchmark constructed from open-ended, abstract prompts
[66] that allow diverse visual interpretations across users. Across all datasets,
PIGReward consistently outperforms single-scalar reward models, fixed multi-
dimensional approaches, and recent LVLM-based judges, achieving state-of-the-
art performance in user-conditioned evaluation. These results highlight the im-
portance of dynamically inducing user-specific evaluation dimensions rather than
relying on predefined criteria. Moreover, PIGReward substantially surpasses
similarity-based reference comparison methods, demonstrating that surface-level
resemblance is insufficient for modeling personalized preferences and that struc-
tured, context-aware reasoning is essential. Beyond evaluation, we show that
PIGReward effectively supports personalized prompt optimization, significantly
improving user-aligned generation quality in both automatic and human evalu-
ations.

2 Related Work

Visual Chain-of-Thought Reasoning. LVLMSs [1}[19,/50,/71] have demon-
strated strong performance across diverse multimodal reasoning tasks [11}[18]
58,62]. As CoT reasoning has significantly improved the performance of LLMs
through step-by-step reasoning [55464], recent studies [69,/72L|73] have extended
CoT reasoning to the vision-language domain, showing benefits across diverse
visual reasoning tasks, including mathematics [10] and robotic control [73]. How-
ever, a key challenge in applying CoT to vision-language models lies in the
scarcity of high-quality, CoT-annotated datasets. To address this, recent works [6,
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52,169] build data generation pipeline to collect task-specific CoT-formatted
datasets and distill VLMs [1,/50] under supervision. Meanwhile, other works
have explored LVLMs as generative reward models [20}/78], leveraging explicit
rationales [40,/53,[58] for scalable and interpretable evaluation. Incorporating
CoT has been shown to further enhance the reliability and robustness of reward
modeling [52}/69)].

Personalized Text-to-Image Generation. Unlike generic image generation,
personalized T2l adapts outputs to user preferences by modeling intent from
personal history (e.g., image interactions) [41,51,63|. PIP [3]| proposes a person-
alized prompt rewriting method conditioned on historical inputs. ViPer [37] and
PPD [4] extract user features, expressed either as natural-language profiles or
as hidden-state embeddings from LVLMs [19], and directly inject these features
into diffusion models [29]. Recent methods expand to multi-turn settings by giv-
ing iterative feedbacks [26,47,/67] or with natural language instructions through
conversation [23,149].

Personalized Reward Modeling. Preference alignment has been studied for
large language models (LLMs), particularly through reinforcement learning from
human feedback [44]. Subsequent works use pairwise preference data to align
models with human interests [7}/28,|75.|76]. In particular, DPO [32] has recently
gained attention, also achieving great adaptation to diffusion models [9}/45,48].
However, recent studies highlight that human preferences are diverse [2}[43],
motivating personalized reward modeling [15}/33]. For instance, GPG [68] and
SynthesizeMe [35] introduce natural-language user profiles that encode personal
context for conditioning; GPO [74] targets group-level alignment by training an
auxiliary predictor to steer models toward specific group preferences; VPL [30]
formulates a latent-variable approach to capture multimodal, user-conditioned
rewards; and PAL [2] models heterogeneous preferences with a sample-efficient
personalized reward framework.

3 Personalized Reward Modeling for Text-to-Image
Generation

Problem Formulation. The objective of personalized reward model P is to
output a personalized reward r for a target pair z = (p,I;,I5) given user ref-
erence data D, = {(p;,I],I;)}Y,, where p; is the prompt, I is the user-

preferred image, and I is the non-preferred one: r = P(z, D,,). Here, r = +1 if
I, is preferred, and r = —1 otherwise.

3.1 PIGReward

Overview. We introduce the preference reasoner w, which processes a small
set of user references D, = {(p;, I, I; )}, to construct a user context C,:

R )

Co = (D) = {ci == m(pi, I, 1)} (1)

17 =17
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Fig. 2: Overview of PIGReward (A) Training the preference reasoner m: we
construct contrastive rationale pairs via hint-driven sampling and fine-tune 7 with
DPO, encouraging diverse rationales. (B) Training the reward model ¢: (a) we use
GPT-40 to generate CoT-formatted, dimension-wise evaluations and apply accept—
reject filtering to remove incorrect/invalid outputs; (b) we then supervise fine-tune
¢ on the successful trajectories to distill structured, user-conditioned reasoning. (C)
Inference: given user references D,, ™ builds a user context C,, and ¢ evaluates a
target pair conditioned on C, to output a personalized preference.

where each c; is a language-based rationale explaining why I;" is preferred over
I, . Conditioned on the resulting context C,, the reward model ¢ evaluates a
target comparison z = (p,1%,1%) and outputs a personalized reward r:

r = ¢(z,Cu). (2)

While we leverage the inherent multimodal reasoning capability of LVLMs, we
fine-tune both 7 and ¢ for task-specific objectives, as detailed below.

Training Setup. We adopt Qwen2-VL-7B [50] as the backbone LVLM for
both 7 and ¢. The data used to train m, train ¢, and evaluate are sampled from
Pick-a-Pic [17], and each split is strictly disjoint.

Preference Reasoner. The objective of the preference reasoner 7 is to con-
struct a rich user context C, for user « from a small number of user reference
data D,. Since each reference provides only a pairwise choice (i.e., which image
was selected), it is too sparse to directly infer underlying preference factors. We
therefore use 7 to convert implicit image-level preferences into explicit, language-
based rationale that explain why the chosen image was preferred over the other,
yielding more informative and interpretable user representations. Specifically, for
each triplet (p;, I;L, 1) € D, w generates a rationale and the resulting rationales
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are aggregated into a single textual context C,. This user context enables the
reward model ¢ to perform personalized evaluation without additional per-user
fine-tuning [2,26], which is more suitable in real-world scenarios where individual
data is typically scarce and insufficient for reliable fine-tuning [35].

However, vanilla LVLMs often lack the granularity and diversity required
to articulate subtle visual preferences between two images generated from the
same text prompt [42}46,65]. This often leads to overly generic explanations
across different users, thus failing to form distinctive user contexts. To enhance
their explanatory richness and lexical diversity, we train 7 using contrastive
judgments derived from a general preference dataset Dg = {(p;, I, I;)}M,.
For each triplet, we apply hint-driven sampling [65], where we instruct = to
generate a correct rationale jj (explaining why I is preferred over I ), and an
incorrect rationale j; (explaining why I is preferred over I;") We then optimize
the preference reasoner 7 via the DPO loss, where z; := (p;, I;L, I;), and 7 is
a frozen reference model.

o+ -+
Lo=—E, i+ ;- [logﬂ(ﬁ Ai)} , where A; = <1og W(J.’; @) _ log ﬂ’ef(ji | m) :
o 71-(.71 |-Tz) Wref(]i |xz)
3)
Here, 5 > 0 is a temperature that controls the sharpness of the preference mar-
gin, and o(+) denotes the logistic sigmoid that maps the scaled margin 5 4; into
a probability. This objective encourages 7 to assign higher relative likelihoods
to correct rationales j;* over incorrect ones j; for the same image pair, thereby
improving the fidelity and diversity of generated explanations during bootstrap-
ping.
Personalized Reward Modeling. Given user context C,, the reward model
¢ performs personalized evaluation for a target image pair z and outputs a
personalized reward r = ¢(z,C,). As shown in Figure [2| (B), the evaluation
follows a structured CoT format, involving two key steps: (1) inducing user-
conditioned evaluation dimensions from C, and (2) assessing images with gen-
erated dimensions into a final preference prediction. This CoT reasoning en-
courages more robust and consistent preference predictions, instead of shallow
comparisons [52}/69].

To support such structured and personalized CoT reasoning with ¢, we con-
struct a dataset of 5K CoT-formatted samples. We first prepare pairs of user
context C, and target z = (p,I",I7). The user context is written in natural lan-
guage, containing rationales explaining the user’s previous preference decisions.
We then use GPT-4o [14] to infer evaluation dimensions from user context, then
produce a detailed CoT reasoning that (i) scores each image along the inferred
dimensions, (ii) aggregates per-dimension scores, and (iii) identifies the preferred
image. We then apply a rejection sampling approach [52] to retain successful rea-
soning trajectories only. Specifically, we discard outputs that do not match the
required structured format, and apply fully automated rule-based checks to filter
out (i) inaccurate predictions whose final choice disagrees with the ground-truth
human preference label, and (ii) invalid outputs, such as those with fewer than
three dimensions or inconsistent score aggregation.
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Fig. 3: Overview of personalized prompt optimization. PIGReward is instan-
tiated as a user-conditioned reward function that compares images generated from
candidate prompts and results in chosen-rejected prompt pairs, which are then used
to optimize the prompt model.

Then we supervise fine-tune ¢ on the resulting dataset as:

T;

‘C¢ = _E(Ii’yi) Z log ¢<yi7t | Li, yi,<t)a (4)
t=1

where z; = (C,,z) includes both the user context and the target image pair,
and y; = (Yi,1,.--,Yi,1;) is the corresponding GPT-40-generated CoT output.
Through this training, ¢ learns to produce structured, dimension-aligned evalu-
ations grounded in contextual user information.

3.2 Personalized Prompt Optimization with PIGReward

Beyond evaluation, PIGReward can also serve as a personalized reward function
for optimizing text prompts in T2I generation, guiding a prompt model toward
generating images aligned with individual visual preferences. The overview is
illustrated in Figure [3]
We train a prompt language model M [21] which refines an initial prompt
qo into expanded variants. For each user u, PIGReward is instantiated as a
personalized reward function P, conditioned on individual reference data D,.
Given prompt q, M generates two candidate expanded prompts, q, and qp.
With a T2I generator G, each candidate prompt is rendered into an image, as
o = G(q,) and Iy = G(qp). Then P, assesses two images, then determines
which image better aligns with the user preferences, considering corresponding
prompts as chosen and rejected:

(@, q}) = (Qa,qp), i Pulq Lo, I) = +1, (5)
o (a»,qq4), otherwise.

The resulting chosen-rejected pairs form a user-conditioned preference signal
for DPO training of M. Let z; := (qo,u) denote the conditioning context, an
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abstract prompt and user feature. We then optimize M using the DPO objective:

L= *E(zi,qgh,qzei) [logo(BA;)],
M@ [2i) Muer(a” | )

M | ;) Miet (| 27)

(6)

where A; =log

This training encourages M to increase the likelihood of prompts that yield
higher personalized rewards from PIGReward, producing a user-adaptive prompt
generator that aligns more closely with individual visual preferences.

3.3 PIGBench: A Personalized T2I Dataset

Discussing Existing Datasets. Although several user-level preference datasets
exist, they pose challenges for evaluating real-world personalization. Pick-a-
Pic is the most widely used pairwise preference dataset and includes user
identifiers, allowing user-level analysis. However, as it was originally designed to
capture general human preferences rather than individual characteristics, it lacks
distinct user-specific variation . PIP [3] is the first T2I dataset explicitly aimed
at personalization, consisting of user-written
prompts and generated images. Yet it lacks
contrastive information—what users dislike—
overlooking the importance of negative feed-
back in modeling preference . ViPer |37]
provides images with like/dislike comments
simulated by LVLMs, but its data is limited
to artistic domains, creating a gap from real-
world imagery. Real-world personalization
requires broad coverage of multifaceted vi-
sual interpretations (e.g., art style, domain)
under sparse user feedback, where users pro-
vide only a few reference choices.
Constructing Dataset. We therefore col-

User A

T

A red hydrant on the grass

UserB

Orange jello

L

lect user data to evaluate real-world per-
sonalization in T2l generation, named PIG-
Bench. Unlike prior datasets, PIGBench fo-
cuses on how simple textual prompts can
be interpreted in visually diverse ways ac-
cording to different user preferences. PIG-
Bench comprises user-level instances, where
each instance includes a user-specific rank-
ing of four images generated from a single,
abstract prompt. To reflect realistic settings,

An avocado on a table

Fig.4: Examples from PIG-
Bench. Each instance shows four
image variants from the same
prompt; checkmarks denote the se-
lections of Users A/B. Users dif-
fer both across instances (above the
dashed line) and within the same
instance (below), highlighting diver-
gent visual preferences.

we vary the amount of reference data per user, enabling evaluation under differ-

ent context lengths.
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We take the “simple detail” subset of PartiPrompts [66], which leaves sub-
stantial room for specification, and curate prompts spanning diverse 12 categories
(e.g., world knowledge, outdoor scenes). For each prompt, we use GPT-40 [14] to
expand it into four concrete variants that differ in visual style and semantic con-
text, then generate the corresponding images with SDXL [31]. We then conduct
a manual quality check to remove low-quality sets and filter out instances with
insufficient personalization affordance, where the variants are unlikely to elicit
divergent user preferences, resulting in 100 instances in total. Human annotators
are asked to rank the four images for each expanded prompt according to their
personal preferences. Each annotator is randomly assigned a varying number of
image sets (between 5 and 15) to collect records with various lengths of user
context, thereby resulting in 75 user records. Figure [] shows an example from
PIGBench, highlighting that different users often show distinct rankings for the
same image instance.

4 Experiments

4.1 Experimental Settings

Datasets. We evaluate on three conventional im-
age preference datasets, Pick-a-Pic [17], PIP |[3],
and PASTA |26]—and PIGBench. Although these
conventional datasets contain user identifiers, they
are not intentionally designed for history-driven

Table 1: Dataset statistics.
Ref. size denotes the number
of user reference.

Dataset Ref. size Users

personalized evaluation and therefore we adapt  Pick-a-Pic 8 10,000
them to a user-conditioned pairwise protocol. PIP b 1,002
PASTA 4 5,143

Also, for PIGBench, we convert each user rank-
ing into a pairwise preference by comparing the
top-ranked image against the bottom-ranked im-
age among 4 candidates. Dataset statistics are in
Table [

Baselines. We compare PIGReward against conventional and recent state-
of-the-art T2I evaluation methods. (1) w/o Reference: Conventional evalu-
ation methods assess image quality without user-specific context. We include
CLIP /BLIP-based reward models such as CLIPScore [12], PickScore [17], HPS [57],
Aesthetics [39], and ImageReward [60], all of which are fine-tuned on general
single-dimensional preference datasets. We further consider multi-dimensional
approaches such as MPS [70] and VisionReward [59], which include fixed crite-
ria. Lastly, we include recent LVLM-based reward models: LLaVA-Reward [58|
and UnifiedReward [53], as well as UnifiedReward-Think [52], which incorporates
CoT reasoning process. (2) w/ Reference: Previous personalized T2I studies [4,
63| adopt the LVLM-as-a-judge paradigm, in which a large vision-language model
(LVLM) evaluates image pairs based on given reference examples. We employ two
open-source models—Qwen2-VL-7B and LLaVA-OneVision [19]—which support
multi-image processing, and one closed-source model, GPT-4o [14].

PIGBench 5-15 75
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Table 2: Quantitative comparison with conventional T2I evaluation meth-
ods. Baselines are evaluated without user references, and we compare against vanilla
LVLMs as well given references. The best results are in bold, and the second-best
results are underlined.

Pick-a-Pic PIP PASTA PIGBench
acc w/ tie acc w/o tie|acc w/ tie acc w/o tie|acc w/ tie ace w/o tielacc w/ tie acc w/o tie

w/o Reference

CLIPScore [12] 50.90 55.44 49.15 21.37 66.28 71.09 47.17 26.42
Aesthetics [39)] 49.98 25.43 51.66 37.82 51.78 59.56 49.06 26.42
PickScore |17] 51.00 54.31 49.63 33.87 68.36 71.13 51.89 16.98
HPS (v2) [57| 50.14 6.65 49.68 12.61 69.03 72.99 43.40 28.30
ImageReward [60] 49.55 41.81 49.79 43.06 69.82 70.03 35.85 33.96
VisionReward [59] 49.81 30.40 49.73 31.73 65.54 71.18 43.40 34.78
MPS (overall) |70 50.20 47.87 50.80 46.15 66.73 68.17 47.17 45.28
LLava-Reward 77| 41.57 48.95 25.60 25.48 68.17 50.57 64.15 64.15
UnifiedReward [53] 48.46 48.46 37.48 37.41 69.86 69.86 67.92 67.92
UnifiedReward-Think [52]| 59.92 59.92 35.28 35.21 65.71 65.71 66.04 66.04
w/ Reference
Qwen2.5-VL-TB [1] 61.52 61.52 49.95 49.95 50.34 50.34 54.72 54.72
LLaVA-OneVision [19] 55.04 55.04 50.75 50.76 50.12 50.12 56.60 56.60
GPT-4o [14] 46.90 46.70 76.23 76.54 68.80 68.80 64.15 68.29
PIGReward | 63.76 62.14 | 77.84 78.59 | 75.43 74.43 | 84.91 85.85

4.2 Main Results

Table [2| presents the results of PIGReward and existing T2I evaluation meth-
ods under a personalized setting, where PIGReward consistently achieves the
best performance. Both single-scalar and fixed multi-dimensional baselines un-
derperform, indicating that a limited set of evaluation axes is insufficient to
capture fine-grained human preference and user-dependent preferences, high-
lighting the need for adaptive assessment. Even LVLM-based methods perform
comparably to simple reward-function baselines, indicating that generic reason-
ing alone is insufficient to tailor individuals. Among baselines without reference
data, UnifiedReward-Think shows strong performance, demonstrating that in-
corporating CoT reasoning significantly enhances evaluation capability. When
provided with reference data, vanilla LVLMs show improved results but still
fall short of PIGReward, suggesting that they struggle to infer complex and la-
tent preferences embedded in user histories. Overall, these results confirm that
context-conditioned evaluation dimensions and detailed CoT-based reasoning are
both essential for effective personalized evaluation.

4.3 Comparisons with Similarity-based Metrics

Previous personalized T2I works [3,/16] typically evaluate personalization with
similarity-based metrics that measure how closely generated outputs resemble
reference images or prompts; they use maximum similarity as preference score.
We include CLIPScore (Text-Align), SSIM, and DINOScore in our comparison:
CLIPScore and Text-Align compute CLIP-based similarities [12], SSIM captures
pixel-level perceptual similarity [54], and DINOScore measures visual similarity
in the DINO feature space |27]. As shown in Figure [5, these metrics correlate
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Fig.5: Quantitative comparison with similarity-based metrics. CLIPScore,
DINOScore, and SSIM compare generated images to reference images, while Text-Align
compares to reference prompts. PIGReward leverages both images and prompts.
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Fig. 6: A failure case of similarity-based metrics for personalized evaluation.
From the user’s previously liked images (left), dominated by close-up metallic surfaces
and sleek vehicle/space-themed visuals, CLIPScore ranks Image 2 higher by matching
salient recurring patterns (a large, high-contrast, smooth structure), rather than the
user’s underlying criteria. In contrast, PIGReward induces a user-specific evaluation
space from the same history (e.g., detail, composition, symbolism) and correctly prefers
Image 1. For brevity, we omit the full PIGReward output, including explicit rationales.

DINOScore 0.5527 0.6304 X

weakly with actual user preferences, as they are limited to capturing surface-level
resemblance rather than contextual intent. Pixel- or embedding-level similarity
often overlooks subjective visual preference aspects, insensitive to user-specific
preferences, especially across diverse users or abstract prompts. In contrast, PI-
GReward reasons over user-specific context, enabling a more faithful understand-
ing of individual preference than fixed similarity measures. In Figure [} we pro-
vide an example showing why similarity-based metrics fail to capture fine-grained
personalization.

4.4 More Discussions

Ablation on PIGReward components. To verify that the performance gain
of PIGReward is not solely due to supervised fine-tuning on generated CoT data,
we ablate the two core components of the reward model ¢ before SFT: (1) adap-
tive generation of user-conditioned evaluation dimensions and (2) dimension-
wise CoT-based evaluation. Using the same vanilla Qwen2-7B backbone and
evaluation protocol, we compare variants with no dimensions, fixed dimensions,
and generated dimensions, both with and without CoT reasoningll] As shown
in Table [§] incorporating generated dimensions with dimension-wise CoT eval-
uation achieves the best performance. This demonstrates that the improvement

! For fixed dimensions, we adopt the criteria from UnifiedReward-Think .
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Table 3: Ablation on framework Table 4: Ablation on training stages
components before SFT. Evaluates and CoT reasoning. Evaluates the im-
whether the proposed framework itself pact of CoT reasoning, DPO-tuned prefer-
improves personalized evaluation be- ence reasoner 7, and CoT-distilled reward
fore GPT-40-supervised fine-tuning. model ¢.
Dimension CoT |PIGBench Pick-a-Pic |[DPO 7 SFT ¢|Pick-a-Pic PIGBench
X X 53.15 46.30 w/o CoT| v X | 4443 39.62
X ’ 5472 5130 X X | 4894 56.94
Fixed v 52.78 45.90
. - v X 45.63 70.83
Generative X 50.00 50.10 w/ CoT _
Generative 67.83 53.40 x ’ 49.98 58.49
ad : : v v 63.76 84.91

is not merely attributable to GPT-40 supervision or rejection filtering, but al-
ready emerges from the proposed reasoning framework itself. We then further
strengthen these capabilities by applying SFT to ¢.

Ablation of Each Training Stage. Table [ reports the results of our ab-
lations across training stages and the impact of CoT reasoning. Without CoT
reasoning, PIGReward performs the worst, as it lacks a step-by-step, dimension-
aware evaluation process. Introducing CoT reasoning improves performance by
enabling structured, user-specific reasoning. Fine-tuning the preference reasoner
7 with DPO further boosts performance by producing more diverse and dis-
criminative rationales. The best results are achieved when the reward model ¢
is further distilled on personalized CoT-formatted data, refining the ability of
PIGReward to effectively perform personalized evaluation.

Model Instantiation for 7 and ¢. Figure [7| (a) compares different instan-
tiations of m and ¢ using either our task-specifically trained Qwen2-VL-7B or
GPT-4o. Instantiating both 7 and ¢ with the finetuned Qwen2-VL ( the most
left ) yields the best overall performance. In contrast, replacing either component
with GPT-40 substantially degrades accuracy, and using GPT-40 for both 7 and
¢ results in the lowest performance. These results suggest that a strong general-
purpose model cannot simply substitute our trained components and highlight
the importance of task-specific finetuning for producing user-aligned rationales
and reliable personalized evaluation.

Impact and Scalability of User Context Length. In Figure[7](b), we study
how the size of user reference (i.e., context length) affects personalization per-
formance. Notably, PIGReward achieves strong performance even with very few
(1-3) references, indicating effective preference inference under cold-start con-
ditions. As the number of references increases, PIGReward steadily improves,
suggesting that additional evidence helps identify user preferences. In contrast,
GPT-40 degrades when the reference set becomes large, implying that naively
injecting more references is not sufficient and that effective preference extrac-
tion and aggregation are critical. Unlike directly feeding all references into an
LVLM, PIGReward performs preference reasoning for each reference individu-
ally and aggregates the resulting textual rationales into a compact user context,
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Fig.7: Additional analyses. (a) com- Fig.8: Analysis of generated evalu-
pares model instantiations for m and ¢ and ation dimensions. Shows that PIGRe-
(b) evaluates scalability with respect to ward generates semantically diverse di-
user reference size. mensions beyond a fixed attribute space.

mitigating multi-image processing limits and better handling larger reference
sets.

4.5 Analysis of Generated Evaluation Dimensions

The core idea of PIGReward is to dynamically induce user-conditioned evalua-
tion dimensions from personalized contexts, unlike prior approaches that rely on
predefined criteria. We analyze these generated dimensions from experiments.

Semantic diversity of generated dimensions. Figure[§| visualizes the gen-
erated dimensions during evaluation using (a) a word cloud and (b) a t-SNE
embedding. The word cloud indicates that PIGReward produces a broad range
of descriptive terms, while the t-SNE plot suggests that these dimensions span
diverse evaluation perspectives rather than collapsing into a small set of fixed at-
tributes. Quantitatively, PIGReward yields a much richer dimension space than
prior approaches that rely on only 4-11 predefined dimensions: on Pick-a-Pic,
it generates 671 distinct dimensions forming 2,609 unique dimension sets; on
PIGBench, it generates 23 dimensions forming 42 sets. Overall, these results
highlight that PIGReward can flexibly instantiate context-dependent criteria
beyond a fixed attribute space.

Human-alignment of generated dimensions. To validate interpretability
of PIGReward, we compare PIGReward-generated reasoning with justifications
written by PIGBench users. Specifically, we measure alignment, the ratio of
PIGReward-generated evaluation dimensions grounded in user-written explana-
tions. PIGReward achieves a high alignment score of 83.34%, confirming that
PIGReward produces user-aligned rationales that reflect actual human decision-
making criteria.

4.6 Quantitative and Qualitative Study for Personalized Prompt
Optimization

We compare images generated from (i) base prompts, (ii) prompts optimized by
the general-purpose method Promptist [21], and (iii) prompts optimized by PI-
GReward. We use SDXL as T2I generator. To initialize PIGReward, we use
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Fig.9: Qualitative results for personalized prompt optimization. We addi-
tionally include PAE to provide a broader view across representative prompt-
optimization strategies. The depicted user contexts are derived from our preference
reasoner and summarized with LLM. User A favors imaginative narrative elements,
leading to more illustrative outputs, whereas User D prioritizes realism, resulting in
highly detailed images with natural lighting.

user contexts constructed from the
PIGBench and the same anno-
tators who created PIGBench also
conducted the quantitative evalu-
ation. Also, we include an auxil-
iary automatic evaluation using PI-
GReward. As shown in Figure [10]
ours achieves a substantially higher
win rate, indicating that feedback
from PIGReward effectively guides
the generation process toward user-
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Fig. 10: Quantitative results for person-
alized prompt optimization. Win rates
are computed using (a) automatic evaluation

by PIGReward and (b) human evaluation.

aligned outputs. Figure [J] presents qualitative examples, where the optimized
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prompts produce visually diverse results across users, suggesting that effective
personalization requires tailoring the optimization direction to individual pref-
erences rather than following a single globally optimal direction.

5 Conclusion and Future Directions

We introduced PIGReward, a personalized reward modeling framework for eval-
uating and optimizing T2I generation. PIGReward generates user-conditioned
evaluation dimensions and performs structured CoT-based evaluation to pro-
duce interpretable preference predictions. We further show that PIGReward can
guide personalized prompt optimization via user-conditioned rewards. To enable
realistic evaluation, we present PIGBench, a user-study benchmark that elicits
diverse rankings from abstract prompts. Experiments demonstrate that PIGRe-
ward consistently outperforms existing reward models and LVLM-based judges
in both accuracy and interpretability. Looking ahead, the reasoning traces pro-
duced by PIGReward can be leveraged as natural-language feedback to support
more interactive and individually aligned T2I generation.
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