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ABSTRACT

Personalized image preference assessment aims to evaluate an individual user’s
image preferences by relying only on a small set of reference images as prior infor-
mation. Existing methods mainly focus on general preference assessment, training
models with large-scale data to tackle well-defined tasks such as text-image align-
ment and aesthetics. However, these approaches struggle to handle personalized
preference assessment because user-specific data are typically scarce and not easily
scalable, and individual tastes are often diverse and complex. To overcome these
challenges, we introduce a common preference profile that serves as a bridge across
users, allowing large-scale user data to be leveraged for training profile prediction
and capturing complex personalized preferences. Building on this idea, we pro-
pose a reasoning-based personalized image preference assessment framework that
follows a predict-then-assess paradigm: it first predicts a user’s preference profile
from reference images, and then provides interpretable, multi-dimensional scores
and assessments of candidate images based on the predicted preference profile.
To support this, we first construct a large-scale Chain-of-Thought (CoT)-style
personalized assessment dataset annotated with diverse user preference profiles
and high-quality CoT-style reasoning, enabling explicit supervision of structured
reasoning. Next, we adopt a two-stage training strategy: a cold-start supervised
fine-tuning phase to empower the model with structured reasoning capabilities,
followed by reinforcement learning to incentivize the model to explore more rea-
sonable assessment paths and enhance generalization. Furthermore, we propose
a similarity-aware prediction reward to encourage better prediction of the user’s
preference profile, which facilitates more reasonable assessments exploration. Ex-
tensive experiments demonstrate the superiority of the proposed method.

1 INTRODUCTION

Image preference assessment is essential for both evaluating and aligning generative models with
human preferences, playing a key role in applications like content recommendation. However, most
existing works (Kirstain et al., 2023; Xu et al., 2023) focus on assessing general preferences, such as
text-image alignment and aesthetics, relying on large-scale general preference data. The practical but
challenging task of personalized preference assessment remains largely underexplored, where only a
limited amount of personalized data is available for each user as prior information to assist in the
assessment. As shown in Fig. 1 (a), personalized preference assessment is particularly challenging for
two main reasons. First, unlike easily scalable general preference data, where most users share similar
assessment criteria, each user’s personalized data is typically limited and distinct from others, making
large-scale, user-specific training difficult. Second, personalized preferences are often complex and
diverse, covering multiple dimensions such as art style, color, and art medium, which are more
challenging than clear general human preferences (e.g. text-image alignment and aesthetics).

Current research on image preference assessment mainly falls into two categories: CLIP-based
methods and Multimodal Large Language Model (MLLM)-based methods. CLIP-based methods (Wu
et al., 2023b;a) typically fine-tune the CLIP model using large-scale text-image pairs with similarity
to assess general preferences. However, they struggle with personalized preferences since the amount
of personalized data is typically limited for large-scale training. Besides, simple similarity fails to
capture complex individual preferences and lacks interpretability, as it outputs only a numerical score.
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Figure 1: Illustration of challenges and motivation. (a) The general preference data is easily scalable
since users share common assessment criteria, while personalized preference data for each user is
typically limited and unscalable, as each user’s preferences are distinct. Besides, general preferences
are often clear (e.g. text-image alignment and aesthetics), while personalized preferences are typically
complex and diverse. (b) We propose a preference profile comprising multiple common visual
elements, based on the observation that although each user’s personalized preferences are unique, the
key visual elements that shape them are shared and can therefore serve as a bridge to connect users.

MLILM-based methods (Wang et al., 2025c; Xu et al., 2024) achieve interpretable preference assess-
ment by fine-tuning the MLLM on large-scale visual question-answering (VQA) pairs. However,
the scarcity of personalized images makes it difficult to obtain sufficient VQA pairs for large-scale
training, which limits their effectiveness for personalized preference assessment. Overall, most
existing methods are designed for general preferences and therefore struggle to handle personalized
preference. Recently, an MLLM-based method named ViPer (Salehi et al., 2024) was proposed
for personalized preference assessments. It directly feeds both personalized reference images and
candidate images into an MLLM and fine-tunes the model using a supervised score regression strategy.
Nevertheless, it only implicitly utilizes reference images to assist in evaluating the candidate images,
failing to fully leverage the critical prior information they contain. Moreover, it lacks interpretable
reasoning steps that explain how to produce its final score based on the individual reference images.

To address the above issues, we propose a reasoning-based personalized preference assessment
system with preference profile prediction, named PreferThinker. Our key insight is to bridge various
users by introducing a preference profile comprising multiple visual elements (e.g. color, art style),
as shown in Fig 1(b). Although each user’s personalized preferences are unique, the fundamental
elements that form them are common and can serve as a bridge across users. This profile offers three
main advantages. First, the element-level profile allows us to characterize personalized preferences,
which alleviates the challenge of complex individual tastes. Second, since these visual elements can
be shared and learned across users, we can leverage large-scale user samples for training to effectively
predict each user’s visual preference profile, thereby mitigating the issue of limited personalized data.
Third, it provides a solid foundation for subsequent interpretable and multi-dimensional assessments.

Specifically, given a user’s personalized reference images (preferred and non-preferred) and two
candidate images, where reference images may reflect multiple aspects of user’s tastes. PreferThinker
follows a predict-then-assess CoT-style structure for personalized preference assessment. As shown
in Fig. 2, the process consists of two stages: 1) Profile Prediction: PreferThinker first predicts the
user’s visual preference and non-preference profiles comprising multiple visual elements based on the
reference images. 2) Multi-dimensional and Interpretable Assessment: Using the predicted profile,
PreferThinker provides interpretable scores for the candidate images across multiple dimensions and
produces a final result based on the total score. This predict-then-assess framework not only enables
accurate assessment, but also achieves interpretable scoring grounded in the user’s reference images.

To this end, we first construct a large-scale CoT-style personalized image preference assessment
dataset, named PreferImg-CoT, which contains 60,000 user samples, annotated with preference
profiles and high-quality CoT-style assessments, enabling explicit supervision of structured reasoning.
Next, we adopt a two-stage training strategy: a cold-start supervised fine-tuning (SFT) phase to
elicit the model structured reasoning, followed by reinforcement fine-tuning (RFT) based on Group
Relative Policy Optimization (GRPO) to guide model toward exploring more reasonable assessments
and enhancing generalization. Moreover, we find that accurate preference profile prediction facilitates
exploring reasonable assessments, which motivated us to propose a similarity-aware prediction reward
to better predict user’s preference profile. Overall, our main contributions are summarized as follows:

* We propose PreferThinker, a reasoning-based personalized image assessment system with prefer-
ence profile prediction, which achieves accurate assessment along with interpretable and multi-
dimensional scoring based on the predicted profile.
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Figure 2: Examples of PreferThinker for personalized image preference assessment. In the t/zink
stage, red text denotes alignment with preference profiles, while blue text denotes alignment with
non-preference profiles. See Appendix D for more complete reasoning examples.

* We construct Preferlmg-CoT, the first CoT-style personalized assessment dataset, annotating with
preference profile and CoT-style reasoning, facilitating the supervision of model interpretability.

* We adopt a training strategy comprising cold-start and GRPO-based RFT to enables the system to
master the reasoning capability. Furthermore, we propose a similarity-aware prediction reward to
better predict the user’s preference profile, facilitating more reasonable assessments exploration.

* We compare PreferThinker with existing methods on the proposed and existing datasets. Extensive
experiments confirm that PreferThinker outperforms SOTA methods. Moreover, the predicted
preference profile of PreferThinker can also benefit personalized image generation.

2 RELATED WORK

Image Preference Assessment is crucial for both evaluating and aligning generative models with
human preferences. While metrics such as FID (Heusel et al., 2017) and CLIP scores (Radford
etal., 2021) assess image quality and text-image consistency, they are limited in capturing human
preferences. To address this, most works (Kirstain et al., 2023; Liang et al., 2024; Li et al., 2024;
Zhang et al., 2024; Ba et al., 2025; Chen et al., 20252) employ large-scale preference data to fine-tune
CLIP models for assessing general preferences. However, they lack interpretability, acting as black
boxes that output only a score. Recently, MLLM-based methods(Zhou et al., 2025; Wang et al.,
2025b; Mo et al., 2025a; Gambashidze et al., 2025) have emerged, benefiting from the powerful
multimodal understanding of MLLMs. For example, (Xu et al., 2024) and (Wang et al., 2025b) fine-
tune MLLMs using large-scale visual question-answering pairs to achieve interpretable assessments.
Nevertheless, most existing methods focus on general preferences and struggle with personalized
preferences due to the scarcity of personalized data and complexity of individual tastes. Though
(Salehi et al., 2024) stands out by proposing a personalized assessment method, it naively feeds
reference and candidate images into an MLLM for score regression, thus lacking interpretability. In
this work, we propose a reasoning-based personalized assessment system that achieves both accurate
assessments and interpretable scoring.

Image Preference Assessment Dataset is essential for training preference assessment models.
(Xu et al., 2023) proposes ImageRewardDB, the first dataset for training models to assess general
preferences (e.g. text-image alignment, aesthetics and safety), containing 137K candidate image
pairs. Further, (Kirstain et al., 2023) and (Wu et al., 2023a) respectively developed PickaPic_v2 and
HPD_v2, two large-scale and diverse datasets for learning human preferences. However, most existing
public datasets focus on training models to capture general preferences, with limited consideration
for personalized preferences. While (Salehi et al., 2024) curates a simulated personalized preference
dataset, it remains unreleased. In this work, we construct a large-scale personalized assessment
dataset annotated with diverse preference profiles and CoT-style reasoning to advance this field.



Published as a conference paper at ICLR 2026

Reasoning-based Multimodal Large Language Models have achieved significant progress in
multimodal reasoning abilities through CoT-based or RL-based fune-tuning. Deepseek-R1 (Guo
et al., 2025a) employs the GRPO algorithm (Shao et al., 2024) with the rule-based reward to improve
reasoning abilities of LLM without critic models. Inspired by this, several works have incorporated
GRPO-based post-training into MLLMs to enhance the multimodal reasoning in various tasks,
including visual perception (Jiang et al., 2025; Huang et al., 2025; Liu et al., 2025b; Zhang et al.,
2025a; Yu et al., 2025; Liu et al., 2025a; You & Wu, 2025) and visual understanding (Chen et al.,
2025b; Pan et al., 2025; Ni et al., 2025), math problem solving (Guo et al., 2025b; Zhang et al., 2025b;
Liet al., 2025b), and visual quality assessment (Wu et al., 2025; Li et al., 2025a; Cai et al., 2025).
Closest to ours, (Wang et al., 2025b) explores reasoning-based image preference assessment through
RL-based post-training. However, this method focuses on assessing general preferences. Distinctly,
PreferThinker is the first reasoning-based personalized assessment system. Inspired by Deepseek-R1,
we adopt a two-stage training strategy comprising cold-start SFT and GRPO-based RFT to enable
the system to master the reasoning capability Furthermore, we propose a similarity-aware prediction
reward to better predict user’s preference profile, facilitating more reasonable evaluations exploration.

3 REASONING-BASED PERSONALIZED IMAGE PREFERENCE ASSESSMENT

In this work, we propose PreferThinker, a reasoning-based assessment system with preference profile
prediction. Given a few individual reference images (both preferred and non-preferred) and two
candidate images, PreferThinker assesses the candidate images following a predict-then-assess CoT-
style structure. As shown in Fig. 2, it first predicts the user’s visual preference and non-preference
profiles based on the reference images. Next, it utilizes the predicted profiles as criteria to score the
candidate images across multiple dimensions in an interpretable manner and produces a final result
based on the total score. By leveraging this predict-then-assess paradigm, PreferThinker not only
achieves accurate assessment but also providing interpretable scoring based on the predicted profiles.

Specifically, we first introduce a preference profile composed of multiple common visual elements to
bridge various users (Section 3.1). Next, we construct a large-scale CoT-style dataset annotated with
preference profiles and high-quality reasoning to provide reasoning supervision (Section 3.2). We
then employ a two-stage training strategy comprising cold-start SFT and RL-based post-training to
enable the system to master the reasoning capability (Section 3.3). Moreover, we discover that more
accurate profile prediction facilitates exploring more reasonable assessments, which motivates us to
propose a similarity-aware prediction reward to better predict preference profile (Section 3.4).

3.1 VISUAL PREFERENCE PROFILE

Most existing methods mainly rely on large-scale, easily scalable general preference data to train
models for general preference assessment. However, they struggle to handle personalized preference
due to the limited personalized data for each user and user heterogeneity. To address this issue, we
propose a preference profile comprising multiple common visual elements to bridge various users.
We argue that although each user’s personalized preferences are unique, the key visual elements that
shape these preferences are shared and can serve as a intermediate bridge to connect various users.

To formalize a user’s complex personalized visual preferences, we identify 15 visual elements that
most frequently appear in Lexica’s ' text prompts and strongly influence user preference toward
personalized image generation. We then conduct a user study with 100 participants, asking each
to select the five most important visual elements as visual preference profile. The result (See Fig
S1 in the Appendix) reveals that art style, color, detail, art medium and saturation are voted as the
most representative visual elements for characterizing personalized preferences. To ensure preference
profile diversity, we collect a rich vocabulary of related terms for each visual element, totaling 288
words (See Fig. S2 in the Appendix), laying a solid foundation for constructing a large-scale and
diverse dataset for personalized image preference assessment.

3.2 LARGE-SCALE COT-STYLE PERSONALIZED PREFERENCE ASSESSMENT DATASET

To enable the model to master CoT-style reasoning capabilities, we construct a large-scale CoT-style
dataset that provides high-quality reasoning supervision. Since most existing public datasets focus
on general preference assessment, we first construct a new dataset called PreferImg, dedicated to

"https:/lexica.art/
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Figure 3: Illustration of the proposed dataset PreferImg-CoT. (a) Personalized preference data
generation pipeline. (b) Overview of CoT-style dataset construction: Claude annotation and data
filtering. (c) Prompt design for Claude 3.7 to generate CoT-style response. (d) CoT-style response
template, including preference profiles prediction, multi-dimensional assessment and answer.

personalized image preference assessment, annotated with diverse visual preference profiles. We
then employ the advanced Claude 3.7 model (Anthropic, 2024) to generate high-quality CoT-style
annotations on the proposed PreferImg, ultimately producing our CoT-style dataset, PreferImg-CoT.

Personalized Preference Assessment Data Generation. Due to the difficulty in acquiring person-
alized preference data with annotated preference profiles, such datasets are currently unavailable.
To fill this gap, inspired by (Mo et al., 2025b), we construct a large-scale personalized assessment
dataset containing 80K simulated users, each with a distinct preference profile. The data generation
pipeline is shown in the Fig. 3(a). Specifically, we first randomly sample five visual preference
elements to assign visual preference and non-preference profiles to each user. To account for the fact
that real users may have multiple personalized preferences, several preference profiles are assigned to
a subset of users. Then, we combine these profiles with initial prompts and feed into a text-to-image
model to generate each user’s reference images (preferred and non-preferred) and two candidate
images. To further guarantee content diversity, we follow the PrefGen (Mo et al., 2025b)to select 190
K prompts from Lexica, DiffusionDB (Wang et al., 2022), and COCO (Lin et al., 2014) as initial
prompts. Ultimately, we establish a dataset annotated with preference profiles, comprising 80 K users,
20K of whom are associated with multiple preference profiles, along with 1.36 million images, laying
a solid foundation for subsequent CoT-style dataset construction.

CoT-style Dataset Construction. To construct a high-quality CoT-style dataset, we design a two-
stage construction process: Claude annotation and data filtering, as shown in Fig. 3(b). First, we
employ Claude 3.7 with prompting to generate CoT style responses. Figure 3(c) shows that the
prompt contains four key components: (1) user reference images (both preferred and non-preferred),
(2) two candidate images, (3) meta-information including the question prompt, visual preferences and
non-preferences, and the correct answer, and (4) system prompt along with correct response examples.
Based on this prompt, Claude 3.7 follows a predict-then-assess structure. It first predicts the user’s
visual preference profile from the reference images, which serves as a criterion for assessment. It then
generates a CoT-style analysis that includes multi-dimensional, interpretable scoring and assessments
for the candidate images, and finally outputs the final result. The response template is shown in Fig.
3(d). To ensure annotation quality, we further filter out any illogical or incorrect CoT-style responses,
such as those with inconsistent reasoning or a mismatch between the prediction and ground-truth.
Finally, we curate Preferlmg-CoT, a large-scale CoT-style dataset with 60,000 user samples based on
the proposed PreferImg dataset, which serves as the foundation for our subsequent cold-start SFT.

3.3 TRAINING STRATEGY

We employ a two-stage training strategy to elicit and incentivize the model’s structured reasoning
capabilities. First, we conduct a cold-start supervised fine-tuning (SFT) phase to teach the model how
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to perform structured reasoning. Then, we employ reinforcement learning (RL)-based post-training
to encourage the model to explore more reasonable assessment paths and enhance its generalization.

Stage 1: Supervised Fine-tuning for Cold-start Initialization. We utilize Qwen2.5-VL-7B (Bai
et al., 2025) as the baseline model and conduct a SFT with the proposed CoT-style dataset PreferImg-
CoT, as shown in Fig. 4(a). During the cold-start phase, the model learns to first predict the user’s
preference profiles based on reference images and then leverages the predicted profiles as criteria
to produce interpretable, multi-dimensional scores and assessments for candidate images. We train
the model using a standard autoregressive language modeling objective and apply a token-level
cross-entropy loss to provide strong supervision throughout the generation process:

T
Lsrr(0) = —E(zy)~Deor ZlogP(yt | 2,y<¢;0), (1)

t=1
where D¢t is our Preferlmg-CoT, and (x, y) is the input query and CoT-style target response.

Stage 2: GRPO-based Reinforcement Learning for Post-training. Although cold-start endows the
model with structured reasoning capabilities, its supervised training paradigm limits the exploration
of diverse reasoning paths and restricts generalizability. To explore more reasonable assessments
and enhance generalizability, we employ the Group Relative Policy Optimization (GRPO)-based
reinforcement learning for exploration-driven post-training, as shown in Fig. 4(b). Unlike traditional
policy optimization methods (Schulman et al., 2017), GRPO efficiently generates diverse reasoning
responses by optimizing policy gradients on a sample group without requiring a critic model.

Group Relative Policy Optimization. The MLLM generates a group of G CoT-style outputs
{01, 02,...,0¢c} for each input query z from current policy 7p. Each output contains preference
profiles prediction, multi-dimensional assessment and a final answer. For each o;, we compute a
scalar reward r;, and normalize these rewards to estimate its group-relative advantage A;:

r; —max ({ry,re, - ,rg})
A== 2
! std ({r1,r2,- -+ ,ra}) @)
Then, the GRPO training objective is as follows:
mo(0; | @)
jGRPO(e) EQ?NP(X) {oi} 17~ (O] T) |: Zm ( 9,1(1(02 | :L') Ai’ )

clip (W, 1—¢,1 —|—e’:‘) A,’) - ﬂ]D)KL(ﬂ}gH?TSFT)

T4 (Oi | x
where € and [ are hyperparameters, and mspT, 79, and 7y, are the model after cold-start SFT, the

optimized model and the old policy model. The KL divergence term D 1, (7p||7spr) promotes
controlled policy updates, balancing exploration and stability throughout training.

3.4 SIMILARITY-AWARE PREFERENCE PROFILE PREDICTION REWARD

We find that accurate profile prediction facilitates the exploration of reasonable assessments, moti-
vating us to propose a prediction reward to improve the accuracy of profile predictions. Figure 5
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User Reference Images Candldate Imaes _

1. Art style:
1 Image A(2) - .through simplified planes and hard-edged sections aligns closer to Cubist principles than Desert Ares integration... | 1maoc ACh - . the terain appears deliberately shaped arou

! Image B(4) - The orange sport car capturein motion against war-toned palmtres and sandy environment evokes Desert At.. | | 1mage B(2) - . hisimage incorporaes mre fragmened pe
|2 Calor: || 2. Color:
| Image A(3) - .. presented in a conventional automotive context lacking the specific pink tonality mentioned in the preferred profile.] h | Image A(5) - The warm pinkish-purplish hues dominating the sunsevsunrise scene petfectly embody Desert Rose coloration. 1
(s RO Ctunartiecnnastase vt stk plbidased spectuatinal pe/ely cpiresthe pro/emed ot Rk eclor | mage B2) - .dominant orange-gold tones throvghout the image lean closer to Warm Terracotta, matching the non-preferred colon
(EargMediamn] 3. Art Medium: I
I Image A(4) - . The distinct line work defining the rock formations and horizon lines evokes woodcut printing techniques I
! Image B(3) - ..The rendering doesn't clearly favor cither tempera or woodeut acsthetics, instead displaying a hybrid approach... |
| 4. Saturation: 1
| Image A(5) - .richly colored sunset/sunrise creates highly Vibrant color relationships throughout the landscape, with deep purples..,
Image B(3) - .creating a balance between vibrant and grayscale qualities that places it in a middle ground regarding preference..,

| <visual preference profile> oo 1 | <visual preference profile> Y
: Art Style: Desert Art, Color: Hot Pink, Art Medium: Ink, Saturation: Vibrant, Detail: Defined i Art Style: Land Art, Color: Desert Rose, Art Medium: Woodcut, Saturation: Vibrant, Detail: Abstracted il
| <visual preference profile> Similarity with profile GT: 69.08%, | </visual preference profile> !
| <visual non-preference profile> oo | 1 <visual non-preference profile> &
! Art Styles: Cubism, Color: Charcoal Gray, Art Medium: Photomontage, Saturation: Bright, Detail: Abstracted = ' | Art Style: Cubism, Color: Warm Terracotta, Art Medium:Tempera, Saturation: Grayscale, Detail: Rough =
| <Ivisual non-preference profile> Similarity with profile GT: 80.10%, | </visual non-preference profile> |
| <think 11 <think> ]
| 1. Artstyle: |

|

e creates an environmental intervention similar o land art.!
es and angular compositions reminiscent of Cubist approaches. .‘

i
l
|

| Image A(3) - ..the overall photographic medium lacks the fluidity and expressive mark-making qualities of actual ink artwork... |

| Image B(4) - ..controlled application of color... mimics ink drawing techniques where marks define form rather than blending... |

1 4. Saturation: |

! Image A(4) - ..intensity of the vehicle's paintwork combined with warm atmospheric lighting produces a vibrant color statement...!

: Image B(5) - ...producing a hyper-saturated visual quality that exemplifies the highest possible saturation according to pmfereme::

| 5. Detail:

| |5 Details ]
| Image A(4) .. Th eisp separation between diffeent components and th design eauresalgn wel withthe Defined detil | | uage A(4) - The simplifed forms of mountains and teran reduce comple gological fetures fo Absiracted epresentatons... |
| Image B(4) - _against the blured background creats focal point, demonsiratng the preferred Defined detail approsch rther... | | 1ot 50) " The roweler fexires and more explicily Rowgh handling of surfuces alien wel it the non-prefereed deai. .~ |
| Total Score: ! Total Se 1
! Tmage A: 243+3+4+4=16; Image B: 4+5+4+5+4=22 Unreasonable 01 ! Image A: 4+5+4+5+4-22; Image B: 2243+3:2-12 l
</thi ]
o )

i<answer-Tmage B</answer= Ny (T el Incorrect €3 ! 1 <answer>Image A</answer>

(a) Unreasonable assessment result without prediction reward (b) Reasonable assessment result Wlth prediction reward
Figure 5: Effectiveness of the proposed prediction reward (PR). (a) The model without PR predicts
profiles differed from GT, leading to unreasonable assessment and incorrect answer. (b) The model
with PR predict the profiles closer to GT and provide more reasonable assessment with correct answer.

illustrates a comparison of personalized assessment cases with and without the prediction reward .
The results show that without the reward, the predicted profiles differ from the ground-truth (GT),
leading to unreasonable assessments and an incorrect answer. Conversely, the model with the reward
predicts the profiles closer to GT and provide more reasonable assessments with a correct answer.

Similarity-aware Prediction Reward Design. To incentivize the model to predict the user’s
preference profile more accurately, we propose a fext-image similarity-aware prediction reward in
Fig. 4(c). Given a user’s personalized reference images, PreferThinker first predicts the user’s visual
preference profile V+ and non-preference profile V_. First, we measure the prediction accuracy via
computing the fext semantic similarity s,y between the predicted and ground-truth profiles:

Stext = Simtexl(f/—i-; V+) + Simtext(f/—v V_), 4

where Simyex measures the similarity between two texts, V. and V_ are ground-truth preference and
non-preference profiles. We use SBERT (Reimers & Gurevych, 2019) to compute the text similarity.

Second, considering that image and text are the two sides of the same coin and should be tightly
coupled. Therefore, we also measure the prediction accuracy via computing the image similarity Siyg
between the generated images based on the predicted and ground-truth visual preference profiles.
Specifically, given an initial text Tjpi;,, We recap it by incorporating the predicted and ground-truth
visual preference profiles, and then generate images using T2I model (Labs, 2024):

L = T21(R(Tiat, V4))s - T+ = T21(R(Tiniia, Vi), )
I_ =T2I(R(Thisar, V-)), 1 = T2I(R(Tia, V-)),

where 121 is the text-to-image model, 12 denotes the recaption process. Then, we compute the image
similarity between the images generated with predictions and ground-truth:

Simg = Simimg(f+»-[+) + Simimg(f—vl—)v (6)

where Simy,, measures the similarity between two images. We use DreamSim (Fu et al., 2023)
to compute the image similarity. Finally, the profile prediction reward function is a weighted
combination of two similarity measures, designed to balance their contributions:

Tpredict = WimgSimg + Wiext Stext, (7)
where wing and wiey are hyperparameters that balance the contribution of each similarity.

Hybrid Reward Modeling. Apart from considering the prediction reward rpredict, We utilize a
format correct reward 7'gormat and an assessment accuracy reward accuracy t0 encourage the model
to produce the correct response format and assessment results:
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Preferred reference images Predicted preference profile
1 Art style: Naive art

Color: Coral pink

Art medium: Paper mache

Saturation: Vibrant

Detail: Textured

Initial image Personalized image Initial image Personalized image

% PO

e - kD
“Starry night” “4 smiling cyberpunk girl”
Figure 6: Personalized image generation with the predicated preference profile.

 Format Correctness Reward (rformat)- The format reward 7¢ormat i awarded 1 when the response
follows the required structure: 1) the predicted preference and non-preference profiles are en-
closed within the <visual preference profile> and <visual non-preference
profile> tags, respectively, 2) the multi-dimensional assessment is placed in the <think>
tags, 3) the final result is contained in the <answer> tags; otherwise, the rformat 1 set to 0.

* Assessment Accuracy Reward (1accuracy)- Given the ground truth of Assessment result £ and the

produced assessment result E. The reward Taccuracy 15 S€t to 1 when E= FE, and 0 otherwise.

Furthermore, during the RL-based post-training, we utilize a weighted combination to balance these
reward functions. The total reward r for a response is weighted sum of the three rewards:

T = WpTpredict + W fTformat + WqTaccuracy (8)

where w,,, wy and w, are hyperparameters that balance the contribution of each reward.

4 EXPERIMENTAL RESULTS

4.1 EXPERIMENTAL SETTINGS

Datasets. We conduct experiments on

the proposed PreferImg and real user Table 1: Quantitative comparison of assessment accuracy with
dataset PickaPic (Kirstain et al., 2023). existing methods on the proposed Preferlmg and real user dataset
PickaPic. SP denotes that the user’s reference image reflects sin-
gle preference, while MP is multiple preferences. } denotes the
dataset’s labels are for general preference assessment. * denotes
the methods that support reference images as input for in-context
learning. The best and second-best performances are highlighted.

Based on the PreferImg, we construct
a benchmark of 1,500 users, categoriz-
ing them into single-preference (SP)
and multi-preference (MP) groups
based on whether reference images

Seen Unseen
reﬂect Singular or multlple prefer- Method #Param [PreferImg PreferImg|PreferImg PreferImg PickaPic! Avg
. . (SP) (MP) (SP) (MP)
ences. To evaluate generalization, CLIP-based Models
- . PickScore ips2ns) 986M | 49.6 484 | 512 564 679 |547
we further divide the benchmark into ImageReward (xivs2023 78M | 522 512 | 490 572 607 |54
HPSV2 1ccvans| B | 514 500 | 508 576 633 |546
seen and unseen subsets based Ol pScore v 48M| 502 540 | 526 520 580 |534
whether users’ profiles are included — Aesthetics i 304M | 50.6 480 486 508 486 |493
. .. . CycleReward [iccvaos) 47TM 48.0 50.8 50.0 56.0 62.6 |535
in the training data. Since no real-user ‘ MLLM-based Models
: : UnifiedReward (oxiv200s) 7B | 490 460 | 506 572 617 [529
dataset exists for personalized pref-  (iicireward think oo | 78 | 456 472 | 480 528 605 |14
ick-  LLaVA-Reward jiccvans 82B | 532 516 | 524 584 622 |556
erence a§s§ssment, we process Pick ViPer® (rccvan 88 | 924 780 | 934 800 622 |812
aPic, originally collected from real Open-Source MLLMs
. . Qwen2.5-VL-7B (Base)" 7B | 754 620 | 720 648 580 |664
user interactions for general prefer- tuemvi-s.s8° 8B | 800 640 | 806 656 560 |69.2
: GLM-4.1V-9B-Thinking" 9B | 8.8 732 | 868 720 628 |763
ence assessment, by grouping sam- i
ples by wser IDs, resulting in a user- gieor . nommom |
specific benchmark with 894 user sam-  Doubao-1.5-vision-pro-32k” 922 784 | 90 764 638 |802
Gemini-2.5-flash® 852 616 | 836 672  6LI |7L7
ples. Note that although the samples " Ours
are grouped by users, the assessment :);e:«;:VTl?:;{:r This paper] 7B | 966 920 | 964 928 657 |887
labels still reflect general preferences, s Base Model

unlike PreferImg, which targets personalized preferences.

Implementation Details. PreferThinker is initialized from Qwen2.5-VL-7B and trained on a cluster
of 8§ NVIDIA A100 GPUs. We utilize the LLaMA-Factory (Zheng et al., 2024) for cold-start SFT,
and train for only one epoch to prevent overfitting. After the SFT, we utilize the VLM-R1 framework
(Shen et al., 2025) for RL-based post-training. We set a learning rate of 1e-5 with 6 rollout samples
per input. The reward weights w,,, wy and w, are set to 0.7, 0.3 and 1.0. See Appendix A for details.

Baselines. We compare PreferThinker with (1) CLIP-based models: PickScore (Kirstain et al.,
2023), ImageReward (Xu et al., 2023), HPSv2 (Wu et al., 2023a), CLIPScore (Radford et al., 2021),
Aesthetics (Schuhmann et al., 2021), CycleReward (Bahng et al., 2025); (2) MLLM-based methods:,
UnifiedReward (Wang et al., 2025¢) UnifiedReward-Think (Wang et al., 2025b), LLaVA-Reward
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Table 2: Ablation study of PreferThinker. Ass.: Assessment Table 3: Performance and speed of

accuracy. Pred.: Profile prediction accuracy. PreferThinker without explicit CoT.
Seen-SP |Unseen-SP| Seen-MP [Unseen-MP Accuracy?
Base SFT RL PR Method Speed
Ass. Pred.|Ass. Pred.|Ass. Pred.|Ass. Pred. etho PreferImg PickaPict peedl
v 754 70.4172.0 70.88(62.0 71.1 |64.8 71.1 ViPer 86.0 622 |[219s
v /7 92.0 84.2|91.8 853 |81.2 73.9 (81.6 74.2 OpenAI-GPT-40 | 88.0 65.7 |12.92s
v 4 89.6 79.6 [91.0 80.3 [78.4 76.9 [77.2 73.5 Claude 3.7 88.3 649 |18.22s
v v/ 94.9 84.1195.2 852|904 72.5(89.2 74.1 Doubao-1.5-vision| 84.3 63.8 |539s
v vV / /]9%.6 854|964 86.2 |92.0 78.6 |92.8 80.7 Ours (w/o CoT) | 93.2 652 0.80s
PreferThinker ViPer Qwen-2.5-VL GLM-4.1V InternVL-3.5 PreferThinker ViPer Qwen-2.5-VL GLM-4.1V InternVL-3.5
Robustness on Seen-SP Robustness on Seen-MP Robustness on Unseen-SP Robustness on Unseen-MP
100 95 100 95
~ ~85 ~ 90 ~
s % S & S
=% Z6s £ 70 5
; 70 2 55 < 60 < 6
45
60 2 3 4 5 6 71 8 5 6 7 8 30 2 3 4 5 6 7 8 30 5 6 7 8
Num. of Reference Frames Pairs Num. of Reference Frames Pairs Num. of Reference Frames Pairs Num. of Reference Frames Pairs
(a) Seen domain performance curves (b) Unseen domain performance curves

Figure 7: Robustness to number of personalized reference images on PreferImg.

(Zhou et al., 2025), and ViPer (Salehi et al., 2024); (3) Open-source MLLMs: Qwen2.5-VL-7B (Bai
etal., 2025), InternVL-3.5 (Wang et al., 20252), GLM-4.1V-9B (Hong et al., 2025); (4) Closed-source
MLLMs: Claude 3.7, GPT-40, Doubao-1.5-vision, and Gemini-2.5. For a fair comparison, we
categorize the methods based on whether support reference images as input for in-context learning.

4.2 COMPARISON RESULTS

Comparison on Seen User Data. In Table 1, we compare PreferThinker with existing methods on the
seen user data of PreferImg. It is observed that CLIP-based and most MLLM-based methods perform
poorly, since they lack modeling for personalized preferences. Though ViPer achieves relatively good
results on the SP data, its accuracy decreases when handling the MP data, and it lacks interpretability
as it only outputs a numerical score. Further comparisons with the open-MLLMs reveal that directly
utilizing middle-sized models struggle with personalized preference assessment. In contrast, closed-
source models achieve comparable performance, thanks to their powerful prior knowledge. Overall,
PreferThinker achieves the highest accuracy and provides interpretable assessments and scores.

Comparison on Unseen User Data. To validate generalization, we compare performance on unseen
users in Table 1. PreferThinker maintains the highest accuracy on PreferImg, revealing strong
generalization. However, nearly all methods perform poorly on the real user benchmark, PickaPic,
due to its complexity. Though we group PickaPic by user ID and assign user-specific reference
images, the labels still reflect general preferences. Thus, methods designed for general preferences
perform better on PickaPic. PickScore achieves the best performance since PickaPic serves as a
seen dataset for it, while our method ranks second on unseen PickaPic data, further confirming its
generalizability. Please refer to Appendix D.3 for CoT-style assessment visualization of real users.

4.3 ABLATION STUDY AND DISCUSSION

Effectiveness of Cold-start SFT and RL Post-training. Table 2 demonstrates the critical roles of
both cold SFT and RL training phase. Removing either phase leads to a notable degradation in model
performance, confirming their importance for accurate preference assessment. Moreover, the use of
RL after SFT significantly improves the model’s performance on unseen user data, particularly for
multi-preference (MP) users, revealing its effectiveness in enhancing model generalization.

How dose the Prediction Reward (PR) Facilitate Reasonable Assessment? We further study
the importance of the proposed prediction reward. Table 2 shows that adding the prediction reward
effectively improves the preference profile prediction accuracy. Besides, Figure 5 shows that incorpo-
rating the prediction reward enables accurate profile prediction, which facilitates more reasonable
assessment and correct answer, further demonstrating the effectiveness of the prediction reward.

Personalized Generation with Predicted Preference Profile. We further discuss how to utilize
the predicated profile to generate personalized images in Fig. 6. We first predict a user’s preference
profile based on reference images. Then, we optimize the initial texts based on the predicated profile
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to generate personalized images. The results show that the generated images align well with reference
images, affirming the potential of the PreferThinker for facilitating personalized image generation.

Performance and Speed of PreferThinker without Explicit CoT. We study whether PreferThinker
can implicitly use reasoning capabilities for direct preference assessment. Table 3 shows that it
still outperforms SOTA methods on PreferImg and achieves comparable accuracy on PickaPic even
without explicit CoT, while delivering the fastest inference speed, further demonstrating its superiority.

Robustness to Number of Reference Images. To evaluate the robustness of PreferThinker, we use
different number of reference images as user’s prior information. Figure 7 shows that PreferThinker
outperforms other baselines across different numbers of reference images on both seen and unseen
data, revealing its robustness in leveraging limited information for personalized preference assessment.

5 CONCLUSION

We introduce PreferThinker, the first reasoning-based personalized image preference assessment
system with preference profile prediction. We propose a preference profile to bridge various uses,
allowing large-scale user data to be leveraged for training profile prediction and capturing complex
personalized preferences. We construct Preferlmg-CoT, a CoT-style dataset annotated with pref-
erence profiles and high-quality reasoning for interpretability supervision. We adopt a two-stage
training strategy comparing Cold-start SFT and reinforcement learning to empower the model with
reasoning capabilities. We propose a similarity-aware prediction reward to improve profile prediction,
facilitating reasonable assessments. Extensive experiments verify the superiority of PreferThinker.
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APPENDIX

For a better understanding of the main paper, we provide additional details in this supplementary
material, which is organized as follows:

(Section A) We provide more details about the experimental settings.

* We provide more statistics details of the PreferImg test benchmark in Sec. A.1.
* We provide more training details for the SFT cold-start in Sec. A.2.
* We provide more training details for the reinforcement learning post-training in Sec. A.3.

(Section B) We provide more details about the constructed dataset PreferImg.

* We provide more details of visual elements comprising the preference profile in Sec. B.1.

* We show several examples of the proposed PreferImg in Sec. B.2.
(Section C) We provide additional details about our designed prompt templates.
* We provide prompt templates for generating CoT-style cold-start data with Claude 3.7 in
Sec. C.1.
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Table S1: PreferImg test benchmark data categories and statistics

Data Categories [[ Number
. Singe-preference 500
In-Domain Multi-preferences 250
. Singe-preference 500
Out-of-Domain Multi-preferences 250
Total 1500

* We provide prompt templates using during SFT cold-start and RL post-training phase in Sec.
C.2.

(Section D) We present more visualization results of personalized image preference assessment on
the proposed dataset PreferImg and real user dataset PickaPic.

* We show more visualization results on the Preferlmg where users’s reference images reflect
single preference in Sec. D.1.

* We show more visualization results on the PreferImg dataset where users’s reference images
reflect multiple preferences in Sec. D.2.

* We show more visualization results on PickaPic to demonstrate our method’s generalizability
to real-world users in Sec. D.3.

(Section E) We conduct further discussions on the effectiveness and performance of proposed
PreferThinker, along with limitation and future work.

* We investigate the effectiveness of the cold-start SFT in Sec. E.1.

* We discuss the transferability of the PreferThinker towards assessment and scoring of single
image in Sec. E.2.

* We study the effectiveness of PreferThinker to facilitate personalized image generalization
in Sec. E.3.

* We discuss the limitation of PreferThinker and the future work in Sec. E.4.

(Section F) We describe how we utilize LLMs to assist our work. (Use of LLMs)

A  EXPERIMENTAL SETTINGS

A.1 PREFERIMG TEST BENCHMARK.

To comprehensively evaluate the performance of personalized image preference assessment, we
construct a test benchmark comprising 1500 user samples based on the proposed PreferImg dataset.
We categorize the samples into single-preference (SP) and multi-preference (MP) groups based on
whether reference images reflect singular or multiple preferences. To evaluate the generalization
of PreferThinker, we further divide the benchmark into in-domain (ID) and out-of-domain (OD)
subsets based on whether users’ profiles are included in the training data. The detailed statistics of
the benchmark are provided in Table S1.

A.2 TRAINING DETAILS OF SFT COLD-START PHASE.

We utilize Qwen2.5-VL-7B Instruct model as our base model and perform supervised fine-tuning
using LLaMA-Factory (Zheng et al., 2024). We train the model on the proposed CoT-style cold-start
dataset PreferImg-CoT for one epoch. The dataset includes 50,000 user samples with a single
preference and 10,000 user samples with multiple preferences. we freeze the parameters of the
vision tower and the multi-modal projector, and fine-tune the LLM. We employ DeepSpeed Zero-3
optimization strategy to handle the memory requirements of large models. The training settings of
SFT are detailed in the Table S2.
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Table S2: Training settings for cold-start SFT stage.

batch size 1 maximum gradient norm 1 precision bf16
gradient accumulation 2 learning rate scheduler ~ cosine epochs 1
learning rate le-6 max length 32768 times 21.1h
optimizer AdamW deepspeed zero2 GPU 8x A800
warm up ratio 0.1 weight decay 0.0 trainable module LLM

Table S3: Training settings for GRPO-based RL training stage.

batch size per device 2 num of rollout 6 precision bf16
gradient accumulation 2 B 0.04 epochs 0.5
learning rate le-6 temperature 0.9 times 73h
optimizer AdamW deepspeed zero3 GPU 6x A100
warm up ratio 0.03 weight decay  0.01 trainable module LLM

A.3 TRAINING DETAILS OF REINFORCEMENT LEARNING POST-TRAINING PHASE.

Following the cold-start SFT, we employ GRPO-based reinforcement learning for post-training. We
utilize the VLM-R1 framework for this phase. For GRPO training, we use 10,000 user samples
with single preference and another 10,000 user samples with multiple preferences. The number of
reference frames pairs (preferred and non-preferred images) used in training is 5. The training data of
the phase does not include CoT-style reasoning, since we aim to incentivize the model to explore
more reasonable assessment paths. The training settings of RL are detailed in the Table S3

B DATASET DETAILS

B.1 VISUAL PREFERENCE ELEMENTS OF PREFERENCE PROFILE.

To formalize a user’s complex personalized visual preferences, we identify 15 visual elements that
most frequently appear in Lexica’s > text prompts and strongly influence user preference toward
personalized image generation. We then conduct a user study with 100 participants, asking each to
select the five most important visual elements as visual preference profile. The result in Fig S1(a)
reveals that art style, color, detail, art medium and saturation are voted as the most representative
visual elements for characterizing personalized preferences. To ensure preference profile diversity,
we collect a rich vocabulary of related terms for each visual element, as shown in Fig. S1(b), laying a
solid foundation for constructing a large-scale and diverse dataset for personalized image preference
assessment.

To ensure the diversity of personalized visual preference profiles, we collect an extensive set of
vocabulary related to five key visual elements, as illustrated in Fig. S2. Leveraging this lexicon,
we construct a large-scale and rich set of visual preference profiles, laying a robust foundation for
constructing the dataset PreferImg and CoT-style dataset PreferImg-CoT.

B.2 EXAMPLES OF THE PROPOSED DATASET PREFERIMG.

We visualize several user examples of the proposed dataset Preferlmg in Fig. S3 and Fig. S4. Figure.
S3 shows examples where users’ reference images reflect single preference, while Fig. S4 presents
examples where users’ reference images reflect multiple preferences. It is observed that our dataset
encompasses a wide variety of image content and diverse visual preference profiles.

Zhttps://lexica.art/

15


https://lexica.art/

Published as a conference paper at ICLR 2026

o 7T T TColor T T T T T T Artstyle T T T T Art medium~ S Saturation | Defail ~~ "]
| Wam . Encaustic LArte.DEEST Mid ' Vlblam > !
 Oranbe’s LTI (S Paifing d pele “}}E{I}uh I
L L ‘ Intricate
z - i Tactlle !
S ! Desaturated F used |

z - =
" . \uhnlmfl SISOt Twe)](‘{]}re .
: \LH\\\\B] ht :
10 i R‘ hite 1
oMty SNt et s S Rateg g oottt ar® pep® 1 ForerspeSinnst ot | @ i Black fehe e I
Visual Elements B ittt e I ] ‘

(a) User study on key visual preference elements (b) World clouds of five core Vlsual elements

Figure S1: Key visual elements of preference profile. (a) User study result reveals that color, art
style, art medium, saturation, and detail are voted five key elements representing the visual preference
profile. (b) World clouds show that each element has a rich vocabulary associated with it.

1. Aboriginal At 2. Abstract Expressionism 3. Academic Art 4. Ancient Greek Art 5. Anime, Manga I. Electric Blue 2. Radiant Red 3. Citrus Orange 4. Lively Yellow 5. Vivid Purple
6. Art Deco 7. Art Informel 8. Art Nouveau 9. Art of Ancient Egypt  10. Arte Povera 6. Hot Pink 7. Soft Sage 8. Faded Denim 9. Subtle Gray 10 Antique Lavender
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36. Impressionism  37. Indian Art 38 Installation Art  39. Islamic Art 40. Japanese Art 36. Decp Sea Blue 37, Turquoise 38 Teal 39, Aquamarine 40. Navy
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51. Native American Art ~ 52. Naturalism 53. Neo-Impressionism 54 Neoclassicism 5. New Media Art 51 Warm Terracotta 5. Desert Rose  53. Goldenrod — 54. Jungle Green  55. Fern Green
56. Oceanic Art 57. Op Art 58. Performance Art 9. Photorealism 6. Pixel Art 56. Mossy Brown 7. Orchid Purple  58. Tropical Teal 9. Earthy Amber 60 Concrete Gray
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71. Situationist Art 7. Social Realism  73. Street Art 74. Stuckism 75. Surrealism 71. Forest Green 72, Jet 73. Obsidian 74. Omyx 75. Raven
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Figure S2: Vocabulary related to five core visual preference elements.

C PROMPT TEMPLATES

C.1 PROMPT TEMPLATES FOR COT-STYLE COLD-START DATA GENERATION.

To enable the Claude 3.7 model to annotate high-quality, CoT-style assessments for the PreferImg
dataset, we design a detailed prompting strategy that guides the Claude 3.7. This strategy directs
Claude to use the meta information,including (1) user visual preference and non-preference profile,
(2) question prompt, and (3) assessment answer to provide an explainable score and assessment for
candidate images. The prompt mainly consists of an evaluation template and guidelines, follows
a “’predict-then-assess” structure. First, based on a reference image, the model predicts the user’s
preference profile. Then, using this predicted profile, it evaluates the candidate images across multiple
dimensions and assigns interpretable scores. Finally, the model selects the user’s preferred image
based on the total scores. The prompts for generating the CoT-style assessment data are shown in Fig.
S5 and Fig. S6. Figure S5 shows the prompt for single-preference users, while Figure S6 shows the
prompt for multi-preference users.

C.2 PROMPT TEMPLATES USING DURING SFT AND RL TRAINING.

We provide prompt templates for use during cold-start Supervised Fine-Tuning (SFT) and Group
Policy Reinforcement Learning (GRPO RL) training. These templates, which include a system
prompt and a question prompt, describe the specific task and provide correct output examples. This
guides the model to perform explainable, personalized preference assessments for candidate images
in the correct format. The prompt templates for SFT and RL training are shown in Fig. S7 and Fig.
S8. Figure S7 illustrates the prompt for single-preference users, while Figure S8 shows the prompt
for multi-preference users.
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Figure S3: Examples of the proposed dataset PreferImg, where users’ reference images reflect single
preference. Red box indicates preferred image in the candidate images.
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Personlized Reference Images Candidate Images
Preferred

User 1

User 2

User 3

User 4

User 5

Figure S4: Examples of the proposed dataset PreferImg, where users’ reference images

reflect
multiple preferences. Red box indicates preferred image in the candidate images.
D VISUALIZATION RESULTS

D.1 VISUALIZATION RESULTS ON USERS WITH SINGLE PREFERENCE

We present more visualization results on the PreferImg where users’s reference images reflect single
preference in Figures S9 to S11. It is observed that PreferThinker first predicts the users’ preference
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and non-preference profiles from the reference images, and then provides a reliable assessment and
score for candidate images based on these profiles, which not only enables accurate assessment but
also provides interpretability.

D.2 VISUALIZATION RESULTS ON USERS WITH MULTIPLE PREFERENCES

We show more visualization results on the PreferImg where users’s reference images reflect multiple
Preferences in Fig. S12 and S13. Our model can accurately predict multiple preference profiles from
reference images and provide a reliable assessment and score for candidate images based on these
profiles, revealing the effectiveness of PreferThinker for users with multiple preferences.

D.3 VISUALIZATION RESULTS ON REAL USERS

To demonstrate the generalizability of our method to real-world users, we further utilize the Prefer-
Thinker to conduct personalized preference assessment for real users from PickaPic. As shown in
Figures S14 to S17 Although the preferences in real users’ reference images are more complex, our
method can still effectively extract their primary preference profiles and provide a correct assessment.

E DIScussIioN

E.1 IMPORTANCE OF COLD START INITIALIZATION.

We further discuss the importance of cold-start SFT for correct structured reasoning. Figure S18(a)
shows that directly using the base model (Qwen-2.5-VL) fails to provide numerical scores and
reasonable reasoning and leads to incorrect answer. Figure S18 (b) shows that while applying
reinforcement learning alone on the based model can generate the total numerical scores, it fails to
provide the correct output format and interpretable scores for each visual elements. In contrast, by
first teaching the model proper structural reasoning with Supervised Fine-Tuning (SFT) before RL,
the model can provide reasonable, explainable scores for each dimension, ultimately leading to a
correct final assessment based on the total score, as shown in Figure S18 (c).

E.2 TRANSFERABILITY TO PERSONALIZED ASSESSMENT AND SCORING OF SINGLE IMAGE.

We further study the transferability of PreferThinker towards personalized assessment and scoring
of single image. We directly modify the question prompt to enable the PreferThinker to provide an
assessment and score for a single generated image. The visualization results are shown in Fig. S19
and Fig. S20. We can observe that PreferThinker can flexibly provide an interpretable assessment
and score for a single image.

E.3 PERSONALIZED IMAGE GENERATION WITH PREDICTED PROFILE.

To further demonstrate the benefits of the proposed preference profile, we employ the predicted
preference profile to achieve personalized image generation in Fig. S21. We first predict the user’s
preference profile based on reference images. Then, we optimize the initial text based on the profile to
generate personalized images.The results show that the personalized images align well with reference
images, revealing the potential of the proposed method to facilitate personalized generation.

E.4 LIMITATION AND FUTURE WORK

The main limitation of our method is that the personalized preference dataset built on synthetic
profiles may not fully capture the complex and subtle real human preferences. Our current preference
profile only contains five key visual attributes that influence human visual preferences. However, real
users’ preferences are often complex and subtle, shaped by multiple factors. Beyond visual attributes,
they are also closely related to image content semantics and users’ backgrounds (e.g., age, gender
and culture). Consequently, our method may struggle with complex and hard-to-articulate real user
preferences, as shown in Fig. S22. In future work, we will incorporate additional key factors into
preference profiles to more comprehensively capture real users’ preferences.
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Given a user's historical preferred reference images, non-preferred reference images, and two candidate images, along with the
following meta information: 1. User's visual preference and non-preference profile; 2.Question prompt; 3. Assessment Answer.

You are an personlized preference analysis assistant. Please strictly follow the requirements below to analyze the candidate im-
ages and generate Chain-of-Thought style output:

* Your final output must include the following four tags:
<visual preference profile>, <visual non-preference profile>, <think>, and <answer>

« Within the <visual preference profile> tag, directly copy the visual preference profile provided in the user meta informatio-
n in JSON key-value format, for example:

<visual preference profile>

Art style: Manga; Color: Blush Pink; Art Medium: Digital Painting; Saturation: Moderate Detail: Fine

</visual preference profile>

« Within the <visual non-preference profile> tag, directly copy the visual non-preference profile provided in the user meta inf-
ormation in JSON key-value format, for example:

<visual non-preference profile >

Art style: Graffiti Art; Color: Powder Blue; Art Medium: Acrylic Painting; Saturation: Vibrant; Detail: Soft

</visual non-preference profile>

» Within the <think> tag, based on the preference and non-preference profile, score and reason about Image A and Image B ac-
ross five dimensions: "Art style", "Color", "Art Medium", "Saturation”, and "Detail". The scoring criteria are as follows:

1. Score principle:

Preference attributes: If image features highly match preference attributes (e.g., rich details), assign a high score (4-5).
Non-preference attributes: If image features resemble non-preference attributes (e.g.lack of detail), assign a low score (1-2).
Neutral features: Assign a medium score (3) when there is no significant tendency.2

2. Naturally incorporate keywords in the reason analysis:

Attribute terms (e.g., Performance Art) must be integrated into descriptions of specific scene elements. Listing them alone or in-
quotation marks is prohibited.

e.g."The dynamic street graffiti uses spontaneously splattered paint, and its fluidity highly corresponds to the live-creation char-
acteristic of Performance Art."

Output format must strictly follow:

<think>

1. Artistic style:

Image A({score}) - {reason}; Image B({score}) - {reason}

2. Color:

Image A({score}) - {reason}; Image B({score}) - {reason}

Total:

Image A: total score={scorel }+{score2}+{score3}+{scored}+{score5}={total score A}

Image B: total score={scorel }+{score2}+{score3}+{score4}+{score5}={total score B}

</think>

« Within the <answer> tag, directly output the final choice provided in the user prompt ("Image A" or "Image B"), for example:
<answer>Image A</answer>

Figure S5: Prompt for Claude 3.7 to generate CoT-style assessment for users with single preference.

F USE oF LLMS

We only used LLMs to polish and correct the text and grammar in the Abstract and Introduction
sections.
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Given a user's historical preferred reference images, non-preferred reference images, and two candidate images, along with the
following meta information: 1. User's multiple visual preference and non-preference profile; 2.Question prompt; 3. Assessment
Answer.

You are an personlized preference analysis assistant. Please strictly follow the requirements below to analyze the candidate im-
ages and generate Chain-of-Thought style output:

* Your final output must include the following four tags:
<visual preference profile>, <visual non-preference profile>, <think>, and <answer>

* Within the <visual preference profile> tag, directly copy the visual preference profile provided in the user meta informatio-
n in JSON key-value format. Please note that users may have multiple preference profiles. Here is an example:

<visual preference profile>

1. Preference profile 1

Art style: Manga; Color: Blush Pink; Art Medium: Digital Painting; Saturation: Moderate Detail: Fine

2. Preference profile 2

Art style: Ceramic Art; Color: Vivid Purple; Art Medium: Acrylic; Saturation: Bright Detail: Focused

</visual preference profile>

+ Within the <visual non-preference profile> tag, directly copy the visual non-preference profile provided in the user meta inf-
ormation in JSON key-value format. Please note that users may have multiple preference profiles. Here is an example:
<visual non-preference profile >

1. Non-preference profile 1

Art style: Graffiti Art; Color: Powder Blue; Art Medium: Acrylic Painting; Saturation: Vibrant; Detail: Soft

2. Non-preference profile 2

Art style: Ukiyo-e; Color: Hot Pink; Art Medium: Spray Paint; Saturation: Grayish; Detail: Blurred

</visual non-preference profile>

» Within the <think> tag, based on the preference and non-preference profile, score and reason about Image A and Image B ac-
ross five dimensions: "Art style", "Color", "Art Medium", "Saturation", and "Detail". The scoring criteria are as follows:

1. Score principle:

Preference attributes: If image features highly match preference attributes (e.g., rich details), assign a high score (4-5).
Non-preference attributes: If image features resemble non-preference attributes (e.g.lack of detail), assign a low score (1-2).
Neutral features: Assign a medium score (3) when there is no significant tendency.2

2. Naturally incorporate keywords in the reason analysis:

Attribute terms (e.g., Performance Art) must be integrated into descriptions of specific scene elements. Listing them alone or in-
quotation marks is prohibited.

e.g."The dynamic street graffiti uses spontaneously splattered paint, and its fluidity highly corresponds to the live-creation char-
acteristic of Performance Art."

Output format must strictly follow:

<think>

1. Artistic style:

Image A({score}) - {reason}; Image B({score}) - {reason}

2. Color:

Image A({score}) - {reason}; Image B({score}) - {reason}

Total:

Image A: total_score={scorel }+{score2}+{score3}+{score4}+{score5}={total score A}
Image B: total_score={scorel }+{score2}+{score3}+{score4}+{score5}={total score B}
</think>

* Within the <answer> tag, directly output the final choice provided in the user prompt ("Image A" or "Image B"), for example:
<answer>Image A</answer>

Figure S6: Prompt for Claude 3.7 to generate CoT-style data for users with multiple preferences.

System Prompt: You are an personlized preference analysis assistant.The user provides a set of historicall-
y preferred and non-preferred images. Based on this historical data, please predict the user’s visual prefere-

nce profile and non-preference profile across five key visual elements: art style, color, artistic medium, sat-

uration, and detail. The predicted results should be described using terms corresponding to each of these f-

ive visual attributes.Subsequently, the user provides two candidate images: Image A and Image B. Using th-
e predicted visual preference profile, assign an interpretability score (0—5) for each of the five attributes for

both images. A higher score indicates stronger alignment with the user’s preference profile, while a lower s-
core suggests greater similarity to non-preference profile. Each score must be accompanied by a rationale e-
xplaining the rating.Finally, sum the scores across all five attributes for each image. The image with the hig-
her total score should be identified as the one the user is more likely to prefer.

Below are some examples:

{Reasoning-based output example 1}

{Reasoning-based output example 2}

Question Prompt: Given a user's reference images (both preferred and non-preferred images) and two can-
didate images, first predict the user's visual preference and non-preference profile based on the reference i-
mages, then assess which of the two candidate images better matches the user's personlized preference.

Figure S7: The SFT and RL prompt template for users with single preference
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System Prompt: You are an personlized preference analysis assistant. The user provides a set of historicall-
y preferred and non-preferred images. Based on this historical data, please predict the user’s visual prefere-
nce profile and non-preference profile across five key visual elements: art style, color, artistic medium, sat-
uration, and detail. Please note that user may has multiple preference profiles. The predicted results sho-
uld be described using terms corresponding to each of these five visual attributes. Subsequently, the user pr-
ovides two candidate images: Image A and Image B. Using the predicted visual preference profile, assign an
interpretability score (0—5) for each of the five attributes for both images. A higher score indicates stronger a-
lignment with the user’s preference profile, while a lower score suggests greater similarity to non-preference
profile. Each score must be accompanied by a rationale explaining the rating.Finally, sum the scores across a-
11 five attributes for each image. The image with the higher total score should be identified as the one the use-
r is more likely to prefer.

Below are some examples:

{Reasoning-based output example 1}

{Reasoning-based output example 2}

Question Prompt: Given a user's reference images (both preferred and non-preferred images) and two can-
didate images, first predict the user's visual preference and non-preference profile based on the reference i-
mages, then assess which of the two candidate images better matches the user's personlized preference.

Figure S8: The SFT and RL prompt template for users with multiple preferences

Preference Profile Prediction
I" Art Style: Conceptual Art, Color: Electric Lime, Art Medium: Paper Mache, Saturation: Grayish, Detail: Simplified
</visual preference profile>

<visual non-preference profile> Non-preference Profile Prediction
Art Style: Impressionism, Color: Burgundy Wine, Art Medium: Watercolor, Saturation: Vibrant, Detail: Rough

</visual non-preference profile>

<think>
1. Art style:
Image A(2) - The cartoon character depicted under a large red flower petal exhibits qualities closer to illustrative design than
Conceptual Art. Its whimsical nature scene with soft-focus background lacks the intellectual framework and provocative co-
mmentary typically found in conceptual works, instead leaning toward the narrative-focused storytelling seen in impressio-
nist approaches where subjects take precedence over abstract concepts.
Image B(4) - The black cat figure positioned dramatically among oversized lotus leaves creates a striking juxtaposition betw- |
een the ordinary character form and extraordinary environmental scale. This deliberate subversion of proportions challenges |
viewer expectations through intentional absurdity—a hallmark of conceptual art that uses familiar objects in unexpected co- |
ntexts to provoke thought about perception versus reality relationships. !
2. Color: !
Image A(1) - The dominant burgundy-red flower petals overwhelm the composition, precisely hing the explicitly stated !
non-preference for Burgundy Wine colors. While there are hints of lime-green in parts of the background vegetation, they're
overshadowed by the pervasive reddish-pink hues that dominate the entire scene, creating exactly the type of color environ-
ment specified as undesirable; |
Image B(5) - The prominent use of bright electric lime green lotus leaves perfectly matches the preferred color attribute. Th-
ese vivid green elements stand out boldly against the neutral background, creating just enough contrast to highlight the lime- |
colored components while still allowing them to maintain prominence—directly satisfying the stated color preference. 1
3. Art Medium: !
Image A(2) - The fluid, transparent quality of the flowers and background watercolor techniques with their charact-
eristic bleeding edges and translucent layering effects. The way pigment appears to flow naturally around the character and s- :
pread organically across surfaces bears strong resemblance to watercolor application methods specifically mentioned as non- |
preferred; !
Image B(4) - The sculptural quality of the cat figure and lotus leaves gives them a dimensional solidity reminiscent of molde- |
d paper mache construction. The clean-edged forms lack the fluid transparency of watercolors and have a crafted, assembled |
quality suggesting physical manipulation of material rather than paint application alone. 1
4. Saturation:
Image A(1) - The image features highly vibrant, richly colored flowers with deep crimson and magenta tones that pop dram-
atically against the softer background. This level of color intensity directly contradicts the stated preference for grayish, sub-
dued saturation values, instead presenting bold chromatic statements that draw immediate attention;
Image B(4) - Despite having colorful elements like the lime green leaves, the overall presentation has been toned down with |
a predominantly pale beige/cream background and subdued lighting conditions. This restraint in color intensity creates a mor-;
e understated mood that better aligns with the preference for grayish, less saturated compositions. |
5. Detail: 1
Image A(3) - The character is rendered with moderate detailing—the eyes, and basic facial structure are clearly defined but s- !
implified compared to hyperrealistic depictions. However, the background contains numerous small details including individ-'
ual flower petals and scattered debris, creating a middle ground between rough sketchiness and meticulous elaboration;
Image B(4) - The cat figure and lotus leaves feature deliberately reduced details focusing primarily on shape and silhouette ra-
ther than intricate textures. This economical approach to detail creates clean lines and uncluttered spaces that align well with t;
| he preference for simplified representations rather than elaborate ornamentation. |
| Total Score: |
| Image A: 2+1+2+143=9; Image B: 4+5+4+4+4=21 1
1
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Figure S9: Reasoning-based personalized assessment for users with single preference.
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User with single preference

Preferred Non-preferred

User Reference Images

<wsual preference profile> Preference Profile Predutton I
Art Style: Indian Art, Color: Fern Green, Art Medium: Ceramic, Saturation: Natural, Detail: Textured

<Ivisual preference profile>

<visual non-preference profile> Non-preference Profile Predtctmnw
Art Style: Naive Art, Color: Slate Blue, Art Medium: Pastel, Saturation: Vivid, Detail: Intricate

</visual non-preference profile>

<think>

1. Art style:
Image A(4) - The intricate mandala-like pattern with symmetrical design elements and ornate detailing reflects aspects of Ind-
ian Art aesthetics through its elaborate circular motif and spiritual symbolism. While not purely authentic Indian Art, the co-
mposition with concentric circles mirrors traditional mandala designs commonly found in Indian religious iconography

Image B(2) - The simplified, childlike representation with disproportionate facial features and lack of formal structure bears

Multi-dimensional Scoring and Assessment
S

strong bl to Naive Art approaches. The straightforward depiction lacking sophisticated perspective techniques and
conventional proportions aligns well with the non-preferred Naive Art aesthetic.
2. Color: |

Image A(4) - The dominant use of earthy greens and natural earth tones throughout the piece closely matches the preferred |
Fern Green color. These organic hues evoke natural environments and traditional pigments used in Indian artwork, creating a |
sense of authenticity; 1
Image B(2) - The prominent use of slate blue backgrounds combined with reddish-brown accents creates a color scheme that |
directly corresponds to the preferred Slate Blue attribute. Though there may be some warmer highlights, the primary coll
or impression remains firmly within the non-preferred color range.
3. Art Medium:
Image A(4) - The solid, dimensional quality of the piece suggests ceramic construction methods with visible clay textures and
glazed surfaces. The way light catches different parts of the sculpture reveals the material properties typical of fired ceramics |
, aligning with the preferred medium;
Image B(2) - The soft blending effects and chalky application technique evident in the portrait clearly indicate pastel usage. Tr
he powdery finish and ability to blend colors smoothly are hallmark characteristics of pastel drawing tools, matching exactly |
with the non-preferred medium. !
4. Saturation: :
I
I

Image A(4) - The colors appear naturally balanced without appearing artificially enhanced or overly vivid. The earthy tones -
aintain a natural saturation level appropriate for traditional pigmented materials like those used in Indian artworks;

Image B(3) - The image falls somewhere between natural and vivid, with moderately saturated blues in the background that Iy
ean toward the non-preferred vivid category, but other elements remain relatively subdued, resulting in a middle-ground sacm
5. Detail:

Image A(5) - The sculptural piece exhibits richly textured surfaces with varied tactile qualities created through what appears H
o be carved or molded techniques. The dimensional relief work showcases intentional texturing that invites touch, perfectly e-

Image A Image B

User with single preference

Preferred Non-preferred

User Reference Images

bodying the preferred textured detail attribute;
Image B(2) - Despite being a portrait, the image relies heavily on line-based details rather than textural ones. The simplified a-
pproach focuses primarily on outline work instead of building up dimensionality through textural means, aligning closer to t-
he non-preferred attribute despite having some textural elements.
Total Score:
| Image A: 4+4+4+4+5=21; Image B: 2+2+2+3+2=9
| </think>
| <answer>Image A</answer>

<visual preference profile> Preference Profile Predtctwn ‘
Art Style: Conceptual Art, Color: Mint Green, Art Medium: Macrame, Saturation: Grayish, Detail: Textured
</visual preference profile> )
<visual non-preference profile> Non-preference Profile Prediction
Art Styles: Abstract Expressionism, Color: Dusty Orange, Art Medium: Drypoint, Saturation: Vibrant, Detail: Simplified
</visual non-preference profile>

<think>
1. Art style:
Image A(4) - The mint-colored mouse character sits atop what appears to be a stone pedestal with rope details, presenting a co-
nceptual juxtaposition where everyday objects become symbolic representations through deliberate placement and context. 7/-
is thoughtful arrangement aligns well with Conceptual Art principles focusing on ideas over pure aesthetics;
Image B(2) - The orange-hued mouse against a warm-toned background exhibits gestural brushstrokes and spontaneous mar-
kmaking qualities characteristic of Abstract Exprewmmvm The loose, emotive appllcatlon of paint with expressive line work
reflects the non-preferred abstract exy i hetic rather than cc ly driven approaches.
2. Color:
Image A(5) - The dominant mint green color palette perfectly matches the preferred color attribute. From the soft teal-green b- |
ackground to the pale mint hues of the mouse itself, every element incorporates various shades of mint green, creating a coh- |
esive and pleasing color scheme that strongly aligns with stated preferences;
Image B(1) - The image prominently features dusty orange tones throughout the background and parts of the mouse's body,
precisely matching the non-preferred color attribute. These warm amber-orange hues dominate the composition, creating exa-
ctly the type of color environment specified as undesirable.
3. Art Medium:
Image A(4) - While primarily appearing as a digital illustration, the image incorporates actual physical textures like the woven
rope around the base of the pedestal and the tactile-looking fur of the mouse. These tangible material elements evoke the dim- |
ensional quality of macrame, suggesting craft-based creation methods despite being digitally rendered; 1
Image B(2) - The image uses thin lines and sharp contrasts reminiscent of drypoint etching techniques, particularly evident in |
the defined outlines of the mouse figure. This linear approach with controlled mark-making shares similarities with the non-pre-!
ferred drypoint medium, lacking the dimensional textile quality of macrame. !
4. Saturation: |
Image A(4) - The image employs a deliberately muted color palette with softened mint greens and subtle grays in the backgrou»:
nd, creating a subdued atmosphere. This restrained use of color intensity aligns well with the preferred grayish saturation level,
1

Multi-dimensional Scoring and Assessment

allowing form and texture to take precedence over color strength;
Image B(2) - The image features highly vibrant colors with strong chromatic intensity, particularly in the bright orange backgry
ound and vivid pink ear accents. This heightened color energy directly corresponds to the non-preferred vibrant saturation attri- |
bute, making the image visually stimulating but contrary to stated preferences.

5. Detail:

Image A(5) - The mouse illustration showcases rich textural elements including the intricate whiskers, fuzzy fur texture, and
the d: ional rope wrapping around the pedestal. These tactile surfaces invite closer inspection, offering multiple layers of v-

Image A Image B

Candidate Images

isual information that reward close viewing—perfectly embodying the preferred textured detailing;
, Image B(2) - Despite having recognizable subjects, many el appear simplified with minimal textural variation. The m-
‘ ouse's face and body lack nuanced surface details, instead relying on basic shapes and limited tonal shifts. This streamlined a-
| pproach aligns with the non-preferred simplified detail attribute.
| Total Score:
| Image A: 4+4+4+4+5=21; Image B: 2+2+2+3+2=9
| </think>
! | <answer >Image A

Figure S11: Reasomng-based personalized assessment for users with single preference.
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User with multiple preferences | <yisual preference profile> Preference Profile Prediction i

Candidate Images

1.preference profile 1

Art Style: Graffiti Art, Color: Tropical Teal, Art Medium: Graphite, Saturation: Vivid, Detail: Selective
2. preference profile 2

Art Styles: Pop Art, Color: Deep Sea Blue, Art Medium: Acrylic, Saturation: Bright, Detail: Realistic

! </visual preference profile>

1.non-preference profile 1

Art Styles: Performance Art, Color: Silver White, Art Medium: Quilting, Saturation: Desaturated, Detail: Abstracted
2. non-preference profile 2

Art Styles: Minimalism, Color: Peach, Art Medium: Virtual Reality, Saturation: Highly saturated, Detail: Tactile

| </visual non-preference profile>

<answer>Image A</answer>

<think>

1. Art style:

Image A(S) - The image features a wizard-like figure with teal-blue tones and stylized portrait elements. The dripping paint eff- :

ects and bold contrasting elements align perfectly with Graffiti Art's urban aesthetic sensibilities. The portrait shows a contem- |

porary twist on traditional imagery with its vibrant blue color scheme and dramatic presentation, reminiscent of street art mura- |

Is that transform ordinary subjects into iconic imagery.

Image B(1) - The image displays a quilted textile portrait in monochromatic silver-white tones with geometric patterns and t-

actile elements. The highly structured, three-dimensional textile approach with its carefully arranged quiltedcarefully arranged

quilted sections and decorative button elements closely resembles Performance Art installation aesthetics

2. Color:

Image A(5) - The image prominently features a striking teal-blue color palette that dominates the composition, from the wiza-

rd's hat to the glasses and flowing beard. This rich tropical teal creates a vibrant focal point against the monochromatic elemen-

ts, establishing a strong visual hierarchy. The color perfectly matches the preferred "Tropical Teal" attribute.

Tmage B(1) -The image is rendered entirely in silver-white tones with no color variation, creating a 1 ic textile reli

ef effect. This strict adherence to a colorless palette directly matches the non-preferred "Silver White" color attribute. The abse-

nce of any color richness creates a clinical, ined that dicts the vibrant color preferences.

3. Art Medium:

Image A(4) - The image shows c/ istics of digital illustration with graphite-lik deril i in the facial det-

ails and beard textures. The precise line work in the facial features combined with the painterly blue effects creates a hybrid m-

edium approach that incorporates graphite-style rendering with digital color application.

Image B(1) - The image displays a quilted textile artwork with pronounced stitching patterns nd decorative buttons. The entire |
position relies on fabric ipulation techni with visible texture and dimensional elements characteristic of textile art. |

4. Saturation: !

Tmage A(5) - The image exhibits intense color saturation in the teal-blue elements that create dramatic visual impact against th-

e monochromatic portions. The vivid blue tones in the glasses, beard, and hat produce a striking color statement.

Image B(1) - The image displays a completely desaturated palette with no color information, relying solely on white, silver, an+

d gray values to create visual interest. The absence of any color saturation creates a stark, clinical appearance. !

5. Detail: )

Image A(4) - The image employs selective detail with high focus on the facial features and beard textures while simplfying u-:

ther ele The strategic ion of detail creates a focal hierarchy that guides viewer attention to key features while |

allowing other areas to recede.

Image B(2) - The image displays abstracted detail with geometric patterns and simplified facial features rendered in textile r-

elief. While technically detailed in its construction, the actual rep ion is Ily at d with simplified forms.

Image A: 5+5+4+5+4=23; Image B: 1+1+1+1+2=6

</think>
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Figure S12: Reasoning-based personalized assessment for users with multiple preferences.
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11, prcfercnce profile 1

| Art Style: Baroque Art, Color: Forest Green, Art Medium: Stone Carving, Saturation: Moderate, Detail: Abstracted

| 2. preference profile 2

I Art Style: Neo-Impressionism, Color: Dusty Rose, Art Medium: Stoneware, Saturation: Pops of color, Detail: Realistic
I

| 3. preference profile 3

i

Art Style: Academic Art, Color: Peach, Art Medium: Assemblage, Saturation: Clear, Detail: Fine
|

I</visual preference profile>
el non-preference profile>
| L.non-preference profile 1

Art Style: Renaissance Art, Color: Deep Sca Blue, Art Medium: Monotype, Saturation: Grayish, Detail: Selective

2. non-preference profile 2

Art Style: Ancient Greek Art, Color: Terracotta, Art Medium: Wood Carving, Saturation: Intense, Detail: Textured

Preference Profile Prediction

3. non-preference profile 3

I
1
1
I
1
i
1
1
I
1
1
I
1
I
I
1
i
1
1
i
Art Style: Bad Painting, Color: Cranberry Red, Art Medium: Virtual Reality, Saturation: Natural, Detail: Focused !
I

< Vli»‘jufl non-preference profile> Non-preference Profile Prediction |
<think>

1. Art style: :
Image A(2) - The image shows a stylized digital portrait of a man with blue-tinted skin wearing gold-framed glasses against a blue background. The |
style employs a modern digital illustration approach with simplified forms and bold color blocking. The flat, simplified treatment and contemporar- | )
y subject matter align more closely with modern digital illustration.

Image B(4) - The portrait features a man set within an ornate carved frame with decorative scrollwork and architectural elements. The combination \
of the subject's realistic rendering with the elaborate decorative framing creates a composition reminiscent of Academic Art's formal portraiture trad-
itions, and the ornate scrollwork surrounding the figure echoes Barogue art's emphasis on dramatic ornamentation and architectural framing devlce‘g.
2. Color: |
Image A(2) - The image is dominated by a deep blue monochromatic palette with gold accents. This cool-toned blue palette closely resembles the |
Deep Sea Blue listed in the non-preference attributes, creating a stark, contemporary color scheme. l
Image B(4) - The portrait employs a warm palette featuring peach and golden skin tones against neutral architectural elements. The warm flesh ton-
es directly align with the Peach color preference, creating a harmonious balance between the subject and the surrounding decorative elements. 1
3. Art Medium: \
asd aesthetic creates a contemporary feel that doesn't capture the physical materiality and craftsmanship associated with the preferred artistic mediu—:
ms, instead creating a more virtual, screen-based experience typical of y digital f \
Image B(5) - The image presents a sculptural quality with dimensional carved elements framing the ponmn The treatment of the decorative scroll- |
work and architectural elements strongly evokes stone carving technigues with their dimensional relief qualities and textural variations. The contra-!
st between the smooth portrait areas and the textured carved frame creates a multi-dimensional effect.

|
4. Saturation: A
Image A(2) - The image featuresa highiy saturaed blue tone throughot with minimal variaion i color intensity. This approach creaes a bold, gra-

phic quality that aligns more closely with the Intense i in the P attributes. 1

Image B(4) - The portrait demonstrates moderate saturation with clear color definition and selective emphasis. The balanced approach to color inten’

sity allows the gold chains and green jacket to serve as focal points without overwhelming the composition, creating natural pops of color against t-

he more neutral architectural elements.

Image A(2) - The portrait employs selective detailing, focusing on facial features, glasses, and jewelry while simplifying other elements. The app-
roach balances simplified areas with more precisely rendered clements like the gold chains and facial features.

Image B(4) - The image demonstrates fine detailing throughout, particularly in the omate carved elements and facial features. The meticulous rend- |
ering of the decorative scrollwork, architectural elements, and facial features shows attention to realistc detail while maintaining a coliesive acsil-|

|
1
1
5. Detail: !
1
|
1

1
1
I
1
1
|
1
I
I
1
I
I
1
|
1
1
|
1
I
I
1
|
I
1
|
1
| Tmage A(2) - The image appears to be created using digital illustration techniques with smooth gradients and flat color areas. The smooth, screen-b- |
I
1
I
I
1
|
I
1
|
1
I
I
1
I
I
1
|
I
1
|
1
I
I
1
|

etic. This balanced approach to detailed the ion strongly aligns with the preferred detail attributes. !
Image A: 242+2+243=11; Image B: 4+4+5+4+4=21 :
<fthink> 1
<answer>Image B</answer> Multi-dimensional Scoring and Assessment |

Real user from PickPic_v2
User ID: 4095

<visual preference profile> Preference Profile Prediction
Art Style: Futurism, Color: Electric Lime, Art Medium: Environmental, Saturation: Vibrant, Detail: Intricate

Preferred Non-preferred

Candidate Images

I I
I I
I I
| </visual pref e profile> |
| <visual non-preference profile> Non-preference Profile Prediction !
! Art Style: Photorealism, Color: Mossy Green, Art Medium: Photogram, Saturation: Soft, Detail: Ethereal !
I I
| </visual non-preference profile> 1
I I
I

I

I

<think>
1. Art style:
Image A(4) - The image showcases dynamic movement through abstract geometric forms and bold lines that evoke speed and
| energy, hallmarks of Futurism's celebration of technology and motion. These angular compositions break free from static -
| epresentations, unlike Photorealism's literal depiction of reality; 1
| Image B(2) - While there are some stylized el the image predomil ly uses photographic realism in depicting archi-
‘ tectural structures and environmental details, leaning closer to the non-preferred Photorealism aesthetic where objects appe-
ar captured exactly as they would photographically.
"2. Color:
| Image A(5) - The electric lime accents dominate the composition with bright yellow-green highlights that energize the entire
| piece, perfectly matching the preferred Electric Lime color attribute while completely avoiding any mossy green tones;
| Image B(3) - The image contains some brighter green elements in vegetation, but also incorporates many earthier tones in-)
| cluding some mossy greens in the I 2, placing it so; here between the preferred vivid lime colors and non-prefe- |
| rred mossy greens.
: 3. Art Medium:
| Image A(4) - The artwork appears designed to interact with physical spaces through its environmental integration of geome-
| tric forms that seem meant to influence spatial perception, aligning well with Environmental medium principles despite being,
| primarily graphic; |
| Image B(2) - The image heavily relies on photographic d i “hniques with minimal ipulation beyond basic |
| framing, sharing similarities with the non-preferred Photogram medium's direct recording nature.
4. Saturation:
: Image A(5) - Colors throughout the composition maintain kigh chromatic intensity with vibrant yellows, blues and reds crea-
| ting strong visual impact, perfectly embodying the Vibrant saturation level specified in preferences;
| Image B(3) - The image balances moderately saturated elements with softer heric lities in shad l areas, resuly
| ting in a middle ground between the preferred Vibrant and non-preferred Soft saturation levels. 1
I'S. Detail: 1
! Tmage A(4) - The intricate interplay of overlapping geometric shapes creates complex layering effects that reward close ins-!
| pection, offering multiple layers of visual information like those found in Intricate detailing; :
, Image B(2) - Many surfaces have soft-focus treatments and blurred boundaries creating dreamlike qualities that align more c-,
| losely with Ethereal detailing mentioned in non-preferences. )
| Total Score: |
I
I
I

Multi-dimensional Scoring and Assessment

| Image A: 4+5+4+5+4=22; Image B: 2+3+2+3+2=12
| </think>
! <answer-Image A-

answer>

Figure S14: Reasoning-based personalized assessment for Real user from PickaPic.
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Real user from PickPic_v2
User ID: 4503

[
User Reference Images

Image A Image B

Real user from PickPic_v2
User ID: 4538

Preferred Non-preferred

User Reference Images

Image A Image B

Candidate Images

| <answer>Image A</answer>

<visual preference profile> Preference Profile Prediction '
Art Style: Minimalism, Color: Electric Lime, Art Medium: Lego, Saturation: Grayish, Detail: Defined ]
</visual preference profile> :
<visual non-preference profile> Non-preference Profile Prediction
Art Style: Anime, Color: Clay Gray, Art Medium: Tempera, Saturation: Moderate, Detail: Focused !
</visual non-preference profile> :

I

<think>

1. Art style:
Image A(4) - The architectural structure in Image A exhibits strong minimalist principles through clean lines, reduced fon—nal-
ity, and functional simplicity. The building's geometric design with large glass panels and minimal ornamentation aligns well |
with Minimalist aesthetics where excess is deliberately eliminated, unlike Anime's elaborate character designs; 1
Image B(2) - While Image B doesn 't explicitly feature anime-style ch 's, its warm-toned interior scene with soft lightin4
g and decorative elements diverges significantly from pure M The cozy here with furniture details and pers-'
onal touches resembles aspects of domestic spaces often depicted in anime-inspired illustrations, making it closer to the non-'
preferred aesthetic direction. i
2. Color:

Image A(4) - The promment use of bright white surfaces combined with reflective glass creates a luminous quality that appmq
aches Electric Lime's brigh [ when illuminated properly. These crisp whites dominate the exterior walls, offer- |
ing stark contrasts that enhance the structural clarity; 1
Image B(3) - The interior scene utilizes warmer earthy tones including clay-gray elements in the wall textures and flooring, |
partially matching the non-preferred color attribute. However, there are also brighter accent colors present in the furnishings t-
hat prevent complete alignment with either preference extreme. ‘

I

|

I

I

|

I

|

|

I
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|
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I
|
I
I
|
I
I
|
I
I
|
I
I
|
I
| 3. Art Medium: |
|
I
I
|
I
I
|
I
I
|
I
I
|
I
I
|
I
I
|
I
I
|
I
I
|
I
I

Image A(3) - The photograph captures what appears to be concrete construction with industrial finishes, which shares some
modular qualities with Lego's systematic assembly principle despite being built differently. The structured nature of the arch-i
itecture offers geometric patterns that could metaphorically relate to Lego's block-based constructwn system; !
Image B(2) - The interior photography reveals painted surfaces and wall that res 7 like application m!

ethods used in traditional painting. The matte finish and layered application technique seen in the wall decorations reflect te»‘
mpera's opaque coverage properties mentioned in non-preferences.. :
4. Saturation: 1
Image A(4) - The predominantly white facade with minimal color variation achieves a grayish tone due to overcast conditions
and shadowing effects. This controlled saturatwn level allows the structural elements to appear simplified and uncluttered, al4
igning with the pref d grayish s

Image B(3) - The interior scene balances moderate saluranon in its wooden elements and fabric components with some areas

appearing more subdued. This middle-ground approach places it squarely in the -preferred mode aturation catego-
ry, lacking both the desired grayish undertones and the preferred electric lime brightness.
5. Detail: 1

Image A(4) - The architectural photograph clearly defines structural elements like windows, corners, and material boundar-|
ies. These distinct delineations allow viewers to easily identify different components of the building, embodying the preferred‘
"defined" detail attribute;

Image B(3) - The interior scene ins focused iling in specific el such as furniture pieces and decorative ilems,
but also incorporates broader contextual information about room layout and spatial relationships. This balance between focus-,
ed detail and environmental context places it in the non-preferred area.

1
Total Score: ;
Image A: 4+4+3+4+4=19; Image B: 2+3+2+3+3=13 1
</think> !
\ <answer-Tmage A</ansyer= )

<visual preference profile>

1
1. preference profile 1 !
Art Style: Postmodern Art, Color: Soft Sage, Art Medium: Oil, Saturation: Grayish, Detail: Tactile :
2. preference profile 2 I
Art Style: Pointillism, Color: Mint Green, Art Medium: Acrylic, Saturation: Vibrant, Detail: Selective !
</visual preference profile> Preference Profile Prediction,

<visual non-preference profile> :
1. non-preference profile 1 |
Art Style: Pop Art, Color: Turquoise, Art Medium: Digital Painting, Saturation: Highly saturated, Detail: Simplified 1
2. non-preference profile 2 :
Art Style: Abstract Expressionism, Color:Warm Terracotta, Art Medium: Tempera, Saturation: Understated, Detail: Intricate "

<[visual non-preference profile> Non-preference Profile Prediction'

I
<think> 1
1. Art style: ‘
Image A(4) - Image A depicts a gray tabby Kiten with blue eyes rendeed n a hyper-ealistc yet lighty tylized manne. The earefulatenton to - | i
ur texture and dimensional modeling reflects postmodern art's tendency to blend rzallty with ideali; The ition with the cat \

positioned centrally against a softly blurred green istication typical of dern works that challenge
conventional representational norms. !
Image B(1) - Image B shows a ginger cat with bright turquoise background in a highly stylized, almost cartoon-like manner. The exaggerated propo-
rtions, simplified facial features, and bold color blocking technique strongly align with Pop Art aesthetics where everyday subjects are elevated th-|
rough commercial-style presentation. |
2. Color: ]
Image A(S) - Image A features a soff sage green background that perfectly matches the preferred color attribute. The gentle, muted green tone crea-|
tes a soothing backdrop that enhances the subject matter while maintaining harmony with the overall composition. The subtle gradations in the back+
ground demonstrate sophisticated color handling that avoids becoming overpowering despite being the primary color element. !
Tmage B(1) - Image B is dominated by « vivid turquoise background that precisely matches the first non-preferred color attribute. The bright teal h!
ue serves as the dominant visual element behind the cat figure, creating a jarring contrast with the warmer tones of the animal itself. :
3. Art Medium: |
Image A(4) - Image A exhibits isti ive of oil painting iques, particularly in how the fur textures are rendered with rich, lay-!

ered applications that capture light dlfferenlly at various angles. The subtle transitions between values and the way light interacts with the subject sh!
ow the distinctive mark-making possible only with oils, allowing for both precise detailing and painterly brushwork.

Image B(2) - Image B displays hallmarks of digital painting with its crisp edges, uniform color blocks, and computer-generated look. The flat app !
lication of color with sharp delineation between elements digital art i used i in pop culture imagery. |
4. Saturation: ‘
Image A(4) - Image A employs a restrained saturation strategy where most elements remain in moderate to subdued value ranges except for the stri- :
king blue eyes. This controlled approach to color intensity creates a contemplative mood while allowing certain focal points (the eyes) to stand out |
naturally. The grayish quality mentioned in preferences emerges subtly in many areas beyond just the background. |
Image B(1) - Image B features Iy high i particularly in the turquoise and the vibrant orange-gold fur. Thig
intense color treatment creates immediate visual impact but conflicts sharply with both preferred saturation attributes "Grayish" and "Vibrant". Inste;
ad, it embodies exactly the "Highly saturated" quality specifically listed among non-preferred attributes. |
5. Detail: !
Image A(4) - Image A demonstrates selective detailing where critical elements receive meticulous attention while other areas maintain softer rende- :
ring. This approach creates visual hierarchy and draws viewer focus to important features. The tactile quality mentioned in preferences becomes evi-
dent especially in how individual strands of fur scem palpable even when viewed digitally; |
Image B(2) - Image B employs a simplified approach to detail with reduced texturing and flattened planes. While technically proficient, the image ‘
prioritizes bold shapes and color relationships over nuanced surface treatments.
Image A: 4+5+4+4+4=21; Image B: 1+1+2+1+2=7

</think>

Figure S16: Reasoning-based personalized assessment for Real user from PleaPIC.
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Real user from PickPic_v2
User ID: 9128

User Reference Images

Image A
[ —

Image B
.

Candidate Images

\r <visual preference profile> I
! 1.preference profile 1

" Art Style: Social Realism, Color: Soft Sage, Art Medium: Graphite, Saturation: Grayish, Detail: Tactile

| 2. preference profile 2

| Art Style: Regionalism Art, Color: Sandstone, Art Medium: Ink, Saturation: Highly saturated, Detail: Abstracted

: <lvisual preference profile> Preference Profile Prediction

1
l
1
l
l
1
l
1
| <visual non-preference profile> !
" 1.non-preference profile 1 :
Art Style: Postmodern Art, Color: Mossy Brown, Art Medium: Watercolor, Saturation: Bold, Detail: Selective |
2. non-preference profile 2 |
Art Style: Conceptual Art, Color:Clay Gray, Art Medium: Graphite, Saturation: Understated, Detail: Simplified :

<Ivisual non-preference profile> Non-preference Profile Prediction’
I

<think> 1
1. Art style: !
Image A(S) - Image A depicts an elderly man gazing out through a window frame, rendered in graphite-like shading technique. The straightforward |
portrayal of everyday life scene with social commentary potential aligns strongly with Social Realism aesthetics where ordinary people are portra- |
yed with dignity and authenticity. |
Image B(2) - Image B shows another elderly figure seated at a desk with a pipe, rendered in watercolor with painterly brushwork. The loose, impre- |
ssionistic handling of the figure and bears sis to C Art's emphasis on idea over execution, which appears in the sec-
ond non-preference attribute.

2. Color:

Image A(4) - Image A uses a monochromatic grayscale palette with subtle beige/tan tones in the t ds like undert- |
ones in certain areas of the figure's clothing and surroundings align well with the second preference attribute "Sandstone". Despite being entirely !
monochrome, the image maintains a gentle warmth that distinguishes it from cooler gray palettes. :
Image B(1) - Image B features prominent mossy green foliage outside the window contrasting with reddish-brown wooden furniture and white/bei- |
ge clothing. This combination of mossy browns and clay grays directly connects to the non-preferred color attributes. The cool-toned greens dom+
inate much of the composition, creating exactly the type of color scheme specifically noted as disliked. 1
3. Art Medium: :
Image A(5) - Image A exhibits lous hatching and cross-hatchi hni istic of graphite pencil work, particularly evident in |
how light and shadow are rendered along facial contours and fabric folds. The linear quality and tonal gradations precisely match the first preference
attribute mentioning "Graphite." 1
Image B(1) - Image B displays fluid washes and transparent layering typical of in the flowing green f-!
oliage and soft transitions around the figure. This medium choice directly corresponds to the first non-preference attribute listing "Watercolor” with |
its distinctive translucent quality and ability to blend colors seamlessly. |
4. Saturation: 1
Image A(4) - Image A employs a restrained, understated approach to value contrast with limited tonal range. The grayish-beige palette with subtle v-!
ariations creates a contemplative mood that aligns with the first preference attribute noting "Grayish" saturation. The image avoids both oversat- !
uration and complete desaturation, finding a middle ground that feels authentic yet emotionally resonant.

Image B(2) - Image B features bold, vivid coloration in particular aspects like the bright red pipe stem and the rich green foliage. The way colors

k wall. The warm

peciall

l
1
1
pop against darker areas creates a visual energy that contradicts the more reserved saturation preferences. 1
5. Detail: !
Image A(4) - Image A captures numerous small-scale details in the wrinkles of the old man's face, the texture of his clothing, and even the individu- :
al slats of the window frame. This meticulous approach to depicting minute elements aligns with the first preference attribute regarding "Tactile" |
detailing. The viewer can almost feel the roughness of the wood grain and the softness of the beard hairs. 1
Image B(2) - Image B takes a selective approach to detail, focusing primarily on the main subject while simplifying other elements. This method of!
S /s to the attribute "Selective” detail treat-

highlighting only certain aspects while minimizing others directly |
ment. The loose brushwork prioritizes emotional impact over comprehensive texturing. 1
Image A: 5+4+5+4+4=22; Image B: 2+1+1+2+2=8 1
</think> 1
<answer>Image A</answer> Y P

Figure S17: Reasoning-based personalized assessment for Real user from PickaPic.
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User Reference Images Candidate Images

Preferred

erence Profile Prediction
igh

| <visual preference profile> Preference Profile Prediction
I Art Styles: Renaissance Art, Color: Steel Gray, Art Medium: Encaustic, Saturation: Clear, Detail: Intricate

| <tvisual preference profile>

| <visual non-preference profile> Profile Predi
‘An Styles: Art of Ancient Egypt, Color: Fern Green, Art Medium: Drypomt Saturation: Subducd, Detail: Abstrccicd

| <Wvisual non-preference profile>

et Colors vl Art Medium:Dighl A Searos Lo, Do
jsual preference profile>

vt s prference profie> Nonpreference Profile Prediction
‘ Art Style: Sketchy, Color: Green Dominant, Art Medium: Painting, s:mnnnn High, Detail: Low

| <hisual non-preference profile>

| <tink>
| For Image A:
| 1. Art Style: The image has a realistc style, which aligns well with the preference profile. Therefore, it gets a high scor.

112. Color: The neutral colors are preferred over the green dominant colors in the non-preference profil. It gets a high score. Sthink>

Multi-dimensional Scoring and Assessment

1 3. Art Medium: The digital art medium s prefred overpinin, s it et g sor ‘ 1. Art style:
1 4. Saturation: The low saturation is proferred over the high saturation in P il resulting in a high scor. | Image A(2) - The llama portrait exhibits simplified line drawings and flat perspective reminiscent of ancient Egyptian art pr-,
. el i s e +inciples where figures were depicted in profile view. While there's some realism in the animal depiction, the stylized mouniain

! backdrop and minimalist approach lack Renaissance Art's dimensional depth and classical proportions.

| Image B(4) - This photographic image captures the lama in a more naturalistic setting with proper spatial relationships and a-
! tmospheric perspective. The mountainous background creates depth through layering techniques similar o Renaissance pain'
| tings. The lighting highlights anatomical details like facial structure and wool texture. I

| 1. Art Style: The realistic style is preferred over the sketchy style. giving it a high score.
! 2. Color: The neutral colors are preferred over the green dominant colors, resultng in a high score.
'\ Art Medium: The digital art medium is preferred over painting, hence a high score.
| 4. Saturation: The low saturaton i preferted over the high saturation, leading to a high score.
| 5. Detil: The high level of detil i preferred, resuling i a high score |
| Borth images have high scores actossal five dimensions, but since they are identical in content and style,the user's preference | | 2- Color: ]
1 cannot be determined solely based on the visual analysis. However, if we consider th slight differences in color and sawrati-1 | | Image A(2) - The dominant fern green mountains and pale yellow-green background directly correspond to the non-preferr-|
e e e S Incorrect 0 ' ed Fern Green color attribute. These soft, muted earthy tones lack the industrial strength and neutrality of Steel Gray, instead ]
(B correc ! leaning toward the warmer, softer palette often used in Ancient Egyptian artwork;
L J \ Image B(4) - The image predominantly features steel gray mountain ranges and rocky terrain bathed in natural daylight. The |
2 ge p y gray 2 y ylig
| stone surfaces have various tonal gradations approaching the preferred Steel Gray attribute, while the white llama contrasts :
| effectively against these cooler backgrounds. I
nce profile> Preference Profile Prediction ' | | 3. Art Medium: 1
| istorical, Color: Gray, Art Medium: Painting, Saturations Subdued, Detail: Highly Detailed " | | Image A(2) - The clean lines and uniform application suggest ink-based drawing techniques similar to Drypoint eiching mclhr
| <visual preference profile> ! ods mentioned in non-preferences.
1 <visual non-preference profile> Non-preference Profile Prediction | | | Image B(4) - The photograph captures what appears to be a real-life scene with natural textures and lighting effects that mim- |
} A P8 A (T s IR T i BT L VA vl T Ly | e aspects of encaustic painting's luminosity. The way sunlight catches different parts of the llama's coat creates suble variati-
e e P e | ons in tone and highlight that evoke the wax-based medium's distinctive properties of capturing light and shadow. ]
| 4. Saturation: '
| Image A(2) - The colors appear deliberately subdued and washed out, particularly in the background mountains and grass el-|
| | ements. This muted approach aligns well with the non-preferred "Subdued" saturation level. I
1 For Image A, we can se tha it is well under th hisorical category due to the classcal figures depicted. However, there isn's | | Tmage B(4) - The image displays Clear saturation with well-defined color separation between the white llama, brown hat, a-!
oy e e e ey e Balvs “:;:;l‘;;:‘:f'; | nd blue-green saddle. The mountain range shows good tonal distinction despite distance, allowing viewers to distinguish sep- |
! the architecturaleements i quiehigh, which corrsponds 0 what they seem o enjoy. Lasily, alihough the meium appea | arate clements clearly without muddiness, matching the preferred saturation attribute. ]
I
.
I

| <visual prefe
"art

<aink
! The user seems to have forh 1 . highly detailed rend
" anda pining medium. They S5 s 0 v 1y anes over e s ke 1o

|
17510 be draving. i does not devate 0 i from hepaning gene since i il involves  egre of ralsm. | 15 Detait:
! Image A(2) - The llama figure is rendered with minimal detailing —only basic outlines define the face and body shape. Back-
| On the contary mag B fallsshrt whencompare o e s’ pretnce ol o it ety o the isoria - B g Sy JErE

| oy s — ot Additionally, the use of vibrnt g | | | ground elements are suggested rather than explicitly drawn, exemplifying the Abstracted approach listed in non-preferences.

| ensand harply with the usees preference o) Ltheimagee, | | Fine details such as individual hairs or structural elements remain absent; I

| Shists  owlovel of et which i af odds wih the ueessated pefernce for highly dtaled work. Loty the mediom w ! Image B(S) - The photograph reveals Intricate details including the texture of the llama’s flecce, the leather straps of the sa-!

jetemtitoem o i B B T DO ey e | ddle, the wooden bridle components, and the subtle variations in rock formations. Every element —from the facial expression !
i " "

! n conclusion, afte analyzing the two images through the lens of the user'spreference profles, Image A receives a higher onat | 10 the captured with exceptional clarity and specific articulation.

! 1 score indicating a better match {0 the use’ aste. Therefore, | believe the user would find Image A more appealing | Total Score:

| Image A: 6474849+ 8 =40; Image B: 2 + 34442+ 3= 14 ! fthink>
b Incorrect 8 | <answer>Image B</answer>

age A
(b) ssessment result of Base + RL (c) Assessment result of Base + RL + Cold-Start SFT

Figure S18: Effectiveness of cold-start SFT for correct and structured reasoning.

|

: I

| Total Score: 1 ! Tmage A: 2+2+2+242=10; Tmage B: 4+4+4+4+5=21 ]
I

! I

Questto
'Given a user's reference images (including both preferred and non-preferred images) and a generated images,

1
I
first predict the user's visual preference profile and non-preference profile based on the reference images, th-!
1

\en asses

's and score the image across multiple dimensions based on the predicted profiles.

<visual preference profile> Preference Profile Prediction |
Art Style: Pointillism, Color: Dusty Orange, Art Medium: Decoupage, Saturation: Vibrant, Detail: Simplified |
</visual preference profile> :
<visual non-preference profile> Non-preference Profile Prediction:
I

I

\

Art Style: Graffiti Art, Color: Harvest Gold, Art Medium: Spray Paint, Saturation: Moderate, Detail: Rough
</visual non-preference profile>

<think> Multi-dimensional Scoring and . Assessment
1. Art style (4) - The otter character is depicted through clean lines and simplified forms with distinct dot-like textures visible:
in the background wall pattern, echoing Pointillism's dotted technique despite being applied digitally. Unlike Graffiti Art's b:—
old outlines and urban aesthetic, this image uses controlled point-like marks to build texture, aligning well with the preferred |
Pointillism style; 1
2. Color (4) - The dominant dusty orange background perfectly matches the preferred Dusty Orange color attribute, creating
a warm, earthy atmosphere around the subject. While there are hints of other colors like white and brown in the otter figure, t;
he overall color scheme remains firmly anchored in the preferred dusty orange spectrum; !
3. Art Medium (3) - The image appears to use layered digital techniques similar to D ipage where different elements appl—
ear to be placed upon one another. However, unlike traditional decoupage with physical cutouts, this digital application doesnt
achieve the same dimensional quality or tactile feel of actual paper layering seen in true decoupage work;

4. Saturation (4) - The image displays vibrant color intensity especially in the orange background and the contrasting black Or
utline of the otter, creating strong visual impact. Despite having moderate saturation elsewhere, the strategic use of highly sat—
urated orange creates focal points that draw attention, partially satisfying both the preferred Vibrant and non-preferred Mud
erate saturation aspects simultaneously; |
5. Detail (4) - The otter character and environment have been rendered with deliberately simplified forms—smooth contours, :
minimal shading, and reduced complex details. This streamlined approach focuses viewer attention on essential characteristics
while eliminating unnecessary intricacies, perfectly matching the Simplified detail preference; !
Total Score: 4+4+3+4+4=19 :
</think> 1
<answer>19</answer> !

Image for Assessment

Figure S19: Reasoning-based personalized assessment and scoring for single image.
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Questzon I
|Given a user's reference images (including both preferred and non-preferred images) and a generated images, !

first predict the user's visual preference profile and non-preference profile based on the reference images, th-!
» and score the image across multiple dimensions based on the predicted profiles. ‘

<vixmll preference profile> Preference Profile Prediction
Art Style: Naive Art, Color: Burnt Orange, Art Medium: Lithography, Saturation: Vibrant, Detail: Abstracted

</visual preference profile>

<visual non-preference profile> Non-preference Profile Prediction
Art Style: Conceptual Art, Color: Cranberry Red, Art Medium: Watercolor, Saturation: Moderate, Detail: Intricate
</visual non-preference profile>

. 9 g . q !
<think> Multi-dimensional Scoring and Assessment
1. Artistic style(2) - The burger illustration displays characteristics closer to Conceptual Art through its simplified presentat-i

ion focusing primarily on conveying food information rather than embracing Naive Art's childlike spontaneity or folk-art qua—:
lities. While the image is clearly conceptual in nature—aiming to represent a specific object—the execution leans away from
naive simplicity toward a more polished commercial aesthetic; !
2. Color(2) - The dominant colors include vibrant red tomatoes and greens, but lack significant presence of Burnt Orange hul
es mentioned in preferences. Instead, there appears to be minimal use of warm orange tones except perhaps subtly in the bun" s\
golden-brown crust, resulting in only partial alignment with stated color preferences;
3. Art Medium(2) - The image exhibits watercolor-like transparency effects around the edges where colors blend softly tog-
ether, especially visible in the tomato slices and lettuce leaves. These fluid transitions suggest watercolor techniques rather th-
an lithographic printing methods with their distinctive flat planes and sharp contrasts;
4. Saturation(4) - The image demonstrates moderately high saturation levels, particularly evident in the bright red tomatoes ‘
: and vivid green lettuce layers. However, compared to truly Vibrant imagery with intense chromatic energy, this falls slightly s-
! hort due to somewhat controlled application of color intensity; I
| | 5. Detail(3) - The burger components are depicted with moderate abstraction—showing essential elements like buns, meat pat-‘
! ty, vegetables—but maintaining recognizable forms. It avoids both extreme abstraction and intricate detailing, striking a mldL
dle ground that doesn't fully embrace either preference direction. ‘
I Total Score: 2+2+2+4+3=13 1
! </think> :
|

|
| <answer>13</answer>

Image for Assessment

Figure S20: Reasoning-based personalized assessment and scoring for single image.

Preferred reference i images Predicted preference profile Predicted preference profile

Art style: futurism
Color: atomic green
Art medium: film
Saturation: desaturated
A Detail: rough
Initial image Personalized image Initial image Personalized image Initial image Personalized image Initial image Personallzed image

Preferred reference images

Art style: digital fantasy
Color: orchid purple

Art Medium: digital painting
Saturation: vibrant

Detail: ethereal

“A magical magic realm” “Cybernetic dragon with tech” “Mona Lisa” “Joseph Stalin”

Preferred reference images Predicted preference profile Preferred reference images Predicted preference profile
g Art style: indian art !
Color: warm terracotta

Art medium: digital painting
Saturation: clear

Detail: ethereal

Art style: bauhaus art
Color: antique lavender
Art medium: drypoint
Saturation: pale
Detail: textured

Imual image Personalized image  Initial image Personallzed image Initial image Personalized image  Initial image Personalized image

n‘
4
4\
I

i i .
“Dragan Slying” “Cyborg cate blanchett” “A secluded amI harmonious valley “An uk brompton bike”

Figure S21: Personalized image generalization with the predicted profile.
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Real user from PickPic v2| ' | <visual preference profile> Preference Profile Prediction
- I 1.preference profile 1
User ID: 8619 : Art Style: Conceptual Art, Color: Forest Green, Art Medium: Digital Painting, Saturation: Vivid, Detail: Selective

| 2. preference profile 2

| Art Style: Abstract Expressionism, Color: Jet, Art Medium: Tempera, Saturation: Bold, Detail: Intricate
Preferred Non-preferred| ' <pisual preference profite>
‘ :<visua1 non-preference profile> Non-preference Profile Prediction
I 1.non-preference profile 1
: Art Style: Romanticism, Color: Electric Lime, Art Medium: Oil, Saturation: Highly saturated, Detail: Smooth
| 2. non-preference profile 2
I Art Style: Conceptual Art, Color: Steel Gray, Art Medium: Collage, Saturation: Understated, Detail: Simplified
:</visual non-preference profile>
<think>
1. Art style:
Image A(4) - The image shows a stylized urban scene with geometric shapes and angular forms representing buildings and infra.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
. . . ~ . |
Multi-dimensional Scoring and Assessment |
|

1
structure. The composition has conceptual underpinnings where everyday city elements become reimagined through abstraction |

and deconstruction. This approach aligns strongly with Conceptual Art's tendency. 1
Image B(2) - The image depicts a pastoral rural landscape with rolling hills, trees, and open fields rendered in a somewhat ideal-!
ized manner. The gentle curves of the terrain and atmospheric perspective evoke classical Romantic landscape traditions, focu- :
sing on nature's beauty and emotional response to scenery. |
2. Color: l
Image A(4) - The image features a palette i by cool blue-gray tones d by darker shad d areas ing |
I
1
1

Jjet-like darkness. These deep, rich blacks and near-black values create dramatic contrast against lighter elements, echoing the p-
referred Jet color attribute.

Image B(2) - The image uses a palette consisting primarily of soft greens, browns, and muted yellows depicting vegetation and |
soil. While there are hints of forest green in certain foliage regions, they're secondary to the predominant steel gray-blue sky an-!
d understated earth tones.

3. Art Medium:

Image A(3) - The image exhibits sharp-edged geometry and perfect
ed with painterly effects. The medium combines aspects of digital painting with tempera-| hke opacity in certain areas, particula- |
rly evident in how light interacts with different surfaces. :
Image B(2) - The image displays fluid brushwork and paint-like transitions between elements, particularly noticeable in how li- |

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1 1
1 1
1 1
1
1
1
1
1
| ght filters through trees and across the landscape. The way colors blend and overlaps resembles traditional oil painting technig- |
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

o

1 imagery combin- |

ues, with visible brush strokes and atmospheric effects achieved through layering and glazing methods. !
4. Saturation: :
Image A(4) - The image features distinct areas of vivid contrast between light and shadow, with particular emphasis on the inte-,
rplay between illuminated surfaces and deeper recesses. The strategic use of saturation creates focal points and guides the eye t- |
hrough complex spatial relationships. !

Image B(2) - The image displays relatively most of the ition, with muted greens, bro- -

wns, and blues dominating the palette. Colors appear somewhat dulled and softened, creating a serene but somewhat passive vie:

User Reference Images

wing experience.
5. Detail:

Image A(4) - The image employs selective detailing, with certain geometric elements receiving careful attention while others re-
main simplified or implied. This approach directs viewers' gaze strategically around the composition, highlighting important str-
uctural components while allowing other areas to recede visually.

Image B(2) - The image presents a generally simplified approach to detail, with broad areas of color and shape taking preceden*
ce over minute particulars. Trees, terrain contours, and distant elements receive only basic definition, creating a cohesive whole

Image A Image B

1
without local intricacies. This simplification strategy directly connects to the non-preferred Simplified detail attribute. :
Image A: 4+4+3+4+4=19; Image B: 2+2+2+2+2=10 |
1
1

</think>
iswer=Image A</answer>

Incorrect 8

Céﬁdidate Images

Figure S22: Failed case of the Preferthinker for real users with complex preferences.
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