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ABSTRACT

User preference prediction requires a deep understanding of individual tastes. This
includes both surface-level attributes, such as color and style, and deeper content-
related aspects, such as themes and composition. However, existing methods
typically rely on general human preferences or assume static user profiles, often
neglecting individual variability and the dynamic, multifaceted nature of personal
taste. To address these limitations, we propose an approach built upon Multimodal
Large Language Models, introducing contrastive preference loss and preference
tokens to learn personalized user preferences from historical interactions. The
contrastive preference loss is designed to effectively distinguish between user
“likes” and “dislikes”, while the learnable preference tokens capture shared interest
representations among existing users, enabling the model to activate group-specific
preferences and enhance consistency across similar users. Extensive experiments
demonstrate our model outperforms other methods in preference prediction accu-
racy, effectively identifying users with similar aesthetic inclinations and providing
more precise guidance for generating images that align with individual tastes.

1 INTRODUCTION

Recent work in generative models (Ho et al., 2020; Dhariwal & Nichol, 2021; Sohl-Dickstein et al.,
2015k Nichol et al.| [2022; |Saharia et al.| |2022; Rombach et al., 2022; Ren et al.| 2024 [Esser et al.|
2024; Sauer et al.||2024a; Mo et al., [2025} [Zhou et al., 2025; [Zhang et al.l 2025} Ba et al.| 2025)) has
significantly advanced the field of image generation. However, these models often produce generic
outputs that may not align with the diverse and nuanced preferences of each individual user. A
particularly promising direction within this domain is user preference prediction based on generated
images, which has garnered increasing attention due to its capability to guide generative models
tailored to individual preferences. By aligning generated content with specific user interests, this
direction holds the potential to deliver unique user experiences, thereby enhancing user satisfaction
and engagement.

The feasibility of such personalized approaches is supported by psychological research, which sug-
gests that aesthetic preference is not arbitrary but often reflects a mixture of low-level visual features
(e.g., color, contrast) and high-level semantic content (e.g., subject matter, composition) (ligaya et al.,
2021). Such findings support the assumption that individual taste can be inferred from observable
image properties, laying the foundation for data-driven modeling of personalized visual preference.

Building on this foundation, the task of user preference prediction becomes well-defined: given
reference data, typically a set of liked and disliked images, the task of user preference prediction is
to identify preferences, such as color and content, that align with a user’s tastes. Fig.[l|provides an
illustrative example. Existing preference prediction models such as PickScore (Kirstain et al., [2023)),
ImageReward (Xu et al.||2023)), and HPS (Wu et al.| 2023bja) evaluate human preferences at a general
level, without granular individual-specific adaptation. Moreover, recent individual-level personalized
preference modeling (Salehi et al2024; [Shen et al.,[2024)) presents three primary issues: (1) focus
on superficial attributes like color and style, which limits their ability to capture the essence of a deep
content-level preference and (2) overlook the significance of users’ disliked images, which provide



Under review as a paper at the 2nd DeLLTa Workshop, ICLR 2026

User Preference Histo: Target Model
User Group X , W]

i' Al ) ? Ours

‘k‘ NS 4 ViPer

VAl e L ImR
e 2 r X

S e . Pick

'1 Aes

v

Ours

% ViPer
Pick
Aes
ImR

Figure 1: Our task aims to predict target images that align Figure 2: Qualitative comparison of user

with users’ tastes based on their history data. Users within preference prediction. (a) and (b) illus-

each group exhibit similar preference distributions and trate user-specific preferences for style

behavioral patterns, while users across different groups and content, respectively. The green

may display conflicting or complementary preferences. boxes represent the desired outputs that
match the user’s preferences.

valuable defeatist feedback and relative preference signals for refining preference understanding, (3)
fail to utilize the fact that users with similar tastes might share preferences for certain types of images.

Learning user preferences, while ostensibly analyzing individual historical reference data, fundamen-
tally requires global modeling—capturing both inter-user divergence, which defines individualized
content needs, and cross-user commonality, which enables structured learning across similar users.
While prior works in text-to-image generation often treat users as independent units, we posit that
users frequently exhibit shared preference patterns. This motivates us to formulate a user group struc-
ture, where intra-group consistency and inter-group divergence guide the preference modeling process.
Our approach is also inspired by recent developments in recommendation systems, where contrastive
clustering has been successfully employed to learn group-level behavior representations
[2024). Analogously, we design a multimodal preference learning framework built upon Multimodal
Large Language Models (MLLMs) (Laurengon et al., 2023} [2024}; [Hu et al.} 2024} [Yao et al.} 2024}
[Ci et all 2024} [Liu et al.] [2024bffa; [An et al.| [2025)), in which we introduce contrastive preference loss
terms to sharpen decision boundaries, and incorporate learnable preference tokens to dynamically
encode cluster-specific attributes. This design not only enhances individual preference discrimination
but also promotes alignment within user groups, leading to more consistent and structured preference
modeling. Our contributions are summarized as follows:

* We introduce a MLLM-based contrastive learning framework that enables the model to learn
discriminative features from users’ liked and disliked data, effectively capturing fine-grained user
preferences by modeling relative preference relationships among samples.

* We leverage learnable preference tokens to capture shared interests among users, allowing the
model to generalize better across users with similar tastes.

» Experimental results demonstrate that our model outperforms existing methods in preference
recognition accuracy. It is able to identify users with similar tastes and effectively generalizes to
new users with similar preferences. Furthermore, it provides more precise guidance for generating
personalized content.

2  METHOD

Our approach develops a discriminative preference model that aligns with user-specific tastes. We
leverage each user’s preference history S = {(Ipos, Inegs T)i}ﬁv:‘e{ containing N liked/disliked
images for prompt 7. For any target image pair (z1, 22), we define D, (21, z2) = 1[{Q(Sy, 21) >
Q(S., 22)], which equals 1 if user u prefers z; over z5 and 0 otherwise, where Q(S, z) is a preference
scoring function.
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Our approach aims to achieve global modeling of user preferences. Therefore, we formalize the user
preference structure through the following assumption:

Assumption 1. (User Preference Group Structure). We assume users partition into K groups {Uy } 1,
satisfying:
Intra-group homogeneity: For usersi,j € Uy:

d(8:,8;) < pr, E[|Q(Si; 2) — Q(S;, 2)[] < ex (1)
P[Di(z1,22) = Dj(z1,22)] > 1 — ax 2)
Inter-group heterogeneity: For users i € Uy, j € Uizi:
d(Si,S;) 2 ki, E[|Q(Si, 2) — Q(S;, 2)[] > max(ex, &) 3
P [Di(z1,22) # Dj(21,22)] 2 1 = Br )

Here, d(-, -) is a distance metric on user preference histories, ¢, controls the similarity of preference
scores within group; 1 — oy, guarantees the consistency of intra-group decisions; 1 — (; ensures
the divergence of inter-group decisions. This assumption illustrates that: intra-group homogeneity
ensures users within the same group have similar preferences and consistent decisions, while inter-
group heterogeneity guarantees significant preference differences and decision discrepancies between
different groups.

Motivated by Assumption |1} we propose a multimodal large language model-based contrastive
preference learning framework. As shown in Fig. [/ our method learns user preferences through
contrastive learning on image pairs and employs learnable preference tokens to encode individual
aesthetic patterns, enabling personalized preference modeling.

2.1 PREFERENCE LEARNING OBJECTIVE

We denote our model as M, which conditions on a user’s preference history S to assess the likelihood
of a user favoring a particular item 2. For the target item z, we define user preference as 2,5 if
the user likes the item and ze, if the user dislikes it. We define a comprehensive loss function that
combines a base classification loss with a contrastive preference loss, aiming to improve the model’s
ability to distinguish between “like” and “dislike” predictions.

2.1.1 BASELoSSs.

The base 10ss, Ly,se, aims to minimize the classification error across both “like” and “dislike” samples.
Let M™ (S, 2) and M~ (S, z) represent the logit outputs for predicting “like” and “dislike” outcomes
for a sample z, respectively. The associated ground-truth labels are represented as ypos and ypeg,
respectively. The base loss is defined as:

1
»Cbase = 5 (»C(M+(S» Zpos)v Ypos) + »C(Mi(sa Zneg)a Yneg)) ) (5)

where £(-) denotes a classification loss function.

Further Enhancing Preference Extraction. While £, capture basic preference patterns, they
fail to enforce discriminative separability between liked and disliked items, thus violating the group
structure constraints in Assumption[I] Consider the model’s preference prediction function:

exp(M*(S, 2))
exp(M* (8, 2)) + exp(M~(S,2))’

Crucially, Ly,s lacks mechanisms to explicitly maximize the logit margin of “like” and “dislike”
predictions. When M (S, 2) ~ M~ (S, z), we have Q(S, z) = 0.5, leading to ambiguous decision
boundaries. Such predictions fundamentally violate Assumption [I]in two ways: (1) users within the
same group U, have similar preference scores Q(S;, Zpos) = Q(S;j, Zpos)s Q(Si, Znes) = Q(S;, Zneg)
may make inconsistent pairwise decisions, violating the intra-group decision consistency constraint;
and (2) when users from different groups U}, and U/, both exhibit ambiguous predictions near 0.5,
violating the inter-group score divergence constraint. Simultaneously, their decisions may become
unexpectedly similar, thereby violating the inter-group decision divergence requirement.

Q(S,2) = ©)
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Figure 3: (a) Attention scores A represent interactions between preference tokens and target image
tokens for individual users. Each user has a unique reference history, and we concatenate the same
target image to the input sequence across users. For each user, the horizontal axis represents tokens
from the target image, while the vertical axis represents the preference tokens. Each user has five
random re-orderings of reference images. (b) Examples of images liked (v") or disliked (x).

Target Image Tokens

To further enhance preference extraction, we propose a contrastive preference learning approach
that enforces M (S, zpos) > MT(S, 2neg) and M~ (S, zneg) > M (S, 2pos). This contrastive
mechanism pushes preference scores away from the ambiguous boundary, creating decisive preference
predictions with higher confidence. A detailed mathematical analysis is provided in Appendix [C}

2.1.2 CONTRASTIVE PREFERENCE LOSS

We introduce two contrastive preference loss terms, £ and £_, which enhance the model’s ability
to differentiate between “like” and “dislike” predictions by emphasizing their relative rankings.

The positive preference loss £ ensures the model’s positive logits favor positive samples over
negative samples. Conversely, the negative preference loss £_ ensures the model’s negative logits
favor negative samples over positive samples. Together, these losses push predictions away from
ambiguous boundaries:

N
L, = —% Zloga(/\/l+($,zpos) — M (S, 2neg))
=1
@)
N
1 _ _
L= — ;mgo(M (S, Zneg) — M (S, Zpos))

where N is the number of samples and ¢ is the sigmoid function. The total contrastive preference
loss is the sum of these components, Lcp = L4 + L_.

The final loss function combines the base loss with the contrastive preference loss to enhance the
model’s ability to distinguish user preferences: L, = Lpase + Lcp- This helps the model optimize
for nuanced preference distinctions, leading to more accurate and effective predictions.

2.2 LEARNABLE PREFERENCE TOKENS

Based on Assumption [I] we need to adaptively identify user groups and activate corresponding
preference patterns without group labels, ensuring intra-group homogeneity and inter-group hetero-
geneity. Our key insight is leveraging the inherent soft-clustering properties of attention mechanism
for personalized group discovery and preference activation.

. . . . T
Consider the core computation of the attention mechanism: A(Q,K) = softmax ( %) For

any two users ¢,j € Uy, within the same group, satisfying the preference consistency constraint
d(S;,S;) < pr, there exists a Lipschitz continuous mapping ¢ : S — Q such that: |¢(S;) —¢(S;)| <
L - p., where L is the Lipschitz constant of the mapping ¢. Leveraging the Softmax KL Divergence
Bound lemma, the similarity of attention responses for users within the same group is constrained
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FLUX.1-schnell +CLIP +Aesthetic +ImgReward +PickScore

Figure 4: Qualitative comparison of text-to-image generation for three users. Each row shows user
preferences (Ref-dislike/like) and generation results from our personalized preference model vs.
image-text alignment (CLIP Score), aesthetic quality (Aesthetic Score), general human preference
(ImageReward, PickScore), and personalized preference (ViPer) models.

below:

k
Ex [KL(A(Q;. K)[|A(Q;. K))] < finh (o) ®)
where figfr)a is a group-specific continuous increasing function. For users from different groups,
i € Uy and j € Uy, satisfying the preference separability constraint d(S;, S;) > dy, their attention
responses are constrained by:

Ex [KL(A(Qi, K)[|A(Q;,K))] = g2 (510) ©)

(k1)

where g, ..

is an inter-group continuous increasing function.

Following this theoretical intuition, it can be concluded that attention mechanism can adaptively
cluster users with different preferences. However, in preference prediction tasks, the context varies
for different users, making it difficult for MLLM to formulate groups by adjusting the similarity of
attention. Therefore, we introduce additional, shared learnable preference tokens P, € RL» XD (o
provide an extra attention term, where L,, is the number of preference tokens and D is the embedding
dimension. This allows group discovery to be achieved by adjusting the attention towards these
preference tokens. Given a user’s historical sequence S and a target item z, we encode all input content
(excluding the target image label token) into a user-specific token sequence z,, € RY<*P These
preference tokens are then concatenated with the user sequence to form the complete input = [P,; z,,].
The Transformer uses attention where the user-specific sequence x,, serves as the Query, and the
preference tokens P, serve as both the Key and the Value, enabling selective activation of relevant
preference patterns.

Mining Similar Users via Attention Mechanism. To better understand how preference tokens
facilitate user similarity modeling and generalization to unseen users, we analyze the learned attention
scores A, which capture the interactions between input tokens and preference tokens. Fig. [3| visualizes
these interactions, where the same target image is concatenated across users with different reference
histories to examine how their preferences are represented. Specifically, Fig. [3](a) shows User 340 and
649, who exhibit a highly similar pattern of attention across multiple preference tokens, suggesting
that they share a common aesthetic inclination. Notably, User 649 is present in the training set,
while User 340 is an unseen user. However, the learned preference tokens effectively bridge this
gap by encoding shared thematic patterns, such as an affinity for landscapes with dramatic skies,
silhouettes, and nightscapes. This observation supports our claim that preference tokens serve as
a structured preference representation that captures common aesthetic traits across users, transfers
knowledge to unseen users, ensuring that their preferences are accurately inferred without requiring
direct memorization of past interactions. In contrast, Fig. E] (b) illustrates that Users 454 and 700
exhibit distinct attention patterns, revealing that the preference token space does not simply cluster
all users together but rather preserves individual differences while leveraging commonalities where
applicable. Further details and analysis can be found in Appendix [D]
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Model | AesScore CLIP Score ImageReward HPS Score  PickScore* | IDEFICS ~ ViPer  Ours
Neer 0 0 0 0 0 8 8 8
accuracy (%) 49.96 53.13 55.64 56.85 57.72 50.27 55.15 61.68

* Trained with the same dataset as our model.

Table 1: Preference classification accuracy on pairwise comparisons.

62
T — Table 2: Accuracy in one-positive-three-negative evalua-
60 | F ——— tion setting. We report the top-1 to top-3 accuracy (%).
Model Nyt Top-1 Acc  Top-2 Acc  Top-3 Acc
58 1 —c— urs
T Random 0 25.0 50.0 75.0
s6 Aes Score 0 28.11 54.12 78.33
CLIP Score 0 30.04 55.82 76.05
5 ] ImageReward 0 31.42 58.01 78.47
IDEFICS 8 24.40 51.88 78.33
s s 4 > ViPer 8 31.20 56.45 78.65
. . A . e Ours (w/o P,) 8 35.72 61.64 83.44
Figure 5: Prediction accuracy with dif: Ours 3 3747 62.85 84.74

ferent numbers of images (Nier).
3 EXPERIMENTS

3.1 USER-SPECIFIC PREFERENCE PREDICTION

Datasets. We process Pick-a-Pic v2 dataset (Kirstain et al., [2023)), which is collected through real
user interactions, to obtain user-specific preference datasets based on user IDs. This large-scale,
diverse dataset captures a broad spectrum of aesthetic preferences, making it a strong benchmark for
user-specific preference modeling. The processed dataset includes 224, 952 images and 2, 267 users
in the training set, 1, 707 images and 89 users in the validation set, and 2, 234 images and 70 users in
the test set.

Implementation Details. Following the approach of (Salehi et al., 2024), we use IDEFICS2-
8B (Laurencon et al.| [2024) as our MLLM. We employ a batch size of 64, training on 8 A100 (80GB)
GPUs with a local batch size of 2 pairs and gradient accumulation over 4 steps.

Evaluation Metric. We evaluate user-specific preference prediction using top- K accuracy, which
measures whether the liked image ranks among the top K candidates out of multiple disliked ones.

Comparison to Other Methods. In our study, we compare our method with several existing
approaches: (1) CLIP (Radford et al.2021)), designed to evaluate generic text-image alignment, (2)
LAION Aesthetic Score Predictor (Schuhmann et al.,2021)), which evaluates aesthetic quality, (3)
ImageReward (Xu et al.;[2023), (4) HPS (Wu et al.| [2023a)) and (5) PickScore (Kirstain et al., 2023),
which focus on learning general human preferences and consider relative preferences between images,
and (6) ViPer proxy model (Salehi et al., [2024)), which is trained on a preference dataset constructed
from 5,000 simulated agents representing diverse individual preferences.

Qualitative User-Specific Preference Prediction. In Fig. [2] we compare our model to ViPer,
PickScore, ImageReward, and Aesthetic Score. Our model effectively aligns with user-specific
preferences by distinguishing styles and content according to user reference data. For instance,
in Fig. 2] (a), our method accurately captures the user’s preference for anime-style imagery with
specific attributes such as color, theme, and character features. In Fig. E] (b), Our method alleviates
semantic ambiguity, particularly when handling terms like “grey cat” that encompass multiple visual
appearances under a single designation, ensuring that the generated images better reflect the user’s
intended preferences. More results are in Appendix

Quantitative User-Specific Preference Prediction. Tab. 2]and Tab. [I] show that our model achieves
the highest accuracy, outperforming baselines like ViPer, CLIP, and ImageReward. It performs
especially well in settings with multiple disliked images. Generic metrics perform poorly, reflecting
the gap between general and personalized preferences. Unlike ViPer, our model captures fine-grained
user-specific patterns through contrastive learning and preference tokens, resulting in more accurate
and robust predictions.
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Table 3: Evaluation comparison on pref-

[e=wamime — b s
Ours vs. Aesthetic
Claude-3.5-Sonnet 47.96
L Human Expert 57.60
Ours 60.45

Table 4: Ablation study for preference
tokens numbers.

Number of P, Top-1 Acc (%)

0% 25% 50% 75% 100% 5 61.41
Figure 6: Human expert evaluation of generated images 10 61.63
from different methods on SD1.5-Turbo. 20 61.19

Table 5: Quantitative Results. Bold and underlined values represent optimal and second-best
performance respectively.

Model Aesthetic(t)  CLIP Score(f) ImageReward(1) PickScore(1) HPS Score(t) CSD Score(1) ViPer (1)
SD1.5-Turbo 5.81 35.44 0.69 21.92 28.04 0.32 0.21
+ ViPer 5.57 34.08 0.31 21.55 2791 0.38 0.62
+ Ours 5.99 34.45 0.60 22.28 28.49 0.42 0.84

Number of User Reference Preferences. As demonstrated in Fig. [5] our method consistently
maintains the highest pairwise classification accuracy as the preference sequence length varies.
This indicates that our model can effectively preserve accuracy with limited reference data. In
contrast, ViPer shows a decline in accuracy as sequence length shortens, highlighting the stability
and adaptability of our approach in scenarios with limited user reference.

Evaluation with Multimodal LLM and Human Experts. To evaluate real-world performance,
we conducted a user study on 200 randomly sampled test cases. Claude-3.5-Sonnet (a state-of-the-art
multimodal language model) and ten human experts were asked to infer preferences from reference
images and select the preferred image from each pair. As shown in Tab.[3] our model outperforms
both Claude-3.5-Sonnet (47.96%) and human experts (57.60%) with a top-1 accuracy of 60.45%.
This indicates that our method not only captures clear aesthetic signals but also models subtle user
preferences more effectively than humans.

3.2 PERSONALIZING GENERATION WITH USER PREFERENCES

Datasets. To evaluate our model’s ability to learn detailed attribute preferences and guide image
generation accordingly, we constructed a diverse dataset. To simulate realistic user preferences, we
configured 30 Claude agents to represent diverse human preferences across 7
key dimensions: Art styles, Color palette, Composition, Skill level, Detail level, and other aesthetic
attributes. To ensure diverse preferences, each agent was configured with unique sets of preferred
and dispreferred attributes, maintaining at least 80% Jaccard distance between any pair of agents’
preference profiles. For image generation, each agent utilized FLUX.1-schnell (Black Forest Labs|,
[2024) to generate 10 images aligned with their preferences and 10 images representing their dislikes,
resulting in a dataset of 600 images total. Examples of generated images and dataset details are
provided in Appendix

Experimental Setup. Following the ReNO approach (Eyring et al.| 2024), which enhances image
generation quality by optimizing initial noise during inference using reward model guidance, we
generate images guided by our preference model while incorporating both positive and negative user
feedback. We first generate initial target images, then utilize the agent preference data as input to
our model, which provides reward signals for iteratively optimizing these target images. Specifically,
we apply Eq. (6) to obtain the guidance signal, which is subsequently used in an iterative refinement
process to enhance target image adherence based on the learned user preferences. We conduct
experiments using two generative models: FLUX.1-schnell (Black Forest Labs, [2024)) and Stable
Diffusion 1.5 Turbo (Sauer et al,[2024b)). The images are generated using the same random seeds.
Additional experimental details are provided in Appendix [D]
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Table 6: Clustering evaluation metrics for the ablation study.

Method Silhouette Score (1) Davies-Bouldin Score (|) Top-1 Acc (%)
Base Loss 0.596 0.812 60.47
+ Lep 0.635 0.812 61.37
+ L¢p + P, (Ours) 0.646 0.806 61.68

Evaluation Metric. We employ 7 comprehensive evaluation metrics to assess our model’s perfor-
mance. In addition to 5 standard general-purpose (Aesthetic, CLIP) and human preference metrics
(PickScore, ImageReward, HPS), we introduce two specialized metrics: (1) We assess style-following
performance using CSD metric (Somepalli et al., 2024)) to evaluate how well the generated images
maintain consistency with the specified artistic styles and attributes. (2) We utilize the ViPer proxy
metric, which predicts user preferences by analyzing reference images.

Enhancing Image Generation with User Preferences. As shown in Tab. [5] our method effectively
enhances Stable Diffusion 1.5 Turbo (base model) across most metrics by learning richer attribute
preferences from user feedback, particularly excelling in personalized preference metrics, and
significantly outperforms ViPer across all metrics. This demonstrates that our model can effectively
utilize user preferences to refine and guide image generation. Fig. ] shows generation examples
for three different preferences on FLUX.1-schnell with different reward models, where our model
successfully extracts personalized preferences and ensures superior image generation results.

User Study. To assess the effectiveness of different reward models in guiding personalized image
generation, we conducted a user study involving ten human experts. Experts were asked to compare
pairs of images generated using different reward models and select the one that better aligns with
the reference preferences. As shown in Fig. [6] our method consistently outperforms all baselines,
achieving win rates above 79% across all comparisons. This highlights the superiority of our approach
in capturing fine-grained user preferences for generation tasks.

3.3 ANALYSIS AND ABLATION STUDY

We perform ablation studies and conduct thorough analysis on the processed Pick-a-Pic v2 dataset to
investigate the impact of the contrastive preference loss, learnable preference tokens, and the number
of preference tokens. To assess whether our model captures structured user preference patterns, we
sample 70 users from the test set, each with 16 historical preference images. All users are paired
with the same target image, and we extract the final token embedding from the last layer of the
MLLM. These embeddings are then clustered using K-means (MacQueen, [1967), and clustering
quality is evaluated using Silhouette Score (Rousseeuw, |1987) and Davies-Bouldin Score (Davies
& Bouldin, [1979). As shown in Tab. @, incorporating L., and P, significantly improves cluster
compactness and separation. This indicates that our method successfully discovers user groupings,
aligning with the group structure assumption in our framework. Besides, the full model achieves
a top-1 accuracy of 61.68%, representing a cumulative performance gain over the baseline model.
Additionally, we perform ablation experiments to analyze the impact of preference token length. As
shown in Tab.[4] the results demonstrate that using 10 preference tokens achieves the highest Top-1
accuracy, slightly outperforming configurations with 5 and 20 preference tokens, while the overall
differences remain small. This indicates that the selection of preference token quantity exhibits good
robustness, effectively enhancing personalized modeling of user preferences within a reasonable
range.

4 CONCLUSION

In this paper, we propose a novel approach for user-specific preference prediction in generated images
by leveraging Multimodal Large Language Models (MLLMs). To address the limitations of existing
methods that focus primarily on general human preferences or superficial attributes, we introduce
contrastive preference loss and learnable preference tokens. The contrastive preference loss enables
the model to distinguish between users’ “likes” and “dislikes” more effectively, while the preference
tokens capture shared interests across users, enabling both personalization and generalization. Exten-
sive experiments demonstrate that our model outperforms existing methods in preference prediction
accuracy, effectively identifying users with similar aesthetic inclinations and providing more precise
guidance for personalized content generation.
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In this supplementary material, we provide comprehensive additional resources to further support
our research. These include representative training samples, additional qualitative results to illustrate
the model’s behavior. Furthermore, we provide an in-depth description of experimental setups for
reproducibility to offer deeper insights into the implications and potential improvements of our
approach.

A RELATED WORK

Modeling user preferences in text-to-image generation is essential for improving alignment with
human aesthetics and expectations. Existing research in this area can be broadly categorized into two
main categories: general preference modeling, which focuses on capturing collective human judg-
ments to enhance overall image quality, and user-specific preference modeling, which personalizes
image generation based on individual tastes and behaviors.

General Preference Modeling for Human-Aligned Image Generation. Researchers have explored
various strategies to improve alignment, categorized into three approaches: (1) Filtering Training
Data with Preference Scores. By selecting training data based on human feedback scores or automated
metrics, models can benefit from high-quality examples that reflect specific user demands. For
instance, Liang et al. (Liang et al., 2024a) demonstrates how filtering data based on feedback scores
leads to improved model performance, as it ensures that only the most relevant examples are used
for fine-tuning. Similarly, HPS (Wu et al., [2023bga) builds upon this concept by introducing a
scoring mechanism to prioritize image-text pairs closely aligned with user preferences, making
the model more responsive to varied user expectations. (2) Reward-Weighted Fine-Tuning for
Human-Aligned Models. In this approach, models are fine-tuned using reward signals that weigh
heavily on user satisfaction. Lee et al. (Lee et al., [2023)) exemplifies this by incorporating feedback-
based rewards during training, which generates outputs aligned with user preferences. Furthermore,
ImageReward (Xu et al.,[2023) provides a structured method for translating human judgments into
reward functions, which guides the model’s fine-tuning process. By giving greater importance to
rewards that capture user satisfaction, these methods tailor the model’s outputs to reflect diverse
and nuanced user tastes. (3) Reinforcement Learning for Preference Optimization (Mo et al.| [2024;
Hao et al.l 2023 [Chen et al., 2024} |[Liang et al.l [2024b). Recent work (Mo et al., [2024; |Hao
et al., 2023) uses reinforcement learning to optimize the input prompts for high-quality images.
DiffusionDPO (Wallace et al.,[2024) leverages user preferences to fine-tune the model, improving its
ability to generate images that reflect user choices. D3PO (Yang et al., [2024)) eliminates the need to
train an explicit reward model by directly fine-tuning the diffusion model using human preference
data. Its training strategy is grounded in human preference comparisons and achieves performance
comparable to traditional reward-based methods.

User-Specific Preference Modeling and Personalized Image Generation. In recent advancements
in personalized image generation, several approaches have emerged to better align generative models
with individual needs. While customization-based methods like DreamBooth (Ruiz et al., [2023)) and
Textual Inversion (Gal et al.,[2023) focus on incorporating specific objects or styles through fine-tuning
with a few example images, user-preferred personalized image generation takes a different approach
by learning broader user preferences and aesthetic tendencies. These approaches, while effective for
small datasets, focus on integrating specific instances rather than broader user behaviors. To improve
personalization, Salehi ef al. (Salehi et al., 2024) proposes a standardized process to collect user
preferences using a few query images. User feedback is then systematically incorporated to adjust
the preferences extracted from the user during the generation process. Additionally, Shen ef al. (Shen
et al., 2024) introduces a method to integrate user-specific preferences across different modalities,
such as text and images, creating personalized outputs by leveraging historical interactions, such as
clicks and conversations. This multimodal approach significantly enhances the models’ adaptability
to align with user needs.

B MORE QUALITATIVE ANALYSIS RESULTS

We present a comparison between our model and ViPer (Salehi et al., 2024), supported by qualitative
results in Fig.[0] where target images with green borders indicate preferences aligned with the user.
Unlike ViPer, which primarily relies on explicit features from reference images, our method leverages
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Figure 7: Overview of our MLLM-based preference learning framework. (a) The visual encoder and

text embedding module extract preference representations Ty /= by processing the preference history
S and a target item Zpog/neg-

Multimodal Large Language Models (MLLMs) to capture deeper semantic relationships in user
preferences. By leveraging learnable preference tokens, our approach captures both shared and
individual preferences, enhancing prediction accuracy and robustness.

C MATHEMATICAL ANALYSIS OF AMBIGUOUS DECISION BOUNDARY
CHALLENGES

The ambiguous decision boundary problem is most prominent when comparing user preference
choices. As established in the main text, when M™ (S, z) &~ M~ (S, z), the prediction function
yields Q(S, z) & 0.5, creating unstable decision boundaries. We now provide a detailed mathematical
analysis of how this ambiguity leads to violations of both intra-group consistency and inter-group
discrimination requirements in Assumption 1.

C.1 INTRA-GROUP DECISION INCONSISTENCY AT AMBIGUOUS BOUNDARIES

Consider a scenario where users 4, j € Uy, from the same group evaluate an image pair (21, z2). When
the model’s predictions approach the ambiguous boundary of 0.5, the following problematic situation
can occur.

For the predicted scores of user ¢:

Q(Si,zl) = 0.5+ 61, Q(Si,ZQ) =0.5—-16; (10)

For the predicted scores of user j:

Q(Sj, Zl) = 0.5 — do, Q(Sj, 22) = 0.5+ 6y (11

where d; and 02 are small perturbations. Although these predictions satisfy the score similarity
constraint from the assumption:

|Q(Si, z1) — O(Sj, 21)| < ek (12)

However, due to minute differences around the 0.5 boundary, the pairwise decisions of the two users
become completely inconsistent. Specifically, the decision for user ¢ is:

D;(z1,z2) = 1{Q(S;,z1) > Q(S;,22)] =1 (13)

whereas the decision for user j is:

Dj(Zl,Zg) = 1[Q(Sj,21) > Q(Sj,ZQ)] =0 (14)

This inconsistency directly violates the intra-group decision consistency requirement from the
assumption:

]P’[Di(zl,zg) = Dj(Zl,Zg)] Z 1-— (677 (15)
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C.2 INTER-GROUP DECISION CONSISTENCY AT AMBIGUOUS BOUNDARIES

Similarly, when users from different groups U} and U/; both exhibit ambiguous predictions near 0.5,
their preference scores become unexpectedly similar, leading to undesired inter-group consistency.

Consider the case where both users have predictions close to the ambiguous boundary:
Q(Sl,z) =0.5+ 6, Q(Sj,z) = 05+(57 (16)

where |0;], |d;] < 0.5 are small perturbations. This results in:
1Q(8i, 2) — Q(S;, 2) = |05 — 65| <[] + 1651 (17

This proximity violates the inter-group score divergence constraint, as the expected difference can be
arbitrarily small:
E[|Q(Si, z) — Q(S;, 2)|] = 0 < max(ex, ) (18)

Furthermore, when both users’ predictions hover around 0.5, their pairwise decisions for an image
pair (21, 22) may coincidentally align:

D;(z1, z2) = 1{Q(Si, z1) > Q(Si, 22)] = Dj(z1, 22) (19)
This unexpected agreement between users from different groups violates the inter-group decision

divergence requirement:
P[Dy, (21, 22) # Du; (21, 22)] <1 — B (20)

To resolve this fundamental issue, our contrastive preference learning method enforces clear prefer-
ence discrimination through the following constraints.

For a positive sample, the positive logit is forced to be significantly greater than the negative logit:
M+(Sazpos) > M_(Sazneg) 21

For a negative sample, the negative logit is forced to be significantly greater than the positive logit:
M(S, 2Zneg) > MF(S, zpos) (22)

C.3 INTRA-GROUP CONSISTENCY ANALYSIS

When the contrastive constraints are satisfied, clear decision boundaries are established that ensure
intra-group consistency.

For a positive sample 2o, We have:

exp(MT(S, zpos))

S, Zpos) = 0.5 23
S 2m) = G ME(S, )] + 05D (M (8. 7)) 9
Similarly, for a negative sample zpe:
+
Q(S7 Zneg) = eXP(M (87 Zneg)) < 05 24)

exp(MH(S, zneg)) + exp(M~ (S, Zneg))

Let 7 > 0 be a confidence margin. The contrastive constraints then ensure:
(S, 2pos) > 0.5+ 7, Q(S, 2neg) <05 —7 (25)

In this scenario, for users i, j € Uy, within the same group, even with score perturbations €y, decision
consistency is guaranteed when ¢, < 7:

|Q(Sivzpos> - Q(Sj7 zpos)l <e <T (26)

This ensures that the decisions of both users on the same image pair remain consistent:
D; (Zp057 Zneg) = Dj (Zp057 Zneg) =1 27

This satisfies the intra-group decision consistency constraint.
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C.4 INTER-GROUP DISCRIMINATION ANALYSIS

For users from different groups ¢ € Uy, and j € U; where k # [, the contrastive constraints create
distinct preference distributions that ensure proper inter-group discrimination.

Under the contrastive learning framework, users from different groups develop distinct preference
patterns for the same images. Consider the case where user u; from group U}, has learned to prefer
certain visual patterns, while user u; from group U has learned different preferences.

For an image =z that group U}, generally likes but group U dislikes, we have:
Q(S;,2) > 05+71, 9Q(S;,2)<05—7 (28)

This leads to a significant score difference:
1Q(8:i,2) — Q(S;,2)| 2 (05 +7) = (0.5 —7)] =27 (29)

When 27 > max(eg, ), this satisfies the inter-group score divergence constraint:
E[|Q(Si, 2) — Q(S;,2)[] = 27 > max(ex, €) (30)

Furthermore, for pairwise decisions on an image pair (21, 22) where the groups have opposite
preferences, we obtain:
Dui(zl,ZQ) = ]., Du]. (Zl,ZQ) =0 (31)

This ensures the inter-group decision divergence requirement is met:

P[Dy, (21, 22) # Du;(21,22)] = 1 > B (32)

Therefore, by enforcing 7 > max(eg, €;)/2, our contrastive preference learning method simultane-
ously satisfies both intra-group consistency and inter-group discrimination constraints specified in
Assumption 1.

D MORE EXPERIMENTAL DETAILS

Examples of Training Data. Our dataset, based on Pick-a-Pic v2 dataset (Kirstain et al., [2023)),
focuses on image pairs annotated with user preferences. To ensure reliability, we filtered entries to
include only users with at least 11 unique liked images. Fig.[I0and Fig.[TT|present a selection of the
training set from the dataset, providing valuable insights into how user-specific preferences. Patterns
distinguishing a user’s likes and dislikes are evident.

Training. To conserve memory, each prompt is truncated to a maximum length of 100 tokens, and
input images are resized to 512 x 512 pixels. Following the setup of (Salehi et al., [2024), we set the
length of each user’s preference history sequence, N, to 8. The learning rate is set to 1 x 1075,
with a weight decay of 1 x 10~2. The language model is fine-tuned using QLoRA (Dettmers et al.,
2023)), while the vision encoder is trained simultaneously. The input tokens template for the MLLM
is “<image>The prompt is <prompt>. Score for this image?<label>". We first train the MLLM
using our custom loss function for 5k steps. After this phase, we continue training for 16k steps,
during which both the model and the learnable preference tokens are jointly optimized. To prevent
the model from overfitting to a fixed input pattern, we randomly shuffle the order of the reference
history sequences during training.

User Preference Dimensions and Attribute Space in the Agent Dataset. To simulate diverse and
fine-grained user preferences, we construct a dataset using the Claude-3.5-Sonnet agent. We first
define a comprehensive taxonomy of aesthetic attributes spanning multiple key dimensions, as shown
in Table[/| These dimensions include art styles, color palettes, compositional strategies, skill levels,
visual detail, color hues, and artistic mediums. Each agent is assigned a personalized subset of liked
and disliked attributes, sampled from the full attribute space. This configuration enables controllable
and individualized preference simulation. The richness of the attribute space ensures that agents
exhibit highly diverse and nuanced preferences, mimicking the variability observed in real-world
users. Some examples of generated agents are illustrated in Fig. [8] with their corresponding attribute
configurations listed in Tab.
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Figure 8: Some examples in Agent Dataset.

Dimension Example Attributes

Art Styles Surrealism, Aboriginal Art, Ukiyo-e, Romanticism, Anime/Manga, Con-
temporary Abstraction, Ancient Greek Art, Baroque Art, Abstract Ex-
pressionism, Art Deco, Cubism, ...

Color Palettes Oceanic Tones (e.g., Turquoise, Deep Sea Blue), Neon (e.g., Laser Blue,
Hot Magenta), Urban Industrial (e.g., Alloy Silver, Iron Black), Pastels
(e.g., Mint Green, Peach), Muted Shades (e.g., Dusty Rose), Vibrant
Colors, Earthy Palettes, ...

Composition Invented vs. Real Space, Dynamic/Static Tension, Grid-Based Layouts,
Pictorial vs. Installation, Foreground vs. Background Contrast, Rule
of Thirds, Negative Space Use, Deep/Shallow Space, Balanced or Frag-
mented Structures, ...

Skill Level Rigorous, Intuitive, Spontaneous, Experimental, Polished, Effortless,
Graceful, Heavy-handed, Sophisticated, Controlled, Inventive, ...

Detail Level Tactile, Sharp, Subtle, Elaborate, Vivid, Blurred, Simplified, Defined,

Smooth, Intricate, Muted, Textured, ...
Hues Turquoise, Magenta, Burgundy, Indigo, Crimson, Yellow, Slate Gray,
Cerulean, Forest Green, Orange, ...
Artistic Medium  Mixed Media (e.g., Found Object, Assemblage), Printmaking (e.g.,
Lithography, Woodcut), Digital (e.g., 3D, Virtual Reality), Traditional
Painting (e.g., Tempera, Watercolor), Textile Arts (e.g., Weaving, Em-
broidery), Ceramics, Sculpture, Drawing, ...

Table 7: Overview of user preference attribute space across key aesthetic dimensions.

Evaluation Prompt of Claude-3.5-Sonnet. To provide an additional benchmark for evaluating
preference prediction accuracy, we employ Claude-3.5-Sonnet, a powerful large multimodal
model, as an automated annotator simulating user-level preference reasoning. For each test
case, we supply the Claude agent with a set of reference images representing the user’s
preferences (liked and disliked examples), along with two candidate images. The agent is
instructed to infer visual preference patterns from the references and select the more preferred
candidate based on visual alignment. The exact prompt used for each evaluation instance is as
follows: "You are given a set of reference images indicating user
preferences: the images in <image>, ...,<image> are liked, and

those in <image>, ...,<image> are disliked. Based on the visual
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Agent

Dislikes

Likes

Vivid Purple, Radiant Red, Social
Realism, Romanticism, Contempo-
rary Abstraction, Mesoamerican Art,
Charcoal Black, Pink, Foreground,
Negative Space, Closed space, Picto-
rial, Free-flowing, Effortless, Exper-
imental, Polished, Unfocused, Tac-
tile, Smooth, Ethereal, Turquoise,
Burgundy, Collage, Metal, Crochet-
ing, Drypoint

Deep Sea Blue, Jungle Green, Oceanic
Art, Traditional African Art, Islamic
Art, Buttercream, Alloy Silver, Rule
of Thirds, Invented space, Rhythmic,
Mlusion of Depth, Graceful, Intuitive,
Powerful, Meticulous, Elaborate, Soft,
Sharp, Muted, Slate Gray, Blue, Ma-
genta, Orange, Decoupage, Virtual Re-
ality, Cyanotype, Found Object

Yellow, Land Art, Situationist Art,
Performance Art, Ukiyo-e, Faded
Denim, Mint Green, Turquoise,
Closed space, Foreground, Invented
space, Centralized, Experimental,
Inventive, Graceful, Sophisticated,
Smooth, Vivid, Expressive, Ma-
genta, Gold, Emerald, Glass, 3D
Modeling, Digital Collage, Ink

Naive Art, Contemporary Abstraction,
Color Field Painting, Fauvism, Deep
Indigo, Jet, Ocean Green, Electric
Lime, Pictorial, Golden Ratio, Symme-
try, Fragmented, Effortless, Classic, So-
phisticated, Subtle, Fine, Abstracted,
Sharp, Teal, Orange, Slate, Polaroid,
Spray Paint, Watercolor, Found Object

Table 8: Some examples in Agent Dataset.

patterns and preferences inferred from these references, classify
a target image by comparing two candidates: <image> and <image>.
Output only the index (0 or 1) of the image the user would prefer,
with explanation."

In each query, <image> placeholders are replaced with actual image content using Claude’s multi-
modal input interface. The agent’s selection (index O or 1) is parsed to compute top-1 accuracy across
the test set. The performance of Claude-3.5-Sonnet is reported in Table 3 in main text, achieving a
top-1 accuracy of 47.96%. This result offers a meaningful reference point for understanding model
performance relative to state-of-the-art language-based multimodal reasoning capabilities.

Image Generation Guided by Our Models. Following the method outlined in (Eyring et al., [2024),
we assign the weight 0.75 to our model. The initial image is optimized over 30 steps. For our model,
we replace non-differentiable components of the vision preprocessor such as numpy-based resizing
and similar operations with PyTorch operations. The preprocessed image is then integrated into the
model’s input for optimization, ensuring that gradients flow seamlessly from the output score (in
Eq. (6)) back to the initial image.

Visualization of Attention Scores. After applying the softmax operation in the self-attention
mechanism, we extract attention weights, which are used to compute the weighted average within the
self-attention heads. For visualization, we use the attention scores from head No. 28.

E THE ROLE OF LARGE LANGUAGE MODELS (LLMS)

We employed large language models (LLMs) exclusively as writing aids during the preparation of this
manuscript. Their use was limited to enhancing readability through language refinement, grammar
correction, and stylistic polishing. The models were not involved in formulating research questions,
developing methods, conducting experiments, or interpreting findings. All conceptual contributions,
technical innovations, and conclusions presented in this paper are entirely attributable to the authors.
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User Reference Preference
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hundreds of sith warships in space facing viewer, symmetrical, centered, front view, highly detailed, centered, digital painting, ultradetailed, artstation, digital
painting, cgsociety, octane render, sharp focus, illustration, cinematic lighting, 8k hd hyper realistic, intricate, lifelike, golden hour, highly detailed, art by ralph
mcquarrie, James Ferdinand Knab, William O'Keefe, Boris Vallejo, Peter Kemp, Joshy Lee, Otto Schmit, and Aja RICKO

Like
Ours

Dislike
ViPer

Gothic echoing ambient Gothic Gothic echoing ambient  echoing ambient  echoing ambient echoing ambient Gothic

cathedral ina ™Music sounds cathedral in a cathedral ina ~ ™usic sounds music sounds music sounds music sounds cathedral in a

stormy night rgverbermmg na - stormy night stormy night ina. re ating in a ina r‘everbemlmg ina stormy night
foggy dungeon foggy dungeon  foggy dungeon  fogay dungeon foggy dungeon

Figure 9: Visual comparison of user-specific preference alignment between our model and
ViPer (Salehi et al [2024) across varying preferences. Target images with green borders indi-
cate preferences aligned with the user. Our method demonstrates effective capture of user-specific
personalized results.
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User Reference Preference
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Anime black haired tan purple dragon girl with red tracksuit manga purple horns large scaly tail red tracksuit purple eyes

N
=
=
-2
W\ & 7 4
selfie of @ historical Iviv, acity street at night, — photo of a A cute Iviv, closeup photo portraitof — Photorealist  [iminal photo focused photo
. g apicture, by Zoltan Joo, g DSLR agiant Cthulhu, a city streetat e sill from - s
surfer archive photo ! panicking : . P, J of an empty of snowflakes
world press photo L . night, a picture, by Zoltin Joo, silent hill, 5 Y
inside a of a medonalds  qyarded, blackout, no  surfer inside  photo of  suorld press photo awarded, Jog, at might plane, lights Jalling in the
Jfound inside of  electricity, traversinga  a water bear and  blackout, no electricity, ;Lgb‘;g;;‘ " turned off; desert
water a prehistoric shadowy city, view from  tornado, high  cow traversing a shadowy city, view 19905
tornado cave street angle, breathtaking, . i hvbrid  fromstreet angle, photo,ambie
winter snow, kodak ekiar 4 breathtaking, winter snow, nt lighting
100, Pentax 645 kodak ektar 100, Pentax 645

Sunset lat illustration  aflat vector illustration  flat vector Generate a aglowing cube  modern flat illustration  flat vector modern flat illustration of
reflecting on  vector graphics  of apainting of a person  graphics style vector Sloating in space, of man standing on a graphics style man standing on a

werstal vl of camera, kIS rough €Sors. ihsiraion of blue gradient  platform in space, highly

astorybook illustration illustration of  colors, modern detailed background illustration of - platform in space, highly

ball glowing by Petros Afshar, behance  “*""% gluw_‘ "8 retro car flat illustration,  with abstract shapes, app. lg.' glﬂwm.g detailed background with
gradients, noise " gradients, noise 5 ‘ N " gradients, noise  abstract shapes, blue
contest winner, fantasy with bold colorful, bright  blue gradient colors,
textures, modern gy, behance hd, textures, modern P d colors, motion vector graphics, flat textures, modern  gradient colors, vector
blue gradients i blue gradients, ~ €O!OTS AN graphics illustration style, 2d art blue gradients,  graphics, flat illustration
chromatic behance winner  Strong lines. behance winner  style, 2d art

Rob Zombie  John 5 Andy Warhol wizard playing ~ Alice Cooper A woman holding ~ Alice Cooper sticking  Jesus Alice Cooper sticking

holding fBa holding a holding a sign  electric guitar  holding a a sign with a tongue out wearing holding a tongue out wearing

pentagram pentagram that says $ album cover pentagram  pentacle on it sunglasses holding a pentacle sunglasses holding a
sign that says Famous sign that says Famous

Figure 10: Some examples of the training data.
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User Reference Preference
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laptop and computer computer vision  laptop and computer vision computer vision  laptop with woman laptop camera
surveillance vision lady lady developer cameras lady developer  lady developer woman vollyball playe: and woman
camera developer
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logo truck,  simply, modern triangle,  DIY splash right side  jyclo DIY promaster DIY circle play, sport, red deer stag
vector, mountain, geometric art colorful detail border, kids, Camper VAN art  promaster border, kids,  horse, round, roaring side view
gl e et e poten vkl g, oo cumper Canper VAN ply s border wctor oo drk
blackand  white bacl kéroun " ’ W_m;lg& blue, pm‘ «  sport, fun, detail mountain, art colorful ) spor{, Sfun, backgrnunq, comic sfyle black
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Figure 11: Some examples of the training data.
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