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Abstract

User preference prediction requires a comprehensive and
accurate understanding of individual tastes. This in-
cludes both surface-level attributes, such as color and style,
and deeper content-related aspects, such as themes and
composition. Existing methods focus on superficial fea-
tures instead of deep semantic content, or rely on general
human preferences while ignoring individual user varia-
tions. To address these limitations, we propose an ap-
proach built upon Vision-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 repre-
sentations among existing users, enabling the model to gen-
eralize and transfer learned knowledge to new users with
similar preferences. Extensive experiments demonstrate our
model outperforms other methods in preference prediction
accuracy, effectively identifying users with similar aesthetic
inclinations and providing more precise guidance for gen-
erating images that align with individual tastes.

1. Introduction

Recent work in generative models [2, 6, 7, 11, 25, 28, 29,
31, 33, 37] has significantly advanced the field of text-to-
image generation. However, these models often produce
generic outputs that may not align with the diverse and nu-
anced 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 provide guidance
to generative models tailored to individual preferences. By
aligning generated content with specific user interests, this
direction holds the potential to deliver unique user experi-
ences, thereby enhancing user satisfaction and engagement.

In user preference prediction, the task is to identify pref-
erences, such as color and contents that align with a user’s
tastes using reference data, typically a set of liked and dis-
liked images. Fig. 1 provides an illustrative example.

Existing preference prediction models such as
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Figure 1. Our task aims to predict target images that align with
users’ preferences based on their history preferences. For exam-
ple, based on a set of liked and disliked images, user A and user B
demonstrate unique preferences but also share common interests.

PickScore [13], ImageReward [41], and HPS [39, 40]
are designed to evaluate human preferences at a gen-
eral level, they lack the capability to effectively capture
individual-level preferences. Moreover, recent individual-
level personalized preference modeling [32, 36] 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 user’s preference and (2)
overlook the significance of users’ disliked images, which
provide valuable negative 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.

To address these challenges, based on Vision-Language
Models (VLMs) [12, 14, 15, 17, 18, 22, 23, 43, 44], we pro-
pose an approach that introduces contrastive preference loss
and preference tokens. Our model extracts content-driven
patterns from user history preferences, employs contrastive
preference loss to differentiate “like” or “dislike” between
contents. Additionally, learnable preference tokens that rep-
resent shared interests among users, allow us to incorporate
similar preferences as reference points, thereby aiding in the



identification and modeling of new users’ preferences. Our
key contributions are summarized as follows:

• We introduce a VLM-based contrastive learning
framework that enables the model to learn discrimina-
tive features from users’ liked and disliked data, effec-
tively capturing fine-grained user preferences by mod-
eling 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 out-
performs 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. 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 pref-
erence modeling, which focuses on capturing collective
human judgments to enhance overall image quality, and
user-specific preference modeling, which personalizes im-
age generation based on individual tastes and behaviors.
General Preference Modeling for Human-Aligned Im-
age Generation. Researchers have explored various strate-
gies to improve alignment, categorized into three ap-
proaches: (1) Filtering Training Data with Preference
Scores. By selecting training data based on human feed-
back scores or automated metrics, models can benefit from
high-quality examples that reflect specific user demands.
For instance, Liang et al. [20] demonstrates how filtering
data based on feedback scores leads to improved model
performance, as it ensures that only the most relevant ex-
amples are used for fine-tuning. Similarly, HPS [39, 40]
builds upon this concept by introducing a scoring mecha-
nism 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 satis-
faction. Lee et al. [16] exemplifies this by incorporating
feedback-based rewards during training, which generates
outputs aligned with user preferences. Furthermore, Im-
ageReward [41] provides a structured method for translat-
ing human judgments into reward functions, which guides
the model’s fine-tuning process. By giving greater impor-
tance to rewards that capture user satisfaction, these meth-
ods tailor the model’s outputs to reflect diverse and nuanced
user tastes. (3) Reinforcement Learning for Preference Op-
timization [4, 10, 21, 24]. Recent work [10, 24] uses rein-

forcement learning to optimize the input prompts for high-
quality images. DiffusionDPO [38] leverages user prefer-
ences to iteratively fine-tune the model, improving its abil-
ity to generate images that reflect user choices. Similarly,
D3PO [42] introduces a dynamic update mechanism driven
by continuous user feedback, allowing the model to main-
tain robustness, even as user interests evolve.
User-Specific Preference Modeling and Personalized
Image Generation. In recent advancements in personal-
ized image generation, several approaches have emerged
to better align generative models with individual needs.
DreamBooth [30] and Textual Inversion [9] explore person-
alization by fine-tuning pre-trained models with just a few
example images, allowing users to introduce unique char-
acters or styles. This approach, while effective for small
datasets, focuses on integrating specific instances rather
than broader user behaviors. To improve personalization,
Salehi et al. [32] proposes a standardized process to col-
lect user preferences using a few query images. User feed-
back is then systematically incorporated to adjust the pref-
erences extracted from the user during the generation pro-
cess. Additionally, Shen et al. [36] introduces a method to
integrate user-specific preferences across different modal-
ities, such as text and images, creating personalized out-
puts by leveraging historical interactions, such as clicks and
conversations. This multimodal approach significantly en-
hances the models’ adaptability to align with user needs.
In our work, we introduce a VLM-based contrastive learn-
ing framework to model relative preference rankings, ensur-
ing that the model not only distinguishes between liked and
disliked samples but also learns their comparative impor-
tance. Additionally, we employ preference tokens to cap-
ture users’ shared preferences, leveraging the preferences
of similar users as a reference to enhance the identification
of individual user preferences more effectively.

3. Method
Our objective is to determine whether a given target item
z = (I, T ) aligns with a user’s preferences based on their
historical selections. We define a preference history se-
quence as S = {si|si = (Ipos, Ineg, T )i}Nref

i=1, where each
entry consists of a text prompt T describing the image con-
tent and two generated images, Ipos and Ineg, which are pro-
duced based on the prompt. The user has labeled Ipos as
liked and Ineg as disliked. The total number of reference en-
tries in the user’s preference history is denoted by Nref. By
leveraging this structured preference data, we aim to model
user-specific preferences and improve the alignment of gen-
erated images with individual tastes.

3.1. Overview
As shown in Fig. 2, we propose a VLM-based contrastive
preference learning framework that enables the model to
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Figure 2. Overview of our VLM-based contrastive learning framework. (a) The model extracts user-specific preference representations by
processing a user’s preference history S and a target item zpos/neg. The visual encoder processes image features, while the text embedding
module encodes textual descriptions and labels. These processed inputs generate user-specific representations: x+

u for target images that
the user likes and x−

u for those they dislike. (b) The framework is trained using a base loss Lbase that guides the model in predicting
user preferences, and a contrastive preference loss LCP that refines the model by enforcing relative ranking between liked and disliked
items. Additionally, learnable preference tokens Pv are introduced to model shared user interests. These tokens are concatenated with
user-specific representations, enabling the model to leverage shared user interests as reference points.

distinguish user preferences by learning from liked and dis-
liked images, effectively capturing relative preference rela-
tionships and improving prediction accuracy. To further en-
hance personalization, we introduce preference tokens that
capture shared interests among users, allowing the model to
better generalize and adapt to diverse user preferences.

3.2. Contrastive Preference Learning
We denote our model as M, which conditions on a user’s
preference history S to assess the likelihood of a user favor-
ing a particular item z. For the target item z, we define user
preference as zpos if the user likes the item and zneg if the
user dislikes it. We use zpos/neg to denote either case gener-
ically. We define a comprehensive loss function that com-
bines a base classification loss with a contrastive preference
loss, aiming to improve the model’s ability to distinguish
between “like” and “dislike” predictions.

3.2.1. Base Loss
The base loss, Lbase, aims to minimize the classification er-
ror across both “like” and “dislike” samples. Let M+(S, z)
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 yneg , respectively. The base loss is defined as:

Lbase =
1

2

(
L(M+(S, zpos),ypos) + L(M−(S, zneg),yneg)

)
,

(1)
where L(·) denotes a classification loss function. Addition-
ally, we use Q(S, z) to predict how much the user prefers:

Q(S, z) = exp(M+(S, z))
exp(M+(S, z)) + exp(M−(S, z))

. (2)

3.2.2. Contrastive Preference Loss
To complement the base loss, we introduce two contrastive
preference loss terms, L+ and L−, which enhance the

model’s ability to differentiate between “like” and “dislike”
predictions by emphasizing their relative rankings. While
the base loss, Lbase, effectively minimizes classification er-
rors for individual “like” and “dislike” labels, it fails to cap-
ture relative preference when only pairwise comparisons are
available. Specifically, given a pairwise relationship such
as A ≻ B (where ≻ denotes a preference), Lbase strug-
gles to distinguish the relative ranking of A and B as it
treats each sample independently without explicitly model-
ing their comparative importance. Consequently, the model
may assign similar preference scores to both A and B in
Q(S, z), since Lbase overlooks the structured ranking con-
straints that enforce a clear distinction between correctly
classified “like” predictions for disliked samples and “dis-
like” predictions for liked samples. To overcome this lim-
itation, the contrastive preference loss terms, L+ and L−,
address this limitation by incorporating pairwise ranking in-
formation, thereby refining preference predictions and im-
proving the model’s ability to distinguish between closely
related “like” and “dislike” cases.

Positive Preference Loss (L+). This loss term focuses on
ensuring that the model assigns a higher score to positive
samples compared to negative ones, encouraging the model
to prioritize positive outcomes:

L+ = − 1

N

N∑
i=1

log σ(M+(S, zpos)−M+(S, zneg)), (3)

where N is the number of samples and σ is the sigmoid
function.

Negative Preference Loss (L−). This loss term ensures
that the model assigns a higher score to negative samples
when predicting a negative outcome, encouraging the model
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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 vertical axis
represents tokens from the target image, while the horizontal axis represents the preference tokens. Each user has five different random
re-orderings of reference images. (b) Examples of images liked (✓) or disliked (×) by each user.

to prioritize negative samples appropriately:

L− = − 1

N

N∑
i=1

log σ(M−(S, zneg)−M−(S, zpos)). (4)

Then, we calculate LCP = L++L− to obtain the contrastive
preference loss.

The combined loss function, which incorporates both the
base and contrastive preference loss, enhances the model’s
ability to distinguish user preferences by refining predic-
tions for both positive and negative outcomes:

Lall = Lbase + LCP, (5)

facilitating the model to optimize nuanced preference dis-
tinctions for more accurate and effective predictions.

3.3. Learnable Preference Tokens
To enhance user preference modeling, we introduce the
learnable preference tokens Pv ∈ RLp×D as part of the in-
put sequence to the VLM, where Lp represents the number
of preference tokens and D is the embedding dimension.
All reference entries in the history sequences S and target
item z, except for the target image label token, are encoded
and stacked as the user-specific input token sequence, de-
noted as xu. The preference tokens are then concatenated
with this user-specific sequence xu to form the final input
[Pv;xu], where xu ∈ RLe×D represents the embedded in-
put tokens, Le is the length of input tokens and [ ; ] denotes
the concatenation operation.
Mining Similar Users’ Preferences via the Attention
Mechanism. Our model leverages preference tokens to
capture shared interests among users, allowing it to gen-
eralize preference prediction beyond individual interaction
histories. A key aspect of this mechanism is the attention-
based interaction between the user input tokens and the

preference tokens within the transformer layers. The atten-
tion scores between input tokens and preference tokens are
computed as:

A = softmax
(
Wq(xu)Wk(Pv)

T

√
D′

)
, (6)

where Wq and Wk are linear projections in the attention
mechanism, D′ is the embedding dimension, and A ∈
RLe×Lp represents the attention scores between each input
token and the preference tokens.

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 to-
kens. Fig. 3 visualizes these interactions, where the same
target image is concatenated across users with different ref-
erence histories to examine how their preferences are rep-
resented. Specifically, Fig. 3 (a) shows Users 340 and 649,
who exhibit a highly similar pattern of attention across mul-
tiple preference tokens, suggesting that they share a com-
mon aesthetic inclination. Notably, User 649 is present in
the training set, while User 340 is an unseen user. How-
ever, the learned preference tokens effectively bridge this
gap by encoding shared thematic patterns, such as an affin-
ity for landscapes with dramatic skies, silhouettes, and
nightscapes. This observation supports our claim that pref-
erence tokens serve as a structured preference represen-
tation 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. 3 (b)
illustrates that Users 454 and 700 exhibit distinct attention
patterns, reinforcing that the preference token space does
not simply cluster all users together arbitrarily but rather
preserves individual differences while leveraging common-
alities where applicable. Further details and in-depth anal-
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Figure 4. Qualitative comparison of user preference alignment across models. We compare our model to ViPer [32], PickScore [13],
ImageReward [41], CLIP [27], and Aesthetic Score [35]. Subfigures (a) and (b) illustrate user-specific preferences for style and content,
respectively. Each subfigure contains images categorized as “like” and “Dislike” based on user reference preferences. The green boxes
represent the desired outputs that align with the user’s preference. Our model consistently demonstrates a higher accuracy in predicting the
user’s preferences than other models, showcasing its superior alignment with user-specific preferences.

ysis of this experiment can be found in the appendix.

4. Experiments

4.1. User-Specific Preference Prediction

Datasets. We process Pick-a-Pic v2 dataset [13] to obtain
user-specific preference datasets based on user IDs. Since
Pick-a-Pic is collected through real user interactions, our
model learns from actual user choices rather than artificial
or automated metrics. This large-scale, diverse dataset cap-
tures 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. To better evaluate our proposed framework, we divide
test data into two parts: a ‘seen’ dataset and an ‘unseen’
dataset. ‘Seen’ refers to users who appear in the training
set but have different images in the test set, while ‘unseen’
refers to users who do not appear in the training set at all.
The test set includes 459 images from seen users and 1, 775
images from unseen users.
Implementation Details. Following the approach of [32],
we use IDEFICS2-8B [15] as our VLM. To conserve mem-
ory, each prompt is truncated to a maximum length of 100
tokens, and input images are resized to 512 × 512 pixels.
We employ a batch size of 64, training on 8 A100 (80GB)
GPUs with a local batch size of 2 pairs and gradient ac-

cumulation over 4 steps. Following the setup of [32], we
set the length of each user’s preference history sequence,
Nref, to 8. The learning rate is set to 1 × 10−5, with a
weight decay of 1 × 10−2. The language model is fine-
tuned using QLoRA [5], while the vision encoder is trained
simultaneously. The input tokens template for the VLM
is “<image>The prompt is <prompt>. Score for this
image?<label>”. Initially, the VLM is trained with our
custom loss function for 5k steps, after which the model
weights are fixed, and only the learnable preference tokens
are further tuned for an additional 16k steps. To prevent the
model from learning a fixed pattern, we randomly shuffle
the order of reference history sequences when training.

Evaluation Metric. For evaluating user-specific prefer-
ence prediction, we assess our method using top-K accu-
racy, which determines whether the liked image is ranked
among the top K candidates. Among all candidates, only
one “like” image is provided. When comparing one liked
image against one disliked image, we use top-1 accuracy.

Comparison to Other Methods. In our study, we com-
pare our method with several existing approaches to bet-
ter understand its efficacy: (1) ViPer proxy model [32],
which predicts user preferences by analyzing reference im-
ages without text descriptions, treats each preference inde-
pendently rather than modeling their relative ranking. (2)
PickScore [13], (3) ImageReward [41], (4) CLIP [27], and
(5) LAION Aesthetic Score Predictor [35]. PickScore and
ImageReward focus on learning general human preferences



Model Aes Score CLIP Score ImageReward PickScore* PickScore IDEFICS ViPer ViPer* Ours

Nref 0 0 0 0 0 8 8 8 8
Top-1 acc (%) 49.96 53.13 55.64 57.72 61.82 50.27 55.15 57.39 61.68

* Trained with the same settings as our model.

Table 1. Quantitative comparison between a liked and a disliked case.

Model Nref Top-1 Acc Top-2 Acc Top-3 Acc

Random 0 25.0 50.0 75.0
Aes Score 0 28.11 54.12 78.33
CLIP Score 0 30.04 55.82 76.05
ImageReward 0 31.42 58.01 78.47
IDEFICS 8 24.40 51.88 78.33
ViPer 8 31.20 56.45 78.65
ViPer* 8 33.62 59.49 80.84
w/o Pv 8 35.72 61.64 83.44
Ours 8 37.47 62.85 84.74

Table 2. A quantitative comparison between the liked case and
three disliked cases. We report the top-1 to top-3 accuracy (%).

and consider relative preferences between images. CLIP
and Aesthetic Score are designed to evaluate generic text-
image alignment and aesthetic quality respectively. To en-
sure a fair comparison, we carefully set the hyperparame-
ters for all baseline models to align with their original im-
plementation guidelines and relevant prior work. Specif-
ically, for ViPer and PickScore, we follow their reported
training configurations and conduct additional tuning to op-
timize their performance under our experimental setup, and
these extended versions are marked by ‘*’ in the results.
Qualitative User-Specific Preference Prediction. In
Fig. 4, our model effectively aligns with user-specific pref-
erences by distinguishing styles and content according to
user reference data. For instance, in Fig. 4 (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. 4 (b), our method alleviates se-
mantic ambiguity, particularly in cases such as the interpre-
tation of “grey cat,” ensuring that the generated images bet-
ter reflect the user’s intended preferences. More qualitative
comparisons are in the appendix.
Quantitative User-Specific Preference Prediction. Tab. 1
and Tab. 2 compare different models in terms of top-K ac-
curacy. Our model outperforms baselines, such as ViPer,
PickScore, CLIP score, and ImageReward. In Tab. 1, it
achieves the highest top-1 accuracy in like-dislike pairs.
Since PickScore (shown in gray) is trained on the full Pick-
a-Pic dataset, it is less comparable to our method. For a fair
comparison, we focus on asterisk-marked models, which
use the same training settings as ours. Tab. 2 further high-
lights our model’s advantage, particularly in scenarios in-
volving multiple disliked cases. These results indicate that

IDEFICS ViPer ViPer* w/o Pv Ours

Seen 51.41 54.03 58.17 60.35 61.44
Unseen 50.31 55.38 57.18 61.63 61.75
|△| (%) 1.10 1.35 0.99 1.28 0.31

* Trained with the same settings as our model.
Table 3. Top-1 accuracy on seen-unseen data with Nref = 8.

our approach better aligns with user preferences. Also,
generic metrics, including Aesthetic score and CLIP score,
report the worst accuracy, indicating that user-specific pref-
erences may differ significantly from general preferences.
PickScore, designed for general human preference model-
ing rather than personalized user-specific preferences, lacks
the ability to capture fine-grained individual variations, re-
sulting in lower accuracy in user-specific preference pre-
diction tasks. The ViPer proxy model, which only relies
on reference images without text descriptions, treats each
preference independently and struggles with comprehend-
ing image content and modeling relative rankings. In con-
trast, our approach leverages contrastive preference learning
and preference tokens to effectively capture both individ-
ual relative rankings and shared preference characteristics,
leading to more accurate and robust preference prediction.
Preference Tokens Enable Better Generalization to New
Users. To accurately model user preferences, a robust sys-
tem should maintain consistent accuracy across both seen
and unseen users. Our framework leverages learnable pref-
erence tokens to effectively transfer learned user prefer-
ence structures, significantly improving generalization. As
shown in Tab. 3, our method reduces the performance gap
between seen and unseen users to 0.31%, outperforming
ViPer and other baselines. Furthermore, we compare the
difference in top-1 accuracy across different Nref settings,
where a smaller difference indicates more accurate predic-
tions for unseen users and improved model generalization.
According to Fig. 5, our approach maintains stable accuracy
even when fewer historical preferences are available. The
key factor behind this improved generalization is that pref-
erence tokens effectively capture shared user interests and
allow the model to leverage information from similar users
as Fig. 3 shows. This aligns with findings in context opti-
mization methods [19, 45], where learnable tokens improve
generalization in both vision and language tasks by captur-
ing shared patterns across seen and unseen categories.
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Number of User Reference Preferences. As demon-
strated in Fig. 6, our method consistently achieves the high-
est top-1 accuracy even as the length of preference se-
quences decreases. This indicates that our model effectively
preserves accuracy with less reference data, demonstrating
its robustness. In contrast, other methods show a notice-
able decline in accuracy as the sequence length shortens,
highlighting the stability and adaptability of our approach
in scenarios with limited user reference information.
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4.2. Enhancing Generation with User Preferences
Datasets. We evaluate our model’s ability to learn more
detailed attribute preferences and guide image generation
based on user reference data using the HPSv2 bench-
mark [39]. The HPSv2 benchmark is a large-scale eval-
uation framework designed to assess human-aligned pref-
erences in text-to-image generation. It includes 3,200
prompts covering four distinct styles: Animation, Concept
Art, Painting, and Photo.
Experimental Setup. Following the approach of [8], we
generate images guided by our model, incorporating both
user likes and dislikes as feedback. To optimize GPU
memory usage, we limit the number of generated reference
images per user to six. Based on the prompts from the
HPSv2 benchmark, we generate six images: three samples
from FLUX.1-schnell [3] and three from Stable Diffusion
1.5 Turbo [34], using their default hyperparameter settings.
We designate the images generated by FLUX.1-schnell as
“liked” samples and those from Stable Diffusion 1.5 Turbo
as “disliked” samples, forming the user’s preference data.
Additionally, we generate an image using Stable Diffusion

Model Anim. C-Art Paint. Photo Avg.

Baseline 27.75 26.86 27.06 27.36 27.26
Openjourney 27.85 27.18 27.25 27.53 27.45
ChilloutMix 27.92 27.29 27.32 27.61 27.54
Ours 28.42 27.47 27.79 28.14 27.95

Table 4. Performance on HPSv2 benchmark.

1.5 Turbo as the target item and apply Eq. (2) to obtain the
guidance signal, which is then iteratively refined using this
guidance to optimize the target image. Since FLUX has
better generative capabilities than SD-Turbo, especially in
aesthetic quality, text-image alignment, and attribute con-
sistency, this setup allows us to assess whether our model
can accurately capture these nuanced user preferences and
use them to improve image generation. More experimental
details are provided in the appendix.
Evaluation Metric. We utilize the HPSv2 score on the
HPSv2 benchmark. This metric is trained on 798, 090
human-annotated comparisons and measures image quality
in relation to human preferences.
Enhancing Image Generation with User Preferences.
As shown in Tab. 4, our method effectively enhances Sta-
ble Diffusion 1.5 Turbo (Baseline) by learning richer at-
tribute preferences from user feedback. Compared to the
baseline, our model shows a notable increase across all
four categories, with the most significant gains in Concept
Art (+0.61) and Animation (+0.67). These improvements
highlight the effectiveness of incorporating user feedback in
enhancing artistic coherence and stylistic alignment. Fur-
thermore, with only six history images and no additional
model training, our approach enhances image generation
quality, surpassing ChilloutMix [1] and Openjourney [26],
two well-established models fine-tuned for realistic image
generation. This suggests that our model can effectively
utilize user preferences to refine and guide image genera-
tion. It also indicates that user preference signals can be as
impactful as model-level enhancements, providing a flexi-
ble and efficient way to improve generated outputs. Fig. 7
shows several generated examples from the HPSv2 bench-
mark. Our method provides guidance for aligning gener-
ated images with user preferences without requiring addi-
tional model training, making it an efficient and adaptable
approach for preference-based generation.
Comparison of Like and Dislike Predictions as Guid-
ance for Enhancing Generation. Figure 8 illustrates
how different guidance settings influence the generated im-
ages. The “w/ Like” setting increases the likelihood of pro-
ducing images with a blue-themed style that aligns with
user preferences, while the “w/ Dislike” setting emphasizes
an unwanted pink hue. These results show that our model
effectively captures both positive and negative user pref-
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Figure 8. Using the approach from [8], we generate images guided
by our model, incorporating both user likes and dislikes as feed-
back. Adjusting the guidance based on “Like” or “Dislike” pro-
duces distinct variations, demonstrating the impact of user feed-
back on image generation results. The images in each row are
generated using the same random seed.

erences, allowing for a more comprehensive and nuanced
modeling of user preferences.

4.3. Ablation Study

We conduct ablation experiments on Pick-a-Pic v2 dataset
to examine the effects of contrastive preference loss, learn-
able preference tokens and the length of preference tokens.

As shown in Tab. 5, incorporating the contrastive pref-
erence loss term, LCP, further improves the accuracy by
0.9%, suggesting that the contrastive preference loss term
aids in refining the model’s alignment with the target out-
puts. Lastly, the full model, which incorporates learnable
preference tokens in addition to the previous components,
achieves an accuracy of 61.68%, representing a cumulative
performance gain over the baseline model. In Tab. 3, we
observe that removing Pv significantly increases the per-
formance gap between seen and unseen users. The differ-
ence between seen and unseen user accuracy expands from

Baseline (w/ Pmpt) w/ LCP Full (w/ Tokens)

Top-1 Acc (%) 60.47 61.37 (+0.9) 61.68 (+0.31)

Table 5. Ablation Study for different Settings.

Number of Preference Tokens 5 10 20

Top-1 Acc (%) 61.41 61.68 61.19

Table 6. Ablation study for preference tokens numbers.

0.31% (with Pv) to 1.28% (without Pv), a 0.97% increase in
the generalization gap. This suggests that preference tokens
help the model generalize better to new users by capturing
shared preference structures.

In Tab. 6, the results indicate that using 10 preference
tokens yields the highest top-1 accuracy, slightly outper-
forming configurations with 5 and 20 preference tokens.
This finding suggests that an optimal number of preference
tokens is crucial for effectively modeling user preferences
without overfitting or under-representing data variation.

5. Conclusion

In this paper, we propose a novel approach for user-specific
preference prediction in generated images by leveraging
Vision-Language Models (VLMs). To address the limita-
tions of existing methods that focus primarily on superfi-
cial attributes or general human preferences, we introduce
contrastive preference loss and learnable preference tokens.
The contrastive preference loss enables the model to dis-
tinguish between users’ “likes” and “dislikes” more effec-
tively, while the preference tokens capture shared interests
across users, facilitating better generalization to new users
with similar preferences. Extensive experiments demon-
strate that our model outperforms existing methods in pref-
erence prediction accuracy, effectively identifying users
with similar aesthetic inclinations and providing more pre-
cise guidance for personalized content generation.
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User-Specific Preference Prediction on Generated Images

Supplementary Material

In this supplementary material, we provide comprehen-
sive additional resources to further support our research.
These include representative training samples, additional
qualitative results to illustrate the model’s behavior. Fur-
thermore, we provide an in-depth description of experimen-
tal setups for reproducibility, as well as extended discus-
sions to offer deeper insights into the implications and po-
tential improvements of our approach.

A. Examples of Training Data

Our dataset, based on Pick-a-Pic v2 dataset [13], focuses on
image pairs annotated with user preferences. To ensure reli-
ability, we filtered entries to include only users with at least
11 unique liked images. Fig. 11 and Fig. 12 present a selec-
tion of the training set from the dataset, providing valuable
insights into how user-specific preferences. Patterns distin-
guishing a user’s likes and dislikes are evident.

B. More Qualitative Analysis Results

We present a focused comparison between our model and
ViPer [32], supported by qualitative results in Fig. 9,
where target images with green borders indicate prefer-
ences aligned with the user. Unlike ViPer, which primar-
ily relies on explicit features from reference images, our
method leverages Vision-Language Models (VLMs) to cap-
ture deeper semantic relationships in user preferences. By
leveraging learnable preference tokens, our approach cap-
tures both shared and individual preferences, enhancing
prediction accuracy and robustness across seen and unseen
users. Unlike ViPer, it integrates attention-based interac-
tions and a tailored loss design, improving alignment with
nuanced user preferences and boosting generalization.

To further demonstrate the effectiveness of our approach,
we present additional qualitative results on the HPSv2
benchmark, as shown in Fig. 10. These results validate its
ability to generate high-quality, user-aligned images, sur-
passing existing methods in both semantic relevance and
visual realism.
Preference Tokens Interpretation. As shown in Tab. 7,
the learned preference tokens are not inherently tied to nat-
ural language semantics. Instead, they exist as multimodal
representations optimized for capturing user preferences in
a vision-language space. The relatively uniform distances
suggest that the tokens are distributed in a structured but
non-textual manner, emphasizing their role as functional
embedding constructs rather than interpretable linguistic el-
ements.

Index Top 1 Top 2 Top 3

1 N/A (36.664) N/A (36.664) badly (36.664)
2 Lewis (36.598) sock (36.598) differently (36.599)
3 N/A (36.934) consider (36.935) N/A (36.935)
4 N/A (37.094) exposed (37.095) N/A (37.095)
5 N/A (36.996) SUPPORT (36.997) therapy (36.997)
6 N/A (37.221) judge (37.222) N/A (37.222)
7 N/A (36.649) EqualTo (36.650) N/A (36.651)
8 N/A (37.181) nullptr (37.182) dull (37.182)
9 eaten (36.466) N/A (36.467) N/A (36.468)

10 N/A (37.089) SUPPORT (37.089) N/A (37.089)

Table 7. Visualization of learnable preference tokens with the
length of 10. We derive the words by measuring the Euclidean
distances between word embeddings and preference token embed-
dings, and the quantified distances are shown in parentheses. N/A
represents non-Latin characters.

D. More Experimental Details
Image Generation Guided by Our Models. Following the
method outlined in [8], 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 sim-
ilar operations with PyTorch operations. The preprocessed
image is then integrated into the model’s input for optimiza-
tion, ensuring that gradients flow seamlessly from the out-
put score back to the initial image.
Visualization of Attention Scores. After applying the soft-
max 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. Discussion
As shown in Fig. 8, the model effectively leverages the
“like” or “dislike” signal to refine outputs that capture user
preferences. These qualitative improvements highlight the
potential of integrating advanced reward structures driven
by user-specific feedback. Future work could focus on ex-
panding the framework to incorporate dynamic preference
modeling, enabling it to adapt to evolving user tastes over
time. Furthermore, enhancing the multimodal capabilities
of VLMs to include temporal data could improve the sys-
tem’s ability for more context-aware personalization. By
leveraging sequential user interactions and historical behav-
ior, the system could provide a deeper understanding of nu-
anced preferences, paving the way for even greater align-
ment between generated content and user expectations.
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Bussiere, Craig 
Mullins, and J.C. 
Leyendecker.

a blonde girl 
with a red dress 
and red shoes, 
holding a small 
blue umbrella 
and standing in 
the rain.

Portrait of a 
beautiful 
redhead 
archer in 
high fantasy 
style.

A painting 
depicting a 
wuxia character 
standing on a 
roof under a 
moonlit night.

A man is depicted 
screaming with 
expressions of 
hate, sadness, 
fear, and anxiety 
in a painting by 
Agnolo Bronzino.

A portrait of 
Mario and Luigi 
from Mario Bros 
with a detailed 
face and a city 
background, 
painted by 
Bouguereau.

Ba
se
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e
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ur
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A portrait of a 
character 
with black 
hair and blue 
eyes by artist 
Miho Hirano.

A portrait of 
a young goth 
woman 
wearing
Warhammer 
bikini armor.

A pencil sketch 
of Victoria
Justice drawn 
in the Disney 
style by Milt 
Kahl.

The image is a digital 
painting of a beautiful 
anime teen in a 
cyberpunk Kowloon 
setting with intricate 
and detailed elements 
of sci-fi and fantasy.

The image features 
a witch with 
symmetrical eyes, 
wearing a black 
leather jacket and 
jeans, with long 
blonde hair.

A close-up, fine-detailed 
anime portrait of Sailor 
Moon, set against a 
post-Soviet city 
landscape with deep 
bokeh effects in the 
background, created in 
the style of Hayao 
Miyazaki by Studio 
Ghibli in 2000.

A white 
expensive 
car parked 
on top of a 
cement slab.

A man 
wearing a 
black neck 
tie and 
glasses.

Color 
illustration of 
Kate Bush 
with 3D 
shadowing.

Figure 10. Some examples of images generated on HPSv2 benchmark.
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Anime black haired tan purple dragon girl with red tracksuit manga purple horns large scaly tail red tracksuit purple eyes

User Reference Preference Target

Li
ke

D
is
lik
e

focused photo 
of snowflakes 
falling in the 
desert

liminal photo 
of an empty 
plane, lights 
turned off, 
1990s

Photorealist
ic still from 
silent hill, 
fog, at night, 
4k DSLR 
photo,ambie
nt lighting

lviv, a city street at night, 
a picture, by Zoltán Joó, 
world press photo 
awarded, blackout, no 
electricity, traversing a 
shadowy city, view from 
street angle, breathtaking, 
winter snow, kodak ektar 
100, Pentax 645

historical 
archive photo 
of a mcdonalds 
found inside of 
a prehistoric 
cave

selfie of a 
surfer 
inside a 
water 
tornado

photo of a 
panicking 
surfer inside 
a water 
tornado, high 
in the air

A cute 
DSLR 
photo of 
bear and 
cow 
hybrid

lviv, closeup photo portrait of 
a giant Cthulhu, a city street at 
night, a picture, by Zoltán Joó, 
world press photo awarded, 
blackout, no electricity, 
traversing a shadowy city, view 
from street angle, 
breathtaking, winter snow, 
kodak ektar 100, Pentax 645

Li
ke

D
is
lik
e

modern flat illustration of 
man standing on a 
platform in space, highly 
detailed background with 
abstract shapes, blue 
gradient colors, vector 
graphics, flat illustration 
style, 2d art

flat vector 
graphics style 
illustration of 
apple, glowing 
gradients, noise 
textures, modern 
blue gradients, 
behance winner

modern flat illustration 
of man standing on a 
platform in space, highly 
detailed background 
with abstract shapes, 
blue gradient colors, 
vector graphics, flat 
illustration style, 2d art

a flat vector illustration 
of a painting of a person 
walking through a forest, 
a storybook illustration 
by Petros Afshar, behance 
contest winner, fantasy 
art, behance hd, 
bioluminescence, 
chromatic

flat illustration 
vector graphics 
style of camera, 
glowing 
gradients, noise 
textures, modern 
blue gradients

Sunset 
reflecting on 
a crystal 
ball

flat vector 
graphics style 
illustration of 
camera, glowing 
gradients, noise 
textures, modern 
blue gradients, 
behance winner

Generate a 
vector 
illustration of 
a retro car 
with bold 
colors and 
strong lines.

a glowing cube 
floating in space, 
blue gradient 
colors, modern 
flat illustration, 
colorful, bright 
colors, motion 
graphics

Li
ke
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e

Alice Cooper sticking 
tongue out wearing 
sunglasses holding a 
sign that says Famous

Jesus 
holding a 
pentacle

Alice Cooper sticking 
tongue out wearing 
sunglasses holding a 
sign that says Famous

Andy Warhol 
holding a sign 
that says $

John 5 
holding a 
pentagram

Rob Zombie 
holding ßa 
pentagram

wizard playing 
electric guitar 
album cover

Alice Cooper 
holding a 
pentagram

A woman holding 
a sign with a 
pentacle on it

Figure 11. Some examples of the training data.
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She wears lilacs in her hair, and picks roses and picks daisys by artist Ralph Horsley

User Reference Preference Target
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Movie still of 
starwars princess 
leah cworking as a 
waitress in a dinner, 
extremely detailed, 
intricate, high 
resolution, hdr, 
trending on artstation

SF movie, movie still of a 
young astronaut fighter 
pilot, round helmet, life 
support system, surrounded 
by instruments, inside a 
spaceship cockpit cinematic, 
epic, volumetric light, award 
winning photography, 
intricate details

Movie still of 
starwars princess 
leah cworking as a 
waitress in a 
dinner, extremely 
detailed, intricate, 
high resolution, 
hdr, trending on 
artstation

Photo of a 
blonde girl, 
intricate 
cyberpunk 
respirator 
and armor

a candid 
shot of Ian 
McKellen as  
Gandalf  
eating soft 
icecream 
cone

motion blur, 
heavy rain, 
street photo of 
an 30 yo Asian 
woman with 
short hair, she 
is laughing

a tall woman 
with purple 
hair in 
leather, 
alcohol, bar, 
tatooed, 
neon light

Beautiful 
woman 
standing in 
armour,  
Futuristic 
Cyberpunk 
city

still shot from 
a cyberpunk 
western, girl 
fedora firing 
a handgun

Li
ke

D
is
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e

A logo of 
laptop camera 
and woman

A logo of a 
woman 
vollyball player

A logo of 
laptop with 
woman

A logo for a 
computer vision 
lady developer

A logo for a 
computer 
vision lady 
developer

A logo of ai 
laptop and 
surveillance 
camera

A logo of a 
laptop and 
cameras

A logo for a 
computer vision 
lady developer

A logo for a 
computer vision 
lady developer

Li
ke

D
is
lik
e

User Reference Preference Target

red deer stag 
roaring side view 
vector logo dark 
comic style black 
and white

play, sport, 
horse, round, 
border 
background, 
color, comic style

circle 
border, kids, 
play, school, 
sport, fun, 
comic style

DIY splash right side 
art colorful detail 
mountain, travel, 
tree, river vector, 
vintage, blue, pink, 
white background

simply, modern triangle, 
mountain, geometric 
design vector, watercolor, 
travel, tree, blue and pink, 
white background, 
primary colors

logo truck, 
vector, 
simply, 
modern,  
black and 
white

circle 
border, kids, 
play, school, 
sport, fun, 
comic style

DIY promaster 
Camper VAN art 
colorful camper 
detail mountain, 
tree, splash

DIY 
promaster
Camper VAN 
art colorful 
camper detail

Figure 12. Some examples of the training data.
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