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Abstract

Predicting individual preferences for personalizing image
generation presents a captivating challenge. Current meth-
ods often focus on superficial features such as color and
style, failing to capture the deeper content-driven connec-
tions that make personalization meaningful. Our approach
reimagines this process by utilizing the semantic under-
standing of Vision-Language Models (VLMs) to move be-
yond surface-level attributes, capturing the essence of what
users genuinely value in visual content. To develop a richer
and more nuanced representation of individual preferences,
we identify shared interests among users by leveraging la-
tent preference prototypes. This helps distinguish each
user’s unique tastes and draws insights from users with
similar preferences, enhancing the personalization experi-
ence. We construct a personalized preference dataset ac-
cording to user IDs from the Pick-a-Pic dataset, encapsu-
lating detailed user preferences. Experimental results show
that our model outperforms PickScore by 3.96% in pref-
erence recognition accuracy and effectively identifies users
with similar tastes, providing more accurate guidance for
generative models to produce images aligned with specific
user preferences.

1. Introduction

Recent advancements in generative models [1, 4, 5, 9, 22,
24,26, 27, 29, 31, 35] have brought significant progress to
content creation across various domains, ranging from text
to images. Among these developments, personalized con-
tent generation is increasingly attracting attention due to its
ability to produce outputs tailored to individual preferences.
Personalized generation has the potential to offer unique
user experiences, as it enables generative models to align
their outputs with specific user interests, thereby improving
user satisfaction and engagement.

In personalized image generation, the objective is to gen-
erate content that is consistent with the user’s tastes by using
user-provided reference data, typically a set of liked and dis-
liked images. Our task is to predict individual preferences
with user reference preference and shared relations among

User A
A cat sitting A caton  An oil painting A dog on a A bridge over
in a chair poster movie poster the sea
UserB

City Seaside
range nights sunset the sea

A bridge over

A cute cat

Figure 1. Illustrating the task of personalized image generation
by leveraging individual and shared preferences. For each user, a
set of liked and disliked images serves as reference data to model
distinct tastes. Users A and B demonstrate unique preferences but
also share some common interests, allowing the model to capture
both personalized and overlapping preferences. Our task aims to
predict target images that align with each user’s tastes while con-
sidering these shared interests.

users who have similar preferences. As shown in Fig. 1,
each user possesses distinct tastes, yet a shared preference
emerges among the group. While existing models such as
PickScore [11], ImageReward [39], and HPS [37, 38] are
designed to evaluate human preferences at a general level,
they fall short when it comes to understanding individual-
level preferences. Moreover, recent individual-level per-
sonalized preference modeling [30, 34] presents two pri-
mary 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) fail to recog-
nize the connections between users, despite the likelihood
that users with similar tastes might share preferences for
certain types of images.

To address these challenges, we propose an approach
that leverages Vision-Language Models (VLMs) [10, 12,



13,15, 16, 19-21, 41, 42] to understand and extract deeper
content-driven commonalities from user reference images.
By utilizing the contextual multimodal understanding ca-
pabilities of VLMs, we move beyond superficial attributes
and identify meaningful connections within the visual con-
tent. Additionally, we introduce latent preference proto-
types, which models user-user relationships by utilizing
prototypes to represent shared interests among users with
similar preferences. This module allows us to incorporate
the preferences of similar users as reference points, thereby
aiding in the identification and modeling of new users’ pref-
erences. Our main contributions are as follows:

e We design a VLM-based latent preference prototype
learning framework to utilize the multimodal contex-
tual abilities of VLM in user preference modeling.
Moreover, this is the first work to capture shared inter-
ests among users to enhance user preference prediction
by introducing latent preference prototypes.

* We construct a personalized preference dataset based
on user IDs from the Pick-a-Pic dataset [11], facil-
itating more accurate preference recognition and ef-
fectively guiding generative models to produce images
aligned with user-specific tastes.

» Experimental results demonstrate that our model out-
performs existing methods, such as PickScore, in pref-
erence recognition accuracy and successfully identifies
users with similar tastes, offering a robust solution for
personalized image generation.

2. Related Work

Our work focuses on user preference learning and person-
alized image generation. Previous work can be divided into
two categories, one focusing on general human preferences,
and the other on user-specific preferences.

Personalizing Image Generation Based on General Pref-
erences. (1) Fine-tuning generative models with exam-
ples filtered by scores is an effective way to enhance their
alignment with user preferences. By selecting training
data based on human feedback scores or automated met-
rics, models are exposed to high-quality examples that
reflect specific user demands. For instance, Liang et
al. [17] demonstrates how filtering data based on feed-
back scores leads to improved model performance, as it
ensures that only the most relevant examples are used for
fine-tuning. Similarly, HPS [37, 38] refine this idea by
introducing a scoring mechanism to prioritize image-text
pairs that closely align with user preferences, making the
model more responsive to varied user expectations. (2)
Reward-weighted fine-tuning is another promising strategy
for aligning text-to-image models with human preferences.
In this approach, models are fine-tuned using reward signals
that weigh more heavily on user satisfaction. Lee er al. [14]
exemplifies this by incorporating feedback-based rewards

during training, which enables the model to generate out-
puts that align with user preferences. Furthermore, Im-
ageReward [39] 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 help tailor the model’s outputs to reflect diverse and
nuanced user tastes. (3) Reinforcement learning has been
widely applied in generative models to better align outputs
with human preferences [2, 8, 18, 23]. Recent work [8, 23]
uses reinforcement learning to optimize the input prompts
to get high-quality images. DiffusionDPO [36] leverages
user preferences to iteratively fine-tune the model, improv-
ing its ability to generate images that reflect user choices.
Similarly, D3PO [40] utilizes dynamic updates based on
evolving user feedback, ensuring the model remains adapt-
able to changing preferences.

Personalizing Image Generation Based on User-Specific
Preferences. Inrecent advancements in personalizing im-
age generation based on user-specific preferences, several
approaches have emerged to refine how generative models
align with individual needs. DreamBooth [28] and Textual
Inversion [7] explore personalization by fine-tuning pre-
trained models with just a few example images, allowing
users to introduce unique characters or styles. This ap-
proach, while effective for small datasets, focuses on in-
tegrating specific instances rather than broader user behav-
iors. To address personalization, Salehi et al. [30] proposes
a standardized process for collecting user preferences us-
ing a few query images. User feedback is then systemati-
cally incorporated to adjust the preferences extracted from
the user during the generation process. Additionally, Shen
et al. [34] introduces a method for integrating user-specific
preferences across different modalities, such as text and im-
ages, creating personalized outputs by leveraging historical
interactions like clicks and conversations. This multimodal
approach significantly enhances the adaptability of models,
enabling them to better align with user needs. In our work,
we extend this by utilizing VLLMs to understand both textual
and visual content deeply. By mining the deeper common-
alities in image content through VLM capabilities, we aim
to uncover key patterns that reflect user preferences. Ad-
ditionally, we employ prototypes to capture shared prefer-
ences across users, using the preferences of similar users as
areference to help identify individual user preferences more
effectively. This method personalizes content by leverag-
ing collective data to improve its ability to generalize across
users with similar preferences.

3. Method

Given a user’s preference history sequences S = {s;|s; =
(11532, I,Eezg,, T@)} Nt we aim to evaluate whether a new tar-
get item z = (I, T) aligns with a user’s preferences. Each
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Figure 2. Our proposed VLM-based latent preference prototype learning framework leverages user preference history S to capture nuanced
preferences through visual and textual encodings. User preference history samples, labeled as “like” (+) or “dislike” (—), along with target
items z, are processed to generate user-specific representations x,,. The framework is trained with a base loss Lyas that guides the model in
predicting user preferences, and an auxiliary loss Laux that focuses on relative ranking among preferences. Additionally, latent preference
prototypes P, capture and model shared interests across users, enriching personalization and enabling more tailored preference prediction.

reference entry in S consists of an image that the user likes,

denoted as Iéf,z, and dislikes, denoted as LS;’;, with an op-

tional text prompt T(*) describing the image content. For
the target item z, user preference is represented by zpos (if
the user likes it) and zyeg (if the user dislikes it). The length
of the user’s preference history sequence is denoted by Nf.

3.1. Overview

As shown in Fig. 2, to predict individual visual preferences,
we propose a VLM-based latent preference prototypes
learning framework. The transformer-based VLM [13] is
utilized to capture deeper, meaningful representation that
reflects what users genuinely value in visual content. Fur-
thermore, latent preference prototypes are introduced to
model user-user relationships and extract shared interests,
thereby enhancing the personalization process by drawing
insights from other users with similar preferences.

The overall architecture consists of three main compo-
nents: a visual encoder, a connector, and a language model.
Given an input image I € R¥>*WXC the visual encoder
and connector extract visual tokens x,. We use two labels
“4” and “—” to represent “like” and “dislike”, respectively.
Visual tokens x,, text tokens x; and a label token bl
are concatenated to form the input sequence for one refer-
ence entry. All reference entries in the history sequences S,
except the last label token, are stacked as the user-specific
input token sequence, denoted by z,,. The last label token
will be the objective of next-token prediction.

3.2. Latent Preference Prototypes

Attention-based Interaction with Prototypes. To inte-
grate user preferences into the generated content, we use the

learnable latent preference prototypes P, € R» <P as part
of the input sequence to the VLM, where L, represents the
number of prototypes and D is the embedding dimension.
These prototypes and the user-specific input token sequence
are combined to form the final input sequence:

where x,, € RE*D represents the embedded input tokens,
L. is the length of input tokens and [P,;x,] denotes the
concatenation of the preference prototypes with the input
embeddings.

Analysis of Attention Mechanism. The core of the inter-
action lies in the attention mechanism of transformer layers,
where the interaction between the input tokens and the pref-
erence prototypes is carried out. Let the attention weights
related to prototypes be represented by:

Wz ViR
VD

where W,, W and W, are linear projections in the at-
tention mechanism, A4 € REe*Lr represents the attention
scores between each input token and the prototypes. These
attention scores are used to compute a weighted representa-
tion of the preference prototypes:

A = softmax ( 2)

Zp = Ax Wy,(Py) 3)

The attended features 7, € RY<*P" are then used to adjust
the input representation.

This feature-to-prototype similarity mapping, which is
implemented implicitly in the basic attention mechanism in
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Figure 3. (a) Attention scores A display the interactions between prototypes and target image tokens for individual users, showing how
our prototypes capture user-specific features within a shared semantic space. Each user has a unique reference history, and we concatenate
the same target image to the input sequence across users to highlight these individualized interactions. For each user, the vertical axis
represents tokens from target image, while the horizontal axis represents the prototypes. Each user has five different random reorderings
of reference images. User 220 and User 649 share certain features, which distinguish them from other users. (b) Examples of images liked

(v') or disliked (x) by each user.

VLMs, projects user-specific features onto a shared space,
effectively modeling user preferences as a combination
of multiple prototypes. This shared representation cap-
tures both common traits and individual distinctions among
users, enhancing our understanding of user preferences. To
validate our assumption, we provide a visual presentation
of the attention scores .4 in Fig. 3, which reflects the in-
teractions between target image and the prototypes. The
reference histories of these users are different, and the same
target image is concatenated to the input sequence. Specif-
ically, Fig. 3 (a) shows similarities between Users 220 and
649, who share a distinct pattern of attention across sev-
eral prototypes. Fig. 3 (b) further supports this, show-
ing that both Users 220 and 649 prefer similar themes,
including landscapes with dramatic skies, silhouettes, and
nightscapes, pointing to their shared visual aesthetic. In
contrast, Users 454 and 700 exhibit distinct differences in
their alignment with prototypes, highlighting the diversity
of preferences captured by the shared space. These differ-
ences illustrate how the model can differentiate users with
varying tastes while retaining unique characteristics. Fur-
ther details of the experiment can be found in the appendix.

3.3. Adaptive Preference Prediction with Vision-
Language Understanding

We denote our model as M, which conditions on a user’s
preference history S to assess the likelihood of a user fa-
voring a particular item z. We define a loss function that
combines a base classification loss with auxiliary losses to
improve the model’s ability to distinguish between “like”
and “dislike” predictions.

Base Loss. The base 10ss, Lpae, aims to minimize the

classification error 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, and let y,os and ype be their corresponding
labels. The base loss is defined as:

1 -
5 (ﬁ(MJr(Sv Zpos)a Ypos) + E(M (83 Zneg)7 yneg))

“4)
where £(-) denotes a classification loss function. Addition-
ally, we use Q(S, z;) to predict the user preference:

exp(M™(S, 2;))
exp(M™T(S, 2;)) + exp(M~ (S, 2))

Auxiliary Losses for Preference Refinement. To com-
plement the base loss, we introduce two auxiliary 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,
Lyase, effectively minimizes classification errors for indi-
vidual “like” and “dislike” labels, it falls short when only
pairwise comparisons are available. Specifically, given pair-
wise relationships such as A > B (where > denotes a pref-
erence), Lpyse struggles to distinguish the relative ranking
of A and B as it treats each sample independently without
explicitly modeling their relationship. Consequently, the
model may predict similar outcomes for both A and B in
terms of Q(S, z;), since Lpyse overlooks the interplay be-
tween correct “like” predictions for disliked samples and
“dislike” predictions for liked samples. To overcome this
limitation, the auxiliary loss terms, L, and L_, address
this limitation by incorporating pairwise ranking informa-
tion, thereby refining preference predictions and improving

Lbase =

®)
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Figure 4. Qualitative comparison of user preference alignment across models. We compare our model to ViPer [30], PickScore [11],
ImageReward [39], CLIP [25], and Aesthetic Score [33]. Subfigures (a), (b), and (c) illustrate user-specific preferences for style, content,
and pose, 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.

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:

N
1
L+ = —N E IOgU(M+(8,Zpos) — M+(S,Zneg)) (6)
=1

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

Negative Preference Loss (I._). This loss term ensures
that the model assigns a higher score to negative samples
when predicting a negative outcome, encouraging the model
to prioritize negative samples appropriately:

1 N
L = — ;bga(M—(&zmg) — M(S, 2p0s))- ()

Then, we calculate L,,x = L4 + L_ to obtain the auxil-
iary losses. The combined loss function, which incorporates

both the base and auxiliary losses, enhances the model’s
ability to distinguish user preferences by refining predic-
tions for both positive and negative outcomes:

Lall = Lbase + LaUX7 (8)

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

4. Experiments
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Figure 5. Top-1 accuracy on seen-unseen data with different Nes.



Model ‘ Aes Score  CLIP Score  ImageReward PickScore*  PickScore ‘ IDEFICS  ViPer ViPer*  Ours
Nret 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 5739 61.68

* Trained with the same settings as our model.

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

IDEFICS  ViPer ViPer* w/o P, Ours

Seen 51.41 54.03  58.17 6035 61.44
Unseen 50.31 55.38  57.18 61.63  61.75
A (%) 1.10 1.35 0.99 1.28 0.31

* Trained with the same settings as our model.

Table 2. Top-1 accuracy on seen-unseen data with N = 8.

4.1. Experimental Setup

Datasets. We construct a user-specific dataset from the
Pick-a-Pic v2 dataset [11], in which each user’s image pairs
and corresponding preference annotations are available. For
each user, we filter the data to include only entries with
at least 11 unique liked images, ensuring that our dataset
has sufficient distinct preferences to be considered reliable.
Our dataset includes 224,952 images and 2,267 users in
the training set, 1, 707 images and 89 users in the valida-
tion set, and 2,234 images and 70 users in the test set. To
better evaluate our proposed framework, we divide the 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 in-
cludes 459 images from seen users and 1, 775 images from
unseen users.

Implementation Details. We use IDEFICS2-8B [13] as
our VLM. To conserve memory, each prompt is truncated
to a maximum length of 100 tokens, and input images are
resized to 512 x 512 pixels. We employ a batch size of 64,
training on 8 GPUs with a local batch size of 2 pairs and
accumulation of gradients over 4 steps. Following the setup
of [30], we set the length of each user’s preference history
sequence, Ny, to 8. The learning rate is set to 1 x 1072,
with a weight decay of 1 x 1072, The language model is
fine-tuned using QLoRA [3], while the vision encoder is
trained simultaneously. The input tokens template for the
VLM is “<image>The prompt is <prompt>. Score for this
image?”. Initially, the VLM is trained with our custom loss
function for 5, 000 steps, after which the model weights are
fixed, and only the learnable prototypes are further tuned
for an additional 16, 000 steps. To prevent the model from
learning a fixed pattern, we randomly shuffle the order of
reference history sequences during training.

Evaluation Metric. We evaluate our method using top-K
accuracy, which assesses whether the liked image is ranked

among the top K candidates. Among all candidates, only
one “like” image is provided. In cases where one liked im-
age is compared against one disliked image, we only em-
ploy 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 [30], (2)
PickScore [11], (3) ImageReward [39], (4) CLIP [25], and
(5) LAION Aesthetic Score Predictor [33]. ViPer proxy
model predicts user preferences by analyzing reference im-
ages. PickScore and ImageReward focus on learning gen-
eral human preferences and consider relative preferences
between images. CLIP and Aesthetic Score are designed to
evaluate generic text-image alignment and aesthetic quality
respectively. To ensure a fair comparison, we train ViPer
and PickScore with the same settings as our model, and
these extended versions are marked by ‘*’ in the results.

4.2. Evaluation and Analysis

4.2.1 Quantitative Analysis.

Quantitative User-Specific Preference Prediction. Tab. |
and Tab. 3 present a quantitative comparison of different
models in terms of top-K accuracy on our dataset. Our
model consistently outperforms all other approaches, in-
cluding baselines such as ViPer, PickScore, CLIP score, and
ImageReward. Specifically, in Tab. 1, our model achieves
the highest top-1 accuracy in like-dislike pairs, surpassing
other methods. Note that PickScore (shown in gray text) is
trained on the full Pick-a-Pic dataset, making it less com-
parable to our method. For a fairer comparison, we focus
on models with an asterisk next to their names, which are
trained under the same settings as our model. In Tab. 3,
our model demonstrates superior performance compared to
other methods, particularly in scenarios involving multiple
disliked cases. These results indicate that our approach bet-
ter aligns with user preferences and achieves higher overall
prediction accuracy. Also, generic metrics, including Aes-
thetic score and CLIP score, report the worst accuracy, indi-
cating that user-specific preferences may differ significantly
from general preferences.

Seen vs. Unseen. For a model that can fully represent
the user-specific characteristics, there should be a basi-
cally consistent accuracy on seen and unseen users. Our
proposed framework utilizes learnable prototypes to build
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green check marks highlight the results that best align with user preferences. Our method demonstrates a higher probability of generating
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the basis of user preferences from the relationship between
users, which has stronger robustness. As shown in Tab. 2,
our latent preference prototypes learning framework effec-
tively shrinks the performance gap between seen and un-
seen datasets. Moreover, from Fig. 5, our method shows
a slower increase in the difference between unseen and
seen accuracies with the reduction of preference sequence
length. This implies that our prototypes effectively general-
ize across users, maintaining stable performance even with
fewer history preference records. In contrast, other meth-
ods, such as ViPer, exhibit a more significant gap, which
highlights their limitations in preserving user relationship
modeling when user data is limited.
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Figure 7. Top-1 accuracy on test dataset with different Nr.

Number of User Reference Preferences. As demon-
strated in Fig. 7, 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.

Model Nrer  Top-1Acc  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 P, 8 35.72 61.64 83.44
Ours 8 37.47 62.85 84.74

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

Baseline w/Pmpt  w/Pmpt & Lyux Full

Top-1 Acc (%) 57.39 60.47 61.37 61.68

Table 4. Ablation Study for different Settings.

4.2.2 Qualitative Analysis.

Qualitative User-Specific Preference Prediction. In
Fig. 4, our model effectively aligns with user-specific pref-
erences by distinguishing styles, content, and poses accord-
ing 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.

Comparative Analysis of Reward Models in Image Gen-
eration. We use SD-Turbo [32] incorporating different re-
ward models based on the method described in [6] to gener-
ate images combined with our model. For more information
regarding the image generation settings, please refer to the
supplementary materials. As shown in Fig. 6, incorporating
user preference feedback significantly improves image gen-
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Figure 8. Using the approach from [6], we generate images guided by our model, incorporating both user likes and dislikes as feedback.
By adjusting the guidance based on “Like” or “Dislike” feedback, we achieve distinct variations in the generated outputs, demonstrating

the impact of user feedback on image generation results.

Number of Prototypes 5 10 20
Top-1 Acc (%) 6141 61.68 61.19

Table 5. Ablation Study for Prototype Numbers.

eration quality across different reward models. Specifically,
our proposed method effectively captures user preferences
by modeling both the like and dislike references, leading
to noticeable improvements in the generated images. Com-
pared to other methods, our approach demonstrates a better
alignment with user preferences, particularly in maintaining
consistent features, as indicated by the green check marks
for our results. This experiment highlights the importance
of leveraging user feedback in refining the reward structure
to generate more appealing and preference-aligned images.
Comparison of Like vs. Dislike Predictions as Reward
Feedback. In Fig. 8, we adopt the approach from [6] to
generate images combined with our model’s guidance. In
Fig. 8 (a), the “w/ Like” setting enhances the probability of
producing images with a blue-themed style that aligns with
user preferences, whereas the “w/ Dislike” setting tends to
emphasize an unwanted pink hue. Similarly, in Fig. 8 (b),
incorporating “Like” feedback increases the chances of gen-
erating poses that match user preferences. These results
demonstrate that our model is capable of effectively captur-
ing both user preferences and dislikes, allowing for a more
comprehensive modeling of user preferences.

4.3. Ablation Study

Effect of Textual Description, Auxiliary Loss and Learn-
able Prototypes. As shown in Tab. 4, incorporating
prompts results in a 3.08% accuracy improvement, high-
lighting the beneficial effect of providing textual context to
enhance the model’s understanding and predictions. The in-

clusion of the auxiliary loss term, L,,y, further improves the
accuracy by 0.9%, suggesting that the auxiliary loss term
aids in refining the model’s alignment with the target out-
puts. Lastly, the full model, which incorporates learnable
prototypes in addition to the previous components, achieves
an accuracy of 61.68%, representing a cumulative perfor-
mance gain over the baseline model.

Ablation Analysis of Prototype Hyper-Parameters. As
shown in Tab. 5, the results indicate that using 10 proto-
types yields the highest top-1 accuracy, slightly outperform-
ing configurations with 5 and 20 prototypes. These findings
suggest that an optimal number of prototypes is crucial for
effectively modeling user preferences without overfitting or
underrepresenting the variation in data.

5. Conclusion

In this paper, we advance the prediction of user-specific
preferences by harnessing the contextual understanding ca-
pabilities of Vision-Language Models to capture more nu-
anced, content-driven user preferences. By introducing la-
tent preference prototypes, our approach enhances the mod-
eling of user-to-user preference connections, allowing for
more accurate predictions of individual tastes and signif-
icantly improving the quality of content personalization.
Comprehensive experiment results validate the effective-
ness of our method, demonstrating that it surpasses exist-
ing models in both preference recognition accuracy and the
depth of content personalization it provides.
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Adaptive Preference Learning for Personalized Image Generation
with Vision-Language Understanding

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, and a
detailed analysis of failure cases to highlight challenges and
limitations. Furthermore, we provide an in-depth descrip-
tion of experimental setups for reproducibility, as well as
extended discussions to offer deeper insights into the impli-
cations and potential improvements of our approach.

A. Examples of Training Data

Our dataset, based on Pick-a-Pic v2 dataset [11], 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. 12 and Fig. 13 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

User-Specific Preference Prediction Comparison with
ViPer. In this section, we present a focused comparison
between our model and ViPer [30], supported by quali-
tative results in Fig. 11, where target images with green
borders indicate preferences aligned with the user. Unlike
ViPer, which primarily relies on explicit features from refer-
ence images, our method leverages Vision-Language Mod-
els (VLMs) to capture deeper semantic relationships in user
preferences. By introducing latent preference prototypes,
our approach effectively models shared and individual pref-
erences, achieving notable improvements in both predic-
tion accuracy and robustness across seen and unseen users.
As a concurrent work with ViPer, our method takes a dis-
tinct approach by incorporating attention-based interactions
with learnable prototypes and a tailored loss design, which
enhance alignment with nuanced user preferences and im-
prove generalization.

t-SNE Visualization of Feature Representations. In
Fig. 9, the t-SNE visualization showcases the feature rep-
resentations of all target images liked by different users in
the test set, as processed by our model. These embeddings
are extracted from the transformer outputs before the final
linear layer. The visualization reveals that images liked by
the same user tend to form tighter clusters, demonstrating
the model’s effectiveness in capturing user-specific prefer-
ences. Among them, there are associations between differ-
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Figure 9. t-SNE visualization of feature representations for all tar-
get images liked by different users in the test set. Each point rep-
resents the feature representation of a target image, and different
colors indicate different users. The clusters reflect how the fea-
ture representations for target images liked by individual users are
grouped based on similarity in user preferences.

ent users, reflecting possible common preference patterns.
This distribution emphasizes the ability of the model to rep-
resent and distinguish between user-specific characteristics
and shared in the embedded space of learning.

C. Analysis of Bad Cases

We conduct an analysis of the model’s failure cases to gain
deeper insights into potential areas for improvement and to
inform future development directions.

Inconsistencies between Prompts and Images. When
users evaluate the images, they may prefer images that are
unrelated to the prompts, which undermines the model’s
ability to effectively learn the correlation between text and
images. In Fig. 10 (a), the “liked” images fail to accurately
reflect the content described in the prompts. These discrep-
ancies introduce noise into the dataset. This misalignment
ultimately hampers the model’s performance in tasks requir-
ing precise text-image associations.

Malformed Low-quality Input Data. As the dataset is
synthetically generated, some images may be perceived
as invalid from a human perspective, as illustrated in
Fig. 10 (b). For instance, structural inconsistencies in hu-
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Figure 10. Examples of failure cases from our model preference prediction. Subfigure (a) demonstrates conflicts between user preferences
and prompt alignments, where visually appealing but textually unrelated images are preferred. Such cases introduce noise that hinders
the model’s ability to learn meaningful text-image correlations. Subfigure (b) showcases malformed human faces and body structures in
synthetically generated images, which negatively impact user satisfaction and lead to model confusion. These cases illustrate the difficulties
in aligning generated content with both user preferences and prompt consistency, which causes bad cases.

man hands or faces occasionally occur, leading users to dis-
like such images. Importantly, this aversion is unrelated to
the user’s other preferences, such as stylistic choices. These
inconsistencies can confuse the model, resulting in subopti-
mal performance in certain cases.

Our analysis of failure cases reveals limitations stem-
ming from both model design and dataset quality. To ad-
dress these issues, we plan to incorporate additional refer-
ences based on historical user preference data to mitigate
inconsistencies between prompts and images. Additionally,
from the dataset perspective, introducing a data evaluation
module during the collection process can effectively mini-
mize the negative impact of low-quality data.

D. More Experimental Details

Image Generation Guided by Different Reward Models.
Following the method outlined in [6], we assign the fol-
lowing weights to the reward models respectively: 1.0 for
ImageReward, 1.0 for Aesthetic Score, 0.05 for PickScore,
1.0 for CLIP Score, and 0.75 for ViPer consistent with our
approach. The initial image is optimized over 30 steps. For
our method and ViPer, we replace non-differentiable com-
ponents of the vision preprocessor such as numpy-based re-
sizing 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 back to the initial image. To address
GPU memory constraints, we use 3 like-dislike image pairs
for both our method and ViPer.

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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