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Abstract

While modern text-to-image (T2I) models excel at
generating high-quality images, they are typically
trained to optimize with respect to generalized,
population-level preferences. This homogeneous
approach ignores the diverse, individual tastes
and aesthetic judgments of different users. In
this work, we propose a novel framework that
learns fine-grained user preferences without re-
lying on computationally expensive visual lan-
guage models (VLMs) or prompt-sensitive text
profiles. Instead, we introduce a robust, contin-
uous user representation that models a user’s re-
ward function as a linear combination of K base
user types. We learn user-specific weights \,, via
logistic regression on pairwise preference data to
construct a continuous user embedding. This em-
bedding is integrated into the diffusion process
via an [P-Adapter, and fine-tuned using Diffusion-
DPO. Our approach consistently generates images
aligned with individual reward functions, achiev-
ing a 66.2% win rate against a pretrained SDXL
baseline and a 63.2% win rate against the state-of-
the-art PPD framework.

1. Introduction

The prevailing paradigm in text-to-image (T2I) generation
relies on diffusion models trained on massive datasets to
satisfy homogeneous, population-level preferences. Tech-
niques such as reinforcement learning from human feedback
(RLHF) (Lee et al., 2023; Fan et al., 2023) and direct pref-
erence optimization (DPO) (Wallace et al., 2024) can align
these models to produce images that the “average” user finds
visually appealing and well-aligned with their text prompts.
This approach, while effective for general image synthesis,
overlooks the heterogeneity and individuality inherent in
human aesthetic judgment and creative preferences.
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Our research goal is to move beyond this one-size-fits-all
methodology. Specifically, we develop a novel framework,
PIPE (Personalized Image-generation via Preference En-
coding), that models and learns diverse, fine-grained user
preferences. This user-specific representation is integrated
into a diffusion process to generate images that are not only
plausible, but aligned with the unique tastes of that user.
By capturing these personalized stylistic preferences, we
elevate the utility and creative expressiveness of T2I mod-
els, allowing them to serve as more effective, personalized
creative tools.

To achieve this, we adapt a pretrained T2I model to allow
conditioning on our user representation, motivated by the
recent state-of-the-art framework PPD (Dang et al., 2025),
which uses an IP-Adapter (Ye et al., 2023) to inject user em-
bedding into a diffusion model. However, PPD uses a highly
constrained approach to learn user preference representa-
tions: for each user, a set of N = 4 few-shot examples—
comprising a caption, a preferred image, and a dispreferred
image—is processed by a pretrained visual language model
(VLM) to generate a user profile in text. PPD uses the VLM
hidden state of the final token in this text profile as the user
preference representation. This VLM-based approach has
several key drawbacks:

1. Data Bottleneck: Because the VLM’s context win-
dow limits the number of examples that can be used,
the amount of historical user preference data is very
restricted, preventing robust, generalized learning.

2. Inconsistent Profiling: The generated text profiles can
vary considerably for the same user depending on the
subset of examples chosen.

3. Semantic Gap: The generated text profiles, even given
a full history, will generally be lossy relative to the data
used to generate them, and may fail to capture nuanced
or latent user preferences.

4. Computational Overhead: VLM inference using
multi-modal input data for each user is compute-
intensive, slow, and will not scale to the demands of
many real-time applications.
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Figure 1. Our proposed framework. The PIPE user embedding F, is derived from historical pairwise preferences and injected into the

frozen U-Net via IP-Adapter cross-attention layers.

In this paper, we propose a novel method of learning contin-
uous user preference representations that gracefully resolves
these problems: PIPE enables highly scalable and effective
personalization.

2. Method

A critical difference between our approach and prior work
like PPD (Dang et al., 2025) is how we learn the representa-
tion for user preference on images. We abandon constrained
text-profile generation in favor of a continuous, scalable
embedding approach. To do so, our approach exploits prior
user models trained on large T2I datasets over many users,
such as the PASTA user model (Nabati et al., 2025).

2.1. PASTA: Personalized T2I

PASTA (Nabati et al., 2025) uses Reinforcement Learning
(RL) to optimize agents that interact with users to elicit
their image preferences for personalized T2I. One part of
their methodology is the use of an expectation-maximization
(EM) procedure to train a set of K discrete user types from
a large pool of user image preference data, specifically, on
these three large scale datasets: HPDv2 (Wu et al., 2023),
Pick-a-Pic v2 (Kirstain et al., 2023), and Simulacra (Press-
man et al., 2022). Each type k € K has a learned reward
model ¢*(c, ') that associates a type-specific reward to any
image x given prompt c. We extend this user-type model
below.

2.2. PIPE User Model

The user types above are used for data generation/simulation
in (Nabati et al., 2025), but they could also be used as reward

models to fine-tune K distinct T2I models. However, the
use of discrete user types limits the degree of personalization
that can be injected into T2I, and the use of distinct models
sacrifices generalization capability. Instead, we exploit the
K types as the basis for a continuous user preference rep-
resentation upon which T2I can be conditioned in a single
model.

We use PASTA to establish a base user type model
#(c,r) — RE that scores images = given prompts ¢ for
each of K foundational user types. This model uses frozen
CLIP image and text encoders, training only the multi-layer
perceptron (MLP) layers on top of each encoder.

We extend the PASTA user model by treating its discrete
types as a basis for a continuous user type representation. '
Specifically, we assume a user-specific weight vector \,, =
(AL A2 AEYT | where a user u’s personalized reward
function is:

K
ru(e,) =Y MigF(e,x) = A (e, @) (1)
k=1

Given a set of IV,, pairwise image preferences from user u,
where (21, x2) means x1 >, T2, we use logistic regression
to estimate u’s preference vector A\, minimizing:

LOW) == log oAl (9", 21) — 6", 28)) @)

where o(+) is the sigmoid function. This efficiently pro-
cesses all historical user data, circumventing the context-

!Other bases could be used, and even optimized for our ap-
proach.
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Figure 2. Checkpoints during training are evaluated using 500 unseen prompts and 6 different models that measure alignment to individual
user preference (a), text-image alignment (b, e), image aesthetics (c, ), and the presence of generative artifacts in images (d).

window limitations of VLMs. We refer to r,(c, x) as the
PIPE user model.

2.3. PIPE User Representation and its Usage

Once )\, is learned for a user u, we construct their user
embedding F, to represent their personal preferences. E,
is simply a linear combination of A, and the final-layer
weights of the user type model:

E,=\W 3)

where W is a tensor representing the weights of the final
feed-forward network layers.

Unlike the PPD representation, which may fluctuate wildly
based on the specific few-shot examples drawn for u, F,,
provides a highly stable, consistent, global representation
of the user’s aesthetic preferences. We refer to F,, as PIPE
user representation (or embedding). To personalize T2I, we
inject cross-attention layers into a T2I foundation (diffusion)
model using the IP-Adapter technique (Ye et al., 2023) to
accept the user representation. The model is fine-tuned
using diffusion-DPO (Wallace et al., 2024). We optimize
only the parameters for the IP-Adapter layers while keeping
the foundation model parameters frozen (see Fig. 1).

Win Rate Win Rate
Method vs SDXL  vs PPD
PPD (Dang et al., 2025) 56.8% -
Ours (PIPE) 66.2% 63.2%

Table 1. Quantitative comparison of Win Rates against baselines
evaluated on individual preference alignment.

3. Experiments

We demonstrate the performance of our model with exper-
iments designed to assess its capabilities in personalized
preference alignment compared to a pretrained model and
PPD, a state-of-the-art personalization baseline.

3.1. Experiment Setting

Dataset. We use the Pick-a-Pic v2 (Kirstain et al.,
2023), a pairwise preference dataset of the form D =
{u ) xgl) - xl(n) N ., where u is a user ID, c is
a text caption, x,, is the winning (i.e., preferred) image
and z; is the losing image. The dataset contains S8K text
prompts and 800K image pairs labeled by SK unique users.

Foundation Model. We use the open-source text-to-image
model SDXL (Podell et al., 2023) as our base foundation
model, fine-tuned using IP-Adapters as above.
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Figure 3. PIPE generates diverse images for the same prompts across users, surfacing their preferences.

Evaluation. The PIPE user model (Eq. 1) is used as the
primary automated judge to measure alignment to individ-
ual preferences. We also use CLIP (Radford et al., 2021),
LAION-Aesthetics (Schuhmann, 2022) and RichHF (Liang
et al., 2024) to measure general image quality, such as text-
image alignment, global image aesthetics, and the presence
of generative artifacts.

3.2. PIPE User Model

We first assess the effectiveness of the learned PIPE user
model (Eq. 1). The standard Pick-a-Pic test dataset only
contains about 18% of the users found in the training data.
To address this discrepancy, we grouped the training data by
user ID and created a custom 9:1 train-to-test split, ensuring
the same users are represented in both sets.

We optimize the user-specific weight vector A\, for each u
using Eq. 2 on this new training data split. During train-
ing, any paired images marked as a “tie” were randomly
assigned a winning and losing label. We then evaluate the
model’s ability to accurately predict user image preferences
on the test split, intentionally excluding any ties from the
evaluation. The PIPE model achieves a prediction accuracy
of 64.1%, outperforming PickScore (Kirstain et al., 2023)
which achieves a 56.8% accuracy despite being trained on
the same data.

3.3. User Preference Alignment

Next, we evaluate how well the fine-tuned text-to-image
model aligns with personalized user preferences. Using 500
previously unseen prompts from the original Pick-a-Pic test
dataset, we generate 500 corresponding images at various
training checkpoints. Figure 2 tracks the performance of
models fine-tuned with either the PIPE or PPD representa-
tions across multiple evaluation criteria during training.

For both the PIPE and PPD, fine-tuning the base model
enhances personal preference alignment and overall image
aesthetics. However, this improvement comes at the cost
of a slight decrease in strict text-to-image alignment. To
quantitatively compare performance, we select the optimal
checkpoint for each method—this is the checkpoint with
the highest score using the PIPE user model. As detailed
in Table 1, fine-tuning a pre-trained model with PIPE user
representations results in a substantial improvement in per-
sonal alignment. When relying on the PIPE user model as
an automated judge, our fine-tuned SDXL model achieves
a notable 66.2% win rate against the baseline pre-trained
SDXL model. Furthermore, our method secured a 63.2 %
win rate when compared directly against the state-of-the-art
PPD framework, which relies on the representation derived
from VLMs.

We refer to Fig. 3 for examples of results generated by the
PIPE user representation.
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4. Conclusion

In this work, we proposed a scalable and robust framework
for aligning text-to-image models with diverse, personalized
aesthetic preferences. By extending the PASTA user model,
we efficiently capture fine-grained individual tastes using a
lightweight user representation vector learned directly from
pairwise preference data. Our method circumvents the data
bottleneck and prompt-inconsistency issues associated with
VLM-based user profiling.

By projecting this representation into a dense user embed-
ding and carefully injecting it into a diffusion model using
an IP-Adapter and DPO-based training, we successfully
condition the diffusion generation process on individual
user preferences. Extensive evaluation demonstrates that
our approach significantly outperforms both the foundation
SDXL model and PPD, a state-of-the-art personalization
baseline. This work marks a significant step toward un-
locking text-to-image systems that are truly customized,
high-fidelity creative tools capable of adapting to the nu-
ance of individual user preferences. Our findings align with
very recent advancements in the field, such as the Premier
framework (Wang et al., 2026), which similarly captures
individual preferences by injecting trainable user embed-
dings to a diffusion model. Future work will involve a direct
quantitative comparison with the Premier framework and
algorithms for user onboarding designed to elicit preference
data more efficiently.
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