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ABSTRACT

Diffusion models can generate high-quality images, yet aligning their outputs with
individual user preferences remains challenging. A key bottleneck is accurately
modeling diverse user preferences from limited feedback. Existing approaches
often rely on labor-intensive manual preference annotations or vision-language
models(VLM) to extract preference information from user interaction histories,
introducing substantial annotation or computational costs that limit scalability.
We propose an approach that learns personalized reward models directly from
users’ historical image preference pairs. First, we use an autoencoder to com-
press hundreds of visual attributes into 50 attribute-anchored preference dimen-
sions and train an evaluator to score images along these dimensions. We then
represent each user’s preferences as a linear combination of the shared dimen-
sion scores, estimating the user-specific weights by maximizing the likelihood of
their observed pairwise preferences under the Bradley—Terry model. This formu-
lation reduces per-user adaptation to optimizing a low-dimensional weight vector,
simplifying optimization and enabling data-efficient personalization from sparse
feedback. The learned personalized rewards guide image generation at inference
time while keeping the diffusion model frozen. Experiments on real-user prefer-
ence data show that our approach achieves approximately 77% held-out pairwise
preference prediction accuracy and improves the alignment of generated images
with individual user preferences.

1 INTRODUCTION

Text-to-image diffusion models have made remarkable progress in visual fidelity, prompt adher-
ence, and compositional generation, powering increasingly capable systems such as Stable Diffu-
sion (Podell et al., 2024 Rombach et al.l 2022), DALL-E (Ramesh et al., [2021), and Seedream
(Seedream et al.l 2025)). To adapt these general-purpose models to downstream requirements, prior
work has explored supervised or reinforcement-learning-based fine-tuning, the injection of addi-
tional conditioning signals, and reward-guided inference (Wallace et al., 2024; |Prabhudesai et al.,
2023)). These approaches have proven effective for applications including subject-driven generation,
style customization, and general preference alignment.

Despite their effectiveness in many applications, personalizing diffusion models to individual users
remains challenging, as it requires accurately modeling each user’s preferences from limited feed-
back. Existing approaches generally obtain user preferences in two ways: using vision-language
models to summarize a user’s historical preference records into a profile or embedding (Dang et al.,
2025}, [Kim et al.l [2025a), or collecting explicit human annotations of users’ likes and dislikes and
converting them into structured visual preferences to guide generation (Salehi et al., [2024)). These
approaches have two important limitations. First, incorporating preference representations requires
additional fine-tuning of the diffusion model or training of a specialized adapter, introducing sub-
stantial computational cost and limiting scalability across different generative models. Second, ac-
quiring reliable preference representations remains difficult: profiles inferred by vision-language
models may be inaccurate when user histories are short, long, or heterogeneous, while collecting
detailed human annotations imposes considerable burden on users.

*Work done during Jiamu Bai’s internship at Meta. {: co-first author.
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In this work, we propose PAT(Personalized at Test Time for diffusion models), which instantiates
a personalized reward model at test time directly from a user’s historical preference feedback. For
each pair of images generated for a prompt, a user only needs to indicate which image they pre-
fer. Our approach assumes that user preferences admit a low-dimensional latent representation,
with individual differences captured by the weights each user assigns to shared preference dimen-
sions. We therefore formulate personalization as a two-stage problem: first, identifying a compact,
shared visual attribute space that captures diverse preference-relevant attributes; and second, quanti-
fying each user’s preferences along these dimensions. To identify the shared preference dimensions,
we draw on the collection of over 500 visual attributes compiled by |Salehi et al.| (2024). While
these attributes provide broad coverage of visual preferences, estimating a separate weight for ev-
ery attribute would require fitting hundreds of user-specific parameters from only a small number
of pairwise observations, making preference estimation prone to overfitting. We therefore seek a
compact shared representation that preserves meaningful variation across visual attributes while re-
ducing the number of parameters to be estimated for each user. To this end, we use an autoencoder to
derive a low-dimensional set of shared preference dimensions grounded in these attributes. Unlike
covariance-based linear methods such as PCA (Pearson, [1901; [Hotelling} [1933)) and factor anal-
ysis(Spearman, |1961}; Thurstonel |1931)), the autoencoder can capture a nonlinear low-dimensional
representation that better preserves interactions among visual attributes. The advantage is supported
by our empirical results in Table @ An evaluator then maps a prompt—image pair (¢, x) to its scores
sg(c,z) € R along these dimensions, providing a shared basis for evaluating the visual character-
istics of images.

To capture each user’s individual preferences, we construct a personalized reward model that can be
efficiently learned at test time. We quantify the reward of user u as a linear combination 7, (¢, ) =
A} s9(c, ), where ), is the user-specific preference weight. Given the user’s preference history
represented as a collection of n prompt—image preference pairs (¢, xz, Ty )7;, we estimate the user-
specific weights using the Bradley—Terry objective,

Moy

o= argn}\szZbga (Ao [so(ck, z) = salck, 23)]) - (1)

k=1

This factorization reduces test-time personalization to estimating a low-dimensional weight vector,
keeping per-user optimization compact and enabling data-efficient learning from sparse feedback.
The resulting reward is used to guide generation at inference time while the underlying diffusion
model remains frozen. To improve generalization for users with very few preference pairs, we
further introduce a mixed-effects parameterization A, = G + b,,, where GG captures population-level
preferences shared across users and b, captures user-specific deviations. By pooling preference
information through G, this formulation further enables more reliable personalization in few-shot
settings. We evaluate our approach on real-user preference data, achieving approximately 78% held-
out pairwise preference prediction accuracy. When transferred to personalized image generation, our
method achieves a 63.0% win rate against the non-personalized generator. Our main contributions
are as follows:

* We introduce the first mathematical formulation of user profiling for personalized image
generation based directly on offline pairwise preferences. Our formulation represents each
user by a low-dimensional preference vector over shared visual dimensions, turning per-
sonalization into a tractable parameter-estimation problem.

* We propose PAT, an end-to-end pipeline that fits a compact personalized reward and uses
it to guide a frozen diffusion model through test-time noise optimization, requiring neither
per-user model fine-tuning nor separate personalized generators.

* We empirically demonstrate that our approach accurately models real users’ preferences
under limited feedback and that the learned personalized rewards transfer effectively from
preference prediction to personalized image generation.

2 RELATED WORK

Diffusion Model Alignment. A growing body of work aligns pretrained diffusion models with
downstream objectives such as human preferences, aesthetic quality, and safety-awareness. One
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Figure 1: Overview of PAT. We learn a shared low-dimensional visual preference space and eval-
uator, fit a personalized reward from each user’s pairwise preference history, and use the reward to
guide a frozen diffusion model at inference time.

class of approaches fine-tunes the diffusion model using reward supervision, thereby incorporating
the desired objective into the model parameters (Dai et al., 2023}, [Betker et al., 2023} [Clark et al.}
[2023}, [Prabhudesai et all, 2023}, [Fan et al, 2023} [Black et al., 2023). Another class performs align-
ment at inference time, steering the denoising trajectory or directly optimizing the latent variables
while keeping the pretrained diffusion model frozen (Jiang et al}, 2026} [Goyal et al.| 2026}, [Tang|
et all, 2024 [Yeh et al] [2024; [Kim et al} [Zhai et all, [2025). More recently, reinforcement learning
has been introduced to diffusion model alignment by treating denoising as a sequential decision-
making process. Existing methods employ policy-optimization algorithms such as GRPO
let all, 2026} [Liu et al} 2026} Xue et al., [2025} [2026¢)), as well as RLHF and direct
preference optimization objectives such as DPO (Wallace et al.| 2024} Jiang et al.,[2026;
2024 Wang et al.| 2025}, [Lee et al.l [2025D; [Gu et al., 2024; [Yang et al., 2024a} Zhu et al., [2025), to

improve generation according to human feedback or learned rewards. While most of these methods
perform alignment by updating the diffusion model during training, a small number of concurrent
works, besides ours, have also explored alignment at inference time. [Jin et al.| (2025 and [Xie et al.
investigate training-free inference-time reward transfer from RL aligned-base difference be-
tween tuned model and base model. |Chen et al.| (2026) treats intermediate flow latents as implicit
policies and optimizes them at test time using PRDP and GRPO objectives.

Personalization for Generative Models. Personalization has been extensively studied for large
language models through approaches such as user-profile conditioning, memory augmentation,
parameter-efficient adaptation, and personalized reward modeling (Yang et al. 2024b} [Li et al

20264 [Poddar et al., 2024} [Wang et al.l 2024; [Song et al., [2026; Yu et al., [2026; [Wang et al., 2026a;
Wu et al. 2026; Barreto et al. 2025; [Cai et al., [2026} [Iyer et al.; (Chen et al.
2025} [Shenfeld et al., 2025; [Kim et al., 2025b). Personalizing diffusion models poses additional

challenges. An LLM can jointly interpret heterogeneous user histories, extract preference-relevant
information, and incorporate the resulting profile into generation through natural-language condi-
tioning. In contrast, a diffusion model primarily serves as a generator and does not natively provide a
comparable interface for reasoning over user histories or constructing explicit user models. Existing
approaches therefore commonly rely on external vision-language models to summarize a user’s prior
choices or encode them into preference representations, while others use human-defined attributes
or manual annotations to characterize the relevant dimensions of variation (Dang et al., 2025}
et al., 20254} [Salehi et al. 2024} [Kim et al 2025a; [Wang et al, 2026b; [Li et al., 2026b). Our
approach makes diffusion personalization more scalable by directly learning shared preference di-
mensions and user-specific rewards from pairwise feedback. It requires neither external VLM-based




nor manual analysis of each user’s history, and personalizes generation at inference time without
fine-tuning the underlying diffusion model.

3 METHODOLOGY

3.1 PROBLEM FORMULATION

Moy

For each user u, we observe a small set of offline preference pairs, D, = {(c;, 25, z; )} ™, where
in ¢-th image pair, c; is a text prompt and o:j' is preferred to z;. We assume that user preferences lie
in a shared k-dimensional space, represented by an evaluator s(c, z) € R¥. The personalized reward

is a linear combination
ry(c,x) = )\Zs(c, x), A\, € RF, 2)

where \,, is the only user-specific parameter. At inference time, we aim to generate images maxi-
mizing the personal reward r,,(c, x).

3.2 LEARNING AN AUTOENCODER PREFERENCE EVALUATOR

Preference Dataset. We construct the data for learning the shared preference evaluator from the
training split of Pick-a-Pic v1 (Kirstain et al.,[2023)), where each comparison consists of a text prompt
¢, two generated images (x1, 2~ ), and the image preferred by the user. We sample a dimension-
learning pool of 50,000 images from light raters. To obtain structured supervision describing the
visual properties of each image, we annotate the pool with Qwen2.5-VL-72B (Bai et al., [2025)
using the ViPer attribute taxonomy (Salehi et al.,2024). The taxonomy contains approximately 512
attributes organized into 21 visual categories, including art style, color palette, composition, and
mood. For each image, Qwen2.5-VL-72B assigns a binary label indicating whether an attribute is
present in the image. Aggregating these annotations produces a binary attribute matrix with size
50,000 x 512, which is subsequently used to train the autoencoder.

Autoencoder for dimensionality reduction. Assigning a separate preference weight to each of
the 512 attributes would require estimating a high-dimensional user vector from limited feedback,
making reliable estimation difficult. We therefore learn a shared representation with k¥ < 512
dimensions, reducing the number of user-specific parameters to estimate. The bottleneck dimension
k controls the trade-off between representing diverse preferences and learning them from sparse
feedback. To effectively reduce dimension, we use an autoencoder to capture potentially nonlinear
attribute dependencies. Specifically, let a; € {0,1}512 denote the attribute vector of image z; in
the annotated pool of N = 50,000 images. An encoder [, produces a latent representation, and a
decoder D, reconstructs the attribute probabilities:

zi = Ey(a;) € RF, a; = Dy(z) € (0,1)%2. 3)

We learn the encoder and decoder parameters (7, 1) by minimizing

N
1 .
EAE - N §:1 grcc(aia ai) ) (4)

where /. is the binary cross-entropy loss across attributes. After training, we discard the decoder
and use z; as shared supervision targets for the evaluator sg(c;, x;). These compact scores encode vi-
sual attribute structure rather than user preferences; each user’s preferences are subsequently learned
through the weights A, over the evaluator’s k outputs.

Evaluator for each dimension. We train a differentiable evaluator sq(c, ) € R* that combines
general human preference learning with dimension-specific visual attribute supervision. A frozen
SigLIP model encodes the caption and image, whose representations are concatenated and passed
to MLP scoring heads with output dimension of k. Following the pairwise preference-learning
principle of PickScore (Kirstain et al., |2023), each head learns to assign higher scores to human-
preferred images. We additionally supervise each head using the corresponding autoencoder latent
dimension: for each dimension, we supervise the top 33% of pairs by absolute latent difference using
the sign of that difference as the ordering target, then apply an attribute-ranking loss only to image



pairs with different binary labels in that dimension. This auxiliary objective encourages the heads to
retain distinct visual attribute signals while learning general preferences. We train the scoring heads
on around 36k image pairs while keeping the SigL.IP encoders and autoencoder fixed. The resulting
scores form a shared basis for personalized reward fitting. Details are provided in Appendix [A]

3.3 PERSONALIZED REWARD LEARNING

Given the shared evaluator and user u’s offline preference pairs D,,, we infer the weight vector \,,
that best explains the user’s choices. Under the Bradley—Terry model, the probability of preferring
r tox; is

Pz =2, |¢;) = a(ru(ci, z) — rule, x:)) = O'()\IASZ') , (5)

where o(a) = (1 + e %)~ and As; = s(c;, ) — s(c;,z; ). The basic regularized maximum-
likelihood estimator is

Au = ul ATAs) —~[[A3 6
arginez%)g {2—21 ogo( 5:) =7l ||2}7 ©)

where v controls regularization and m,, is the number of total preference pairs for user u. This
formulation reduces personalization to estimating a low-dimensional vector, but its effectiveness
still depends on the shared evaluator providing meaningful preference coordinates.

Alternating evaluator and weight optimization. The collected image preference pairs can fur-
ther train the shared evaluator to better reflect preferences across users. We alternate between fitting
each user’s A\, with the evaluator fixed and updating the evaluator heads with the user weights fixed.
Repeating these two steps allows the shared preference representation and user-specific weights to
adapt together, while the evaluator’s image and text encoders and the diffusion model remain frozen.

Mixed-effects preference modeling. We further extend Equation [6to a mixed-effect model, pa-
rameterizing each user’s weights as A\, = G + b,. Here, G € RF is a shared fixed effect capturing
population-level preferences, and b, € RF is a user-specific random effect capturing deviations
from this shared component. With an isotropic Gaussian prior b, ~ A (0, I), we jointly estimate
the shared component and user deviations by maximizing the regularized log-likelihood:

My,

(G, {b,}) = arg Gr%%x} Z Zlog o((G+ bu)TAsu’i) — Z 1612, (7)

UEUtrain 1=1 UE€Utrain

where Uy, ,in denotes the set of training users, and -, controls the allowed user-level variation, and
m,, 18 the number of total preference pairs for user u. This mixed-effect model is particularly useful
when each user provides only a few preference pairs. The shared component G is learned across
users, allowing data-sparse users to benefit from population-level evidence, while the penalty on b,,
limits unsupported individual deviations. This can reduce the variance of user-specific estimates and
improve preference prediction under limited feedback.

3.4 INFERENCE-TIME GENERATION WITH DIRECT NOISE OPTIMIZATION

After learning the personalized reward r,,, we use Direct Noise Optimization (DNO) (Tang et al.,
2024) to guide generation without updating the diffusion model. Let M(c, 1) denote the image
produced by the frozen diffusion model ¢ from prompt ¢ and initial noise z7 ~ N(0, I). Given a
user’s personal reward model 7, (c, z), we aim to find the locally optimal noise z%. such that

xp = argmax ry(c, My (c, z7)).
T

The optimal noise is derived from gradient ascent. At the k-th optimization step, the k + 1 noise
2%+ is updated by,

zlﬁ'l = 2k 4 UV (e, My (c, o5)). (8)
Note that while [Tang et al.|(2024) mainly uses an SDE sampler and optimizes over both initial

noise and step-wise injected noises, we use ODE sampler thus only the initial noise is optimized.
Additional implementation details are provided in Appendix [D]



4 EXPERIMENTS

Our experiments evaluate two central questions: (1) whether the learned personalized reward accu-
rately represents a user’s preferences, and (2) whether this reward can be used to generate images
that match those preferences. We first study a controlled toy setting with manually specified syn-
thetic preference profiles, and then extend the evaluation to real user preferences from Pick-a-Pic.

4.1 Toy EXAMPLE SETTING

Goal, data, and evaluation. We begin with a controlled toy experiment involving five syn-
thetic users, each represented by a manually specified ground-truth preference vector A\* (Ta-
ble @ Their preferences are defined over five candidate reward dimensions: c1ip (Radford et al.|
2021), aes (Schuhmann, 2022), color (Hasler & Suesstrunk, 2003), hps (Wu et al.| [2023), and
pickscore (Kirstain et al.,|2023). These scores capture complementary aspects of visual appear-
ance and text-image alignment; details are provided in Appendix [B.I] We repeat the experiment
three times, sampling 200 captioned image pairs from Pick-a-Pic vl in each repetition and split-
ting them into 100 training and 100 test pairs. After standardizing each reward dimension over the
sampled images, we construct synthetic preference labels by selecting the image with the higher
ground-truth weighted reward, (\*) Tr(c, z). We then estimate \ from the training preferences by
maximizing the Bradley—Terry likelihood with regularization 0.1. Evaluation considers the prefer-
ence prediction accuracy on the held-out pairs. We compare the learned multi-dimensional reward
with the ground-truth reward and a best one-hot baseline, which uses the highest-performing indi-
vidual reward dimension available in each configuration. This comparison tests whether learning a
combination of reward signals better captures a user’s preferences than relying on a single evaluator.

Table 1: Held-out pairwise preference Table 2: Held-out pairwise preference accuracy (%) on 631
prediction accuracy(%) for the syn- Pick-a-Pic users, grouped by the number of training pairs.
thetic configurations. Best one-hot Each user has 50 test pairs. Bold indicates the best accuracy
uses the strongest individual reward in each group.

dimension. The learned combination Taining pairs 1120 2130 31-60 61+
achieves higher accuracy.

PAT 731 +1374.6 £0977.1 +0378.2 + 0.1
Config PAT Best one-hot w/o Mixed Effect 73.1 £1473.5 £0976.4 £0477.9 £o01
Uniform 90.0 +43 77.0+ 1.6 w/o Alternating Training ~ 71.2+ 1.1 72.3+09 75.2+07 75.4+02
Normal-1 90.7+12 803 +33 w/o Alternating Training & 71.0+ 10 71.6+07 74.7+07 74.7+03

Normal-2 88.7 £3.6 79.0+ 3.7 Mixed Effect

Heavy-1 91.0£5.7 81.7+48 Universal \ 67.6+ 04 66.94+06 69.3+02 70.3+ 03
Heavy-2  90.7+44 81.0+54 w/ Frozen Evaluator 66.94 04 653406 65.1408 66.0+04

Results. As shown in Table [T} our learned reward combination outperforms the best single re-
ward dimension across all five synthetic preference configurations, achieving around 90% held-out
accuracy. These results demonstrate that fitting user-specific weights from limited pairwise feed-
back better captures diverse preference profiles than relying on any individual metric. Figure [2]
qualitatively illustrates how different preference weights affect generation under the same caption.
Increasing the weight on colorfulness produces more vivid, saturated images, while other weight
configurations yield more muted palettes and different architectural compositions. These examples
show that varying the preference weights enables different visual styles without changing the text
prompt.

4.2 REAL USER: PERSONALIZED WEIGHT MODELING

We next extend our evaluation from synthetic preferences to real user choices using the training split
of Pick-a-Pic (Kirstain et al.,|2023). We evaluate 631 users, holding out 50 preference pairs per user
for testing and using their remaining pairs for training. To examine performance under different
amounts of personal feedback, we groups users by their training-set sizes, with 66, 55, 120, and 390
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Figure 2: Qualitative examples of preference-controlled generation under a fixed prompt. Each
image is generated using a different weight vector A over (clip, aes, color, hps), producing
distinct visual styles. Corners emphasize individual reward dimensions, while intermediate positions
combine multiple dimensions. The corresponding weights and metric scores are shown beside each
image.

users in the four groups, respectively. We measure held-out pairwise preference accuracy to assess
how well each method predicts a user’s unseen choices. We repeat the train-test split and model user
preference for 3 times and report the average held-out pair test accuracy. We evaluate variants of
PAT to examine the contribution of each pipeline component. The full method combines alternating
evaluator and user-weight optimization, hierarchical preference modeling, and user-specific person-
alization. w/o mixed effect replaces the joint parameterization A\, = G + b,, with separate per-user
weight fitting regularized toward a fitted global preference vector, pushing back to an objective as
Equation [§] w/o Alternating Training freezes the shared evaluator during user-weight fitting. We
also remove both components to evaluate their combined contribution. Universal X replaces user-
specific weights with a shared population-level vector. Finally, Universal A\ w/ Frozen Evaluator
uses a fixed evaluator and a shared weight vector, removing all three components.

Table 2] shows that PAT achieves strong preference prediction performance across different amounts
of user feedback. Personalization provides substantial gains: compared with using shared
population-level weights, user-specific modeling improves accuracy by 5.5%-7.9% across all four
groups, highlighting the importance of capturing individual preferences. Mixed-effects modeling
is particularly useful when feedback is limited: it improves accuracy by 1.1% and 0.7% percent-
age points in the 20-30 and 30-60 groups, respectively, while matching independent fitting in the
smallest group. Alternating training further improves accuracy across all groups, supporting joint
adaptation of the evaluator and user-specific weights.

4.3 ABLATION STUDIES

Autoencoder vs. other dimension reduction methods. We compare the autoencoder with two
linear dimension reduction methods:(a) a correlation-based baseline that groups correlated visual
attributes and averages their binary labels to construct shared preference dimensions and (b) Princi-
ple Component Analysis(PCA) that uses SVD to factorize the binary label matrix and use the top k
principle dimension as shared preference dimensions. As detailed in Appendix[B.3] the autoencoder



Table 3: Effect of autoencoder dimension k on held-out pair- Table 4: General-purpose image-
wise preference accuracy (%) for 631 users. Variants follow quality and prompt-alignment met-
the component ablations in Table [2] Bold indicates the best ~rics for PAT and vanilla SD3.5. Win

accuracy at each dimensionality. rate is the fraction of matched pairs

Variant k=20 k=40 k=50 k=80 k=100 in which ourimage receives a higher
score.

PAT 7528 76.88 77.14 77.17 77.10 PAT

w/o Mixed Effect 75.14 7693 76.73 76.85 76.74 Metric Baseline PAT win rate

w/o Alternating Training 72.99 74.80 74.65 74.60 74.51

wlo Alternating Training  72.60 7424 74.04 7423 7436 FickScore 02207 02203 47.6%

& Mixed Effect HPS 0.2817 0.2817 52.0%
Universal A 69.58 7036 69.53 69.45 69.53 iEISP 05'281235 05'288 51 63 jzizo
w/ Frozen Evaluator 64.72 6588 65.86 65.51 65.47 9 : .

achieves highest held-out pairwise accuracy at every tested dimensionality. At k& = 50, accuracy
improves from 75.39% to 77.14%. These results support Autoencoder approach constructs a more
effective basis for personalization than other linear dimension reduction methods.

Preference-space dimensionality. Table (3| examines the effect of the autoencoder dimension k.
Increasing k from 20 to 50 improves PAT from 75.28% to 77.14% accuracy, suggesting that addi-
tional dimensions help capture heterogeneous user preferences. Beyond k& = 50, accuracy plateaus,
reaching 77.17% and 77.10% at k = 80 and k = 100, respectively. These results suggest that 50
dimensions are sufficient to capture the preference variation needed for accurate prediction in this
setting, with further increases providing no additional benefit for the full method.

Regularization strength. We vary the regularization coefficient  to examine its effect on prefer-
ence estimation, with detailed results provided in Appendix[B.4] For the sake of notation brevity, we
use v to represent the regularization strength including mixed-in effect. Held-out pairwise accuracy
peaks with v = 0.03. This trend suggests that moderate regularization helps generalization, whereas
excessive regularization restricts the model’s ability to capture user-specific preferences.

4.4 REAL USER: PERSONALIZED IMAGE GENERATION

Experimental setup. We evaluate whether the learned personalized rewards improve image gen-
eration beyond ranking existing images. We include all 631 users and generate 10 images per user
for each method. We use Stable Diffusion 3.5 (SD3.5) as the base generator, with 30 sampling
steps and a classifier-free guidance scale of 4.5. For PAT, we optimize the initial noise using Direct
Noise Optimization (DNO) with the learned personalized reward, while keeping the diffusion model
frozen. DNO runs for 30 optimization steps with a learning rate of 0.005. We use GPT-5.5 as the
judge under a blind, profile-aware evaluation protocol, comparing each method’s outputs against
vanilla SD3.5 for alignment with the user’s preferences. latex We first provide GPT-5.5 with 10
image pairs and the user’s recorded preferences, one pair for each test prompt, to construct a user
preference profile. We then use this profile to guide GPT-5.5 in judging which generated image
better aligns with the user’s preferences. The prompt templates are provided in Appendix [C]

Baselines. We compare against our reproduction of Personalized Preference Fine-tuning of Dif-
fusion Models (PPD). For each user, PPD randomly selects four historical prompt—image pairs and
uses a 72B Qwen vision-language model to extract the user’s preferences. The resulting VLM
embeddings serve as additional conditioning signals for diffusion model fine-tuning, and the texts
summarized from VLM are treated as user profile. At generation time, we set PPD’s user-signal
guidance scale to 1. We also include a Profile-as-Prompt baseline, which appends the textual user
profile produced by PPD’s VLM to the original generation prompt, directly conditioning SD3.5 on
the preference description.

Generation results. Images generated by PAT are preferred over vanilla SD3.5 in 63.0% of com-
parisons, compared with 58.5% for PPD and 55.7% for Profile-as-Prompt. Our method therefore
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Figure 3: Qualitative comparison of personalization methods. For each user, we compare images
generated by vanilla SD3.5, Profile-as-Prompt, PPD, and PAT under the same prompt. We highlight
the user preferences in green and dispreferences in red. More qualitative results are in Appendix [E]

improves the win rate against the shared baseline by 4.5% and 7.3%, respectively. These results
demonstrate that personalized rewards learned from offline preference pairs transfer effectively to
generation-time optimization, achieving the highest win rate among the evaluated methods while
keeping the diffusion model frozen.

Image-quality control. To assess whether the personalized generation gains reflect a general im-
provement in image quality, we compare PAT with vanilla SD3.5 over the image pairs generated
from the same prompts. We evaluate each pair using four general-purpose quality and alignment
metrics: PickScore, HPS, CLIP, and AES. As shown in Table 4, average scores remain similar
across methods, while metric-based win rates range from 45.4% to 52.0%, showing no consistent
advantage for PAT on these metrics. Together with the 63.0% win rate under profile-aware evalua-
tion, these results suggest that our gains reflect better alignment with individual preferences rather
than a broad increase in generic image quality.

5 CONCLUSION

We introduced PAT, a framework for personalizing diffusion models at test time from historical pair-
wise preferences. By combining shared, attribute-grounded reward dimensions with user-specific



weights, PAT enables preference estimation from limited feedback and guides generation while
keeping the diffusion model frozen. Experiments demonstrate improved preference prediction and
better personalized generation win rate over vanilla SD3.5, without consistent gains in generic qual-
ity metrics. These results support compact personalized rewards as an effective interface between
individual preferences and inference-time image generation.
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A EVALUATOR TRAINING

Architecture and supervision. Our evaluator produces a vector of scores sg(c,z) =
[s9.1(c,x),...,s0k(c,x)]T for a caption-image pair (c,z). We encode the caption and image us-
ing frozen SigLIP encoders and concatenate their representations into a 2,304-dimensional feature
vector(1152 dimension for both image and caption embeddings). This vector is passed through an
MLP consisting of a linear layer with 512 hidden units, a GELU activation, and a linear output layer
producing k scalar scores. The output dimensions share the hidden representation but have separate
output weights. We train the MLP on approximately 36,000 image pairs using two sources of su-
pervision: human pairwise preferences and dimension-specific targets derived from the pretrained
autoencoder. The former provides a common preference-learning objective across dimensions, while
the latter encourages distinct visual attribute responses.

-, x; ) denote a training pair, where :cj' is preferred to
x; by the user. For dimension j, we define the predicted score difference as

Human preference supervision. Let (¢;, 2

dij = so,j(ci,x) — so.5(ci, x7). )

Following the pairwise preference-learning principle of PickScore (Kirstain et al., [2023), we en-
courage each output dimension to assign a higher score to the preferred image. We use the binary
cross-entropy loss

(acr(d,y) = —ylogo(d) — (1 —y)log(1 — o(d)), (10)

where d € R is a predicted score difference, y € {0, 1} indicates whether the first image should
receive a higher score than the second, and o is the sigmoid function. Since each pair is ordered by
human preference, the target for this objective is always 1. For a minibatch 3, the preference loss is

k
1
Lprefer = WZZéBCEwU,l). (11)

i€B j=1

Visual attribute supervision. To construct dimension-specific supervision, we use the fixed en-
coder of the pretrained autoencoder:

ZF = Eyla(a))), 2 = BEyla(z))), (12)

K3 7

where a(x) € {0,1}°!2 is the binary visual attribute annotation of image x, E,, is the autoencoder

encoder with fixed parameters 7, and z;", z; € R are the corresponding continuous latent repre-
sentations.

107

We first compute the latent difference for each pair and dimension:

6ij = Z+ —Z... (13)

) L)

For each dimension j, we rank the training pairs by |d;;| and retain the top 33% for attribute super-
vision. Let Z; denote the indices of the retained pairs. We define the supervision mask and binary
ordering target as

mij = 1[i S Ij}, y?}tr = 1[51’]’ > 0} (14)

Thus, pair selection is based on the magnitude of the continuous latent difference, while the binary
target records its direction. We do not binarize the individual images’ latent values. This procedure
focuses attribute supervision on pairs with relatively large differences within each dimension.

For a minibatch B, the masked attribute loss is
k
Dien i1 Mij tace(dij, yi5*)
- .
max (17 DieB Q=1 mij)

Pairs outside Z; contribute no attribute loss for dimension 7, but still contribute to the human pref-
erence loss. We optimize the sum of the two losses:

Leval = Lprefer + Lattr~ (16)

15)

Lattr =
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Together, these objectives encourage the evaluator to balance general preference prediction with
dimension-specific visual attribute supervision. Only the MLP parameters are updated; the SigL.IP
encoders and autoencoder remain fixed during this training stage. The autoencoder outputs define
supervision masks and targets, whereas both losses operate on the evaluator’s predicted score differ-
ences. The evaluator therefore learns continuous, attribute-grounded preference scores rather than
directly reconstructing the autoencoder latent values. These scores are subsequently combined using
user-specific weights to construct personalized rewards.

B MORE DETAILS ABOUT EXPERIMENTS

B.1 REWARD METRICS

Our controlled experiments define synthetic user preferences over five reward dimensions: clip,
aes, color, hps, and pick. These scores measure text—image alignment, visual aesthetics,
colorfulness, and learned human preferences. Although the dimensions may be correlated, they
provide distinct signals that can be combined to construct different preference profiles.

CLIP similarity (c1ip). CLIP (Radford etall[2021) learns a shared image—text embedding space
through contrastive training on image—text pairs. We use the similarity between the embeddings of
a generated image and its corresponding prompt to measure semantic alignment. Higher scores in-
dicate stronger correspondence between the image content and the text description. This dimension
captures prompt relevance, although it does not directly measure visual quality or individual user
preferences.

Aesthetic score (aes). The aesthetic predictor (Schuhmannl[2022) estimates an image’s aesthetic
appeal using a prediction head applied to its CLIP image embedding. It is trained to predict human
aesthetic ratings and provides an image-only quality signal, without conditioning on the prompt.
This dimension captures visual appeal that may not be reflected by text—image similarity alone.

Colorfulness (color). The colorfulness metric of Hasler & Suesstrunkl (2003) quantifies im-
age colorfulness using statistics of red—green and yellow—blue opponent channels. It combines the
variability and mean magnitude of these color signals to produce an image-only score. Unlike the
learned reward models, this metric measures a specific visual property without preference supervi-
sion. Higher values indicate more colorful images, which need not be preferred by every user; its
contribution to the synthetic reward is determined by the user’s weight vector.

Human Preference Score (hps). Human Preference Score v2 (Wu et al., [2023)) is a CLIP-based
scoring model fine-tuned on the Human Preference Dataset v2 (HPD v2). Given a prompt and an
image, it predicts a score intended to reflect human preferences over generated images. Compared
with the original CLIP similarity, this score incorporates explicit human preference supervision and
provides a broader signal of perceived image quality and prompt compatibility.

PickScore (pickscore). PickScore (Kirstain et al.l [2023) is a CLIP-based preference model
trained on pairwise human feedback from Pick-a-Pic. It assigns a scalar score to a prompt—-image
pair using the scaled similarity between its learned text and image embeddings. Training encourages
the relative scores of competing images to match observed human choices. Like HPS, PickScore
provides a population-level preference signal; the two models are trained on different preference
datasets and may therefore rank the same images differently.

Combining reward dimensions. Because the five metrics have different numerical scales, we
standardize each dimension over the sampled images before constructing synthetic preferences, as
described in Section 4.1. Let 7;(c, «) denote the standardized score of dimension j. For a synthetic
user with ground-truth weights A*, the reward is

5
ra (e, ) = Z Niri(e, ).
j=1
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For each image pair associated with the same prompt, we assign the synthetic preference label to the
image with the higher weighted reward. This construction allows us to evaluate preference learning
against a known reward function.

B.2 PICK-A-PIC DATASET

Pick-a-Pic (Kirstain et al., 2023)) is an open dataset of real user preferences for text-to-image gen-
eration, collected through a web application in which users submit prompts and compare generated
images. Each comparison associates a text prompt with two candidate images and the user’s pref-
erence feedback. The dataset also permits ties and includes user identifiers, enabling preference
observations to be grouped into individual user histories. Its prompts and judgments arise from
users interacting with image generation systems, providing a setting for studying heterogeneous
visual preferences.

We use Pick-a-Pic vI in two experimental settings. In the controlled toy experiments, it supplies
captioned image pairs, while preference labels are constructed from the synthetic weighted reward
rather than the original human choices. Each repetition samples 200 pairs, with 100 used for fitting
the preference weights and 100 for evaluation. In the real-user experiments, we use the recorded
human choices to fit and evaluate personalized rewards. Following Section 4.2, we select the 631
users with the largest numbers of preference pairs from the training split, hold out 50 pairs per user
for evaluation, and use the remaining pairs for training. These experiments assess, respectively,
recovery of controlled synthetic preferences and prediction of unseen choices from real users.

B.3 Toy EXAMPLE X\ WEIGHTS

Table [5]reports the ground-truth and fitted preference weights for the five synthetic users introduced
in Section[4.1] with fitted weights averaged over three independently sampled datasets. The configu-
rations cover both broadly distributed preferences (uniform and half-normal) and more concentrated
preferences (Pareto). Weight recovery is strongest for the heavy-1 configuration, with a reported
cosine similarity of 0.990, and the fitted vector preserves its emphasis on the third and fourth reward
dimensions. Recovery is less accurate for the uniform and half-normal configurations, where the
fitted weights place greater emphasis on the fifth dimension. These results highlight that recover-
ing the exact preference weights remains challenging with limited pairwise feedback, even in this
controlled setting.

Table 5: Ground-truth and fitted preference weights for five synthetic users with uniform, half-
normal, or Pareto weight configurations. Each row reports the ground-truth vector \*, the fitted
vector \ averaged over three datasets, and the reported cosine similarity between fitted and ground-
truth weights (higher is better).

Ground-truth Fitted A R
Config  Family A* (mean over 3 datasets) cos(A, \¥)

uniform  5-dim uniform (0.20,0.20, 0.20,0.20,0.20) (0.12,0.09,0.16,0.22,0.41)  0.869
normal-1 half-normal (0.22,0.17,0.19,0.18,0.24) (0.15,0.06,0.13,0.19,0.47)  0.870
normal-2 half-normal  (0.24,0.11,0.18,0.25,0.22) (0.17,0.00,0.12,0.27,0.44)  0.883
( ) ( )
( ) ( )

heavy-1 Pareto 0.06,0.03,0.44, 0.40, 0.07) (0.00,0.00,0.51,0.39,0.10)  0.990
heavy-2  Pareto 0.38,0.06, 0.10,0.26,0.20) (0.34,0.00,0.04,0.25,0.37)  0.939

B.4 ABLATION ON REGULARIZATION

Figure [ examines the effect of the regularization coefficient v on held-out pairwise preference ac-
curacy. Among the tested values, accuracy peaks at approximately 77.3% with v = 0.03. Increasing
~ beyond this value progressively reduces accuracy, reaching approximately 74.7% at v = 1. This
pattern suggests that moderate regularization provides a useful balance between fitting observed
preferences and generalizing to unseen comparisons, whereas excessive regularization limits the
model’s ability to capture user-specific preferences.
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Accuracy vs Regularization
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cient 7.

B.5 DIMENSION REDUCTION WITH CORRELATION

Correlation-based dimension construction. Let a(z) € 0,1°'? denote the attribute annotation
vector for image x. We first compute pairwise correlations between attribute dimensions across the
annotated images, then group highly correlated attributes into & clusters, denoted by Cy,...,Cy.
Each cluster defines one shared preference dimension. For an image =, we compute its score along
dimension j by averaging the binary labels of the attributes belonging to that cluster:

For example, if a cluster contains ten attributes and four are present in an image, its score is 0.4. This
aggregation converts the original binary attribute vector into a compact representation z°°'*(x) €
[0, 1]*, where each coordinate measures the fraction of attributes present within a correlated group.

Principal component analysis. We also consider PCA as a linear alternative to the autoencoder
for constructing the shared attribute representation. We use the same annotated image pool, with
each image represented by its binary attribute vector a(z) € {0,1}°'2. Let a denote the mean
attribute vector over this pool. We center the attribute vectors and compute the £ principal directions
with the largest eigenvalues of the empirical covariance matrix. Collecting these directions as the
columns of W}, € R?'12%*  we represent each image as

LA (@) =W (a(z) —a) € RE. (17)

The mean vector and projection matrix are estimated from the representation-learning pool and
subsequently held fixed. Unlike correlation-based grouping, which averages attributes within each
cluster, PCA constructs orthogonal linear combinations that retain the greatest attribute variance at
the chosen dimensionality. In contrast to the autoencoder, its representation is restricted to a linear
projection.

Evaluator and personalized reward. For both alternatives, we replace the autoencoder latent tar-
gets with the corresponding k-dimensional representation while retaining the evaluator architecture
and training objectives described in Appendix [Al Specifically, we compute the representation dif-
ference between the two images in each training pair. For each dimension, we select the top 33%
of pairs by absolute difference and use the sign of the difference as the binary attribute-ordering
target. The evaluator is trained using this dimension-specific supervision together with human pref-
erence supervision. We then fit user-specific weights under the same personalized reward-learning
procedure:

ry(c,x) = )\139(6, x). (18)

This comparison varies the construction of the shared attribute representation while keeping the
downstream evaluator and personalization procedure unchanged.
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Table 7: Prompt templates for user profiling and GPT-5.5 evaluation. The first prompt constructs
a taste profile from preferred—dispreferred image pairs. The second compares two generated images
using that profile. Here, {k} is the number of preference pairs and {n} is the number of attached
images (n = 2k); {profile} and {caption} denote the resulting profile and evaluation caption.

Stage Prompt template
1. User You are profiling one user’s personal visual taste from {k} preference examples.
profiling

{n} images are attached in THIS EXACT ORDER, as {k} consecutive pairs:
image 1 = PREFERRED, image 2 = DISPREFERRED (same caption)
image 3 = PREFERRED, image 4 = DISPREFERRED (same caption)

... and so on for all {k} pairs.

Within each pair the two images answer the same prompt, so what separates them is taste,
not subject matter. Study what the preferred image has that the dispreferred one lacks, and
what the dispreferred one has that the user rejected.

Write a concise profile of this user’s taste, in two short paragraphs:

1. TOPICS/subjects they are drawn to (what the images are of).

2. Their VISUAL/AESTHETIC preferences, described using these aspects where
relevant: Art Style, Brushstrokes, Color Palette, Composition, Skill, Detail, Hues,
Saturation, Line, Shape, Value, Pattern, Texture, Artistic Medium, Mood, Perspective,
Depth, Movement, Form, Juxtaposition, Iconography. State what they favour AND what
they consistently reject.

IMPORTANT: describe only CONTENT topics and STYLISTIC preferences. Do
NOT mention image quality, resolution, sharpness, realism-as-quality, rendering fidelity,
artifacts, or which images are "better made’ — those are not part of the user’s taste.
Output only the profile text.

2. Pairwise Here is a profile of a user’s visual taste (topics + stylistic preferences):
o

Judging {profile}

Two new Al-generated images are attached: img_P (first) and img_Q (second), both for
the caption “{caption}”. Based ONLY on how well each image matches this user’s
TOPICS and STYLISTIC preferences above — NOT on raw image quality or which
looks better made — which image would this user more likely prefer? Answer with “P”
or “0”.

C PROMPTS FOR PROFILE-AWARE EVALUATION

Table 7] presents the two-stage prompting protocol used for profile-aware evaluation. First, GPT-5.5
constructs a user preference profile from 10 image pairs, one for each test prompt. Within each pair,
the preferred image is followed by the dispreferred image, allowing the model to summarize both
favored and rejected visual characteristics. The profile covers subject matter and stylistic prefer-
ences while explicitly excluding judgments of image quality or rendering fidelity. Second, GPT-5.5
receives this profile, an evaluation caption, and two generated images, and selects the image that bet-
ter matches the user’s preferences. In the templates, {k} and {n} are set to 10 and 20, respectively;
{profile} and {caption} are replaced with the generated profile and evaluation caption.

D IMAGE GENERATION WITH DIRECT NOISE OPTIMIZATION

Deterministic sampling process. We apply Direct Noise Optimization (DNO) (Tang et al., [2024)
to maximize the learned personalized reward at inference time while keeping the image generator
frozen. Stable Diffusion 3.5 uses a flow-matching model with a deterministic ODE-based sampler
in our implementation. Once the prompt, initial latent, and sampling configuration are fixed, no ad-
ditional randomness is introduced during denoising. Consequently, the complete generation process
can be represented as a deterministic mapping

x = My(c,z7), (19)
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where c is the text prompt, z is the clean image, 1 € R4 is the initial latent noise, and ¢ denotes
the frozen diffusion generator, including its denoising sampler and VAE decoder. The initial latent

is sampled from the Gaussian prior, xg) Y (0, 7). This setting differs from the main stochastic
formulation studied by [Tang et al. (2024), which jointly optimizes the initial noise and the addi-
tional noises injected at individual sampling steps. Because our deterministic sampler introduces no
step-wise noise, its output is fully determined by x, and the initial latent is the only optimization
variable.

Noise optimization. For a user u with personalized reward function r,(c, x), the unregularized
DNO objective is
max  7y(c, My(c,zr)). (20)

z7

At each optimization step, we run the complete differentiable sampling trajectory from the cur-
rent initial latent and evaluate the personalized reward on the resulting image. Gradients are then
backpropagated through the frozen generator to 7. Although gradients pass through My and 7,
all parameters of the generator and personalized reward model remain fixed; only 7 is updated.

Starting from :UE[O ) N (0, 1), a gradient-ascent update can be written as
1’5{“"1) — gcg‘) +/ va’I’u(C, M¢(C, :ET))| T=JU(;'> s 21

T

where ¢ denotes the optimization step size. In practice, we perform this update using Adam for 30
optimization steps with learning rate 0.005.

E MORE QUALITATIVE RESULTS

We add more qualitative examples in Figure[5] In general, PAT generates images that are closer to
user profile.
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User Profile SD 3.5 SD 3.5+Profile PPD PAT

They favor cooler or earthy
palettes with selective
strong accents, textured
landscapes... They
consistently reject overly
polished fantasy spectacle,
high-saturation blue/green
casts

Visually, they favor clean,
polished, high-saturation
images with bright eyes,
direct engagement,
centered compositions,
warm or vivid palettes,
smooth surfaces, and clear
character silhouettes.

Aesthetically, they prefer “ “ oy
vivid color, warm natural ‘ \ﬂ“{ J | |
light, .... They favor LiE

recognizable forms with
emotional immediacy,
saturated blues / oranges,

and compositions centered
on a single living figure.

oy

5 o
cactus playing a guitar on a beach

RIS

Visually, they favor ornate,
composed images with
strong framing, clear
central forms, full-scene
context, rich pattern,
decorative linework, and a
sense of depth.

concept art of a beautiful énglish garden, 4k, vivid colors, intricate details
very realistiv, cinematic lighting, volumetric lighting

Aesthetically, they favor
vivid, strong value
contrast, glowing bokeh or
star patterns, and theatrical
central compositions...
reject latter, quieter, greyer, [
more literal scenes; sparse
compositions..

[
sorrow

They favor grounded
compositions with
environmental context,
gentle depth, tactile
textures, and stylized
anime/painterly looks
when the subject is fantasy.

Aesthetically, they favor
saturated color, strong
lighting, warm highlights,
rich contrast, .... They
reject flatter, emptier, more
muted or gray
compositions ....

a% A% 3
concept art, drawing of fantasy ballroom at night with faceless dancers

Figure 5: More qualitative comparison of personalization methods.
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