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Supplementary Material

The following materials are provided in this supplemen-
tary file:
• Sec. A: Comparison of Premier with other methods in the

PIP dataset evaluation.
• Sec. B: Generalization performance on real user preference

images.
• Sec. C: Comparison with LoRA in terms of effectiveness

and efficiency.
• Sec. D: Additional experimental analyses, including hyper-

parameter sensitivity analysis and training-set user scale
analysis.

• Sec. E: More qualitative results.

A. Experimental Comparison on PIP-dataset
Evaluation Setup. Our method and several baseline ap-
proaches were evaluated on 20 randomly selected users from
the PIP dataset, adhering to the experimental protocol es-
tablished in the main paper. For each user, we generated
preference images using Z-Image and obtained the user pref-
erence embedding via the linear combination approach.
Evaluation Results. In the PIP dataset, a single user’s pref-
erences often exhibit considerable diversity. Our approach
leverages user preference embeddings to enable token-level
preference modulation, thereby adding user preferences
more precisely. From Tab. B, our method achieves the best
performance in terms of ViPer Score, ViPer Rate, and LPIPS.
From Fig. A, the images generated by our method are closer
to the user’s preferences.

B. Generalization Performance
Evaluation Setup. To evaluate the effectiveness of our
method on real user data beyond the dataset, we select 4 real-
world user preference cases and obtain their user preference
embeddings for testing. 4 real-world user preferences are
represented by the following: Honor of Kings, Arknights,
Genshin Impact and Chiikawa. For each preference, we
select 8 preferred images as the user’s historical data and
directly train the user embedding to obtain the new user’s
preference embedding, enhancing generalization to out-of-
distribution preferences.
Evaluation Results. As shown in Fig. B, even on real-world
preference data outside the training dataset, our method suc-
cessfully captures key aspects of user preferences. The char-
acters generated by our method closely resemble the target
characters in the user’s reference images. Specifically, for
the Honor of Kings preference, our method produces images

Data Flux [1] LoRA [2] Ours
ViPer [5] Score↑ 0.8890 0.3953 0.7096 0.6889
ViPer Rate↑ - - 0.906 0.876
CLIP [4] T2I↑ 0.3027 0.3089 0.3011 0.3183
LPIPS [6]↓ - - 0.6037 0.5986

Table A. Quantitative comparison with LoRA training in terms
of preference alignment in generated images.

that better align with the user’s favored 3D-anime aesthetic.
For the Arknights preference, the outputs more faithfully re-
flect the stylistic conventions of 2D anime characters. These
results demonstrate the generalization capability of our ap-
proach to real-world user preferences.

C. Comparison with LoRA

Evaluation Setup. In the comparison with LoRA, we train
a LoRA adapter for each user on their 8 preference images,
using the Prodigy [3] optimizer with a learning rate of 1. The
LoRA rank is set to 1, and all linear layers in the attention
and feed-forward modules are targeted for adaptation, with
training conducted for 5,000 steps. We evaluate both meth-
ods using the same metrics as described in the main paper.
The results are reported in Tab. A and Fig. C.

Evaluation Results. As shown in Tab. A, our method
achieves performance comparable to LoRA in terms of pref-
erence alignment, while preserving the base model’s text-to-
image alignment capability more effectively. Fig. C further
shows that LoRA may unintentionally harm the base model’s
ability. In the first row of Fig. C, the LoRA-generated im-
age shows only two airplanes, failing to depict the “three
airplanes” specified in the prompt. And in the second row,
it violates the instruction “passing through a green traffic
light.” In contrast, our method remains more faithful to the
input text. The results indicate that our method has minimal
impact on the generative capability of the base model.

Efficiency Analysis. Moreover, our method is significantly
more efficient: each user embedding occupies only 61 KB
of storage, compared to 10.7 MB for LoRA. Our preference
adapters occupy 1.8 GB of storage in total. When the number
of users exceeds 170, our method requires less storage than
LoRA. Training takes 30 minutes per user, versus 1.2 hours
for LoRA. During inference, our approach introduces only
a 1-second overhead over the base model at any resolution,
demonstrating high inference efficiency.



Data Ours Bagel Qwen-Image-Edit ViPer InstantStyle DrUM
ViPer Score↑ 0.8919 0.7204 0.7149 0.6696 0.5779 0.6232 0.6815
ViPer Rate↑ - 0.6796 0.6591 0.5399 0.4613 0.476 0.6134
CLIP T2I↑ 0.2844 0.2929 0.2653 0.2877 0.2823 0.2942 0.293
LPIPS↓ - 0.6002 0.6297 0.6068 0.6306 0.643 0.6208

Table B. Quantitative comparisons on the PIP-dataset.

Ours Ours 100 users
Ours λdistinct = 0.1,

λshare = 0.01
Ours λdistinct = 0.01,

λshare = 0.1
Ours λdistinct = 0.1,

λshare = 1
Ours λdistinct = 1,

λshare = 0.1
ViPer Score↑ 0.7005 0.5013 0.5635 0.6632 0.6703 0.6935
ViPer Rate↑ 0.8788 0.7115 0.7884 0.875 0.85 0.8807
CLIP T2I↑ 0.3147 0.3152 0.3153 0.3151 0.3139 0.3147

LPIPS↓ 0.5946 0.6261 0.6131 0.6014 0.6087 0.5923

Table C. Results for scaling and sensitivity analysis.

D. Other Analysis Experiments
Training-set User Scale Analysis. To investigate the rela-
tionship between the size of the user training set and model
performance, we trained the preference adapter on 100 ran-
domly selected users who do not appear in the test set. User
embeddings are trained using linear combination approach,
with all other settings identical to the evaluation setup de-
scribed in the main paper. As shown in the Tab. C, model
performance significantly degrades as the number of users in
the training set decreases. This also indicates that our method
can accommodate a wider diversity of user preferences when
trained with a larger user population.
Hyperparameter Sensitivity Analysis. The sensitivity anal-
ysis on hyperparameters follows the same setup as in the
main paper on 20 users of test set, with adjustments only
λshared and λdistinct. As shown in Tab. C, the model is more
sensitive to λshared because ∆shared affects preference mod-
ulation across all DiT blocks, making performance highly
dependent on its associated loss term. When λshared is too
large, the model prioritizes separating users over aligning
with preferences, degrading performance. When λshared is
too small, the dispersion loss becomes ineffective, also caus-
ing a significant performance drop. The variation of λdistinct
has a similar trend to that of λshared but with a smaller impact,
as ∆distinct already exhibits strong inherent diversity.

E. More Qualitative Results
Additional qualitative comparisons with other methods are
provided in Figs. D to G.
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Female chef logo   trending in artstation

Beautiful Dove Cameron Princess Mermaid Siren Female

Pink Mermaid Hime

Figure A. Qualitative comparison on PIP-dataset.

User Preference Image Flux OursPrompt

A graceful elf-like woman with long 

blonde hair and blue crystal wings, 

dressed in an orange and white gown, 

floats serenely above a town at dusk,.

A chibi with starry eyes and a halo, 

happily hugging a treasure chest.

A stoic, horned operator in a silver 

winter coat and tactical vest, holding a 

polearm weapon, stands on the ground.

A cute, round white creature with angel 

wings and a halo, holding a tiny bow and 

arrow, dressed in a frilly dress against a 

pink background.

Arknights

Honor of Kings

Genshin Impact

Chiikawa

Figure B. Qualitative results on real user preference data.
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A plane flying over a large parking lot

Three planes flying close together
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A cat taking a picture of another cat

A car load of people travel past a green light

Figure C. Qualitative comparison with LoRA-generated results.
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A plane flying over a large parking lot

A family looking at a huge horse with very large hooves 

A black cat sitting in a small bathroom sink

A man unloading a truck sitting behind a road sign

Figure D. Qualitative comparison with other methods.
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A man sitting on a bench with his bag and a small dog. 

A cat standing on top of a vehicle
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The group of people in business suits is standing beside a large poster.

Two people standing near a parked food truck

Figure E. Qualitative comparison with other methods.
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Two people sitting on a park bench under a purple flowered tree

A very pretty girl winking by a microwave

A table with a juicer, glassware and various fruits

A street sign that says Kearny and many signs in Chinese

Figure F. Qualitative comparison with other methods.
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A man smoking while looking over the interstate next to road signs

The different workers are busy at their various jobs

A dog leaps in the air to catch a frisbee

A man flying through the air while riding a skateboard

Figure G. Qualitative comparison with other methods.
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