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Table 5. Quantitative Comparison on DreamBench

Method CLIP-T CLIP-I DINO
UNO [47] 0.319 0.713 0.492
OmniGen?2 [46] 0.329 0.720 0.506
XVerse [2] 0.327 0.715 0479
Qwen-Image-Edit-2509 [45]  0.337 0.716  0.494
Ours (PSR) 0.335 0.717  0.529

7. More Implementation Details

We adopt LoRA [12] in both training stages, using a rank
of 512 in the first stage and 64 in the second stage. Dur-
ing the GRPO training phase, we set the group size to 6,
which yields stable convergence in practice. Since the aes-
thetic preference reward cannot be naturally normalized to
the [0, 1] range and is often larger than the other rewards in
our experiments, we adjust the weighting scheme to stabi-
lize multi-reward training. Specifically, we assign weights
wy = 0.4, w2 = 0.4 and w3 = 0.2 to the respective reward
components.

8. Experimental Results on DreamBench

To further validate the effectiveness of our approach,
we also conduct evaluations on DreamBench [30, 47].
Specifically, we randomly sample 100 test cases from the
DreamBench [30, 47] multi-ip subset and compare our
method against recent state-of-the-art approaches, including
UNO [47], OmniGen2 [46], XVerse [2], and Qwen-Image-
Edit-2509 [45]. The evaluation follows the official testing
protocol provided by UNO [47]. As shown in Table 5, our
method achieves state-of-the-art performance on the DINO
metric, surpassing the second-best method on DINO by a
margin of 0.23. In addition, our model attains competi-
tive results with Qwen-Image-Edit-2509 [45] on the CLIP-
T metric. These findings collectively demonstrate the supe-
riority of our approach. Although our method outperforms
existing approaches on these metrics, it is important to ac-
knowledge that there are still limitations in this evaluation
method. For example, CLIP’s semantic evaluation is not
always accurate, and the global DINO score for assessing
subject consistency is susceptible to interference from back-
ground information. We will discuss these issues in further
sections.

In addition, Figure 7 presents the qualitative results of
our model on the DreamBench [30]. Consistent with the
observations on PSRBench, our method demonstrates supe-

rior subject consistency compared to other approaches. For
instance, in the fourth row, existing methods fail to preserve
the appearance of the robot toy in the generated images. In
contrast, our method performs exceptionally well in main-
taining both the dog’s and the robot’s appearances. Fur-
thermore, as shown in the fifth row, when the input image
features a candle that is not similar to a conventional candle,
existing methods either disregard this *non-standard’ candle
or generate one that is completely dissimilar to the original.
Our method, on the other hand, handles such challenging
cases effectively.

9. Quantitive Comparison with More Baseline

To further validate the effectiveness of our approach, we
benchmark it against MS-Diffusion [42] and the state-of-
the-art MOSAIC [33]. As shown in Table 6, our method
consistently outperforms these baselines across all metrics.
Specifically, SC, HPS, and SA denote Subject Consistency,
Aesthetic Score, and Semantic Alignment, respectively.

10. User Study

Tab. 7 reports the user study results. Specifically, we ran-
domly sample 100 test cases and ask five participants to
rank images generated by these four methods for each case,
where the ranked images are assigned scores of 1, 0.8, 0.6,
and 0.4 from highest to lowest. The results indicate that our
method achieves the best performance.

11. Additional Visualization Results and Anal-
ysis

As shown in Fig. 5-A, combining multiple rewards effec-
tively mitigates reward hacking, whereas PSR alone tends
to induce copy-and-paste behavior. Fig. 5-B presents cases
where our model successfully captures inter-subject interac-
tions, demonstrating that the results go beyond simple sub-
ject stacking and exhibit overall coherence. Fig. 5-C ex-
emplifies a notable failure case of our method, specifically
illustrating that identity preservation struggles to be main-
tained for small subjects.

12. More Infomation about Datasets and PSR-
Bench

In the construction of the dataset, we use Qwen3-32B [52]
to generate instructions for T2I and single subject person-
alization, with the prompt template for Qwen3-32B shown



Table 6. Quantitive Comparison with More Baseline Models

The pa;nda is touching the dog with its paw

Method Attribute Background Action Position Comlex Three Four Overal
MS-Diffusion (SC) [42] 0.352 0.366 0.401 0.329 0.322 0.303 0.300 0.339
MOSAIC(SC) [33] 0.569 0.505 0.580 0.555 0.513 0.419 0.366 0.501
Ours (SC) 0.626 0.721 0.741 0.727 0.713 0.615 0.571 0.673
MS-Diftusion (HPS) [42] 0.659 0.930 0.704 0.865 0.774 0.977 0.974 0.840
MOSAIC (HPS) [33] 0.922 1.106 0.933 1.116 0.964 1.107 0.997 1.021
Ours (HPS) 1.040 1.150 0.881 1.200 1.050 1.260 1.290 1.124
MS-Diffusion (SA) [42] 0.587 0.849 0.479 0.254 0.706 0.692 0.684 0.607
MOSAIC (SA) [33] 0.776 0.921 0.693 0.274 0.818 0.827 0.786 0.728
Ours (SA) 0.908 0.926 0.739 0.468 0.692 0.884 0.866 0.783
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Figure 5. (A) Hacking hacking. (B) Interaction results. (C) Failure case. (D) Data statistics.

Table 7. User Study

Method SC SA  HPS
Omnigen?2 [46] 0.50 0.58 0.74
XVerse [2] 0.64 066 0.60
Qwen-Image-Edit-2509 [45] 0.74 0.76 0.62
Ours (PSR) 092 0.80 0.82

in Figure 8. We utilize the Text-to-Image model FLUX.1-
schnell [39] to generate I,,;. During the construction pro-
cess, since Qwen-Image [45] performs better when gen-
erating images containing four subjects, we use Qwen-
Image [45] for generating data involving four subjects.
Fig. 5-D visualizes the number of samples per category in
our dataset. The results show that our dataset exhibits a di-
verse and relatively balanced category distribution.

Our benchmark consists of seven subsets, as illustrated
in Figure 6, with each subset containing 50 evaluation sam-
ples. Our input images are generated by Qwen-Image [45]
and are manually filtered to select images with distinctive
subject appearances, ensuring the high quality of the bench-
mark. The basic information for each subset is as follows:

Action: Each input image in this subset features a
different animal, with the prompt explicitly requiring
each animal to perform a distinct action, such as “sit”,
“run”, and so on.

Attribute: This subset also consists of animal images,

with the prompt specifying that each animal must possess
a unique attribute, such as “wearing a hat”, “wearing
a crown”, etc. This is considered a more challenging
subset.

Background: The input images in this subset can include
both objects and animals, with the prompt requiring the
images to feature a specific background.

Position: The inputs in this subset are arbitrary, with the
prompt instructing that the subjects be placed in fixed
orientations within the image, such as “on the right”, “on
the left”, etc.

Complex: The prompts in this subset are more intricate,
potentially including detailed backgrounds, specific
animal actions, or subjects placed in precise locations
within the image.

Three: This subset consists of three input subjects,
which must be placed within a specific background.

Four: This subset contains four input subjects, each re-
quiring a specific background.

For evaluation, we consider three complementary dimen-
sions. First, for subject consistency, we detect and crop the
corresponding subjects in both the input references and the
generated images, compute pairwise similarities, and aver-
age the results. Because subject consistency is defined as



an averaged similarity score, its value naturally falls within
the range of 0 to 1. For semantic alignment, we employ
Qwen2.5-VL-32B-Instruct [1] to assess whether the gener-
ated image semantically aligns with the given prompt. The
MLLM outputs a score between 0 and 10, where 10 indi-
cates perfect alignment and 0 indicates complete misalign-
ment. We then normalize this score to the range of 0-1.
For each specific subset, the corresponding prompt tem-
plate used for evaluation by the MLLM is shown in Fig-
ure 9. For aesthetic preference, we evaluate image quality
using HPSv3 [22], an uncertainty-aware ranking model that
provides a non-normalized aesthetic score. To make it com-
patible with other reward components during training, we
normalize the score by dividing it by 10.

13. Data Cleaning

To obtain high-quality paired data, we further design a strin-
gent data-filtering pipeline. Specifically, we filter sam-
ples based on both subject consistency and semantic align-
ment. Similar to our evaluation protocol, we compute a
paired DINO [24] score to assess the consistency between
the input subjects and the generated outputs, and we em-
ploy Qwen2.5-VL [1] to evaluate semantic alignment with
the prompt. After this filtering stage, we obtain a curated
dataset of approximately 350K high-quality multi-subject
personalization samples.

14. Metric Comparison

In this section, we compare several metrics used to evaluate
subject consistency in previous works.

UNO [47] and MIP-Adapter [14] assess subject consis-
tency by directly comparing the DINO [24] score of the
input image with that of the output image. However, the
output image often involves other subjects and background
information, which can significantly affect the evaluation of
subject consistency. As shown in Figure 10, the results of
the traditional Global DINO Score evaluation are presented.
It is evident that the bag in ‘Output Image 1’ is more similar
to the bag in the ‘Ref Image’. However, the Global DINO
Score assigns a higher score to ‘Output Image 2°. This is
because the background of the reference image and ‘Output
Image 2’ are more similar, thus distorting the subject con-
sistency evaluation. In contrast, our method first grounds
the subject and then performs cropping, effectively elimi-
nating the irrelevant background information that could in-
terfere with the evaluation. As demonstrated in Figure 10,
our evaluation metric accurately identifies which image is
more similar to the input subject, highlighting the precision
of our approach.

Some existing methods use multimodal large language
models to evaluate subject consistency. Therefore, we also
compare our method with MLLM-based evaluations. We

utilize the powerful multimodal large language model GPT-
5 and employ the evaluation prompt proposed in OmniCon-
text [46]. As shown in Figure 11, even the most advanced
GPT-5 model fails to be highly sensitive to changes in the
subject’s appearance during subject consistency evaluation,
often producing hallucinations.
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The cat is wearing a superhero cape and the crab
is wearing a crown. They are sitting on a floating

island. The dessert and the speed limit sign and the ring are in a D i
barren desert scene under a bright sun with jagged rocks IN |':
Background in the distance. ‘

Four Subject Semantic Aesthetic
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kitchen counter, wooden table, soft lighting,
fresh ingredients nearby.

Position

The helicopter and the wheelchair and the dessert and the
carriage in a surreal desert scene under a vibrant orange
sunset and towering sand dunes.

The airplane is above the trolley, which is
parked near a runway at dawn.

Figure 6. Overview of PSRBench, with a case from each subset shown on the left and the three evaluation dimensions for each subset
displayed on the right.
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a dog wearing a yellow
shirt, next to it is a dog

a cat wearing a yellow
shirt, next to it is a dog

a cartoon and a toy
with a blue house in
the background

a dog and a toy on top of
a wooden floor

a candle and a clock in the ¢
Snow

a candle and a clock in the
jungle

a dog wearing a red hat,
next to it is a toy

a cat and a dog on the
beach

a cat and a dog on top of a
wooden floor

Figure 7. Qualitative Analysis on DreamBench



"Role: \
) /Pkcase be very creative and generate 10 brief subject prompts for text-to-image generation.

Follow these rules:

1. You will be given two subjects, you need to create an asset(brief subject prompt) based on the two subjects. 2. These descriptions can refer
only to appearance description. 3. These descriptions includes simple scene descriptions. 4. Do not repeat each asset, you need to use your
imagination and common sense of life to create. 5. No more than 24 words.

Example

[asset categoryl]: Cat

[asset category2]: Dog

[asset1]: A silver-gray Russian Blue cat and a black and brown dog in the desert oasis, where the water and grass are lush and abundant
[asset2]: A gray, dense-furred British Shorthair cat and a golden Golden Retriever in a vintage clothing store

[asset3]: A pure white cat and a yellow and white striped dog in front of the city's night view

(Up to [asset10])
[asset categoryl]: {}
[asset category2]: {} "

"Role:\

Please be very creative and generate 10 brief subject prompts for text-to-image generation. \

Follow these rules:\

1. Given a brief subject prompt of an asset, you need to generate 10 detailed Scene Description for the asset. \

2. Each Scene Description should be a detailed description, which describes the background area you imagine for an identical extracted asset, under different
environments/camera views/lighting conditions, etc (please be very very creative here). \

3. Each Scene Description should be one line and be as short and precise as possible, do not exceed 77 tokens, Be very creative! \
Examplel\

[asset]: dog \

[Scenel]: The dog now on the beach, as the sun sets in the west, the golden afterglow spills over the sandy beach. \

[Scene2]: The dog is now in front of the city's night view, surrounded by towering buildings and a bustling flow of traffic. \

[Scene3]: The dog is now in the desert oasis, where the water and grass are lush and abundant. \

o\

(Up to [Scenel0]) \

Example2 \

[asset]: Refrigerator \

[Scenel]: The refrigerator is in a jungle, with vines creeping it and exotic birds perched nearby. \

[Scene2]: The refrigerator is in a floating house on a lake, with reflections of trees and sky shimmering on the water. \
[Scene3]: The refrigerator is deep underwater, with colorful fish swimming around and corals growing on its surface. \
o\

(Up to [Scenel0]) \

[asset]: {} "

"

Figure 8. Instruction template used for providing to Qwen3 to construct the dataset.



Action

Your role is to evaluate whether the action of the objects in the image match the given action descriptions.

Rolel: The score range is 0-10, where 10 indicates a perfect match between the action in the image and the action description, with higher
scores indicating a better match, and 0 indicating no match at all.

Rule2: You only need to focus on the degree of matching between the action in the image an the action description.

Rule3: The criteria for judging action should be relatively stringent.

Rule4: Please first provide a detailed analysis of the evaluation process, including the criteria for judging action alignment, then give a final
Score from 0 to 10. The output text must follow the format [Thought]: ... [Score]: ...

[action description]: {}

[Thought]:

[Score]:

Attribute

Your role is to evaluate whether the object attribute binding and attribute description in the image are consistent.

Rolel: The score range is 0-10, where 10 indicates that all attributes of each object are completely consistent with the attribute description.

A lower score indicates low consistency.

Rule2: You only need to focus on the degree of matching between the attributes of subjects of image and the attribute description.

Rule3: The criteria for judging attributes should be relatively stringent.

Rule4: Please first provide a detailed analysis of the evaluation process, including the criteria for judging attribute alignment, then give a final
Score from 0 to 10. The output text must follow the format [Thought]: ... [Score]: ...

[attribute description]: {}

[Thought]:

[Score]:

Background

Your role is to evaluate whether the background in the image and background description are consistent.

Rolel: The score range is 0-10, where 10 indicates a perfect match between the background in the image and the background description, with higher scores
indicating a better match, and 0 indicating no match at all.

Rule2: You only need to focus on the degree of matching between the background in the image and the background description.

Rule3: The criteria for judging attributes should be relatively stringent.

Rule4: Please first provide a detailed analysis of the evaluation process, including the criteria for judging background alignment, then give a final

Score from 0 to 10. The output text must follow the format [Thought]: ... [Score]: ...

[background description]: {}

[Thought]:

[Score]:

Complex/Three/Four

Your role is to evaluate whether the content in the image match the description in the prompt.

Rolel: The score range is 0-10, where 10 indicates that the content in the image is completely consistent with the description, and lower scores
indicate low consistency.

Rule2: You need to evaluate the alignment of all content in the image and the prompt.

Rule3: The criteria for judging alignment should be relatively stringent.

Rule4: Please first provide a detailed analysis of the evaluation process, including the criteria for judging alignment, then give a final

Score from 0 to 10. The output text must follow the format [Thought]: ... [Score]: ...

[description]: {}

[Thought]:

[Score]:

Figure 9. Instruction template used for providing to Qwen2.5-VL to evaluate the semantic alignment scores of different subsets.



Ref Image Output Image 1 Output Image 2

Grounding&Crop DINO Score : 0.77 l

Global DINO Score 0.55 0.59 T

Grounding&Crop DINO Score 0.82 0.79 1

Global DINO Score 0.78 0.80 T X

Figure 10. Comparison of different metrics.



Ref Images Output Image 1 Output Image 2

Grounding&Crop DINO Score  0.76 0.71 1
—

GPT5 Score 0.5 0.5

Grounding&Crop DINO Score 0.81 0.55 1

GPTS5 Score 0.5 05 =—> X

Figure 11. Comparison of different metrics.
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