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Figure S3. Images of intra-ID groups in VIPerson.

A. More Images in VIPerson

To showcase the diverse virtual identities, cross-camera
variations, and camera-realistic style of our dataset, we
present a collection of sample images from the dataset.

Diverse Virtual Identities. In Figure S1, we present fifteen
randomly synthesized pedestrians. Our synthesized pedes-
trians exhibit diverse appearance variations while closely
resembling the clothing styles of real-world individuals,
which benefits the model in recognizing real-world pedes-

trians.

Hard Identities. We show eight groups of hard identities
in Figure S2. In each group, the three identities share sim-
ilar attire but exhibit slight variations in clothing colors or
accessories. By providing the ReID model with hard iden-
tities, it can learn more discriminative features, thereby en-
hancing its performance on the test set.

Intra-ID Groups. As shown in Figure S3, we display intra-
ID groups for six identities. In each intra-ID group, we ob-
tain diverse variations of poses and scenes, and introduce a
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our method, the description of each identity contains four main

attributes, including genders/ages, up dress, down dress, and shoes, along with three accessory attributes including hat, glasses, and bag.

variety of authentic camera styles. These cross-camera vari-
ations and realistic style make VIPerson more closed to the
real-world scenarios.

B. Analysis of Hard Identity Generation

We conducted an ablation study on the method of synthesiz-
ing hard identities. A direct way to generate hard identities
is to erase part of the random embedding c, as the condi-
tion. We generate batches of hard identities in this way as
shown in Figure S4, and hard sample identities generated
by dropout(c,) show changes related to the background.
This is due to ¢, containing information about the image
background, and direct injections of part erased c, intro-
duce disturbances during model sampling. Differently, in
our method, we first obtain the description d; of each new
identity, and erase part of the textual feature as ¢, to inject
into the flexible identity generator and generate hard iden-
tities. As shown in Figure S4, in our method, the changes
between hard identities mainly occur in the pre-defined at-
tributes, as generating descriptions for new identities filters
the unimportant information of the identity images.

C. Direct Transfer Results on More ReID Mod-
els

We also explore the performance of different datasets in
the direct transfer task on other ReID methods, including
CLIP-based CLIP-RelD [6] and ViT-based TransRelD [3].
In CLIP-RelD, we resize the image to 256 x 128 and set

Table S1. Direct transfer results on CLIP-ReID [6]. The fully-
supervised results are shown in ifalics, the best direct transfer
results are indicated in bold, and the second-best results are
underlined.

.. MSMT17 Market1501
Dataset Type | Training Dataset ank-l  mAP | rank-l  mAP
Real MSMT17 844 630 | 527 27.2
Market1501 10.0 33 95.7  89.8

SyRI 2.3 0.5 2.3 0.8
PersonX 3.7 1.1 30.0 12.4
Synthetic RandPerson 10.3 3.1 50.0 24.7
UnrealPerson 15.9 5.1 51.8 276
VIPerson 23.6 6.9 62.8 349
VIPerson* 24.7 6.9 62.6  35.6

the batch size as 128. We adopt the Adam optimizer for
training, with the base learning rate set to 3.5 x 10~%. For
TransRelD, we resize the image to 384 x 128 and set the
batch size as 128. We adopt the SGD optimizer for train-
ing, with the base learning rate set to 0.001. The weight of
triplet loss is set to 2.0.

As the result in Table S1 and Table S2 shows, our dataset
outperforms other datasets, demonstrating its effectiveness
across different ReID methods.

D. Scaling Law Research

The scaling law suggests that the performance gain from
increasing dataset size is constrained by model capacity
[1, 4, 5]. When the model size is fixed, adding more data



Table S2. Direct transfer results on TransReID [3]. The fully-
supervised results are shown in ifalics, the best direct transfer
results are indicated in bold, and the second-best results are
underlined.

.. MSMT17 Market1501
Dataset Type | Training Dataset okl mAP | rank-l  mAP
Real MSMT17 84.2 65.8 70.7 46.9
e Market1501 394 171 | 949 876
MALS 1.8 0.7 16.2 5.6
SyRI 41.3 16.9 68.4 42.6
Synthetic PersonX 28.0 10.5 55.5 30.0
Y RandPerson | 43.6 189 | 707 457
VIPerson 47.0 19.0 75.8 49.5
VIPerson* 48.8 19.2 76.9 51.7
MSMT17 Market1501
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Figure S5. Effect of different VIPerson identities on different
models. For ResNet50, we adopt BoT, and for ViT, we adopt Tran-
sRelD.

yields diminishing returns beyond a certain point. To verify
the impact of scaling law on our synthetic dataset, we eval-
uate the effect of the number of identities on performance
using a larger model architecture. As the result in Fig-
ure S5 shown, when the number of identities reaches 5000,
the model performance on ResNet50 has already plateaued,
while the performance on ViT continues to improve. This
indicates that for different model capacities, the scalability
of our dataset provides a greater advantage in unlocking the
potential of larger models.

E. Camera Diversity Research

To demonstrate the effect of diverse cross-camera varia-
tions, we modified the scene composition of the dataset. We
generate 3000 virtual identities without hard identities and
modify the scenes in each intra-ID group with different set-
tings. For each image, we transfer the realistic style from
Market1501. As shown in Figure S6, as the diversity in
scene images increased, the performance keeps increasing.
This result demonstrates the importance of diverse cross-
camera variations in the ReID model training.

F. More Details of Experiments

Real RelD Dataset. To evaluate the generalization ability
of our VIPerson, we train the ReID model on our synthetic
dataset and conduct experiments on two real-world datasets,
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Figure S6. Effect of our dataset with different camera scales on
Market1501. The experiment is based on BoT. In (a), we use scene
images of 6 cameras from Market1501. In (b), we use scene im-
ages of 15 cameras from MSMT17. In (c), we use scene images
sampled from LUPerson containing 46,260 cameras.

i.e. MSMT17[7] and Market1501[9]. MSMT17 contains
4,101 identities with 126,441 images under 15 scenes. The
training set includes 1,041 identities with 32,621 images,
and the test set includes 3,060 identities with 93,820 im-
ages. Market1501 contains 1,501 identities with 36,036 im-
ages under 6 real scenes. The training set includes 751 iden-
tities with 12,936 images and the test set includes 750 iden-
tities with 23,100 images. Besides, to obtain pose, scene,
and camera-style information from the real world, we utilize
the large-scale unlabeled RelID dataset LUPerson[2], which
includes 4,180,243 unlabeled real-world person images un-
der 46,260 scenes.

Training Details of Fine-tuning and Domain Adaptation.
We performed fine-tuning and domain adaptation experi-
ments based on the supervised fine-tune setting and the un-
supervised domain adaptation setting. For supervised fine-
tuning, we use BoT and first pre-train the model on the
source domain following the direct transfer setting. When
fine-tuning at MSMT17 and Market1501 training sets, the
learning rate decreased by a factor of 0.1 at the 40" and
70" epochs. For unsupervised domain adaptation setting,
we use ISE[8]. After pre-training on the source domain,
when training at the real-world datasets, we resize the im-
age to 256 x 128 and set the batch size as 256. We adopt
Adam optimizer with the initial learning rate of 3.5 x 1074,
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