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Abstract

The performance of models is intricately linked to the
abundance of training data. In Visible-Infrared person Re-
IDentification (VI-ReID) tasks, collecting and annotating
large-scale images of each individual under various cam-
eras and modalities is tedious, time-expensive, costly and
must comply with data protection laws, posing a severe chal-
lenge in meeting dataset requirements. Current research in-
vestigates the generation of synthetic data as an efficient and
privacy-ensuring alternative to collecting real data in the field.
However, a specific data synthesis technique tailored for VI-
ReID models has yet to be explored. In this paper, we present
a novel data generation framework, dubbed Diffusion-based
VI-ReID data Expansion (DiVE), that automatically obtain
massive RGB-IR paired images with identity preserving by
decoupling identity and modality to improve the performance
of VI-ReID models. Specifically, identity representation is ac-
quired from a set of samples sharing the same ID, whereas the
modality of images is learned by fine-tuning the Stable Dif-
fusion (SD) on modality-specific data. DiVE extend the text-
driven image synthesis to identity-preserving RGB-IR multi-
modal image synthesis. This approach significantly reduces
data collection and annotation costs by directly incorporat-
ing synthetic data into ReID model training. Experiments
have demonstrated that VI-ReID models trained on synthetic
data produced by DiVE consistently exhibit notable enhance-
ments. In particular, the state-of-the-art method, CAJ, trained
with synthetic images, achieves an improvement of about 9%
in mAP over the baseline on the LLCM dataset.

Introduction
Person Re-IDentification (ReID), aiming to match and
identify individuals captured by non-overlapping cameras
(Huang et al. 2023), has been widely used in numerous com-
puter vision applications, including intelligent monitoring,
public security, and persons analysis. Early efforts mainly
focus on single-modality ReID tasks, where all the per-
son images are typically collected by visible cameras un-
der well-lit environments, ignoring the fact that visible cam-
eras often fail to capture adequate information of one person
under poor lighting conditions, restricting the applicability
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Figure 1: Performance comparison of different VI-ReID
methods on the SYSU-MM01 dataset before and after us-
ing our proposed data expansion approach.

of the single-modality ReID for practical nighttime surveil-
lance. To address this problem, researchers have introduced
cross-modality ReID, known as Visible-Infrared Person Re-
IDentification (VI-ReID) (Ye et al. 2020a). The goal of VI-
ReID is to match the night-time infrared person images cap-
tured by infrared (IR) cameras and visible person images
captured by RGB cameras (Yang et al. 2023). With mod-
ern surveillance systems being able to automatically switch
between visible and infrared modes during nighttime, VI-
ReID has attracted more and more attention. Nevertheless,
the distinct modality of infrared images presents substantial
domain discrepancies, posing greater challenges for ReID.

Several studies (Ye et al. 2020a; Fang, Yang, and Fu
2023) have made initial attempts of VI-ReID to learn a
modality-invariant and discriminative feature space by de-
signing more advanced neural network structures, improv-
ing objective functions, and adjusting training strategies. In
this way, samples from the same person are closer across
different modalities, while samples from different individu-
als are farther apart.Following above strategies, significant
progress has been made in the field of VI-ReID (Ye et al.
2023; Zhang and Wang 2023; Ye et al. 2020a; Fang, Yang,
and Fu 2023), but the performance of these methods is still
limited by the scale of the dataset, leading to suboptimal
accuracy. For example, the commonly used dataset SYSU-
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Our Synthetic ImagesReal Images

Figure 2: The left image comes from the RGB-IR ReID
dataset, while the right images come from the synthetic
dataset generated by our method, DiVE. It can be seen that
our method not only can synthesize images in the IR domain
but also can maintain identity information. Especially, de-
tails such as backpacks, clothes, and hairstyles remain con-
sistent with the RGB images. The generated images also ex-
hibit different poses and scenes, enriching the diversity of
datasets.

MM01 (Wu et al. 2020) only includes RGB and IR images
of 491 identities from 6 cameras. Unfortunately, labeling the
identity of each sample under different cameras and modali-
ties is a labor-intensive and expensive process. Furthermore,
there are situations where gathering images can pose chal-
lenges or may even be infeasible due to privacy and copy-
right constraints. Given the significant advancements in gen-
erative models (Rombach et al. 2022; Ramesh et al. 2021),
an alternative approach involves leveraging synthetic data
for training models (Zhang et al. 2021; Wu et al. 2023).
However, synthesizing cross-modal person re-identification
datasets is even more challenging. Due to the inherent do-
main gap between IR and RGB images, preserving iden-
tity consistency while accommodating modal differences is
extremely challenging. For person re-identification, it is an
open-set task with a large number of categories, each having
very few samples. The few-shot nature of the data presents
a challenge for training generative models.

To address the aforementioned issues, this paper proposes
DiVE, an automatic procedure to generate a massive paired
RGB-IR person images with different identities. Our method
leverages cutting-edge zero-shot text-to-image models like
Stable Diffusion, trained on extensive web-based image-text
data. Given an arbitrary RGB image, DiVE identifies the
corresponding IR textual description within the latent space
of SD, enabling the creation of IR images with consistent
identity. Fig.2 shows the results of our synthesized RGB-
IR images. DiVE offers two key benefits tailored to address
two distinct challenges. 1) Identity preserving. This paper
utilizes Texture inversion to extract decoupled identity en-
codings from a group of images with the same ID. 2) Modal-
ity Transformation. Due to the rarity of IR images, it is not
feasible to generate IR images directly through textual de-
scriptions using SD. This paper proposes adapting Domain
Customization, which fine-tunes SD with a small number of
images to enable it to generate IR images. By decoupling
identity and style, the proposed method can achieve RGB-
to-IR image synthesis by modifying identity while main-

taining consistency in identity. With the above advantages,
DiVE can generate substantial RGB-IR paired images for
any identities without human effort. These synthetic data
can then be used for training any VI-ReID architectures. Our
experiments demonstrate that DiVE can generate photoreal-
istic and identity-consistent RGB-IR images. When training
the VI-ReID model with synthetic data shown in Fig.1, there
is a consistent and significant improvement in performance
across different methods, such as the DEEN method achiev-
ing Rank-1 of 79.07%. Extensive ablation studies have in-
vestigated the impact of different modules of our method
as well as dataset selection on the performance of synthetic
data and ReID models. In summary, the contributions of this
paper lie in the following aspects:

• We present a novel insight demonstrating the potential
to automatically derive synthetic IR images while pre-
serving identity by using a text-supervised pre-trained
diffusion model. In light of this, we propose DiVE, an
automatic procedure to generate massive RGB-IR paired
images without human effort.

• The proposed DiVE is a framework that decouples iden-
tity and modality. Identity representation is learned from
a group of samples with the same ID, while modality is
endowed with the ability to generate synthetic IR im-
ages through fine-tuning the SD model on data within
each modality. During inference, modifying identity and
modality representations can synthesize new samples.

• Experiments demonstrate that VI-ReID models trained
on syntheic dataset by DiVE have consistently shown a
significant improvement. Extensive ablation studies have
validated the effectiveness of each proposed module.

Related Work
Visible-Infrared Person Re-IDentification
The main challenges of VI-ReID lie in the significant dis-
crepancies between two modalities and the intra-modality
variations. Existing methods mainly focus on either learn-
ing modality-shared features or compensating for modality-
specific information (Huang et al. 2023; Hao et al. 2019;
Li et al. 2020). The former focus on extracting discrim-
inative features shared across visible and infrared modal-
ities. Key techniques include mining and aligning shared
features from modality-specific features(DDAG (Ye et al.
2020a), MPANet(Wu et al. 2021), SAAI(Fang, Yang, and
Fu 2023)) and optimizing the learning process with differ-
ent loss functions or training strategies (BDTR(Ye et al.
2018), SFAnet(Chen et al. 2021), MCLNet(Hao et al. 2021),
MAUM(Liu et al. 2022),DART(Yang et al. 2022)) The lat-
ter aim to generate missing modality-specific information
to reduce the modality discrepancy. Representative works
include utilizing generative models to transform modality
from one to another(AlignGAN(Wang et al. 2019a), VI-
Diff(Huang, Huang, and Wang 2023)), generating modality-
specific features (D2RL(Wang et al. 2019b),FMCNet(Zhang
et al. 2022))and mixing channel or part from data augmen-
tation view(CAJ(Ye et al. 2023), DEEN(Zhang and Wang
2023), PartMix(Kim et al. 2023)).
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Although the above methods have made significant
progress, most of them primarily focus on designing more
advanced network architectures or improving training strate-
gies, few methods improve model performance from a data
perspective. On one hand, the cost of manually annotating
RGB-IR datasets is too high for large-scale implementation.
On the other hand, generating high-fidelity RGB-IR human
images synthetically is a very challenging task due to com-
plex human body poses and significant domain gaps. In con-
trast, our method inherits the powerful generative capabili-
ties of generative model pre-trained on large-scale data pairs,
and explored a fine-tuning framework for decoupling iden-
tity and modality, achieving controllable synthesis of multi-
modal human body images.

Synthetic Dataset Generation
Synthetic datasets, generated via generative models, are in-
creasingly used in various applications. This includes do-
main transfer(Zhu et al. 2017; Park et al. 2020), converting
data from one domain to another, and data generation(Wang
et al. 2024; Zhang et al. 2021; Li et al. 2022, 2023), aimed
at enriching data diversity and supplementing rare samples.
In the context of domain transfer, unpaired image-to-image
translation methods have been widely explored, including
GAN-based models like CycleGAN(Zhu et al. 2017) and
CUT(Park et al. 2020), and diffusion-based methods such as
ILVR(Choi et al. 2021) and EGSDE(Zhao et al. 2022). With
the advancement of diffusion models, methods like DA-
TUM(Benigmim et al. 2023), DOGE(Yinong Oliver Wang
and la Torre 2024), and CycleGAN-Turbo(Parmar et al.
2024) employ pretrained text-to-image diffusion models for
efficient domain transfer with limited examples. Existing
image-to-image methods mainly focus on style transforma-
tion, while VI-ReID addresses a fine-grained recognition
problem where identity preservation is crucial. Synthetic
data is receiving increasing attention. Prior works (He et al.
2022) involved rendering images and labels using 3D game
engines. With the development of generative models such
as GANs(Zhang et al. 2021; Li et al. 2022; He et al. 2022;
Wu et al. 2022) and Diffusion models (He et al. 2022; Wang
et al. 2024), some work has started to utilize generative mod-
els to synthesize training data. Our approach is inspired by
Diff-Mix (Wang et al. 2024), a method for fine-tuning text-
to-image models for generating diverse samples interpolated
between class. We take an innovative step forward by de-
coupling identity from modality information during the fine-
tuning process, which enables us to freely combine iden-
tity and modality. As a result, we can generate any identity
within the infrared modality.

Methodology
Preliminary and Problem Formulation
Text-to-Image Diffusion Model. Text-to-Image (T2I) dif-
fusion models have emerged as a powerful tool for generat-
ing high-quality images conditioned on textual descriptions.
Among these, the Stable Diffusion (SD) model is particu-
larly notable. The SD model consists of a CLIP (Ramesh

et al. 2021) text encoder Γ, and a U-Net (Ronneberger, Fis-
cher, and Brox 2015) based conditional diffusion model ϵθ.

Given a text prompt Q, the text encoder Γ generates a
conditioning vector Γ(Q). During training, with a randomly
sampled noise ϵ ∼ N (0, I) and the time step t, we can get
a noised image or latent code zt = αtx + σtϵ, where x
represents the input image, αt and σt are the coefficients that
control the noise schedule. The conditional diffusion model
ϵθ is subsequently trained with the denoising objective:

Ex,Q,ϵ,t

[
|ϵ− ϵθ(zt, t,Γ(Q))|22

]
(1)

Where ϵθ is trained to predict the noise condition on the
noisy latent zt, the text prompt Q, and the time step t. Dur-
ing inference, given a text prompt Q, we start from a noise
latent zT ∼ N (0, I). The noise is gradually removed by it-
eratively predicting it for T steps using ϵθ. By the end of this
process, we obtain a generated image that corresponds to the
text prompt Q.

Formulation of VI-ReID. Formally, the training set of
VI-ReID contains RGB and IR images, with each image xk

having identity labels yk, where k denotes the modality and
k ∈ {V, I} (V for visible modality and I for infrared modal-
ity). The visible and infrared samples from the training set
are denoted by:

V = {(xV
n , y

V
n )}NV

n=1, I = {(xI
n, y

I
n)}

NI
n=1

where NV and NI are the numbers of samples of each
modality in the training set.

Let PVI = {pV I
n }NVI

n=1 be the set of person identities in
the training set, where NVI and p represents the total num-
ber of identities and one person’s identity, respectively. The
identity labels yk ∈ PVI.

The objective of Visible-Infrared Person Re-
IDentification is to match person identities across different
modalities based on feature similarity. Therefore, it is
essential to reduce the large intra-class variation between
heterogeneous samples. Existing methods (Ye et al. 2020b,
2023) often address this by optimizing:

L =
∑

ℓ
(
f
(
xV
n

)
, f

(
xI
m

)
, yVn , yIm

)
(2)

where f denotes the feature extractor, and ℓ(·) represents
a loss function such as identity loss or triplet loss.

Overview
To deal with the above problem, we propose a novel data
generation framework, dubbed Diffusion-based VI-ReID
data Expansion (DiVE), that automatically obtain massive
RGB-IR paired images with identity preserving.

We aim to generate corresponding infrared counterparts
for each identity within the external visible-based ReID
dataset, thereby establishing a paired visible-infrared dataset
to enrich the training data for the VI-ReID task.

Following the definition of VI-ReID mentioned above,
we first define the external visible-based dataset as: VExt =
{(xV

n , y
V
n )}NE

n=1, where NE is the number of visible samples
in the external dataset, and V denotes the visible modality.
Let PExt = {pEn }

NExt
n=1 denote the set of person identities in
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Figure 3: Illustration of our DiVE. (a): The training of the DiVE involves unpaired RGB-IR data. DiVE disentangles identity
and modality representations to enrich the identity diversity of the generated images. (b): After training the generator, we
leverage it to transfer a great deal of RGB images to IR images with identity preserved. These synthetic samples are used to
train arbitrary VI-ReID approaches.

the external dataset, where NExt represents the total number
of identities. The identity labels yVn ∈ PExt.

Subsequently, synthetic infrared images are generated for
each identity in the external visible-based dataset, yielding
the set: IExt = {(xI

n, y
I
n)}

NS
n=1, where each synthetic infrared

image corresponds to an identity from the external visible-
based dataset PExt. Here, NS denotes the number of syn-
thetic infrared samples, and I represents the infrared modal-
ity. To enrich the existing VI-ReID dataset, we incorporate
synthetic samples by merging VExt with the original visible
dataset V , and external visible data IExt with the original in-
frared dataset I:

V∗ = V ∪ VExt, I∗ = I ∪ IExt

The proposed DiVE
General Idea. To generate infrared images, we rely on the
powerful SD model. As the images generated by SD de-
pend on textual descriptions, and the textual description of
each pedestrian image is unknown, we propose an inversion
method to obtain the implicit textual description of each im-
age. Given that cross-modality ReID images contain iden-
tity and modality information, we propose a unified map-
ping function F , which can concurrently map images to the
implicit textual embeddings of identity and modality.

Formally, given an identity p ∈ PVI ∪PExt and a modality
k ∈ {V, I}, we have an image xk

n with its label ykn, indicat-
ing identity ykn = p. We then have:

F : xk
n → ([p],[k]) (3)

Here, [p] is the implicit textual representation of the iden-
tity p, and [k] is the implicit textual representation of the
modality k.

In this way, we can obtain the modality invariant identity
descriptions [pE] (pE ∈ PExt) by applying the function F
to the external visible-based dataset VExt.

Further, we could obtain the infrared modality descrip-
tion [I] decoupled from the identity information by lever-

aging identity consistency. This is achieved by mapping
images of the same identity pVI from different modalities
(xV

i ∈ V , xI
j ∈ I) to the same identity implicit textual de-

scription [pVI]. Utilizing the function F , this mapping can
be represented as:

F : (xV
i , x

I
j ) → ([pVI],[V ],[I]) (4)

Here, [V ] and [I] are the modality descriptions for the
visible and infrared images, respectively, learned by dis-
criminating the discrepancy of the same identity across
modalities.

After obtaining the implicit descriptions, we combine
[pE] from the visible-based dataset (p ∈ PExt) and [I]
from the IR modality to generate a text prompt. We use the
function T (·) to construct this text prompt. Subsequently,
the SD model serves as the generator G(·) to transform these
implicit descriptions into synthetic infrared images xS :

xS = G(T ([pE],[I])) (5)

Unified Mapping Function F . T2I models not only ex-
cel at generating diverse images from textual descriptions
but also possess the ability to invert specific styles or sub-
jects of images back into the textual space through finetun-
ing, a process known as personalization. Given a pre-trained
T2I synthesis model and multiple images containing the tar-
get object, personalization involves optimizing a text prompt
that represents the object, and optionally fine-tuning the net-
work to better adapt to the target. After training, the opti-
mized object text prompt can be combined with natural lan-
guage descriptions to generate diverse outputs. In this paper,
we leverage this personalization technique as our mapping
function F to invert an image into a text prompt.

Specifically, we first employ the Textual Inversion (Gal
et al. 2022) technique to extract identity descriptions by in-
troducing a new learnable textual embedding, represented
by the placeholder token [p], for each identity p. The [p]
embedding resides in the textual embedding space and is
shared among all images corresponding to the same identity,
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regardless of their modality. During training, we optimize
these embeddings to capture and store the modality-invariant
identity information of each person p within their respec-
tive [p] embedding. Then, we adopt a novel method to cap-
ture modality descriptions inspired by DreamBooth (Ruiz
et al. 2023). Instead of introducing additional learnable to-
kens for each modality, we utilize fixed placeholder tokens
[k], such as [V] for visible and [I] for infrared. We fine-
tune specific components of the model—namely, the Low-
Rank Adaptation (LoRA (Hu et al. 2021)) modules associ-
ated with each modality—to encode modality-specific char-
acteristics. LoRA proposes to finetune the network by intro-
ducing trainable low-rank residual matrices instead of up-
dating the entire set of weights. During training, all images
sharing the same modality, regardless of their identity, are
assigned the same [k] placeholder. This placeholder acti-
vates the corresponding LoRA branch, embedding modality
information within these modules. After mapping, all im-
ages of an identity in a certain modality are converted into
the text prompt “a [k] photo of [p] person.” constructed
by T (·).

Finally, our loss function is defined as follows:

Ex,p,ϵ,t

[
|ϵ− ϵθ(zt, t,Γ(T ([p],[k])))|22

]
(6)

where the optimizable parameters include the embeddings
Γ([p]) for each id and the LoRA branches ϵθ.

Furthermore, in order to address hierarchical modality
discrepancies, such as intra-camera and inter-camera vari-
ations (including viewpoint, illumination, and background
differences), we refine the original [V ] and [I] identifiers
into more fine-grained categories: [V1], [V2], . . . , [Vm],
[I1], [I2], . . . , [In], where m and n represent the number
of camera views under visible and infrared camera individ-
ually, respectively. This detailed categorization allows us to
describe the scene more precisely, promoting the decoupling
of modality and identity information. We use the expanded
IR modality identifiers [I1], [I2], . . . , [In] to generate
IR images with clearer modality information across multi-
ple views using a prompt of “a [pE] photo of [Ii] person.”
(i = 1, . . . , n).

Experiments

Datasets and Evaluation Protocols

We evaluate our method on two VI-ReID datasets, namely
SYSU-MM01(Wu et al. 2020), and LLCM(Zhang and
Wang 2023), as well as two RGB person Re-IDentification
datasets, including Market-1501(Zheng et al. 2015) and
CUHK03-NP(Zhong et al. 2017; Li et al. 2014). Follow-
ing common practices, we adopt the cumulative matching
characteristics (CMC) and mean average precision (mAP)
as evaluation metrics. Additionally, all the reported results
are the average of 10 trails.

CycleGan AlignGan VI-Diff CycleGan-Turbo DiVEReal

Figure 4: Visual comparison of synthetic infrared images.
Column 1: Real IR images from SYSU-MM01 dataset and
RGB images from Market-1501 dataset. Columns 2-6: Syn-
thetic IR images generated by CycleGAN, AlignGAN, VI-
Diff, CycleGAN-Turbo, and the proposed DiVE model, re-
spectively.

Model
All-search Indoor search

R1 mAP R1 mAP
CycleGAN 70.98 67.93 78.40 82.34
Align-GAN 72.64 69.08 78.33 82.37
VI-Diff 73.24 69.44 79.81 83.23
CycleGAN-Turbo 73.12 69.76 80.37 83.65
Baseline (DEEN) 74.70 71.80 80.30 83.30
Our proposed DiVE 79.07 74.96 82.98 85.90

Table 1: Comparisons with GANs (CycleGAN, Align-
GAN) and diffusion models (VI-Diff, CycleGAN-Turbo) on
SYSU-MM01 dataset. The bold font denotes the best per-
formance.

Implementation Details
Our method uses Stable Diffusion 1.5 as the base model,
fine-tuning only the LoRA weights and textual embed-
dings. The rank of LoRA is set to 128, and each modal-
ity identifier is assigned a unique 8-character identifier (e.g.
“b8zBXKoH”). During the training phase, all input images
are resized to 512 × 256 pixels and augmented with horizon-
tal flips to enhance model robustness. The learning rate is set
to 5 × 10−5. The batch size is configured to 16, and the total
number of training steps is set to 400,000. For image gen-
eration, we utilize a timestep of 25 and adopt DPMsolver++
(Lu et al. 2022) as the sampling scheduler. We generate 18
infrared images for each modality identifier.

Comparison with State-of-the-Art Generative
Models
We first compare DiVE with other prevalent methods for
generating synthetic Infrared (IR) data. We specifically
choose GAN-based methods (CycleGAN(Zhu et al. 2017),
Align-GAN(Wang et al. 2019a)) and diffusion-based meth-
ods (CycleGAN-Turbo(Parmar et al. 2024), VI-Diff(Huang,
Huang, and Wang 2023)). These methods are trained on
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Methods
SYSU-MM01 LLCM

All search Indoor search VIS to IR IR to VIS
R-1 mAP R-1 mAP R-1 mAP R-1 mAP

AGW (Ye et al. 2020b) 47.50 47.65 54.17 62.97 49.13 55.80 63.72 47.21
+ DiVE 57.47 56.18 63.72 70.54 51.60 58.53 63.54 50.21

CAJ (Ye et al. 2023) 69.88 66.89 76.26 80.37 49.86 56.40 63.73 47.71
+ DiVE 73.27 69.82 78.39 82.13 52.92 59.40 64.73 56.80

DART (Yang et al. 2022) 68.72 66.29 72.52 78.17 52.97 59.28 65.33 51.13
+ DiVE 72.06 68.83 76.38 81.12 54.89 61.24 65.47 59.59

DEEN (Zhang and Wang 2023) 74.70 71.80 80.30 83.30 55.52 62.07 69.21 55.52
+ DiVE 79.07 74.96 82.98 85.90 59.30 65.90 72.99 59.43

Table 2: Comparisons with state-of-the-art methods on the SYSU-MM01 and LLCM datasets. The bold font denotes the best
performance.

the RGB-IR SYSU-MM01 dataset. Then, we use these
trained models to transfer RGB images from the Market-
1501 dataset to the IR domain, expanding the dataset. Fi-
nally, we train and evaluate different models using these syn-
thetic data on the DEEN VI-ReID model.

Qualitative Comparisons. Fig. 4 presents a visual com-
parison of the IR images generated by different methods. We
observe that GAN-based methods (CycleGAN, Align-GAN)
encounter a loss of semantic information and artifacts in the
generated images. In contrast, diffusion models maintain su-
perior semantic consistency owing to their stable training
process. However, VI-Diff faces challenges in fully captur-
ing IR modality characteristics. CycleGAN-Turbo, leverag-
ing a fine-tuned pre-trained diffusion model, is capable of
producing well-aligned images but is limited in scope. Our
proposed DiVE model transcends these limitations, facilitat-
ing the generation of diverse, high-quality images compared
to approaches focused solely on style transfer. This superior-
ity can be attributed to a more fine-grained division of scenes
within the same modality. Our generated images showcase a
harmonious joint representation of human and environmen-
tal information in the IR modality.

Quantitative Analysis. Tab. 1 illustrates the ReID perfor-
mance of model trained on data generated by different gener-
ative methods. Obviously, training with expanded data gen-
erated by either GAN or diffusion models leads to a decrease
in model performance. GAN-based methods struggle to fit
the distribution of real datasets accurately due to their unsta-
ble training and mode collapse. In contrast, diffusion mod-
els, characterized by a more stable training process, exhibit
superior performance when compared to GAN-based ap-
proaches. Nonetheless, VI-Diff and CycleGan-Turbo meth-
ods merely learn the mapping between modalities without
integrating the semantic consistency of the same ID across
different modalities.

Our DiVE inherits the prior knowledge of the SD model
trained on a large-scale dataset, ensuring the quality of syn-
thesized images. The framework proposed in this paper for
decoupling identity and mode ensures both the consistency
of identity and adherence to the distribution of modes. Thus
DiVE improving Rank-1 accuracy and mAP by 4.37% and

Modality View
SYSU LLCM

R1 mAP R1 mAP
- - 74.70 71.80 55.52 62.07
IR Single 75.59 71.89 56.21 62.75
RGB+IR Single 76.89 72.98 55.78 62.93
RGB+IR Multi 79.07 74.96 59.30 65.90

Table 3: Ablation study of modality and view selection.

5.2%, respectively, in the All-search scenario.

Generalization of synthetic data
To demonstrate the effectiveness of our DiVE method,
we augment data using DiVE on various datasets (SYSU-
MM01, LLCM) and evaluate the performance using mul-
tiple VI-ReID models (AGW, CAJ, DART, DEEN). Table 2
presents the experimental results, and our synthetic data con-
sistently improves model performance across both SYSU-
MM01 and LLCM. CAJ even shows an improvement of up
to 9% mAP on the LLCM. This indicates that our synthetic
data closely approximates the true IR domain distribution,
aiding the models in learning a more generalized discrimi-
native latent space.

From model perspective, our synthetic data improves the
performance of both modality-shared feature learning-based
methods (AGW, DART) and modality-specific information
compensation-based methods (CAJ, DEEN). For modality-
shared feature learning-based methods, which rely on com-
paring the same ID across different modalities to learn
modality-invariant features, our augmented data strength-
ens and diversifies the modality-invariant features by pro-
viding more paired images for each ID. On the other hand,
modality-specific information compensation-based methods
require a large amount of data to compensate for the missing
modality information, and our augmented data enhances the
diversity of samples.

Ablation Studies
Impact of modality and view selection. Here we study
the impact of different data selections on DiVE. In addi-
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Dataset selection
SYSU LLCM

R1 mAP R1 mAP
- 74.70 71.80 55.52 62.07

+CUHK-NP 77.50 73.48 58.87 65.47
+Market1501 79.07 74.96 59.30 65.90

Table 4: Ablation study of using different visible-based
dataset.

Figure 5: Performance under different number of Aug-
mented IDs. Different colors represent different identities.

tion to RGB and IR affecting model training, images from
different views within the same modality also exhibit dif-
ferent distributions. We consider three training sets: 1) only
IR images; 2) RGB+IR images under single view ; 3) multi-
view of RGB+IR images. When only using IR modality, the
data generated by DiVE is still beneficial for ReID models,
surpassing the baseline. The model’s performance is further
improved by adding the RGB modality, indicating enhanced
learning of modality descriptions. It is worth noting that the
most significant performance gains by considering multiple
views within each modality, as shown in Tab. 3, resulting in
Rank-1 and mAP scores of 79.07% and 74.96% on SYSU-
MM01, and 60.30% and 66.90% on LLCM. In this way,
each view serving as a more nuanced modality allows the
model to learn more precise modality information.

Influence of Different Visible modality ReID Datasets.
We investigate the impact of utilizing different RGB datasets
(Market-1501, CUHK-NP) to expand the training data and
evaluate their performance on the SYSU-MM01 and LLCM
dataset. Tab. 4 shows that incorporating Market-1501 and
CUHK-NP significantly outperforms the baseline on both
bath SYSU and LLCM datasets. The results indicate our
synthetic data is effective and versatile, as it can benefit from
various visible-based datasets to enhance VI-ReID perfor-
mance.

Number of Augmented IDs. We explore the effect of the
number of IDs selected from the RGB dataset for expansion.
Figure 5 illustrates the impact of the augmented ID number
on VI-ReID performance. The grey line represents the dis-
tribution of image counts per ID, while the red line shows

[ ]Ep<SOS> <EOS> <Pad>persona photo of a

<SOS> <EOS> <Pad>persona photo of a[ ]I

<SOS> <EOS>persona photo of a [ ]EpGenerated [ ]I

Figure 6: Visualizations of attention maps corresponding to
different prompt

the rank-1 accuracy of model at different numbers of aug-
mented IDs. The results suggest that increasing the number
of augmented IDs initially leads to significant performance
gains, with accuracy improving from the baseline of 74.70%
to a peak of 79.07% when 1011 IDs are used. However, con-
tinuing to increase the number of IDs will harm the model’s
performance. The underlying reason maybe that due to the
long-tail distribution of the dataset, extracting ID features
from a small number of images is challenging. Therefore,
finding an optimal balance is important for data generation.

Effectiveness of textual control. We visualized the cross
attention map corresponding to each token to analyze their
impact on the synthesized images. Figure 6 displays three
types of prompts: only identity, only modality, and con-
taining both identity and modality simultaneously. We ob-
serve that modality token emphasizes global features, in-
cluding both person and background regions, while the
ID token focuses more on the person’s area, emphasizing
person-specific information. Comparing synthetic images,
altering [k] changes the modality without affecting iden-
tity, and modifying [p] changes the identity while preserv-
ing modality.

Conclusion
This paper introduces a novel perspective whereby large-
scale RGB-IR images with consistent identities are auto-
matically generated using a text-driven diffusion model, en-
hancing the performance of person Re-IDentification (ReID)
models. To accomplish this objective, we present Diffusion-
based VI-ReID data Expansion (DiVE), an innovative data
generation framework that automatically produces massive
RGB-IR paired images while preserving identities without
human intervention, achieved by decoupling identity and
modality. Extensive experiments demonstrate that VI-ReID
models trained on synthetic data generated by the DiVE
framework show superior performance compared to those
trained on real data. Additionally, we anticipate that DiVE
can bring fresh insights and inspiration for bridging genera-
tive data and person ReID in the community.
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