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Abstract—Person re-identification (ReID) focuses on learning
identity-discriminative and pose-invariant features. To enrich
pose diversity of training data, person synthesis techniques are
employed to generate images with novel poses. However, existing
diffusion-based methods struggle to maintain identity consistency
and decouple the person from background interference, often
producing low-quality images which hinder RelID training. To
address these limitations, we present Reffusion, a diffusion-based
framework with an Online Filtering and Training Policy (OFTP).
Reffusion concentrates on generating high-fidelity person images,
while OFTP aims to train ReID model with generated persons.
Specifically, Reffusion integrates Orthogonal Memory Module
to capture decorrelated human patterns and Adaptive Masking
Training to mitigate background interference. During inference
of Reffusion, Instance Gradient Guidance is utilized to enhance
identity consistency. When training ReID with these generated
persons, OFTP adaptively filters out low-quality samples and
retains informative ones for effective post-training. Experiments
demonstrate that Reffusion yields an 8.008 FID on Market1501,
while OFTP achieves 1.6% and 6.4% improvements in mAP over
the strong baseline BoT on MSMT17 and CUHKO03, respectively,
significantly outperforming state-of-the-art methods.

Index Terms—Person Re-identification, Conditional Diffusion,
Person Synthesis, On-Policy Training

I. INTRODUCTION

Person re-identification (ReID) [1] aims to recognize the
same person across variations in camera, background, view-
point, and other factors. Most existing works [2]-[5] focus
on learning identity-discriminative features through multi-
granularity representation alignment. While these approaches
have achieved remarkable progress, their performance remains
sub-optimal due to limited annotated training data. Further-
more, collecting a large-scale labeled person dataset is not only
labor-intensive but also raises privacy concerns, limiting the
scalability and applicability of RelD in real-world scenarios.

An intuitive approach to circumventing insufficient data
is to effectively leverage synthetic person images. Pose-
Guided Person Image Synthesis (PGPIS) aims to generate
novel persons conditioned on a reference image and a target
pose, while maintaining identity and texture consistency. By
augmenting training data with new poses, PGPIS is expected
to enhance RelD performance. Existing synthesis methods can
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Fig. 1. Visual comparison of different methods on person synthesis. CFLD
suffers from detail loss due to VAE downsampling, while PIDM exhibits
artifacts caused by missing 2D joints and background interference.

be broadly categorized into into GAN-based [6] and diffusion-
based [7] models. GAN-based approaches such as PN-GAN
[8], DPTN [9] and NTED [10] often suffer from blurry
and low-quality synthesis, primarily due to the instability of
adversarial training and one-step generation. In contrast, dif-
fusion [11] models have surpassed GANs in generating high-
fidelity images through hierarchical VAE modeling. Conse-
quently, several diffusion-based methods [12]-[16] have been
proposed for PGPIS and achieved remarkable progress, but
challenges remain in detail fidelity and identity preservation.
For example, PIDM [12] and Identity Diffuser [16] employ
simple conditioning or coarse identity guidance, restricting
fine-grained synthesis. Methods such as CFLD [13], PCDMs
[14] and IMAGPose [15] are trained in VAE latent space,
which often causes detail loss for low-resolution pedestrian
images (Figure 1). Moreover, some diffusion-based methods
have overlooked the impact of background on person synthe-
sis, resulting in distorted and chaotic persons (as illustrated in
row 1 of Figure 1a). When utilizing generated images for ReID
training, Diff-ID [17] directly adds generated images into
original training datasets, whereas PIDM [12], PCDMs [14]
and Identity Diffuser [16] fine-tune backbone (trained on real
datasets) with generated images. However, these approaches
haven’t filtered low-quality or problematic images, in which
identity preservation and pose transfer fail. The inclusion of
such low-quality images may degrade RelD performance.

To address the issues of existing diffusion-based methods,
we propose RelD Diffusion (Reffusion) along with an Online



(a) Reffusion Architecture
X0 £ Xt
Image Space

Forward Process ———
Xe = JAxg + /1 —A(€) —————oi -

-1

Xo Xt
x(t—1)

o -
- - I THE IF -

Denosing U-Net €%y, t, X5, X))

Normal Depth Details

[N ResNet Block
Attention Block
OMM

Semantics
Swin-T Xs

ID Features

(b) Orthogonal Memory Module (c) Instance Gradient Guidance

I

Normal Depth l

—
Swin-T U-Net
——

U-Net Down Blocks

[r— Spherical Distribution

l Fout € REXD
—
g Estimate fo l th!
I 00 _00 _ &
Learnable Memory e
U-Net Up Blocks M, € RV¥D

X ID Features
Fy: = CrossAttention(F iy, s ———> Spherical Distance Loss
My, My) + Fin

& with gradient = no gradient

Fig. 2. (a) The overall architecture of proposed Reffusion, combined with Adaptive Masking Training (AMT); (b) Orthogonal Memory Module (OMM) is
inserted in the middle of UNet, which enables Reffusion capture orthogonal human patterns by applying spherical distribution regularization; (c) during DDIM
sampling, Instance Gradient Guidance (IGG) further improves identity consistency through gradient guidance from a frozen lightweight ReID network.

Filtering and Training Policy (OFTP). Reffusion generates
high-fidelity persons with superior identity preservation and
pose transfer. Then, OFTP adaptively filters out low-quality
generated images for robust ReID post-training. Our contribu-
tions can be summarized as follows:

« We propose Reffusion, that generates high-quality person
images with enhanced identity preservation and reduced
background interference, by incorporating three key mod-
ules: Orthogonal Memory Module, Adaptive Masking
Training, and Instance Gradient Guidance.

o To effectively leverage generated images for robust ReID
post-training, we adopt an Online Filtering and Training
Policy that selects high-quality and hard positive samples,
while adaptively filtering out low-quality samples.

o Extensive experiments show that Reffusion achieves an
8.008 FID on Market1501, while OFTP brings 1.6% and
6.4% gains in mAP over the strong baseline BoT on
MSMT17 and CUHKO3, respectively, achieving state-of-
the-art performance on both image synthesis and RelD.

II. METHODOLOGY

A. Architecture and Overview

Our method is built upon the UNet-based Denoising Dif-
fusion Probabilistic Model (DDPM) [7], which consists of a
forward diffusion process and a reverse denoising process.
During the forward process, Gaussian noise € ~ N(0,1) is
gradually added to the input image x(, according to a timestep
t and a predefined noise schedule ao:

2, = VTzo + VI —are,t ~ U[L,1000]. (1)

In the denoising phase, UNet model eg learns to reconstruct
x( from a noisy sample 1 conditioned on c. After applying
reparameterization trick, the final training objective is reduced
to a noise prediction loss:

Emse == Emo,c,e,t [”6 - eﬂ(wta t7 C)”g] 5 (2)

where €g predicts added noise € at each timestep ¢.

Figure 2 illustrates the overall architecture of our proposed
Reffusion. Reffusion is trained in image space without VAE
downsampling and predicts target image x( conditioned on a
reference image x ¢ and target pose x,,, where x( and x, share
the same identity. x is passed through a swin transformer [18]
to extract multi-scale and semantically rich global features.
The UNet captures these identity-related features via cross-
attention. Also, x, is concatenated with the target pose x, and
noisy samples x, as input to preserve fine-grained local details
such as edges and textures. In contrast to prior works [12]-
[14] that rely solely on 2D sparse human skeletons as pose,
Reffusion takes both depth map and surface normal map x,
detected from 3D SMPL [19] as pose prompt, which circum-
vents missing joints inherent in 2D and offers more accurate
viewpoint cues. Moreover, Reffusion enhances the quality
of generated person images through three core components:
Orthogonal Memory Module, Adaptive Masking Training, and
Instance Gradient Guidance. Ultimately, an Online Filtering
and Training Policy (OFTP) adaptively removes low-quality
generated samples, enabling more robust RelID training. The
details will be elaborated in the following sections.

B. Orthogonal Memory Module

According to spherical coding theory [20], points (or fea-
ture vectors) on the unit hypersphere should be arranged to
maximize mutual separation, which promotes diversity and
reducing redundancy. Motivated by this principle, we introduce
an Orthogonal Memory Module (OMM) in the middle of
Reffusion. As illustrated in Figure 2 (b), OMM contains N
learnable embeddings M)}, which interact with hidden states
of UNet via a cross attention mechanism.

During training, we employ a uniformity regularization term
[21] that encourages these embeddings to be mutually decorre-
lated and nearly orthogonal, effectively enabling the memory
to capture diverse human patterns. Specifically, the memory
embeddings are first /-normalized and then regularized as:

Lieg = log E 4, {exp(—2 |, — mi”%)} . 3)



where m}L denotes the ith embedding in OMM, 4and the
expectation is taken over all distinct pairs {(m},m7) | 1 <
i # j < N} within the memory.

By explicitly storing these disentangled human patterns,
the diffusion model can query the memory to retrieve rele-
vant structured or semantic information during the generation
process. This mechanism ensures that each generated sample
maintains realistic body shapes and textures, producing more
consistent human images.

C. Adaptive Masking Training

In real-world scenarios, pedestrians are often accompanied
by background clutter. To disentangle the synthesis of the
person from such interference, we introduce Adaptive Masking
Training (AMT) that re-weights the noise prediction, thereby
encouraging the model to concentrate more on the foreground
person. Specifically, as demonstrated in Figure 2 (a), a binary
mask A, can be derived from pose x,, through a binarization
operation. A, is then rescaled by the inverse mask area
ratio and shifted by one, yielding A = r - A, + 1 where
r = Area(image)/Area(mask). This design adaptively assigns
larger weights to smaller persons in the image, thereby em-
phasizing their contribution during training.

By integrating A with Equations (2) and (3), the overall
training loss is finally formulated as:

L=Eaya,a.et [AOC e~ eo(ae,t, @y, ) 3] + Arcg.
“)
During training, classifier-free guidance (CFG) [22] is adopted
to strengthen source image guidance. x is randomly dropped
with a probability of 7%, which encourages generated x to
more closely resemble x in appearance. Thus, the sampling
equation can be calculated by (x,, is omitted for simplicity):

ée = 69($t5t7®) + wcfg(ee(wtataws) - 69($t5t7®))' (5)

D. Instance Gradient Guidance

In addition to CFG, we incorporate an external pre-trained
RelD network to further enhance identity consistency between
the generated person image xo and the reference instance x.
We refer to this strategy as Instance Gradient Guidance (IGG).
Inspired by [11], a score function V4, p(x) is used to guide
the denoising process, as demonstrated in Figure 2 (c). The
estimated x is firstly derived from x; by:

B — Ty — 1 *atés(wtat7$p7$s)
’ Var '

Then, both the reference image x, and estimated &, are fed
into a pre-trained ReID network to compute spherical distance:

2
Lsph(f:Es,fio) =2 (arcsin (|fm§fio”2)) ) (7)

(6)

2

where f,, and fz, are identity features extracted by RelD
network and then ls-normalized. Finally, new @ is updated
via gradient descent on Leph(fa., fa,)-

new (o) = To — WiggV'1 — @ - Vi, Loph(fa.s fzo),  (8)

Algorithm 1: On-Policy Training with Generated Samples

Input: initialized ReID model 7y; real dataset D,.;
generated dataset D; selected dataset
D¢ < @, filtering threshold 7; k-nearest
1 Train mp on D, for a number of epochs
2 Extract representations f; for each sample in D, by 7y
3 Compute centroid features f; for each ID based on f
4 for sample in D, do

5 f9 « mp(sample)

6 | Find k-nearest neighbors {f7 }¥ _, in fI for f{

7 | if #ID(fY) in #ID({f7 }* _,) & similarity > 7
then

8 L Dy.add(sample)

9 Continue training 7y on D, and Dy until end

where w;g denotes guidance scale and & is gradient-enabled.
The next-timestep prediction #;_1 can be obtained by:

&1—1 = scheduler(new (&), €g, ), 9)

where scheduler can be either DDPM [7] or DDIM [23]
sampler. Notably, IGG module introduces about 10% inference
time while requiring minimal additional memory, since back-
propagation is restricted to the ResNet-50 [24] RelID network.

E. On-Policy Post-Training with Generated Samples

Previous works [12], [14]-[16] that incorporate generated
samples into ReID post-training typically follow an off-policy
paradigm, where these samples are directly used for fine-
tuning without any filtering. Such strategy is sub-optimal, since
generated samples inevitably contain artifacts. To address this
issue, we propose an Online Filtering and Training Policy
(OFTP), which adaptively selects samples during training to
improve robustness. As demonstrated in Algorithm 1, RelD
model 7y is initially trained on real dataset D,. We then
compute the centroid features by averaging f; within each
ID cluster of D, and extract the generated feature f7 for
each sample in generated dataset D,,. To effectively mine hard
generated samples, the k-nearest neighbors { f!. }’gl:l of f7 are
retrieved in the centroid feature space using cosine distance
metric. A generated sample is retained if the identity of f7
matches at least one of the identities in {f ]ci:l and its
corresponding cosine similarity exceeds threshold 7. Finally,
the selected hard and reliable cases are combined with D,. for
continual training, while bad unreliable cases are discarded.
In this way, the overall distribution of the training dataset is
preserved without being distorted by Dy.

III. EXPERIMENTS

A. Experiments Details

Datasets. Experiments are conducted on three public ReID
datasets: Market1501 [25], MSMT17 [26] and CUHKO3 [27].
Market1501 contains 12,936 training images of 751 identities
captured by 6 cameras; MSMT17 has 32,621 training images
of 1,041 identities collected from 15 cameras; and CUHKO03



TABLE I
QUANTITATIVE COMPARISON WITH STATE-OF-THE-ART METHODS ON
PERSON SYNTHESIS QUALITY.

Datasets | Methods | FID| | SSIMt
PIDM [12] 14.451 0.3054
Identity Diffuser [16] 13.290 -

Market1501 | PCDMs [14] 13.897 0.3169

(128 x 64) CFLD [13] 11.972 0.3173
IMAGPose [15] 12.659 | 0.3282
Reffusion (Ours) 8.008 0.3293

includes 7,368 images of 767 identities taken from 2 cameras.
Paired samples (s, o) for each identity are densely sampled
from corresponding RelD training dataset, while the target
pose x,, is extracted by off-the-shelf 4D-Humans [19].

Implementation details. For person synthesis, all experi-
ments are conducted on 4 Tesla V100 GPUs. The configuration
details are summarized as follows:

o We adopt a lightweight UNet from [11] for diffusion and
Swin-Tiny [18] as reference image encoder. The UNet
contains approximately 170M parameters, which is about
one quarter of stable diffusion v1.4'.

o For Market1501, the image size is 128 x 64, while for
MSMT17 and CUHKO3, the resolution is set to 256 x 128.

o Reffusion is trained for 100 epochs with batch size 32
per device. Adam optimizer is used with cosine learning
rate decay, starting from 2e-5. A\ in Equation (4) is 0.1.

o The number of embeddings in OMM is fixed to 64. A pre-
trained BoT Baseline-S model [3] is employed to extract
identity features in Equation (7).

o During sampling, we use a DDIM scheduler with 50 steps
and set the CFG and IGG scales to 2 and 20, respectively.

For person re-identification, 2x synthetic images are firstly
produced with target poses randomly sampled from training
set, after which OFTP is applied for ReID post-training.

Evaluation metrics. Fréchet Inception Distance (FID) [28]
and Structural Similarity Index Measure (SSIM) [29] are used
to assess the realism of generated images, where FID measures
the distributional discrepancy between real and generated
images, and SSIM assesses pixel-level structural consistency.
Additionally, mean Average Precision (mAP) is utilized to
evaluate ReID performance.

B. Quantitative and Visual Results on Person Synthesis

Table I demonstrates that Reffusion achieves state-of-the-art
person synthesis quality on Market1501, outperforming CFLD
[13] with a 3.964 reduction in FID score and achieving a
higher SSIM metric to IMAGPose [15]. As shown in Fig-
ure 3, Reffusion preserves more fine-grained local details and
accurately transfers the source image to the target pose while
maintaining strong identity consistency. In contrast, PIDM and
CFLD tend to produce blurry regions (e.g., faces and clothing)
and distorted legs due to missing 2D human joints.

Thttps://huggingface.co/Comp Vis/stable-diffusion-v1-4
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Fig. 3. Visual comparison with state-of-the-art methods on person synthesis
quality. The green boxes indicate the shortcomings of prior methods, while
the red boxes illustrate the advantages of Reffusion.

C. Performance on Person Re-identification

As illustrated in Table II, we evaluate OFTP with images
generated by Reffusion across diverse RelD methods and
datasets. OFTP consistently improves RelD performance on
different backbones, from CNNs such as BoT [3] and LUP
[30] to vision transformers like TransReID [4] and PASS
[31]. Even pre-trained on a large-scale unsupervised person
dataset [30], LUP and PASS with OFTP still achieve mAP
improvements of 2.6% and 1.0%, respectively, on the large-
scale and challenging MSMT17 dataset. On CUHKO3, which
contains fewer training samples, BoT and LUP achieve even
larger gains of 6.4% and 3.4%, highlighting the effectiveness
of Reffusion and OFTP in low-data regimes. These results
demonstrate strong generalization ability of our method across
architectures and datasets, a property not shown in prior works.

As shown in Table III, we compare OFTP with state-of-
the-art methods on person re-identification. OFTP improves
RelD performance even when applied to the strong baseline
BoT [3], whereas prior state-of-the-art methods have not
demonstrated this capability, limiting their practical appli-
cation. Moreover, training with Reffusion-generated samples
substantially outperforms those from PIDM [12] and CFLD
[13] under identical settings (except synthetic images), indi-
cating that Reffusion produces more realistic person images
which better support RelD training. In contrast, samples from
PIDM contribute only marginal improvement, while samples
from CFLD even degrade BoT.

D. Ablation Study and Analysis

The influence of components in Reffusion. We explore the
effect of key modules in Reffusion in Table IV and Figure 4.



TABLE II
MAP IMPROVEMENTS OF OFTP ON DIFFERENT DATASETS AND BACKBONES. BASELINE INDICATES TRAINING SOLELY ON REAL DATASET, WHEREAS
W/SYNTHESIS. REFERS TO TRAINING WITH ADDITIONAL GENERATED IMAGES.

Methods VMarket1501 ] _ CUHKO03 . _ MSMT17 _
Baseline | w/ Synthesis. | Baseline | w/ Synthesis. | Baseline | w/ Synthesis.
BoT [3] 85.9 87.1+1.2 61.3 67.7+6.4 54.3 55.9+1.6
BoT+LUP [30] 87.5 88.5+1.0 69.5 72.9+43.4 54.6 57.2+42.6
TransRelD [4] w/o SIE 88.2 89.3+1.1 78.6 80.8+2.2 67.1 68.3+1.2
PASS [31] 92.8 93.4+0.6 88.7 89.4+0.7 74.2 75.2+1.0
TABLE III Source

COMPARISON OF MAP WITH STATE-OF-THE-ART METHODS ON PERSON
RE-IDENTIFICATION. MOST PRIOR WORKS ADOPT BOT [3] BACKBONE
BUT WITH DIFFERENT STANDARDS. * INDICATES THE USE OF OFTP.

Datasets Methods Baseline | w/ Synthesis
PIDM [12] 76.7 78.4
PCDMs [14] 76.7 80.3
Diff-ID [13] 68.5 72.6

gggkiuf%) Identity Diffuser [16] |  81.6 84.2
PIDM* [12] 85.9 86.2
CFLD* [13] 85.9 85.0
Reffusion* (Ours) 85.9 87.1

TABLE IV
ABLATION STUDY OF THREE KEY COMPONENTS IN REFFUSION ON
MARKET1501 WITH RESPECT TO PERSON IMAGE QUALITY.

Methods | Variants | FID|
Bl Baseline 9.657
B2 Baseline+AMT 9.033
B3 Baseline+AMT+0OMM 8.823
Ours Baseline+AMT+OMM+IGG | 8.008

TABLE V
ABLATION OF OMM REGULARIZATION ON MARKERT1501.

Methods | Variants | FID|
Cl Baseline+AMT+OMM w/0 Lreg | 9.104
C2 Baseline+AMT+O0MM 8.823

In Table IV, FID gradually decreases as more modules are
incorporated. The Baseline relies solely on global semantic
features. AMT and OMM enable Reffusion to better focus
on synthesis of human textures (as illustrated in row 1 and
2 of Figure 4, comparing B1 with B2 and B3). IGG further
reduces FID score by 0.815, enabling generated samples to
more closely resemble the source person image, particularly
when Reffusion fails to accurately capture clothing details like
color information (see the last column of row 3 of Figure 4).
The regularization of OMM. As presented in Table V,
without uniformity regularization for memory diversification,
additional parameters in OMM does not lead to improved FID
performance, which demonstrates the effectiveness of L,.
The effect of OFTP. Table VI shows the effectiveness of
proposed OFTP. It can be seen from index O that directly
combining generated samples with original training dataset
yields suboptimal improvement compared to baselines in Ta-
ble II. By employing k-nearest strategy, a generated image that

Fig. 4. Qualitative ablation results of components in Reffusion.

doesn’t share the same identity as any of its k-nearest centroid
prototypes is filtered out, leading to mAP improvement (index
1 in Table VI). Increasing k helps mine hard positive samples.
However, if k is too large, noisy and poor-quality samples may
be included, hinder the post-training of ReID model (index 2 in
Table VI). This issue can be mitigated by applying a threshold
T to corresponding similarity. In this way, the impact of low-
quality cases during hard generated sample mining is reduced,
resulting in additional +1.0% mAP improvement (index 4
in Table VI), compared to the setting without any filtering
strategy. The hyper-parameter 7 is adaptively determined by
the mean similarity between real samples and their centroid
prototypes in our experiments, where such similarity reflects
intra-class compactness in the hypersphere. And we also find
that using 10-nearest neighbors works well.

Efficiency and convergence. Reffusion has a comparable
training time to LDM-based [32] methods. By removing VAE,
Reffusion avoids the inference overhead introduced by latent
encoding, and adopts a much lighter UNet (170M vs. 860M
in LDM), without increasing computational cost significantly.
Moreover, Reffusion converges faster and more stably: while
LDM models often suffer from loss saturation—mainly due to
VAE-induced detail degradation in low-resolution and blurry
persons, Reffusion stably reduces loss with moderate training.

IV. CONCLUSION

We propose Reffusion, a diffusion-based framework for
person image synthesis, together with an Online Filtering and



TABLE VI
ABLATION STUDY OF OFTP ON DIFFERENT DATASETS WITH BOT BACKBONE.

. mAP
Index | thresholding | k-nearest —gr o isGT—CURR03 MSMTI7  Average
0 X X 86.0 66.1 55.6 69.23
1 X 1-nearest 86.8 67.4 55.7 69.97
2 X 5-nearest 86.4 67.7 55.5 69.87
3 v 1-nearest 86.7 67.3 55.4 69.80
4 v 5-nearest 87.1 67.7 55.9 70.23
5 v 10-nearest 87.2 67.4 55.9 70.17

Training Policy (OFTP) for RelD post-training. Firstly, Reffu-
sion generates high-fidelity person images with strong identity
preservation, accurate pose transfer and reduced background
interference through OMM, AMT and IGG modules. Then,
OFTP improves ReID performance by adaptively filtering
out low-quality generated samples and preserving informative
ones for post-training. Extensive experiments on Market1501,
MSMT17 and CHUKO3 datasets demonstrate the superiority
and generalization of our proposed Reffusion and OFTP.
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