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Person re-identification (Re-ID) often faces challenges due
to variations in human poses and camera viewpoints, which
significantly affect the appearance of individuals across
images. Existing datasets frequently lack diversity and
scalability in these aspects, hindering the generalization
of Re-ID models to new camera systems or environments.
To overcome this, we propose Pose-dIVE, a novel data
augmentation approach that incorporates sparse and
underrepresented human pose and camera viewpoint
examples into the training data, addressing the limited
diversity in the original training data distribution. Our
objective is to augment the training dataset to enable
existing Re-ID models to learn features unbiased by human
pose and camera viewpoint variations. By conditioning
the diffusion model on both the human pose and cam-
era viewpoint through the SMPL model, our framework
generates augmented training data with diverse human
poses and camera viewpoints.  Experimental results
demonstrate the effectiveness of our method in addressing
human pose bias and enhancing the generalizability of
Re-ID models compared to other data augmentation-based
Re-ID approaches. Our project page is available at:
https://cvliab-kaist.github.io/Pose—-dIVE.

1. Introduction

Person re-identification (Re-ID) is widely utilized in mod-
ern surveillance systems to track and recognize individu-
als across multiple camera networks [7, 44, 56, 57]. De-
spite significant advancements in Re-ID methodologies [5,
22, 46, 62], there remains a notable gap between perfor-
mance under controlled training conditions and effective-
ness in real-world scenarios.

Two particularly challenging factors limiting generaliza-
tion are changes in human pose [8, 38, 52] and variations in
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Figure 1. Pose-dIVE diversifies the viewpoint and human pose
of Re-ID datasets to help generalize and improve the performance
of arbitrary Re-ID models. On a curated real-world test dataset,
the model [10] trained with the Pose-dIVE augmented dataset
achieves a +13.6 mAP and +11.0 R1 improvement (refer Table 6).

camera viewpoint [ 1, 18]. Although an individual’s identity
remains constant, differences in pose or camera angle can
significantly alter their visual appearance. Thus, robust Re-
ID models must capture identity-defining features despite
these spatial variations. However, current Re-ID datasets
often lack sufficient diversity in poses and viewpoints. Typ-
ically, these datasets feature only limited walking or stand-
ing poses [55] and employ just two or three camera view-
points per identity [23, 45, 54]. Such restricted diversity
produces unimodal samples that hinder models from learn-
ing robust identity representations. Furthermore, testing
sets that lack diverse scenarios may not accurately reflect
real-world complexities.

Collecting and annotating richer and more varied
datasets could mitigate these issues. Nevertheless, pri-
vacy concerns and the high cost associated with large-scale,
multi-view camera installations [10, 27, 53] further com-
plicate the collection of richer, more varied datasets. As a
result, pose invariant feature learning [11, 18, 19, 25] and
data augmentation [3, 4, 30, 33, 58, 61] have become crit-
ical approaches in addressing this limitation. Existing aug-
mentation techniques primarily exploit the limited range of
poses [11, 26] and viewpoints [3, 4] already present in cur-
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Figure 2. Visualization of the effect of viewpoint and human pose augmentation. We compare visualizations of camera viewpoint and
human pose distributions for the Market-1501 [54]. The left figures (i) display the camera viewpoint distribution derived from SMPL,
while the right figures (ii) illustrate the pose distribution. In (i), from left to right, we show the viewpoint distributions of the training
dataset, the augmented dataset, and the combination of both. Similarly, in (ii), from left to right, we present t-SNE [41] visualizations of
the human pose distributions, showing poses from the training dataset, followed by augmented poses sourced from outside the dataset.
These visualizations demonstrate that Pose-dIVE successfully diversifies both viewpoint and human pose distributions.

rent datasets. Additionally, these methods usually restrict
viewpoint augmentation to horizontal rotations and neglect
elevation changes [3, 4]. Moreover, pose and viewpoint
have traditionally been treated as separate factors, despite
their combined influence on human appearance.

To address these issues, our work proposes an integrated
augmentation strategy that jointly considers pose and view-
point variations while introducing greater variability in both
factors, as illustrated in Figure 2. Instead of relying solely
on poses from existing Re-ID datasets, we incorporate dy-
namic poses sourced externally. We simultaneously adjust
both azimuth and elevation angles to achieve a broader and
more realistic range of camera viewpoints. This compre-
hensive augmentation strategy enables Re-ID models to bet-
ter recognize stable identity features across varied appear-
ances. Our experiments validate this approach by demon-
strating improved performance even when existing models
are trained with these augmented samples.

Our approach utilizes recent large-scale diffusion mod-
els [37], leveraging their ability to encode extensive prior
knowledge about human appearances under diverse condi-
tions. By conditioning these models within a dual-branch
architecture [15] that simultaneously preserves reference
identity and integrates SMPL-derived [28] pose and view-
point guidance, we generate high-fidelity training samples.
This specifically targets distributional gaps found in con-
ventional Re-ID datasets.

To rigorously evaluate model robustness, we test sys-
tems trained with our augmented dataset on both real-world
data and a customized evaluation set containing poses and
viewpoints absent from the training data. This methodol-
ogy effectively measures how well models generalize to
unseen conditions and practical scenarios. As shown in
Figure 1, our experiments confirm that training on datasets
augmented by Pose-dIVE significantly enhances Re-ID per-
formance on standard benchmarks and in more challenging
real-world conditions.
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2. Related Work

Data augmentation in person re-identification. Person
re-identification (Re-ID) has advanced significantly with
deep learning techniques, enabling robust matching of in-
dividuals across non-overlapping camera views [5, 22, 39].
However, a persistent challenge in Re-ID is the scarcity of
diverse training datasets, which limits model generalization.
This issue has spurred exploration into various strategies,
including data augmentation, to enhance the robustness and
scalability of Re-ID systems.

Early augmentation methods adopted straightforward
image transformations such as random resizing, cropping,
and horizontal flipping [29], as well as techniques to sim-
ulate occlusions [16]. These approaches enrich the train-
ing data, providing benefits to methods like distance metric
learning [21, 24], which rely on diverse samples to better
embed features of the same identity closely together while
separating those of different identities. While effective in
increasing data variety, these techniques primarily leverage
variations already present in the dataset, leaving gaps in ad-
dressing underrepresented aspects such as human pose and

camera viewpoint diversity.
Generative data augmentation in Re-ID. More ad-

vanced methods have employed Generative Adversarial
Networks (GANs) [12] to synthesize training images.
LSRO [58] utilizes DCGANs [34] to generate unlabeled
samples, enhancing semi-supervised Re-ID through Ila-
bel smoothing regularization. Similarly, pose-transferrable
GANs [26] augment datasets by transferring poses, though
they rely on poses extracted from existing Re-ID data.
Other works, such as [59], focus on generating cross-ID im-
ages to support joint discriminative and generative learning.
These GAN-based approaches have demonstrated perfor-
mance improvements by expanding the training data. How-
ever, their emphasis often lies in utilizing variations already
present within the dataset or addressing objectives such as
labeling or identity synthesis. In contrast, our work focuses
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Figure 3. Pose-dIVE framework. Upon observing the highly biased viewpoint and human pose distributions in the existing training
dataset, we augment the dataset by manipulating SMPL body shapes and feeding the rendered shapes into a generative model to fill in
sparsely distributed poses and viewpoints. With this augmented dataset, we can train a Re-ID model that is robust to viewpoint and human

pose biases.

on diversifying the training dataset by uniformly sampling

viewpoints and human poses from external datasets.
3D mesh guidance in Re-ID. Several studies have uti-

lized 3D human mesh representations, such as SMPL [28],
to model human body shape in Re-ID tasks. For instance,
GCL [3] employs a 3D mesh-based view generator that ro-
tates the mesh horizontally to create new viewpoints while
preserving the given human pose. This preservation of the
original pose contrasts with our objective, as we aim to di-
versify both poses and viewpoints in the training data. Other
efforts, such as 3DInvarReID [25], focus on long-term Re-
ID and 3D body shape reconstruction, which are distinct
tasks from our goal of enhancing training data diversity.
Similarly, Chen et al. [4] uses a 3D mesh to guide GANs for
unsupervised Re-ID, but it relies on poses and viewpoints
already available in the Re-ID dataset. Our approach, how-
ever, integrates external pose and viewpoint data, setting it
apart from these in-domain strategies.

3. Method

3.1. Overview

In this paper, we propose a data augmentation strategy de-
signed to address the limitations of existing Re-ID datasets,
particularly the restricted range of camera viewpoints and
human poses, which is depicted in Figure 3. In this section,
we first explain the augmentation process, detailing how
camera viewpoints and human poses are represented dur-
ing augmentation. Next, we describe how these conditions,
along with identity information, are incorporated into the
diffusion model, which is designed to accommodate these
conditions. The data generated using our approach can be
applied to any Re-ID model, enhancing its generalizability.

3.2. Human Pose and Camera Viewpoint Condition
with SMPL

A key component of our augmentation strategy is the ability
to generate diverse human poses and camera viewpoints in a
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controlled manner. To accomplish this, we provide specific
conditions to the generative model to guide the augmenta-
tion process.

Previous works [11, 32, 40] have primarily addressed
pose control by providing a human pose skeleton. How-
ever, relying solely on the human skeleton has limitations
due to missing information: when projected onto 2D im-
ages, the human skeleton lacks depth information, posing
ambiguity for the model when inferring viewpoint informa-
tion from the skeleton. For example, if the camera is above
a person, the skeleton would appear compressed vertically.
Without depth information, the model cannot distinguish
whether the camera is positioned above the person or the
person is simply short.

In this regard, in addition to the human pose skeleton,
we utilize SMPL [28], a human body model used for real-
istic human rendering. SMPL can model intricate human
shapes, including complex body articulations in 3D space.
From this human model, we can easily extract 2D repre-
sentations of the 3D human by rendering the model, such
as depth maps which implicitly contain camera viewpoint
information.

Let us define the SMPL model as a function M that gen-
erates a 3D mesh based on shape parameters 3 € R and
pose parameters 6 € R72:

v, 7}« M(8,0), (1
where V € RN*3 represents the set of N vertices in 3D
space and F € N¥*3 represents the set of F' triangular
faces, each defined by three vertex indices from V.

To extract 2D representations from this 3D model, we
define a rendering function R that projects the 3D mesh
onto a 2D plane given camera parameters ¢ = (R,t, K),
where R € R3*3 is the rotation matrix, ¢t € R? is the trans-
lation vector, and K € R3*3 is the intrinsic camera matrix:

{Id>—[n7[s} <_731({127]:}7¢)7 (2)



where I; € REXWX1 ig the depth map, I,, € RT>*Wx3 jg
the surface normal map, and I, € R”*Wx3 ig the skeleton
representation with J joints.

To enrich the camera viewpoint information, we incorpo-
rate depth maps. Additionally, surface normals from SMPL
are used to capture detailed human surface characteristics,
enhancing the precision of the generated augmentations. As
a result, depth maps, surface normals, and human skeletons
from SMPL, along with a reference image to control iden-
tity, are fed into the generative model as guidance.

3.3. Pose and Viewpoint Diversification

To mitigate the biased camera viewpoint and human pose
in training dataset, we augment images with uniformly dis-
tributed camera viewpoint and human poses sourced from
outside the training dataset. For camera viewpoints, we
augment the images adjusting two factors: elevation and
azimuth.

We sample the elevation angle o from a uniform distri-
bution with the hyperparameters au,i, and au,ax, denoted
as & ~ U(min, @max )> assuming that the camera is not po-
sitioned below the ground and that a person becomes indis-
tinguishable when the camera is positioned above a certain
degree. Similarly, for the azimuth angle v, we uniformly
sample within the bounds 7y,;, and Vmax, represented as
v ~ U(Ymin; Ymax)- In addition, the camera is always di-
rected towards the center of the human mesh. This approach
allows for the capture of a person from any direction. With
these considerations, we found that the distribution of cam-
era viewpoint is significantly unbiased, as depicted in Fig-
ure 2.

For human poses, we source them from outside the train-
ing dataset for diversification. As Re-ID datasets often con-
tain similar human poses, solely training on these datasets
can lead to overfitting and limited generalization capabili-
ties. Let Pext represent the set of human poses extracted
from external sources (e.g., dance videos [2]). For each aug-
mentation, we randomly sample a pose 6 ~ Pey; from this
external distribution uniformly. By incorporating a wide
range of external poses, our approach improves the model’s
ability to handle unseen poses that are not present in the
training dataset. Using these diversified viewpoint and pose
distributions, we render SMPL models into 2D representa-
tions according to:

{Id’ln’ls} :R(M(B70)a¢)a (3)

where ¢ (R(a,7),t,K), R(a,7) represents rota-
tion matrix derived from azimuth and elevation, a ~
u(amifuamux)’ and v ~ u(’Y'min;'Yma:c), respectively.
These rendered 2D representations act as input conditions
for the generative model, providing guidance for the data

generation process. With the augmented training dataset
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from generative model, we can train arbitrary Re-ID mod-
els with robustness to camera viewpoint and human pose
variations.

3.4. Pose-Diversified Augmentation

We generate training images with diverse camera view-
points and human poses to reduce bias in the distribution
of the training data. However, when training the generative
model on a human Re-ID dataset without careful consider-
ation, it may produce poor results for camera viewpoints or
human poses that are rarely present in the training dataset,
as the quality of the generated data is limited by the capa-
bilities of the generative model. If the generative model is
unable to handle out-of-distribution human poses not seen
during training, it will produce degraded training data.

In this work, we address this problem by leveraging
the extensive knowledge in pre-trained Stable Diffusion
(SD) [37]. Specifically, we fine-tune SD to accommodate
rendered pose conditions, adapting the framework proposed
by Hu et al. [15]. This approach effectively preserves the
identity of the input image while taking advantage of Stable
Diffusion’s comprehensive pre-trained knowledge.

Let x( be the target image we want to generate, and x
be pure Gaussian noise. The forward process gradually adds
noise to the image according to:

q(xe|zi—1) = N(ze; /1 = Brze—1, Bed),

where (3; is the noise schedule at timestep ¢.

The approach clones the pre-trained diffusion model into
two branches of U-Nets. One branch, a reference U-Net
egef , receives an image of a person whose identity is to be
generated, while the other is a denoising U-Net ¢y that grad-
ually removes Gaussian noise according to:

“)

Po(@r—1|Tt, Cpose) = N (T1—1; po (24, t, Cpose), Lo (x4, 1)),
)
where cpose Tepresents the conditioning information, and g
is derived from the predicted noise €g.

A reference U-Net provides the identity information to
the denoising U-Net through an attention mechanism. Iden-
tity information is shared with the denoising U-Net within
self-attention [42] in each block, allowing the two paral-
lel branches to benefit from the comprehensive pre-trained
knowledge of Stable Diffusion. Formally, for each attention
layer in the network:

T

. Q
Attention(Q, K, V') = softmax (
( ) vy

where dj, denotes the scaling factor, the query ) comes
from the denoising branch, while the key K and value V
are derived from both the reference and denoising branch to
provide identity guidance while denoising.

>V7 (6)



In addition, we concatenate the depth, surface normals,
and skeleton, and feed them into the pose guider network
G, which consists of stacks of convolutional layers:

Cpose — G([IdaI’VL;IS])7 @)
where [-] denotes concatenation. The encoded condition is
then added to the projected input of the denoising diffusion
model, following [15].

The diffusion model can generate an image that retains
the identity from the reference image while allowing con-
trol over its viewpoint and human pose. Augmenting the
training dataset with the diffusion model conditioned on the
pose distribution outlined in Sec. 3.3 helps reduce bias when
training a Re-ID model. For a detailed description of the ar-
chitecture, please refer to the supplementary materials.

4. Experiments

4.1. Implementation Details

We use CLIP-reID [22] and SOLIDER [5] as the baselines
to validate the effectiveness of the Pose-dIVE augmented
dataset. The entire training process is divided into three
parts: training the generative model, generating images for
augmentation, and training the baseline Re-ID models using
the augmented dataset.

Step 1: Training of generative model. The training
of our generative model involves two stages. First, it
learns a general human representation using a fashion video
dataset [49], followed by fine-tuning on person Re-ID
datasets. Throughout both stages, the weights of the au-
toencoders [48] and the CLIP [35] image encoder are kept
frozen, focusing on the learning of reference U-Net, de-
noising U-Net, and pose guider. Initially, the reference
and denoising U-Nets are initialized from the Stable Dif-
fusion [37] model and fine-tuned with the fashion video
dataset. We employ Mean Squared Error (MSE) loss, op-
timized using Adam [20] with a learning rate of le-5 and
weight decay of 0.01. The first stage takes approximately 15
hours on a single NVIDIA RTX A6000 GPU with a batch
size of 2. In the second stage, the model is further fine-
tuned using Re-ID datasets consisting of pedestrian images
from CCTV cameras, with the images resized to 192x384
and the batch size increased to 4.

Step 2: Augmentation with generative model. Our ap-
proach leverages data augmentation via a generative model
to enrich the training data for the Re-ID model. We begin
by rendering SMPLs extracted from the Everybody Dance
Now dataset [2], an external dataset not used during Re-ID
model training. From these SMPLs, we generate skeleton,
depth, and normal maps using various camera viewpoints
and a wide range of human poses, creating a “target condi-
tion gallery.” For each person identity (PID), we randomly
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Figure 4. Qualitative comparison. We compare our generated
output with DPTN [51], showing that Pose-dIVE can generate
more realistic images while better preserving identity (e.g., cap
and backpack) and accurately following the target pose.

select one instance and pair it with a randomly chosen tar-
get condition from this gallery. This pair is then fed into
the generative model to produce a new image. We repeat
this process iteratively, ensuring the same number of itera-
tions for each PID. These generated images are then com-
bined with the original training datasets for training. The
camera viewpoints of generated images are controlled by
the azimuth ~+ and elevation angles «, where the angles
are sampled within a limited range au,ip, = 0°, mae =
30°, Ymin = 0°, and Ypaz = 360°.

Step 3: Training baseline Re-ID models. We trained
two baseline Re-ID models, CLIP-reID and SOLIDER, us-
ing both the original and augmented Re-ID datasets. For
training the baselines, we followed the procedure outlined
in their respective papers.

4.2. Evaluation Protocol

We evaluate the performance of the models using four pub-
licly available person Re-ID datasets, i.e., MSMT17 [45],
Market-1501 [54], CUHKO3 (L), and CUHKO03 (D) [23].
L and D stand for Labeled and Detected, respectively. For
evaluation metrics, we use two standard Re-ID metrics: cu-
mulative matching characteristics at Rank-1 (R1) and mean
average precision (mAP).

4.3. Quantitative Comparisons

The quantitative results, presented in Table 1, demonstrate
the effectiveness of our approach. To emphasize its appli-
cability to arbitrary Re-ID models, we conducted experi-
ments on two state-of-the-art models [5, 22]. Both models
exhibited significant performance boosts when trained on
a dataset augmented with our approach. This validates the
broad applicability of our augmentation method to a variety
of Re-ID models. Furthermore, we observed consistent per-



Methods MSMT17 Market1501 CUHKO03 (D) CUHKO3 (L)
mAP1 R11 | mAP1T R11 | mAPT RI7T | mAP1T RI17
TransRelD [14] 69.4 86.2 89.5 95.2 - - - -
AAFormer [63] 65.6 84.4 88.0 954 77.2 78.1 79.0 80.3
AGW [47] 49.3 68.3 87.8 95.1 - - 62.0 63.6
FlipReID [31] 68.0 85.6 89.6 95.5 - - - -
CAL [36] 64.0 84.2 89.5 95.5 - - - -
PFD [43] 64.4 83.8 89.7 95.5 - - - -
SAN [17] 55.7 79.2 88.0 96.1 74.6 79.4 76.4 80.1
LDS [50] 67.2 86.5 90.4 95.8 - - - -
MPN [9] 62.7 83.5 90.1 96.4 79.1 834 81.1 85.0
MSINet [13] 59.6 81.0 89.6 95.3 - - - -
SCSN [6] 58.5 83.8 88.5 95.7 81.0 84.7 84.0 86.8
Baseline (CLIP-reID [22]) 68.0 85.8 89.6 95.5 93.7 95.5 95.5 96.6
+ Pose-dIVE 71.0 87.5 90.3 95.6 95.5 97.4 97.2 97.8
Baseline (SOLIDER [5]) 67.4 85.9 91.6 96.1 95.6 96.7 97.4 98.5
+ Pose-dIVE 68.3 85.9 92.3 96.6 96.2 97.2 97.6 98.5

Table 1. Quantitative comparison on standard Re-ID benchmarks. Since our generative augmentation can be applied to any Re-ID
model, we trained two recent state-of-the-art baselines [5, 22] with Pose-dIVE.

Human Pose Viewpoint MSMT17 Market-1501 | CUHKO3 (D) | CUHKO3 (L)
Augmentation | Augmentation | mAP Rl | mAP Rl | mAP Rl mAP Rl

@ X X 68.0 858 | 89.6 955 | 937 955 | 955 96.6

an X v 709 87.0 | 90.1 953 | 93.8 953 | 958 96.8

(1D 4 X 70.9 873 | 902 954 | 946 966 | 964 974

av) v 4 71.0 875 | 903 956 | 955 974 | 97.2 978

Table 2. Quantitative validation of Pose-dIVE augmentation strategies. We progressively apply human pose and viewpoint augmenta-
tion starting from the baseline. The results demonstrate that both types of augmentation independently enhance performance and provide

an even greater improvement when combined.

Market1501
Training Dataset # of Images | PIDs ResNet-50 SOLIDER

mAP+ RIT| mAPT RIT

(I) | Baseline Dataset | 11,883 | 619 | 747 89| 916 96.1

(D | (I + Real Images 30453 | 619 | 778 928 | 918 964

(1) | (I) + Pose-dIVE Augmented 30,453 619 80.2 929 92.3 96.6

Table 3. Ablation on pose and viewpoint diversity with fixed
data size. Our augmentation strategy achieves better performance
gains than simply increasing the dataset with additional in-domain
real images.

Market1501
Training Dataset # of Images | PIDs ResNet-50 SOLIDER
mAPt RIT | mAPt RIT
(I) | Baseline Dataset | 11,883 | 619 | 747 889 | 916 96.1
(II) | MARS 495,857 619 724 823 | 8.2 893
(II) | (I) + Pose-dIVE Augmented 30,453 619 80.2 929 | 923  96.6

Table 4. Comparison with large-scale in-domain real image
augmented dataset. Increasing the dataset size alone, without
ensuring diversity in human poses, does not guarantee improved
performance.

formance improvements across various datasets, further val-
idating our augmentation framework and highlighting the
efficacy of addressing sparsely distributed human poses and
viewpoints.
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4.4. Qualitative Results

Qualitative comparisons. In Figure 4, we present a qual-
itative comparison to a recent GAN-based approach [51]. In
contrast to GAN-based methods, our approach effectively
generates poses sourced from outside the dataset. GAN-
based methods struggle to generalize to diverse poses, often
resulting in blurry outputs and a limited ability to maintain
the identity of both the reference and the target pose, partic-
ularly when dealing with complex features such as acces-
sories, specific clothing details, or bags. This underscores
the advantage of utilizing a pre-trained diffusion model,
which possesses significant general knowledge about the
world.

Visualization of generated data. In Figure 5, we present
visualization results on two datasets, MSMT17 [45] and
Market-1501 [54]. Given a reference image, our method
faithfully preserves its identity while being able to generate
diverse poses with high fidelity.

4.5. Ablation Study and Analysis

Ablation on the Pose-dIVE augmentation strategy. In
Table 2, we conduct an ablation study using CLIP-
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Figure 5. Qualitative results. Example images from the aug-
mented MSMT17 and Market-1501 dataset demonstrate how the
generated images preserve original identities while maintaining re-
alism and consistency with the Re-ID dataset.

RelD [22] to verify the effectiveness of our viewpoint and
human pose augmentation. (I) serves as the baseline, repre-
senting a Re-ID model trained on the original dataset with-
out our augmentation. For (IT) and (IIT), we augment view-
points and human poses, respectively. Both augmentations
demonstrate significant performance gains, validating the
effectiveness of targeting the biased distributions of human
pose and viewpoint for augmentation. (IV) demonstrates
the full augmentation strategy of our model. The perfor-
mance gains observed in (IV) compared to both (II) and
(III) confirm that both types of augmentation are not only
beneficial individually, but also exhibit a complementary
effect when combined, leading to further improvements in
performance.
Comparison with real image augmented dataset. In
this analysis, we investigated whether the performance gain
from augmentation originates from an increased dataset size
or from increased pose diversity. To validate this, we com-
pared our augmentation method with real-world data col-
lection as shown in Table 3 and Table 4. MARS [55] is an
extended version of Market-1501, which samples more im-
ages from the same videos used in Market-1501. For sim-
plicity, we conduct experiments using ResNet-50.

In Table 3, the baseline training dataset, (I), is a subset of
Market-1501, filtering out identities not present in MARS.
(IT) is the subset of the MARS dataset, matching the num-
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Figure 6. Visualization of the split data. To validate the general-
ization power of our framework, we split the MSMT17 dataset into
train/test sets using two distinct approaches: (a) splitting based on
viewpoint, and (b) splitting based on human pose. The visual-
ization clearly illustrates the separation between the train and test
distributions.

MSMT17-S (Cam) | MSMT17-S (Pose)

Method ‘ mAP+  RIT | mAP+  RIT
Bascline (SOLIDER [5]) | 46.6 667 | 600 760
+ Pose-dIVE 529 711 | 637 784

Table 5. Generalization performance on custom split. Cam
denotes dataset split with camera viewpoint, while Pose denotes
dataset split with human pose. Pose-dIVE demonstrates general-
ization even on extreme camera viewpoints and human poses not
present in the training set.

ber of training images with ours. (III) is the dataset aug-
mented with our approach. The performance gap between
(II) and (III), despite both being trained on datasets of the
same size, demonstrates that merely increasing the dataset
without introducing diversity in pose and viewpoint results
in suboptimal performance.

In Table 4, although the real-image augmented dataset
(II) is approximately 16 times larger than our augmented
dataset (III), the Re-ID model trained on (II) performs
worse on both metrics compared to the model trained on
(III). This highlights that Re-ID model performance is not
solely dependent on dataset size but is significantly influ-
enced by the diversity and generalization capability of the
images within the dataset.

Analysis on generalization effectiveness. To rigorously
assess the generalization capabilities of our framework, we
devised an experiment involving an extreme dataset split
of the MSMT17 dataset, intentionally amplifying the bias
of human pose and viewpoint in the training dataset. We
propose two distinct split variants: MSMT17-S (Cam) and
MSMT17-S (Pose), where Cam divides the dataset into
train and test sets with non-overlapping camera viewpoints,
while Pose divides it based on human pose. These datasets
create clear experimental conditions by intentionally par-
titioning the dataset according to viewpoints and human
poses, as visualized in Figure 6. This figure provides a
clear visual representation of how the data was split and
the lack of overlap between the training and test sets for



Market1501 Non-pedestrian Dataset Market-1501 o _ Market1501
Method ‘ AP 1 RIT ‘ mAP 1 RI 1 Method mAP1 RI1 Diffusion model trained on MmAP1 RIT
Baseline (LUPerson [10]) | 83.0 93.0 75.7 84.2 wio Pre-trained Diffusion | 827 932 In-domain pose and viewpoint | $96 953
+ Pose-dIVE 88.6 (-5.6) 95.0 (+2.0) | 893 (113.6) 952 (+-11.0) w/ Pre-trained Diffusion | 90.3 956 Futemal pose and viewpolut 203 989
(@) ()

Table 6. Generalization performance on non-pedestrian test
dataset. We curated a non-pedestrian test dataset consisting of
videos that depict unusual human behaviors. The results further
validate the robustness of Pose-dIVE in handling diverse human
poses.

Market-1501
Method ‘ mAP1 RI1
Baseline (CBN [60]) 713 91.3
+ Pose-dIVE 82.3 934
Baseline (BPBrelD [39]) 89.4 95.7
+ Pose-dIVE 89.9 95.8

Table 7. Pose-dIVE applied to generalization-focused methods.
Re-ID models designed to address camera bias and pose variation
benefit from the Pose-dIVE augmented dataset.

both viewpoints and human poses. For each split, we fine-
tune the diffusion model on the training split and generate
the dataset. Then, we use the generated dataset to train the
baseline model. We select SOLIDER as the baseline model
for this experiment.

As shown in Table 5, the results clearly demonstrate
that our approach significantly improves generalization.
The performance enhancements on these filtered datasets
were substantially higher, indicating the effectiveness of our
method in diversifying the viewpoints and human poses of
the original dataset, thereby improving the model’s ability
to generalize to new, unseen poses, even in this extreme
setup. For further details on the dataset split process, please
refer to the supplementary material.

Analysis on performance improvements on curated non-
pedestrian dataset. We further validate our approach by
creating a test dataset that includes a video exhibiting ab-
normal behaviors, as detailed in Table 6. Unlike traditional
pedestrian-centric re-identification datasets, the curated test
dataset comprises dynamic images captured in an indoor
setting using eight cameras, with an emphasis on abnor-
mal behaviors such as violence and self-harm, which intro-
duce significant diversity in human pose. This dataset in-
cludes 23,399 instances across 127 person IDs (PIDs). For
our baseline, we employed a ResNet50 model pretrained on
LUPerson [10].

As shown in Table 6, our method improved perfor-
mance on both the existing benchmark dataset Market-
1501 and abnormal behaviors CCTV datasets. However,
the improvement was significantly larger on our curated
test dataset (+13.6 mAP) compared to Market-1501 (+5.6
mAP). This substantial improvement under zero-shot con-
ditions demonstrates the robustness of our method in gener-
alizing to new poses and camera distributions.
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Table 8. Ablation Studies. (a) The effect of using a pre-trained
diffusion model for weight initialization. (b) A comparison be-
tween diffusion models trained on in-domain versus external pose
and viewpoint data. For both studies, we train the CLIP-reID
model [22] on the generated dataset.

Analysis on the synergy of generalization-focused Re-ID
models with Pose-dIVE. In Table 7, we explore the syn-
ergy between our approach and Re-ID models specifically
designed to enhance generalization, particularly those ad-
dressing variations in camera and human poses.

We evaluate the impact of our approach on two repre-
sentative models: CBN [60], which addresses camera bias,
and BPBreID [39], designed to handle human pose varia-
tions. We select these models due to their public availability
and proven effectiveness in their domains. While both mod-
els are already effective, they show marked improvements
when trained on the dataset augmented by our approach.
These results highlight that even with algorithmic advance-
ments in pose generalization, there remains significant po-
tential for improvement through dataset enhancements.

Ablation on pre-trained diffusion model. In Table 8 (a),
we conduct an ablation study to evaluate the impact of uti-
lizing the pre-trained Stable Diffusion model [37] for gen-
erating diverse camera viewpoints and human poses in our
augmented dataset. Employing the pre-trained diffusion
model results in a notable 7.6% mAP improvement, under-
scoring the significance of foundation models in the context
of dataset augmentation.

Ablation on pose and viewpoint diversification. Ta-
ble 8 (b) presents a comparison between a model trained
on generated data using in-domain poses and viewpoints
and one trained using external poses and viewpoints. The
model trained with pose-diversified data demonstrates a no-
table performance improvement, which underscores the ef-
fectiveness of our proposed method.

5. Conclusion

In this paper, we proposed Pose-dIVE, a novel data augmen-
tation approach that leverages pre-trained diffusion mod-
els to diversify pose and viewpoint distributions in per-
son re-identification training datasets. The key to success
of Pose-dIVE lies in diversifying human pose and view-
point by integrating pose, viewpoint, and identity condi-
tions into large-scale pre-trained diffusion models, effec-
tively leveraging the vast knowledge embedded in these
models to generate high-quality augmented data. Com-
prehensive experiments demonstrated the effectiveness of
our approach, with Pose-dIVE achieving significant perfor-
mance improvements compared to baselines.
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