
https://www.aimspress.com/journal/BDIA

BDIA, 9: 328–349.
DOI:10.3934/bdia.2025015
Received: 16 November 2025
Revised: 02 December 2025
Accepted: 03 December 2025
Published: 04 December 2025

Research article

Human structure modeling for video-based person re-identification without
body-part labels

Haotian Chen1,2,*, Jianyuan Guo3, Chao Zhang1 and Zhouchen Lin4,5

1 School of Intelligence Science and Technology, Peking University, No. 5 Yiheyuan Road, Haidian
District, Beijing 100871, China

2 North King Information Technology Co., Ltd., 7th Floor, Qingzheng Building, No. 25 Xisanhuan
North Road, Haidian District, Beijing 100089, China

3 City University of Hong Kong, 83 Tat Chee Avenue, Kowloon Tong, Hong Kong 999077, China
4 State Key Lab of General AI, School of Intelligence Science and Technology, Peking University,

No. 5 Yiheyuan Road, Haidian District, Beijing 100871, China
5 Institute for Artificial Intelligence, Peking University, No. 5 Yiheyuan Road, Haidian District,

Beijing 100871, China

* Correspondence: Email: archristy@pku.edu.cn.

Abstract: With the observation that most frames in video-based person re-identification (VReID)
capture human figures and that continuous movements intrinsically separate the foreground from the
background, this paper demonstrates that it is unnecessary to model human structures with extra key-
point estimators that are elaborately pre-trained on costly body-part labels. Specifically, we propose a
novel human structure modeling (HTML) module to generate discriminative part-level features from
the foreground for VReID without using exclusively annotated part labels. Under the guidance of
a simple humanoid topology, HTML extracts coarse body shapes (body proportions) by mapping
image patches to both the topological body parts and the background. To compensate for the lack
of supervision, a regularization loss is designed for the training of the HTML module to compensate
for the lack of part-label supervision. Furthermore, a spatial-temporal part mixer and a spatial-temporal
patch mixer are introduced to make its output more discriminative and reliable. Extensive experiments
show that our approach achieves competitive performance with a favorable accuracy-efficiency trade-
off across multiple benchmarks.
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1. Introduction

Due to the richness in appearance and temporal information, video-based person re-identification
(VReID), where each person is represented by a video sequence, has drawn increasing attention over the
past few years. Unfortunately, this task remains challenging for video feature representation learning
across multiple frames.

A typical VReID pipeline takes tracklets (an equal number of frames sampled from a video
sequence of a person) as the input, and extracts and integrates spatial-temporal cues to generate
discriminative features.

While aggregating global features of the whole frames suffers from misalignment and occlusion,
local features integrate spatiotemporal region/part-level clues in the tracklets, thus making it easier
to achieve alignment [1, 2]. As a direct approach, a few works [3, 4] have utilized off-the-shelf pose
estimators to locate body parts (key-points or joints of humans) for the purpose of extracting aligned
part features. In addition to these part-based approaches, recent VReID methods have increasingly
adopted large-scale pretrained backbones (e.g., ViT-B/16 [5, 6] and CLIP-based encoders [7, 8]) to
further boost the performance. Although effective, such models introduce substantial computational
overhead and latency, which results in a clear accuracy-efficiency trade-off that limits their applicability
in practical surveillance scenarios.

Despite the promising results of methods relying on part annotations or pretrained estimators, this
paper questions the necessity for VReID to depend on additional semantic labels and extra
pre-training. First, we observe that annotations are not required for foreground segmentation in
videos. Indeed, it is difficult for vision-based models to extract the foreground from a static image
without supervision. However, for videos (as shown in Figure 1), continuous movements intrinsically
separate the foreground from the background. Meanwhile, after automatic human detection and
tracking, most frames in VReID tasks, except for those with misdetection, capture human figures.
Therefore, human shapes are inducible just by scanning the video frames without annotations (as
shown in Figures 7 and 12).

Second, we argue that, contrary to human parsing tasks, imperfect body parts are good enough for
a downstream task such as VReID (as shown in Figure 1). VReID aims to retrieve a person of interest
across multiple cameras, and thus does not require precise joint positions as part of its final output.
Instead, the role of pre-trained estimators in the existing methods is mainly to provide approximate
spatial anchors that help align local features in the vicinity of the joints and yield robust representations
after concatenation. Therefore, as long as the alignment can be achieved, precise joint locations offer
little additional benefit, and approximate ones are sufficiently effective for VReID. This observation
indicates that utilizing pre-trained estimators is not strictly necessary for this task.

Third, we demonstrate that aligning local features only requires a small amount of prior
knowledge. Specifically, human structures can be modeled by fitting the induced human shape with a
simple humanoid topology given as a prior, so as to acquire the approximate positions of the joints
(topological nodes, not semantic parts, as shown in Figure 7). As discussed earlier, the corresponding
local features aligned in this way are already robust enough for VReID. Therefore, expensive
part-level labels are unnecessary in VReID, not to mention the need for extra pre-trained estimators.

As a result, a novel human structure modeling (HTML) module (Section 3.1) is proposed for
VReID to pursue discriminative and robust features while modeling body shapes (body proportions)
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Figure 1. Comparison of existing methods and our HTML module. The heat maps are
generated by Grad-CAM [9]. The hollow circles illustrate the joints and topological nodes of
pre-trained estimators and the HTML module, respectively. Although the topological nodes
lack precise locations, completeness, and clear semantics, the aligned features are still good
enough for VReID (see full results in Table 1).

without any extra part annotations. More specifically, it maps frame patches to both the body parts
within the same person and the background. Generating part-level features from the foreground, the
patch-to-part mapping is also used to extract a body shape from each frame by fitting a humanoid
topology provided as a prior. To compensate for the lack of supervision, a regularization loss that
maximizes the similarities among the body shapes is designed to train the HTML module.
Furthermore, by integrating the spatial and temporal cues, a spatial-temporal part mixer (Section 3.2)
and a spatial-temporal patch mixer (Section 3.3) are introduced to make the output features of the
HTML module more discriminative and reliable. Eventually, the final part features are aggregated
with the global ones in a multi-branch pipeline for the VReID task.

The main contributions of this paper are as follows:

• By proposing a novel HTML module, we provide an alternative to costly body-part annotations
and pre-trained estimators for VReID. Under the guidance of a simple humanoid topological prior,
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the HTML maps patch features to part features, thus generating aligned representations without
the need for expensive annotated part labels.
• Observing that videos in VReID provide enough clues for human structure modeling, HTML can

be regarded as a novel way of utilizing spatial-temporal information. We further demonstrate that
HTML is compatible with other spatiotemporal integration approaches (i.e., the part and patch
mixers) to improve the representations.
• Extensive experiments on multiple VReID datasets demonstrate that our approach achieves strong

and competitive results, even when built on a lightweight backbone.

2. Related works

2.1. Using global features

Since deep neural networks are thriving in image classification, the primary choice for VReID is to
use global features. With a rich appearance and temporal information provided by videos, many
works have focused on temporal integration methods, such as temporal fusion [10] and temporal
disentanglement [11], to generate more consistent global representations than those of single-frame
approaches. For example, Jiang et al. [10] proposed a general temporal fusion framework for both
semantic and temporal aspects. Additionally, some works have also attempted to combine temporal
fusion and disentanglement to strengthen video-level representations. For example, Liu et al. [12]
separated the high- and low-correlated features under the guidance of the fused global features and
designed an recurrent-neural-network(RNN)-based module to sequentially accumulate the
disentangled information. However, these channel-wise feature aggregation methods suffer from
misalignment. Meanwhile, a few works have concentrated on enhancing features in different frames.
For instance, Hou et al. [13, 14] extracted complementary features from consecutive frames and
developed building blocks that can be inserted into a network at any stage. Nonetheless, they still
fused the features channel-wise after the enhancement. On the other hand, with global feature
extraction as one of the branches, our pipeline keeps its discriminative power while addressing
misalignment by combining it with local features.

2.2. Using local features

The body parts used for local features in VReID are either generated from coarse horizontal division
or extracted by automatic human parsing.

To address partial occlusion and inaccurate detection, attention mechanisms [15],
transformer-based methods [16], and graph-convolutional-network(GCN)-based methods [17] have
been employed to align region features, thereby aiming to pair different regions that contain the same
body parts. For example, Yang et al. [17] proposed an spatial-temporal (ST)-GCN whose spatial
branch extracts structural information from horizontally partitioned patches. He et al. [16] combined a
multi-grained convolutional neural network (CNN) encoder and a Transformer decoder to yield
fine-grained spatial-temporal features. However, features extracted from coarsely partitioned regions
are sensitive to background clutter, which degrades the performance.

Human parsing aims to segment a human image into different semantic body parts, such as the head,
torso, arms, and legs. With automatic human parsing, one solution for VReID is to utilize semantic

Big Data and Information Analytics Volume 9, 328–349.



332

attributes [18], and another is to extract human skeletons from each frame [3,4]. In a similar way to our
work, Liu et al. [3] took advantage of the correlation and topology of the human body and constructed
a ST graph, however, their graph was built on multiple granularities, whereas ours is built on a single
granularity. Although the above methods intend to attain the aligned local part features, they depend
on extra key-point estimators pre-trained on costly part labels. In contrast, HTML does not require
additional data or pre-training, but is jointly trained in an unsupervised manner.

2.3. Unsupervised human parsing in ReID

A few recent works have extended unsupervised human parsing and body-part segmentation to
ReID. Specifically, instead of skeleton extraction, Subramaniam et al. [19] used frame-level
co-segmentation to generate body parts. Jiang et al. [4] applied attention mechanisms to discover the
same parts in different images. However, their module was better trained with a semi-supervised
learning strategy, whereas our approach is entirely free from part labels. Moreover, our work
leverages a simple human topology as a prior to obtain discriminative and robust local representations
for VReID.

3. Our approach

In this section, we will first elaborate on HTML that models human structures without pre-trained
key-point estimators or body-part labels. Then, we will describe the two mixers that integrate ST
information into reliable patch and part features. Finally, we will give an overview of our pipeline,
which is a multi-branch architecture composed of HTML and the aforementioned two mixers.

3.1. HTML

HTML is proposed to realize body-shape modeling without part labels. As illustrated in Figure 2,
it does not locate every semantic body part in each frame. Instead, it calculates an attention map
from frame patches to both the body parts of the same person and the background. Focusing on the
foreground, the patch-to-part mapping is used to extract a body shape from each frame by fitting a
humanoid topology provided as a prior. With the intuition that the body shapes of different people
are similar to each other, a regularization loss is introduced for training the HTML module, thereby
encouraging it to maximize the similarities among the body shapes.

Formally, we denote the input tracklet as {It|t = 1, · · · ,T }, where T is the number of frames. A pre-
trained backbone network (ResNet-50 [20] in our work) is used to initialize the frame-level features.
Each stage of the network generates a feature map Ft ∈ RC×H×W for the tth frame, where C, H, and W
denote the channel size, height, and width of the feature maps, respectively, omitting the stage indicator
s for simplicity.

Let the patch features be the pixels on Ft, denoted by
Ft

patch = { f
t,p
patch| f

t,p
patch ∈ R

C, p = 1, · · · ,H ·W}, where the number of patches equals to H ·W. The part

features are denoted as Ft
part =

{
f t,p
part

∣∣∣ f t,p
part ∈ R

C, p = 1, · · · , P
}
, where P corresponds to the number of

body parts defined by the humanoid topology introduced later in this section.
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Figure 2. The detailed structure of our HTML module.

3.1.1. Attention map calculation

Patches in each frame contribute differently to different body parts: some contain a single body part,
some cover several parts, and the rest correspond to background regions that contain features irrelevant
to VReID. With the assumption that continuous body movements can separate the foreground from
the background, we introduce an attention classifier to calculate the weights of patches for every body
part: At =

(
at

i, j

)
= FC

(
Ft

patch

)
∈ R(H·W)×(P+1). Here, FC(·) is a fully connected (FC) neural network that

maps from the C-dimensional feature space to P + 1 classes, in which the additional class is used as a
placeholder for the background.

Then, At is normalized into a patch-to-part attention map Ât =
(̂
at

i, j

)
∈ R(H·W)×P by a softmax

function: ât
i, j =

exp(at
i, j)∑P

k=1 exp(at
i,k)
. It is important to emphasize that the last class is dropped, since it does not

correspond to any body part.
After acquiring Ât, we use Ft

part = Ât⊺Ft
patch ∈ R

P×C, to calculate the part features, where ⊺ indicates
the transpose operation of a matrix.

3.1.2. Body shape extraction

To extract body shapes, we need to transform the spatial structures of patches into body parts and
fit them to a humanoid topology.

First, we define a distance matrix D =
(
di, j

)
∈ R(H·W)×(H·W) in the image, where

di, j = d
(
patchi, patch j

)
. Here, d(·, ·) calculates the Euclidean distance between the two elements, and

patchi is the coordinate of the ith patch in an image: patchi = (h,w), 1 ⩽ h ⩽ H ∈ Z, and
1 ⩽ w ⩽ W ∈ Z. Then, we define a modified distance matrix D̃ by adding an identity matrix I to D, so
that the diagonal elements of D̃ equal the area of each patch, and the off-diagonal elements represent
the distance between two patches.

The spatial structures provided by D̃ can be transformed from the patch space to the part space
via Ât, and the body shape matrix of frame t can be calculated by St = Ât⊺ D̃Ât ∈ RP×P. St contains
three types of measures of body shape: the sizes of body parts, the structural relationships between
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(a) (b) (c) (d)

Figure 3. Humanoid topological graphs. The nodes represent the body parts or key-points.
The neighboring nodes in each frame are linked with solid lines. (a) Defined by OpenNI [21].
(b) Extracted by OpenPose [22] from COCO [23]. (c) Simplified version of skeleton. (d)
Spatiotemporal graph designed for the ST-GCN. For a given node (black), its neighbors are
colored in gray, while the rest are hollow. The dashed curves link the same body part in
different frames.

Type IType II

Type III

Figure 4. Three types of measures of body shape. In this example, the size of the head (Type
I) is proportional to the size of the right hand (Type I) and to the length between the left knee
and left foot (Type II), even when the person is playing tennis. However, this proportionality
does not hold for the distance between the two hands (Type III).

physically connected body parts, and the relative distances between non-adjacent parts.
To capture a stable body shape, the third type, which varies across different frames, should be

filtered out (as illustrated in Figure 4), which can be achieved by providing a small amount of prior
knowledge of humanoid topology. Let G0 = (V0,E0) be a predefined topological graph of a human
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body (defined by OpenNI [21] in our work, as shown in Figure 3(a)), where vi ∈ V0, i = 1, · · · , P
refers to a body part, and (vi, v j) ∈ E0 represents the structural link between the connected parts.
As mentioned before, G0 also determines the number of body parts P. Given G0, a constant mask
M =

(
mi, j

)
∈ RP×P, where

mi, j =

1, if (vi, v j) ∈ E0 or i = j,

0, otherwise
, (3.1)

is used for body shape extraction: S̃t = St ⊙ M, where ⊙ is the Hadamard product operation. Finally,
S̃t is reshaped into a body-shape vector ct by discarding the zeroed elements.

3.1.3. Regularization loss

Since the body shapes on each frame (i.e., ct) are extracted without supervision, we introduce a
regularization loss lreg for the HTML module’s training.

It is commonly acknowledged that the body shapes of different people are similar to each other. This
is especially true when the inputs of VReID are the results of automatic human detection, tracking, and
resizing (e.g., the boy and the woman shown in Figure 1). Thus, lreg is defined as follows: lreg =
1
T

∑T
t=1 MSE

(
ct, cg

)
, where MSE stands for the mean squared error. cg is a globally shared cluster

center of {ct} and can be viewed as an average body shape corresponding to a “canonical” body, which
is akin to the Vitruvian Man. By minimizing lreg during training, the HTML module is encouraged to
generate body shapes with high mutual similarity.

3.2. Spatial-temporal part mixer

We develop a ST part mixer to make the output of the HTML module more discriminative for
VReID, as spatial and temporal cues provide both ST dependencies and structural information of the
body parts.

Following [3], we employ a small (2-layer) ST-GCN to further propagate part-related messages
according to a ST graph G = (V,E) (as illustrated in Figure 3(d)) defined on a tracklet.
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Figure 5. Our ST-GCN implemented with GC layers [24], residual connections [20], and
layer normalization [25]. The blocks inside the dashed line are repeated Lpart times.

Next, we build the GCN-based ST part mixer with graph convolutional (GC) layers [24], residual
connections [20], and layer normalization [25]. As shown in Figure 5, our version of the ST-GCN
consists of an input block, Lpart hidden blocks, and an output block. After the mixing, we process the
final part features

{
f ′t,ppart

∣∣∣ f ′t,ppart ∈ R
C, p = 1, · · · , P, t = 1, · · · ,T

}
through spatial concatenation and
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temporal average pooling (TAP) to generate the final local features:
fl =
[
TAP
(

f ′t,1part

)
; TAP

(
f ′t,2part

)
; · · · ; TAP

(
f ′t,Ppart

)]
.

3.3. Spatial-temporal patch mixer

HTML requires patch features as the input. Since the backbone network is built for single frames
and does not blend temporal cues with spatial ones, we construct a ST patch mixer to generate more
reliable patch features.

The mixer is designed with a spatial embedding followed by Lpatch layers of Transformer
encoders [26]. By fusing ST information, it also changes the feature dimension from C to C′, where
C′ is the size of the hidden layers. Experiments show that a shallow (2-layer) transformer with low
computational overhead achieves a superior performance.

sth Stage

HTML

Global
Feature

Extraction
Network

Feature 
Aggregation

Backbone with Stages

Spatial-
Temporal

Patch
Mixer

Spatial-
Temporal

Part
Mixer

Figure 6. The overview of our pipeline for VReID. The module inside the dashed line repeats
S times. Only the output of certain stages is used for multi-branch feature extraction.

3.4. Pipeline for VReID

Multi-branch architectures have achieved great success in vision tasks [14]. Therefore, to further
enhance the capacity of VReID representations, we design a pipeline (as shown in Figure 6) that
contains multiple branches for global and local feature extraction at different stages. The local features
fl are extracted using the proposed network (HTML and the two mixers); then, they are aggregated
with the global features fg to yield the final representations freid for VReID.

During training, the frame sampling strategy plays an important role in efficient learning [27].
Therefore, we modify the popular PK sampler (a mini-batch sampling method that includes P distinct
person identities, each represented by K samples) [28], thus making it more informative and more
efficient for VReID. Specifically, we arbitrarily select Q persons and then randomly choose K
tracklets per person, thus ensuring that most of them come from different cameras.

To train our pipeline, we calculate a batch triplet loss ltri and a cross entropy loss lxent following [13]
for both fg and fl (as shown in Figure 6). To encourage local feature diversity, we also adopt the
diversity loss ldiv for Ft

part proposed in [3]. In the end, the total loss l for model optimization is the
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combination of the four losses: l = λ1 ·ltri+λ2 ·lxent+λ3 ·ldiv+λ4 ·lreg,where λ1∼4 are the balance weights.
Finally, fg and fl obtained from different stages of the backbone network are aggregated via

concatenation to form a single representation vector freid for the VReID task.

Table 1. Comparison with state-of-the-art methods without large-scale pretrained backbones
across MARS [29], LS-VID [30], iLIDS-VID [31], and PRID-2011 [32]. The methods
are grouped into temporal integration (TI), temporal enhancement (TE), extra data (ED),
horizontal division (HD), and human parsing (HP), and are sorted by mAP on MARS
within each group. The best results are shown in bold, and the second-best are
underlined. * indicates results that are not reported in the original papers but are reproduced
using their public code.

Methods MARS LS-VID iLIDS-VID PRID-2011
Groups Names mAP(%)↑ R-1(%) mAP(%) R-1(%) R-1(%) R-5(%) R-1(%) R-5(%)

TI GRL [12] 84.8 91.0 62.1∗ 74.5∗ 90.4 98.3 96.2 99.7
Jiang et al. [10] 85.2 87.1 – – 87.7 – 95.8 –
PSTA [33] 85.8 91.5 – – 91.5 98.1 95.6 98.9
STRF [11] 86.1 90.3 – – 89.3 – – –

TE STMN [34] 84.5 90.5 69.2 82.1 – – – –
TCLNet [13] 85.1 89.8 74.4∗ 83.5∗ 86.6 – – –
BiCnet-TKS [14] 86.0 90.2 75.1 84.6 – – – –
SINet [35] 86.2 91.0 79.6 87.4 92.5 – 96.5 –

ED DL+CF-AAN [36] 86.5 91.3 – – – – – –
HD STGCN [17] 83.7 90.0 – – – – – –

SGWCNN [38] 85.7 90.0 – – 87.8 96.0 – –
KMPNet (MGH) [37] 86.6 92.0 – – – – – –
DenseIL [16] 87.0 90.8 – – 92.0 98.0 – –

HP AMEM [18] 79.3 86.7 – – 87.2 97.7 93.3 98.7
Hu et al. [39] 79.6 89.9 – – 87.9 93.6 95.9 99.6
SSN3D [4] 86.2 90.1 – – 88.9 – – –
CTL [3] 86.7 91.4 – – 89.7 97.0 – –

HP HTML (Ours) 87.3 91.9 80.1 87.6 92.0 99.3 96.6 98.9

4. Experiments and discussion

4.1. Experimental settings

4.1.1. Datasets

Following [35], the proposed network is evaluated on two large-scale VReID datasets*(i.e.,
MARS [29] and LS-VID [30]) and on two small-scale datasets (i.e., iLIDS-VID [31] and
PRID-2011 [32]).

*The DukeMTMC-VideoReID dataset has been retracted.
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4.1.2. Evaluation metrics

We adopt standard evaluation metrics (i.e., Rank-1 (R-1) and Rank-5 (R-5) from the cumulative
matching characteristics (CMC) [40]), and the mean average precision (mAP) [41] to assess the
performance of different methods. R-1 measures the single top-1 accuracy, while the mAP evaluates
the overall retrieval ranking.

4.1.3. Implementation details

Following [13], a tracklet consists of T = 4 frames sampled from a video sequence. We apply
temporal data augmentation by randomly cropping with a stride of eight. Every mini-batch contains
Q = 8 persons, each with K = 4 tracklets. The input frames are resized to 256 × 128, and horizontal
flipping and random erasing [42] are adopted for spatial data augmentation. An Adam optimizer [43]
with a weight decay of 5× 10−4 is used for 150 epochs of training. We employ a warmup strategy [44],
thereby linearly increasing the learning rate from 3.5 × 10−5 to 3.5 × 10−4 during the first 10 epochs.
Then, the learning rate decays by a factor of 0.1 at the 40th, 80th, and 120th epochs.

For global feature extraction, we adopt the temporal saliency erasing (TSE) module introduced
in [13]. The backbone is branched at stages three and four for both the TSE and the proposed network.
Both Lpatch and Lpart are set to two. P is 15, which is the number of nodes in Figure 3(a). C′ is set to 768,
following the standard configuration of ViT [26]. λ1∼3 are all set to one following [3], and λ4 = 1 is
selected through a grid search (as shown in Table 4). Our method is implemented in PyTorch 1.7.1 and
trained on a 2-GPU (Titan XP 12 GB) machine running Ubuntu 18.04.

Following [13], each testing video sequence is split into 4-frame tracklets, whose features are
extracted with the proposed pipeline and averaged into a single representation vector. Finally, cosine
distances between the features are computed for VReID retrieval.

4.2. Comparison with existing methods

To isolate the contribution of our approach from differences in the backbone capacity or pretraining
scale, we first evaluate it against state-of-the-art methods without large-scale pretrained backbones
across multiple datasets, as shown in Table 1. The methods grouped under temporal integration (TI),
temporal enhancement (TE), and extra data (ED) are those without local features, while the methods
that involve local features are categorized into horizontal division (HD) and human parsing (HP). In
addition, the methods within each group are sorted by their mAP performance on MARS.

Several conclusions can be drawn from the results on MARS:

• Instead of exhibiting a trade-off between mAP and R-1, our method simultaneously maintains
high performances on both metrics simultaneously.
• DenseIL [16] achieves the second-best mAP of 87.0%. It is constructed with CNN encoders and

deep Transformer decoders and is trained on a 4-GPU setup. In contrast, our method only uses a
shallow Transformer (two layers), requires half the number of GPUs, and surpasses DenseIL by
1.1% in R-1 accuracy.
• Compared to our approach, KMPNet (MGH) [37] trades a 0.1% gain in R-1 for a 0.6% drop in

mAP. It employs a 27-layer GCN model along with an off-the-shelf pose estimator. In contrast,
our method is jointly trained without additional body-part labels, and our ST-GCN module is
much more lightweight (only two layers).

Big Data and Information Analytics Volume 9, 328–349.



339

• CTL [3] also leverages human topology by constructing a spatial-temporal graph. However, it
relies heavily on a pre-trained key-point estimator, and its graph is defined across multiple
granularities. Instead, our method operates on a single granularity and surpasses CTL by 0.6% in
mAP and 0.5% in R-1.
• SSN3D [4] employs an attention mechanism similar to ours. However, rather than using a simple

topological prior under an unsupervised scheme, SSN3D relies on a complex semi-supervised
strategy. Consequently, our method significantly outperforms SSN3D on all metrics.

Then, we extend the analysis to methods that incorporate large-scale pretrained backbones by
additionally reporting their model complexity and performance together with ours (Table 2). The
large-scale pretrained backbones (e.g., ViT-B/16 [5, 6] and CLIP-ViT-B/16 [7, 8]) contain
substantially larger capacities and considerably higher computational costs compared to our
ResNet-50 backbone [45, 46]. Despite these differences in backbone capacity, our method achieves a
comparable performance to these large-scale pretrained models on both the MARS and LS-VID
benchmarks—outperforming some methods on certain metrics while producing slightly lower results
on others. This demonstrates that the HTML module provides a strong accuracy-efficiency trade-off,
thereby enabling competitive video-based ReID performance with a significantly more
lightweight backbone.

Table 2. Comparison of model complexity and performance with state-of-the-art methods
using large-scale pretrained backbones.

Methods
Backbone MARS LS-VID
Models Params FLOPs mAP(%) R-1(%) mAP(%) R-1(%)

CAViT [5] ViT-B/16 86.6 M 17.5G 87.2 90.8 79.2 89.2
TCViT [6] ViT-B/16 86.6 M 17.5 G 87.6 91.7 83.1 90.1
TF-CLIP [7] CLIP-ViT-B/16 86.6 M 17.5 G 89.4 93.0 83.8 90.4
HAMoBE [8] CLIP-ViT-B/16 86.6 M 17.5 G 91.1 94.6 85.2 92.1
HTML (Ours) ResNet-50 25.6 M 4.1 G 87.3 91.9 80.1 87.6

Table 3. Ablation study on the key components.

Methods
Components MARS
HTML Part mixer Patch mixer Regularization loss mAP(%) R-1(%)

Baseline – – – – 85.9 90.6
Ours ✓ – – – 86.6 91.4
Ours ✓ ✓ – – 86.8 91.4
Ours ✓ ✓ ✓ – 87.0 91.2
Ours ✓ ✓ ✓ ✓ 87.3 91.9
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Table 4. Ablation study on the design choices of different modules. “Norm.”, “attn.”,
“spa.”, “temp.” and “emb.” stand for normalization, attention, spatial, temporal, and
embedding, respectively.

Modules Methods mAP(%) R-1(%)
Baseline 85.9 90.6

HTML Ours (w/ simplified prior) 86.7 90.9
Ours (w/ OpenPose [22]) 87.0 91.3
Ours (w/ shape norm.) 85.7 90.4

Part mixer Ours (Lpart = 0) 87.0 91.4
Ours (Lpart = 1) 86.9 91.4
Ours (Lpart = 3) 87.3 91.8
Ours (w/ batch norm.) 87.3 91.4
Ours (w/ dropout) 85.8 90.6
Ours (w/ multiplicative attn.) 86.2 90.6
Ours (w/ additive attn.) 79.0 86.1

Patch mixer Ours (w/o spa. emb.) 87.0 91.2
Ours (w/ temp. emb.) 87.0 91.2
Ours (Lpatch = 1) 86.8 91.3
Ours (Lpatch = 3) 80.6 87.4
Ours (H = 6) 87.2 91.6
Ours (H = 24) 82.9 88.5

Further studies Ours (branched@stage 3) 86.2 90.6
Ours (branched@stage 4) 85.5 90.6
Ours (w/ PK sampler) 86.8 90.8
Ours (λ4 = 0.5) 86.7 91.5
Ours (λ4 = 0.75) 86.6 91.4
Ours (λ4 = 1.25) 87.1 90.9
Ours (λ4 = 1.5) 86.9 91.1
Ours 87.3 91.9

4.3. Ablation study

4.3.1. Key components

Table 3 reports the ablation results of the key components. i) The baseline is built upon our
multi-branch pipeline by replacing the three proposed modules with FC layers. ii) The performance is
significantly improved by applying the HTML module, which indicates that it is beneficial to model
body shapes from videos and to generate more discriminative features for VReID. iii) The mixers
further improve the performance, thereby demonstrating that the HTML module is highly compatible
with other spatiotemporal integration methods. Meanwhile, since we implement only a shallow
Transformer and a small ST-GCN (both with two layers), the additional computational cost is
negligible. iv) Applying the patch mixer lowers R-1 by 0.2%, but boosts the mAP by 0.2% at the
same time. One possible explanation is that, by blending features across time and space, the patch
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mixer may slightly reduce the discriminability of the top-1 clip representations while improving those
from other ranks. v) With the regularization loss, both the mAP and R-1 are further improved, thus
showing the effectiveness of encouraging a greater similarity among the extracted body shapes.

4.3.2. HTML

Different topological priors affect both the extracted body shape and the structure of the
spatial-temporal graph for ST-GCN. We compare three types of humanoid topologies: OpenNI [21],
OpenPose [22], and a simplified skeleton (as shown in Figure 3(a)–(c), respectively. The “HTML”
part in Table 4 shows that even the simplest prior achieves a better mAP and R-5 than the baseline.
Moreover, the network equipped with the OpenNI-defined topological prior [21] achieves the best
performance, which is likely due to its richer structural complexity.

In addition, we attempt to normalize the body-shape vector, since the body shapes of different people
should be proportional rather than identical. However, the result in the last row of the “HTML” part
suggests the opposite trend. This is because the input videos have already been preprocessed via human
detection, tracking, and resizing. Therefore, the body shapes do not require redundant normalization.
Furthermore, normalization becomes challenging due to the incompleteness of human bodies in certain
frames caused by misdetection and occlusion.

4.3.3. Spatial-temporal part mixer

Different design choices are explored for the ST part mixer. The “part mixer” part in Table 4
reports the results for various network depths. The performance improves as Lpart increases but peaks
at Lpart = 2. In addition, deeper GCNs may suffer from over-smoothing, which explains the
performance saturation.

Additionally, we examine different regularization strategies within the GCN layers. We observe
that the normalization methods outperform the dropout [47], and that layer normalization yields better
results than batch normalization [48].

Attention mechanisms are a common design option for GCN modules. However, the last two rows
in the “part mixer” section indicate that two popular attention mechanisms actually degrade the
performance in our setting.

4.3.4. Spatial-temporal patch mixer

The first two rows of the “patch mixer” section in Table 4 investigate the effects of applying spatial
and temporal embeddings before the Transformer layers in the patch mixer. Notably, while both the
mAP and R-1 are boosted by the spatial embedding, adding the temporal embedding has a negative
impact. We conjecture that one possible reason is that the tracklet length (T = 4) is too short for the
temporal embedding to be effective.

To further study the Transformer layers, we train and test the network with different numbers of
layers and attention heads. As shown in the “patch mixer” section of Table 4, increasing Lpatch and H
initially improves the performance but eventually worsens it due to overfitting. In addition, deeper
networks require substantially more computational resources (4 GPUs). Therefore, we keep the
Transformer shallow (2 layers).
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4.3.5. Further studies

Additional experiments are conducted to explore different design choices for the remaining
modules. The first two rows of the “further study” section in Table 4 report the results when
branching the pipeline at different stages of the backbone, thus showing that the performance
degrades in both under-branching settings. Conversely, over-branching requires unaffordable
computational resources (more than 4 GPUs). Moreover, the last row of the “further study” section
indicates that training with our modified sampler improves both the mAP and R-1.

Shoulder-like part Foot-like part Hip-like part

Figure 7. Visualization of the corresponding regions of shoulder-like, foot-like, and hip-like
parts, which are well suited for alignment. Best viewed in color.

4.3.6. Qualitative results

We visualize the corresponding regions of the parts in Ât. Figure 7 shows that the HTML module
indeed locates aligned parts even without semantic labels.

We offer qualitative justifications for why the HTML module outperforms pre-trained key-point
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Figure 8. Samples from COCO [23] and MARS [29], resized to the same height.

Figure 9. Features learned by CTL [3]. Best viewed in color.

Feature maps learned w/o our HTML

Feature maps learned w/ our HTML

Figure 10. Features learned with and without HTML. Best viewed in color.

estimators. i) Methods with pre-trained key-point estimators may suffer from a substantial domain
gap due to varying real-world conditions (e.g., differences in camera/image resolutions (Human
Parsing: 640 × 480 in COCO [23] vs. VReID: 256 × 128 / 128 × 64 in MARS [29] / PRID [32])) and
scene backgrounds (COCO contains richer background diversity, while VReID datasets often involve
road or campus scenes), as illustrated in Figure 8. ii) Methods such as CTL [3] highlight the entire
human figure in each frame (see Figure 9). However, considering all parts for VReID may degrade
performance when different subjects wear similar clothing. In contrast, the HTML module
encourages the network to focus on body parts that are more discriminative for VReID (see
Figure 10). iii) The HTML module’s performance is further improved by steering the attention maps
toward human-related patches (as shown in Figure 11).

Additionally, we provide both successful and failure cases in Figure 12. i) Although the part
estimation is not perfect due to the absence of supervision, imperfect body shapes are sufficient for
alignment in downstream tasks such as VReID (as shown in Table 1). ii) The HTML module adapts
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Attention maps w/o HTML

Retrieved w/o our HTML

Attention maps w/ HTML

Retrieved w/ our HTML

Query tracklets

Attention maps w/ HTML

Attention maps w/o HTML

Figure 11. Retrieval results and attentions with and without HTML. Without HTML, some
attention responses are scattered or incorrectly focused on the ground. Best viewed in color.

Figure 12. Success (left) and failure (right) cases of the HTML module using the same
topological prior. Best viewed in color.

well under the same topological prior, even in the presence of occlusions or when the subject is riding
a bike. iii) The HTML module may fail when improper crops occur due to the lack of supervision, or
when the subject is too small for reliable parsing. In addition, it may mistakenly identify a person as
riding a bike when the person is simply standing behind it.

5. Conclusions

In this paper, we proposed a novel HTML module for VReID, and demonstrated that extra
pre-trained key-point estimators and additional body-part labels are not necessary to model human
structures. By leveraging a minimal humanoid topological prior, it models body shapes from video as
a side task, thus resulting in aligned and discriminative body-part features. To compensate for the lack
of supervision, a regularization loss was designed to encourage HTML to model body shapes with
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maximal similarity across frames. Moreover, by introducing two ST mixers, we show that HTML is
compatible with other ST integration approaches, the further enhancing the reliability and
discriminative power of the learned representations for VReID. The experiments demonstrated that
our method delivers competitive performances across multiple datasets while retaining a lightweight
backbone design.
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