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 a b s t r a c t

Vehicle Re-identification (ReID) aims to match the same vehicle across non-overlapping cameras, yet it remains 
highly challenging due to strong inter-vehicle similarity and severe appearance variations caused by viewpoint 
changes. Most existing methods treat feature extraction and fusion as two disjoint stages - they first extract hi-
erarchical features and then perform vector-level fusion in a one-way manner. This paradigm ignores the rich 
semantic cues and structural correlations within and across feature layers, leading to weak cross-scale consistency 
and limited representational alignment. To address these issues, a Dual Interaction Perception Network (DiPer-
ceiveNet) is designed to establish a unified and iterative information flow among hierarchical features. DiPer-
ceiveNet consists of three components: (i) a Residual Multi-Scale Abstraction Pathway (ReMAP) that integrates 
intermediate feature maps and refines multi-scale information via attention; (ii) a Bidirectional Information Flow 
(X-Flow) module that enables two-way information propagation and cross-layer interaction for effective multi-
scale fusion; and (iii) a Global-Local Attention Mixer (GLoAM) that adaptively re-weights hierarchical features to 
generate a discriminative embedding. Experiments on VeRi-776, VehicleID, and CityFlow-ReID demonstrate that 
DiPerceiveNet consistently outperforms recent state-of-the-art methods while maintaining competitive efficiency. 
Extensive ablation studies and retrieval visualizations further validate the contribution of each component and 
confirm the effectiveness of the proposed unified fusion paradigm for fine-grained vehicle ReID.

1.  Introduction

Vehicle tracking plays a crucial role in Intelligent Transportation Sys-
tems (ITS), supporting traffic management and public safety [1]. As a 
key subtask, vehicle Re-identification (ReID) aims to associate instances 
of the same vehicle captured by spatially and temporally disjoint cam-
eras. Despite notable advances in deep ReID architectures [2], vehicle 
ReID still faces challenges inherent to the visual characteristics of ve-
hicles. In practice, a vehicle’s appearance can vary drastically across 
viewpoints [3], while vehicles of identical models may appear nearly 
indistinguishable when viewed from the same angle [4]. Consequently, 
two images of the same vehicle captured from distinct viewpoints may 
appear less similar than two different vehicles observed under an iden-
tical viewpoint (Fig. 1). This ambiguity highlights the necessity for fea-
tures that balance global semantics with fine-grained local cues.

The central challenge lies in learning discriminative representations 
that remain robust under such ambiguities. The relevance of specific 
cues depends on visual similarity: for visually distinct categories (e.g., 
buses vs. sedans), coarse global attributes such as overall shape or size 
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may suffice, whereas for vehicles sharing nearly identical global appear-
ances, subtle local details-such as body decals, license plate regions, or 
windshield stickers-become indispensable [2]. These observations high-
light the necessity of joint global-local representation learning to main-
tain discriminative power under intra- and inter-vehicle ambiguities.

Most existing vehicle ReID methods share a common two-stage 
paradigm: they first extract hierarchical features with a backbone and 
then perform fusion/aggregation at a later stage. Under this paradigm, 
feature extraction and fusion are largely treated as disjoint processes. 
As shown in Fig. 2, Existing methods can be broadly categorized into 
three groups. The first group [5,6] consists of externally supervised ap-
proaches that rely on detectors or manual annotations to localize dis-
criminative regions, but they incur heavy annotation costs and scale 
poorly. The second group [7,8] includes part-based methods that parti-
tion images into predefined semantic regions to extract local features; 
however, rigid partitioning often disrupts semantic consistency and is 
sensitive to viewpoint changes and occlusion. The third group [9,10] 
employs multi-branch architectures that separately process global and 
local cues after backbone extraction, which may under-exploit multi-
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\begin {align}& x_{\text {R-PA}} = x \otimes \sigma \left (w_2 * \delta (w_1 * x)\right ), \label {Xeqn1-1}\\ & x_{\text {R-CA}} = x \otimes \sigma \left (w * \text {AvgPool}(x)\right ), \label {Xeqn2-2}\end {align}
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Fig. 1. Challenges in vehicle ReID. The query (left) is compared with: (Gallery A) a different vehicle under the same viewpoint and (Gallery B) the same vehicle under 
a different viewpoint. The former exhibits high inter-identity similarity, whereas the latter shows large intra-identity variation. These cases highlight the difficulty 
of distinguishing vehicles based solely on global appearances and the necessity of jointly leveraging both global and local cues. (All images are from the VeRi-776.)

Fig. 2. Structural comparison of the three vehicle ReID paradigms discussed in the Introduction, highlighting how and where global/local cues are extracted and 
fused in each design.

level (low-/high-level) complementary cues across the backbone hier-
archy [11] and limit cross-branch interaction. As a result, cross-scale 
correlations cannot be sufficiently propagated during feature extrac-
tion [12], motivating a unified framework that enables bidirectional 
cross-scale interaction during feature learning rather than only after it.

A promising perspective arises from human visual perception, where 
recognition emerges through dynamic top-down and bottom-up in-
teractions [13]. For instance, a blurry object may first be perceived 
as “a vehicle” at a coarse level and then refined to a specific iden-
tity through attention to details such as contours or logos. This anal-
ogy inspires our design, emphasizing dynamic bidirectional informa-
tion exchange across feature hierarchies. Under the prevalent disjoint 
extraction–fusion paradigm, however, most existing ReID methods ne-
glect the explicit modeling of such interactions [14], instead enforcing a 
rigid separation between global and local representations and perform-
ing fusion only at the semantic level, which limits hierarchical interplay 
across scales [15].

To address these limitations, we propose the Dual Interaction Per-
ception Network (DiPerceiveNet), which unifies feature extraction and 
fusion into a dynamic cross-scale process. DiPerceiveNet comprises 
three key components: (i) a Residual Multi-Scale Abstraction Pathway 

(ReMAP) that aggregates intermediate features and refines both fine-
grained details and high-level semantics through attention; (ii) a Bidi-
rectional Information Flow (X-Flow) module that establishes two-way 
propagation and cross-layer interaction, ensuring consistent alignment 
during both upsampling and downsampling; and (iii) a Global-Local At-
tention Mixer (GLoAM) that introduces compact self-attention with po-
sitional encoding and channel compression to enhance semantic consis-
tency with minimal overhead. Unlike prior multi-branch designs, DiPer-
ceiveNet performs interaction within the backbone hierarchy, allowing 
feature extraction and fusion to co-evolve rather than remain decoupled.

The main contributions are summarized as follows:

• We present DiPerceiveNet, a unified framework that integrates 
multi-scale feature extraction and fusion into a single interactive pro-
cess. Unlike conventional architectures that separately extract and 
fuse features, DiPerceiveNet enables feature representations to co-
evolve through dynamic cross-scale interaction, thus achieving con-
sistent semantic alignment across hierarchical levels.

• The proposed network comprises three components. ReMAP fully 
exploits shallow layers of the backbone and emphasizes their con-
tribution to vehicle discrimination, refining multi-scale feature ab-
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straction through attention-driven enhancement. X-Flow establishes 
bidirectional information propagation across feature hierarchies,
facilitating interaction during both upsampling and downsampling. 
GLoAM introduces a lightweight global-local attention mechanism 
with positional encoding and channel compression at the final stage 
to enhance semantic consistency with minimal computational cost.

• Extensive experiments on VeRi-776 and VehicleID benchmarks 
demonstrate that DiPerceiveNet achieves superior accuracy and ro-
bustness without auxiliary annotations, validating the effectiveness 
of its cross-layer and cross-scale design.
The remainder of this paper is organized as follows. Section 2 re-

views related works on vehicle ReID, focusing on local-global feature 
extraction, attention mechanisms, and fusion strategies. Section 3 intro-
duces the proposed DiPerceiveNet and its three core modules. Section 4 
presents the experimental setup and evaluation on VeRi-776 and Vehi-
cleID. Section 4.4 provides ablation studies and visual analyses. Finally, 
Section 5 concludes the paper.

2.  Related work

2.1.  Local-global feature extraction

Convolutional neural networks (CNNs) are effective at extracting 
coarse-grained global features. However, they often fail to capture fine-
grained local details [16]. Such details are crucial for distinguishing vi-
sually similar vehicles in ReID tasks. To address this limitation, some 
methods employ external detectors or rely on part-level annotations. 
They identify key regions such as headlights or license plates [5,17]. Al-
though these approaches improve sensitivity to subtle variations, they 
require additional modules and supervision signals, which increase com-
putational cost, hinder end-to-end optimization, and make the system 
vulnerable to detection errors. An alternative is to avoid detectors and 
annotations altogether. Instead, shallow backbone feature maps can be 
directly leveraged. These maps inherently encode fine-grained spatial 
cues associated with structural details. This design eliminates the over-
head and fragility of detector-based schemes. At the same time, it pre-
serves sensitivity to local details within a unified framework.

Another line of research adopts parallel branches to extract local and 
global features separately [15,18]. The goal is to exploit their comple-
mentary strengths. Typically, these branches operate only on the back-
bone’s final-layer feature map. As a result, local and global represen-
tations are learned in isolation and merged only after extraction. This 
strategy captures complementary information to some extent. However, 
it creates a semantic bottleneck by relying solely on final-layer represen-
tations. This design restricts access to intermediate and shallow spatial 
cues [19,20]. Furthermore, treating local and global streams as inde-
pendent pathways prevents effective interaction and alignment. A more 
promising strategy is to integrate multi-depth features early in the ex-
traction process. For example, channel and pixel attention can refine 
shallow, intermediate, and deep feature maps. This enables the capture 
of both fine-grained details and high-level semantics. Unlike conven-
tional parallel-branch methods, this approach leverages backbone fea-
tures across multiple depths. It thus obtains local and global semantics 
in a more comprehensive and hierarchical manner.

These strategies provide a potential solution to the limitations of 
detector-based and parallel-branch architectures. By eliminating exter-
nal detection, they reduce unnecessary complexity. By avoiding reliance 
on the final layer alone, they also improve robustness. Consequently, 
they yield semantically richer, more spatially aware, and more discrim-
inative representations. This conclusion is supported by recent visual-
ization results and quantitative analyses.

2.2.  Attention mechanism for ReID

Current attention-based methods in vehicle ReID can be grouped 
into three types: channel attention, pixel/spatial attention, and self-

attention. Channel attention determines what to focus on by strength-
ening informative feature channels. Pixel attention determines where 
to focus by enhancing spatially salient regions. For example, the mod-
ule [21] in combines channel pooling and spatial pooling to amplify 
local feature responses. ADPRP-Net [22] applies attention to empha-
size key vehicle parts such as emblems and lights. Many of these mod-
ules are applied only to the backbone’s output feature map. They act as 
static weighting mechanisms, selectively increasing or suppressing acti-
vations according to learned importance scores. By the output stage, ag-
gressive downsampling and semantic abstraction have already reduced 
fine-grained spatial cues. The low spatial resolution makes these details 
difficult to recover. In addition, the weighted features are processed by 
pooling, aggregation, and projection heads. These operations dilute the 
enhancements and limit their contribution to the final embedding. A 
more effective strategy is to integrate channel and pixel attention into 
multi-scale fusion. This allows refinement across shallow, intermediate, 
and deep features. In this way, locally enhanced cues can propagate to 
the final representation and remain aligned with global semantics.

Unlike channel or pixel attention, self-attention can model long-
range dependencies and capture global context [23]. Recent studies 
have combined self-attention with convolutional networks to model 
both local details and global semantics [24,25]. For example, LKA [24] 
couples self-attention with convolutions. TANet [25] employs text-
region self-attention to guide the network toward vehicle body text 
regions. Transformer-style self-attention has also been explored as a 
complementary direction in vehicle ReID, e.g., MsKAT [26], which 
leverages knowledge-aware attention to interact visual features with 
semantic cues. More recently, masked autoencoding (MAE) [27] has 
been explored as a pre-training paradigm for vehicle ReID to obtain 
stronger representations. Although such pre-training-driven methods 
can yield large improvements, they usually depend on additional re-
sources (e.g., large external pre-training data and/or foundation back-
bones) beyond the standard supervised setting in this paper. Many ex-
isting self-attention modules are introduced in the early stages of the 
network or within isolated blocks [28]. They operate only on partial 
features, with positional awareness provided mainly by the backbone or 
predefined encoding [29]. As a result, the global dependencies they cap-
ture do not propagate reliably to the final embedding. Our GLoAM ad-
dresses this issue. It introduces a lightweight self-attention mechanism 
at the final fusion stage. At this point, features are semantically enriched 
and globally aggregated. This placement enables GLoAM to model holis-
tic dependencies in the final representation. It also incorporates explicit 
spatial awareness through 2D sine–cosine positional encoding.

Another limitation is computational overhead. Many existing self-
attention modules are applied to high-resolution intermediate feature 
maps. This design greatly increases cost. By contrast, applying self-
attention only at the final stage reduces spatial resolution and com-
putation. A lightweight design further mitigates cost while preserving 
effective global semantic modeling.

2.3.  Feature fusion

Bidirectional interaction between top-down and bottom-up flows 
plays a critical role in the human visual system [30]. The brain first 
forms a global overview of an object to capture salient cues (coarse per-
ception). It then shifts attention to finer structural details (fine-grained 
analysis) [31]. During this process, global semantics and local details 
interact continuously. They complement each other and form stable, ro-
bust cognitive representations.

Modern convolutional neural networks (CNNs) often rely on 
pyramid-like structures for feature construction and fusion [32]. These 
designs enable multi-scale feature extraction. They also allow limited 
cross-level information flow through sequential sampling. To improve 
propagation, some works augment pyramid structures with bidirectional 
paths [20]. These add connections between layers to support top-down 
and bottom-up interactions. Such methods enhance information flow to 
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some extent. However, they still treat feature fusion as a static process 
performed after features are extracted independently. As a result, the
integration of global semantics and local details remains fragmented. 
The fusion process also lacks dynamic adaptability and semantic align-
ment, unlike human visual perception.

In most existing vehicle ReID methods [33–35], local-global fusion is 
performed only at the final output stage. Local and global features are 
extracted independently and then combined by simple concatenation 
or weighted summation. This paradigm overlooks interactions across 
depths. It leads to early loss of fine-grained details and semantic mis-
alignment [32]. Consequently, the compressed representation space hin-
ders the recovery of structural cues. It also limits the expressiveness and 
robustness of learned representations [36].

Several recent works have attempted to address these issues. 
PEFN [37] enhances feature patches and introduces hierarchical inter-
actions across convolutional layers. Overlock [32] adopts a top-down 
design to model the transition from coarse perception to fine under-
standing. Nevertheless, these approaches remain essentially static. They 
do not explicitly integrate bidirectional interactions during feature con-
struction. A promising direction is to incorporate dynamic bidirectional 
interactions into feature generation. This design would allow hierarchi-
cal features from different depths to complement each other. It could 
also produce representations that preserve fine-grained details while 
maintaining global semantic consistency.

3.  Method

To integrate feature extraction and fusion into a single dynamic pro-
cess, we design a unified framework named Dual Interaction Perception 
Network (DiPerceiveNet). DiPerceiveNet consists of three key modules: 
ReMAP, X-Flow, and GLoAM. ReMAP captures hierarchical multi-scale 
features from different backbone depths. It preserves low-level struc-
tural details while abstracting high-level semantics. X-Flow enables bidi-
rectional interaction between scales, ensuring cross-scale semantic con-
sistency and spatial correspondence. GLoAM applies a lightweight self-
attention mechanism at the final stage. It adaptively balances the con-
tributions of local details and global semantics.

The following subsections present the overall architecture of DiPer-
ceiveNet and the detailed design of each module.

3.1.  Dual interaction perception network

DiPerceiveNet is inspired by the hierarchical processing of the hu-
man visual system: a coarse global impression is progressively refined 
through the interplay of high-level semantics and fine-grained evidence. 
Semantic context supports both global understanding and local inter-
pretation, while fine-grained cues enhance local discrimination and si-
multaneously refine the global view. Accordingly, DiPerceiveNet uni-
fies feature extraction and fusion into a dynamic process, enabling bidi-
rectional interaction between global semantics and fine-grained details 
across backbone depths for robust vehicle ReID embeddings. We further 
interpret DiPerceiveNet as a three-stage functional process: (i) selective 
encoding of discriminative information from multi-depth features, (ii) 
bidirectional refinement between high-level semantics and lower-level 
structures, and (iii) global integration that consolidates the refined evi-
dence into a spatially consistent identity embedding. In our framework, 
ReMAP, X-Flow, and GLoAM mainly correspond to these three stages, 
respectively.

As shown in Fig. 3, ReMAP first extracts hierarchical features at mul-
tiple depths. X-Flow then aligns semantics across scales and couples 
information through bidirectional interactions. Finally, GLoAM mod-
els long-range dependencies with a lightweight self-attention mecha-
nism and explicit positional encoding. This module adaptively balances 
the contributions of local and global cues. Through their collaboration, 
DiPerceiveNet produces semantically enriched and highly discrimina-
tive representations.

3.2.  Residual multi-scale abstraction pathway

From a perceptual perspective, ReMAP implements the selective 
encoding stage by extracting multi-depth features and preserving dis-
criminative fine-grained cues via residual multi-path abstraction and 
lightweight attention. In CNN-based visual tasks, deep layers provide 
strong semantic abstraction, while shallow layers retain fine-grained 
structural information. To leverage their complementarity, ReMAP cap-
tures multi-scale features from the last three backbone stages through a 
multi-path residual design. This structure preserves both semantic and 
structural representations. Residual connections further promote gradi-
ent flow and stabilize training.

To suppress redundancy and strengthen discriminability, ReMAP in-
tegrates two lightweight attention modules: Residual Pixel Attention (R-
PA) and Residual Channel Attention (R-CA), as shown in Fig. 4. R-PA 
computes pixel-level weights through convolution and ReLU-sigmoid ac-
tivations. In contrast, R-CA generates channel-wise weights using global 
pooling followed by convolution and sigmoid activation. Their opera-
tions are defined as:
𝑥R-PA = 𝑥 ⊗ 𝜎

(

𝑤2 ∗ 𝛿(𝑤1 ∗ 𝑥)
)

, (1)

𝑥R-CA = 𝑥 ⊗ 𝜎
(

𝑤 ∗ AvgPool(𝑥)
)

, (2)

where ∗ denotes convolution, 𝛿(⋅) is ReLU, 𝜎(⋅) is sigmoid, 𝑤,𝑤1, 𝑤2
are convolution kernels, and ⊗ indicates element-wise multiplication. 
As illustrated in Fig. 5, shallow layers highlight local details such as 
headlights and license plates, whereas deeper layers capture semantic 
structures and overall vehicle shape. This visualization confirms their 
complementary roles.

For efficient multi-scale aggregation, ReMAP adopts the Efficient 
Depthwise Context Aggregation Module (EDCAM, Fig. 6). EDCAM com-
bines depthwise separable convolutions with spatial pyramid pooling. 
This design compresses channels and enhances hierarchical abstraction. 
It reduces parameters and computational cost while preserving resolu-
tion. As a result, EDCAM enables robust fusion of part-level features 
with minimal overhead-an essential property for vehicle ReID where lo-
cal scales vary considerably.

In summary, ReMAP leverages residual multi-path connections and 
attention mechanisms at different backbone depths to capture comple-
mentary features. Shallow layers focus on spatial details, while deeper 
layers emphasize semantic abstraction. This design ensures that both 
local structural cues and global semantics are effectively preserved for 
subsequent fusion.

3.3.  Bidirectional information flow

From a perceptual perspective, X-Flow implements the bidirectional 
refinement stage by coupling top-down semantic guidance with bottom-
up structural refinement across scales to improve semantic consistency 
and spatial correspondence. For vehicles with highly similar appear-
ances, subtle local structures are critical for discrimination. In contrast, 
for vehicles with distinct appearances, global semantic cues dominate 
recognition. After ReMAP extracts multi-scale features, the key chal-
lenge is to fuse them effectively. Simple concatenation or summation 
is inadequate. Efficient fusion requires dynamic cross-scale interaction 
to ensure both cross-scale semantic consistency and spatial correspon-
dence.

To address this issue, the X-Flow module establishes bidirectional 
information flow between feature levels (Fig. 3). In the top-down path, 
high-level semantics cues guide shallow features, enhancing sensitivity 
to discriminative regions. In the bottom-up path, shallow details refine 
high-level semantics by introducing fine-grained cues. Lateral residual 
connections maintain semantic consistency and spatial correspondence, 
enabling stable two-way propagation.

To improve efficiency, X-Flow integrates the Dual-Path Feature Ex-
traction and Compression (DPFEC) module (Fig. 7). DPFEC contains 
two parallel paths. The main path employs residual 3 × 3 convolutions, 
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Fig. 3. Architecture of the proposed dual interaction perception network (DiPerceiveNet). The framework consists of three modules: ReMAP, X-Flow, and GLoAM. 
ReMAP extracts hierarchical multi-scale features from different backbone depths while preserving structural details. It integrates Residual Channel Attention (R-CA), 
Residual Pixel Attention (R-PA), Convolution-BatchNorm-SiLU (CBS), the Efficient Depthwise Context Aggregation Module (EDCAM), and the Dual-Path Feature 
Extraction and Compression (DPFEC) block. X-Flow establishes semantic correspondences across scales and enables bidirectional interaction through top-down 
and bottom-up pathways. GLoAM applies a lightweight self-attention mechanism with positional encoding to enhance global semantic consistency. Together, these 
components progressively fuse local and global features, yielding semantically rich and discriminative vehicle representations. From a mechanistic perspective, ReMAP 
performs selective detail encoding, X-Flow conducts bidirectional cross-scale refinement (top-down guidance and bottom-up correction), and GLoAM integrates the 
refined evidence via lightweight global dependency modeling to produce the final embedding.

Fig. 4. Structures of the Residual Channel Attention (R-CA) and Residual Pixel Attention (R-PA) modules. R-CA applies global pooling, followed by convolution 
and sigmoid activation, to generate channel-wise weights. R-PA employs convolutional layers and ReLU and Sigmoid activations to compute pixel-level attention 
weights. Both modules enhance discriminative capability by emphasizing salient channels or spatial regions.

whose outputs are concatenated and compressed with a 1 × 1 convo-
lution to capture features across multiple receptive fields. The auxiliary 
path applies a direct 1 × 1 convolution for low-cost channel compression 
and information distillation. The two paths are merged through residual 
addition, which enhances discriminability while keeping computational 
cost low.

To accommodate different semantic levels, two DPFEC variants are 
designed. DPFEC-1, used in the top-down path, adopts deeper residual 
stacks to preserve rich semantics from higher layers. DPFEC-2, applied in 
the bottom-up path, uses a lighter residual stack to suppress redundancy 
in shallow features while retaining fine-grained structural cues. By com-
bining bidirectional interaction with these tailored DPFEC variants, X-
Flow achieves cross-scale semantic consistency and robust cross-scale 
fusion for vehicle ReID. Importantly, this dual-variant design highlights 
the adaptive nature of X-Flow, as each path is optimized for the distinct 
roles of semantic abstraction and structural refinement across different 
feature levels.

3.4.  Global-local attention mixer

From a perceptual perspective, GLoAM implements the global inte-
gration stage by modeling long-range dependencies over the fused fea-
ture maps to form a more coherent and semantically consistent embed-
ding. To balance the roles of local and global cues in the final vehicle 
embedding, we introduce the Global-Local Attention Mixer (GLoAM). 
GLoAM employs a lightweight single-head self-attention mechanism 
with 2D sine-cosine positional encoding. This design enables the mod-
eling of long-range spatial dependencies across fused feature maps, as 
illustrated in Fig. 8. These maps carry complementary information: 
some highlight fine-grained local details, while others emphasize coarse 
global semantics. By attending jointly to all positions, GLoAM adaptively 
integrates local and global features according to each vehicle instance, 
yielding a more discriminative and semantically consistent representa-
tion.
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Fig. 5. Heatmaps of attention-enhanced feature maps at different backbone depths. Shallow layers focus on fine-grained details such as headlights, license plates, 
and contours. Deeper layers emphasize semantic structures and global shape. These visualizations demonstrate the complementarity of shallow and deep features in 
ReMAP.

Fig. 6. Structure of the Efficient Depthwise Context Aggregation Module (EDCAM). EDCAM integrates depthwise separable convolution with spatial pyramid pooling 
(denoted as DSCBS) to efficiently compress, enhance, and fuse multi-scale features while preserving resolution. This design achieves effective hierarchical aggregation 
with minimal computational cost, thereby supporting robust feature learning for vehicle ReID.

Fig. 7. Structures of the Dual-Path Feature Extraction and Compression (DPFEC) module and its variants. DPFEC employs a dual-path design: a main path with 
residual 3 × 3 convolutions, concatenation, and compression, and an auxiliary path with a direct 1 × 1 convolution for low-cost information distillation. Two variants 
are instantiated: DPFEC-1 processes deep semantic features in the top-down path, while DPFEC-2 refines shallow spatial features in the bottom-up path. Each variant 
is tailored to the characteristics of its respective semantic level. This design supports compact, efficient, and discriminative feature enhancement for multi-scale 
fusion.
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Fig. 8. Structure of the self-attention mechanism in the Global-Local Attention Mixer (GLoAM). GLoAM applies a lightweight single-head self-attention mechanism 
to the fused feature maps, incorporating 2D sine-cosine positional encoding for spatial awareness. This design models long-range dependencies across feature maps 
and adaptively balances the contributions of local and global information in the final embedding.

Fig. 9. Vehicle samples from 20 identities in the VeRi-776 dataset, including several visually similar vehicles.

Fig. 10. t-SNE visualization of feature distributions for 892 samples from 20 PIDs in VeRi-776. (a) ResNet-50, (b) Baseline, and (c) DiPerceiveNet. All models output 
2,048-dimensional features.

Given an input feature map 𝑥 ∈ ℝ𝐵×𝐶×𝐻×𝑊 , where 𝐵 denotes the 
batch size, 𝐶 the number of channels, and 𝐻,𝑊  the spatial dimensions, 
we first add 2D sine-cosine positional encoding 𝑝 to provide explicit 
positional awareness:
𝑥𝑝 = 𝑥 + 𝑝, 𝑝 ∈ ℝ1×𝐶×𝐻×𝑊 . (3)

Three 1 × 1 convolutions are then applied to generate the query, key, 
and value feature maps:
𝑞 = 𝑤𝑞 ∗ 𝑥𝑝, 𝑘 = 𝑤𝑘 ∗ 𝑥𝑝, 𝑣 = 𝑤𝑣 ∗ 𝑥𝑝, (4)

where 𝑞, 𝑘, 𝑣 ∈ ℝ𝐵×𝐶×𝐻×𝑊 .
The spatial dimensions are flattened, and the attention matrix is com-

puted:

𝑞′ = reshape(𝑞) ∈ ℝ𝐵×𝑁×𝐶 , 𝑘′ = reshape(𝑘) ∈ ℝ𝐵×𝐶×𝑁 , (5)

𝑎 = Softmax(𝑞′ ⋅ 𝑘′), (6)

where 𝑁 = 𝐻 ×𝑊  is the number of spatial positions and 𝑎 ∈ ℝ𝐵×𝑁×𝑁

is the spatial attention matrix. Since 𝑁 = 𝐻 ×𝑊  and the attention map 

is of size 𝑁 ×𝑁 , the computational and memory cost of self-attention 
increases substantially (approximately quadratically) as the input res-
olution grows. Although our attention operation is applied only at the 
final stage with a relatively small spatial size, higher-resolution inputs 
may still incur additional overhead in practice.

The output feature map is obtained by applying the attention matrix 
to the reshaped value features:
𝑣′ = reshape(𝑣) ∈ ℝ𝐵×𝐶×𝑁 , (7)

𝑜 = reshape(𝑣′ ⋅ 𝑎⊤) ∈ ℝ𝐵×𝐶×𝐻×𝑊 . (8)

Finally, a residual connection scaled by a learnable parameter 𝛾 pro-
duces the enhanced output: 
𝑦 = 𝛾 ⋅ 𝑜 + 𝑥𝑝, (9)

where 𝛾 controls the strength of attention refinement. In summary, 
GLoAM integrates lightweight self-attention with positional encoding 
to capture long-range dependencies across fused features. By adap-
tively weighting local details and global semantics, it generates compact,
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Fig. 11. Qualitative retrieval results on VeRi-776. DiPerceiveNet accurately distinguishes vehicles with subtle appearance differences.

Fig. 12. Visualization of the constructed hard subset on VeRi-776. The hard subset is a query-only subset composed of visually confusing vehicle images selected by 
a small positive–negative margin (Δ = 𝑑− − 𝑑+) under the standard evaluation protocol, while the gallery remains unchanged.

Fig. 13. Representative Rank-10 retrieval examples on the VeRi-776 hard subset (PID 295/142/489). Red boxes indicate correct matches and green boxes denote 
incorrect matches. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

discriminative, and semantically consistent embeddings without incur-
ring significant computational cost.

4.  Experiments

4.1.  Datasets and evaluation metrics

Datasets. We evaluate on three standard vehicle ReID benchmarks: 
VeRi-776 [38], VehicleID [39], and CityFlow-ReID [40]. VeRi-776 con-
tains 50K+ images of 776 vehicle IDs captured by 20 non-overlapping 
cameras (train/test: 37,781∕576 and 11,579∕200), with limited color la-
bels that increase fine-grained ambiguity. VehicleID is a large-scale 
dataset with 221,763 images of 26,267 IDs, evaluated on three subsets 

(Small/Medium/Large: 800∕1600∕2400 IDs). CityFlow-ReID includes 
52,717 images of 440 IDs with trajectory information; following prior 
practice, we perform an offline split with 360 IDs for training and 80 for 
testing.

Evaluation protocols. Following standard practice [41], we report 
CMC/Rank-𝑘 and mAP. For VeRi-776 and CityFlow-ReID, we adopt 
image-to-track evaluation with mAP/Rank-1/Rank-5 [38]; for Vehi-
cleID, we use image-to-image evaluation and report Rank-1/Rank-5 on 
Small/Medium/Large, averaging over 10 random splits. Unless other-
wise stated, we report results without re-ranking or spatiotemporal con-
straints.
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Table 1 
Comparison with state-of-the-art methods on VeRi-776. Best re-
sults among reproduced CNN-based methods are highlighted 
in bold. Methods marked with †/‡ denote different training 
assumptions: † CLIP-based methods with large-scale diffusion-
generated external pre-training data, and ‡ ViT-based methods. 
Results marked with ∗ are reported results from the correspond-
ing papers. Under the standard supervised single-modality set-
ting without external pre-training data, DiPerceiveNet achieves 
the best performance among the reproduced CNN-based meth-
ods.

 Method  mAP (%)  Rank-1 (%)  Rank-5 (%)
 AIVR-Net [43]  64.3  87.1  94.3
 URR-Net [5]  73.9  93.7  96.5
 GLSIPNet [44]  81.0  95.7  97.6
 SRaCR [45]  82.3  97.1  98.4
 TANet [25]  83.6  96.8  98.5
 RSFAN [17]  83.9  97.2  98.4
 DSN [46]  78.6  95.1  97.3
 VehicleGAN [47]  79.4  94.7  97.5
 LKA [24]  84.1  96.1  98.4
 CFSA [48]  79.1  94.7  97.3
 ADPRP-Net [22]  82.8  95.6  98.7
 DiPerceiveNet (Ours)  85.0  97.7  98.9
 VehicleMAE [27]†  87.6∗  97.4∗  N/R
 Git [49]‡  78.9∗  95.8∗  N/R
 SeCap [50]‡  81.3  96.1  97.9

4.2.  Implementation details

We use ImageNet-pretrained ResNet-50 (last stride = 1 [42]) as back-
bone. Images are resized to 384×384 with random horizontal flip and 
Random Erasing (𝑝=0.5; area ratio [0.02, 0.33], aspect ratio [0.3, 3.3]; 
erase value = [0.485, 0.456, 0.406]). Mini-batch: 𝑃=4 IDs and 𝐾=8 im-
ages per ID (32 images). Loss: cross-entropy + triplet (margin 0.3). 
Optimizer: AdamW (betas (0.9, 0.999); weight decay 7×10−4, bias decay 
5×10−4) for 120 epochs; LR warms from 3×10−5 to 3×10−3 in 15 epochs, 
then decays by 5× at epochs 50 and 90. We extract 2048-D features; 
for VeRi-776 we use official tracklets and mean-pool gallery features 
per tracklet, with Euclidean distance for matching. We use SiLU in CBS 
blocks; replacing it with ReLU gives similar but slightly lower results 
on VeRi-776 (85.0/97.7 vs. 84.8/97.2 mAP/Rank-1). Params/FLOPs are 
computed on the full model using fvcore at 384×384; higher input reso-
lutions will introduce additional computation and memory overhead, es-
pecially for attention-based components. Implementation uses PyTorch 
2.2.2 with CUDA 12.1 on an NVIDIA RTX 3090 (24GB).

4.3.  Comparison with state-of-the-art methods

Results on VeRi-776. Table 1 shows that DiPerceiveNet attains 85.0%
mAP, 97.7% Rank-1, and 98.9% Rank-5, surpassing recent approaches 
(e.g., +2.2 mAP / +2.1 Rank-1 over ADPRP-Net). Compared with meth-
ods requiring auxiliary cues (e.g., attributes or detectors), our model is 
annotation-free yet more accurate.

Results on VehicleID. On Small/Medium/Large, DiPerceiveNet achieves
84.6/80.1/77.8 Rank-1 and 97.5/96.5/95.3 Rank-5 (Table 2), con-
sistently outperforming prior methods, including attention- and multi-
branch-based designs. This confirms good scalability under increasing 
gallery sizes.

Results on CityFlow-ReID. Table 3 shows that DiPerceiveNet achieves
80.7% mAP, 88.7% Rank-1, and 92.5% Rank-5 on CityFlow-ReID, 
outperforming recent methods (e.g., +4.4 mAP / +3.6 Rank-1 over 
ADPRP-Net). Since CityFlow-ReID contains more severe occlusions and 
larger viewpoint variations, these gains indicate that our model learns 
more discriminative identity representations rather than overfitting to 

Table 2 
Comparison with state-of-the-art methods on VehicleID. Best results are high-
lighted in bold.

Method
 Small  Medium  Large
 Rank-1  Rank-5  Rank-1  Rank-5  Rank-1  Rank-5

 AIVR-Net [43]  67.7  87.9  61.5  82.7  54.5  77.2
 URR-Net [5]  83.5  96.7  80.8  96.3  77.4  95.0
 VAAG [51]  77.8  91.8  74.4  89.0  73.1  84.5
 SRaCR [45]  83.1  96.5  77.6  95.7  73.8  93.3
 TANet [25]  83.9  96.7  78.4  96.1  75.2  94.3
 RSFAN [17]  84.0  96.7  78.3  96.1  76.8  94.5
 DSN [46]  82.9  96.3  77.1  95.3  73.2  93.5
 MIMA-Net [28]  82.9  95.6  78.3  90.8  75.2  90.6
 HCINet [52]  83.1  95.8  78.7  91.1  75.6  90.9
 GLSIPNet [44]  83.7  95.3  78.6  92.7  76.1  91.3
 ADPRP-Net [22]  83.9  96.5  79.8  93.7  76.7  91.9
 DiPerceiveNet (Ours)  84.6  97.5  80.1  96.5  77.8  95.3

Table 3 
Comparison with state-of-the-art methods on CityFlow-ReID. 
Best results are highlighted in bold.
 Method  mAP (%)  Rank-1 (%)  Rank-5 (%)
 GLSIPNet [44]  74.6  83.7  89.3
 SRaCR [45]  73.2  82.7  87.2
 RSFAN [17]  76.1  85.3  90.4
 GLSIPNet [44]  75.8  84.3  89.8
 LKA [24]  76.6  84.9  91.7
 ADPRP-Net [22]  76.3  85.1  90.7
 DiPerceiveNet (Ours)  80.7  88.7  92.5

Table 4 
Ablation study of DiPerceiveNet on VeRi-776.
 Variant  mAP (%)  Rank-1 (%)  Rank-5 (%)
 Baseline  78.3  93.9  96.7
 + ReMAP  80.8  95.6  97.8
 + ReMAP + X-Flow  83.2  97.1  98.3
 + ReMAP + X-Flow + GLoAM (Ours)  85.0  97.7  98.9

Table 5 
Component-level ablation of ReMAP.
 Variant  mAP (%)  Rank-1 (%)  Rank-5 (%)
 Full ReMAP (ours)  85.0  97.7  98.9
 w/o multi-depth feature paths  83.9  97.3  98.4
 w/o R-C&PA module  83.7  97.2  98.4
 w/o EDCAM  84.3  97.5  98.6

Table 6 
Component-level ablation of X-Flow.
 Variant  mAP (%)  Rank-1 (%)  Rank-5 (%)
 Full X-Flow (ours)  85.0  97.7  98.9
 w/o DPFEC  84.5  97.5  98.7
 w/o bidirectional interaction paths  83.1  97.1  98.2

a particular viewpoint pattern, leading to more robust cross-camera re-
trieval.

4.4.  Ablation study

DiPerceiveNet contains three core modules: the Residual Multi-Scale 
Abstraction Pathway (ReMAP), the Bidirectional Information Flow (X-
Flow), and the Global-Local Attention Mixer (GLoAM). To validate 
their effectiveness, we conduct ablation studies on the VeRi-776 dataset 
with ResNet-50 as the backbone, evaluating both module-level and 
component-level contributions.
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Table 7 
Sensitivity to the number of interacting scales in ReMAP/X-Flow. In our design, the number of ReMAP 
paths is coupled with the number of cross-scale interaction loops in X-Flow; thus we vary the number 
of participating backbone stages for analysis.
 Setting  Stages  Params (M)  GFLOPs  mAP (%)  Rank-1 (%)
 2-scale  Layer3+Layer4  148.28  93.44  82.5  95.8
 3-scale (Ours)  Layer2+Layer3+Layer4  201.47  126.78  85.0  97.7
 4-scale  Layer1+Layer2+Layer3+Layer4  252.13  156.19  83.9  97.2

Table 8 
Component-level ablation of GLoAM. FPS and Peak GPU memory are measured with forward-only 
inference (excluding data loading and preprocessing) under the same hardware/software setting.
 Model  Params (M)  GFLOPs  FPS  Peak Mem (MB)  mAP (%)  Rank-1 (%)
 w/o GLoAM  194.59  121.47  39.63  957.8  83.2  97.1
 Full (ours)  201.47  126.78  38.19  999.4  85.0  97.7
 w/ ViT-style Block  260.69  161.95  28.9  1289.4  84.8  97.7

Table 9 
Comparison with state-of-the-art methods on hard-subset.
 Method  mAP (%)  Rank-1 (%)  Rank-5 (%)
 Baseline  54.2  74.9  85.1
 ADPRP-Net [22]  75.1  90.5  91.7
 CFSA [22]  73.7  89.1  91.3
 DSN [22]  72.3  88.6  90.6
 RSFAN [22]  77.5  91.9  93.1
 DiPerceiveNet (Ours)  82.3  92.6  95.2

Table 10 
Ablation study of DiPerceiveNet on hard-subset.
 Variant  mAP (%)  Rank-1 (%)  Rank-5 (%)
 Baseline  54.2  74.9  85.1
 + ReMAP  71.7  81.3  90.3
 + ReMAP + X-Flow  78.4  89.6  93.2
 + ReMAP + X-Flow + GLoAM (Ours)  82.3  92.6  95.2

4.4.1.  Effect of ReMAP, X-Flow, and GLoAM
Table 4 presents the progressive integration of the proposed mod-

ules. Starting from the baseline, ReMAP raises mAP by 2.5%, X-Flow 
further improves Rank-1 to 97.1%, and GLoAM achieves the best results 
(85.0% mAP, 97.7% Rank-1). Each module consistently contributes to 
performance gains, and their combination yields the highest accuracy.

4.4.2.  Ablation within the ReMAP module
We further analyze ReMAP’s internal designs under the full DiPer-

ceiveNet. As shown in Table 5, removing multi-depth feature paths (w/o 
multi-depth) decreases mAP by 1.1%, verifying the value of hierarchical 
features. Excluding the R-C&PA module (w/o R-C&PA) or replacing ED-
CAM with standard pyramid pooling both reduce accuracy, confirming 
that ReMAP’s attention-driven refinement and contextual aggregation 
jointly enhance discriminative capability.

4.4.3.  Ablation within the X-Flow module
As shown in Table 6, replacing DPFEC with conventional Conv-BN-

ReLU layers (w/o DPFEC) slightly reduces mAP to 84.5%. Disabling 
bidirectional interaction paths (w/o bidirectional) causes a larger drop 
(83.1% mAP, 97.1% Rank-1), indicating the importance of vertical in-
formation exchange for robust cross-scale alignment.

4.4.4.  Sensitivity to the number of interacting scales
In DiPerceiveNet, the number of ReMAP paths is coupled with the 

number of interaction loops in X-Flow; thus, involving more back-
bone stages naturally expands the bidirectional interaction structure. 
We therefore perform an architecture-level sensitivity analysis by vary-
ing the participating stages (2/3/4-scale), as summarized in Table 7. 

Using 2-scale (Layer3+Layer4) reduces parameters and computation 
but causes a clear mAP/Rank-1 drop, suggesting that relying only 
on deeper features weakens fine-grained cues. Expanding to 4-scale 
(Layer1+Layer2+Layer3+Layer4) substantially increases complexity, 
and the additional shallow details may introduce noise, leading to de-
graded performance. Overall, 3-scale (Layer2+Layer3+Layer4) offers 
the best accuracy–complexity balance and is adopted as default.

4.4.5.  Ablation of the GLoAM module
Table 8 compares GLoAM with alternative designs in terms of ac-

curacy and efficiency. Removing GLoAM leads to a clear performance 
drop (83.2% mAP), confirming the importance of final-stage global–
local mixing.

To benchmark against standard heavy-weight designs, we com-
pare GLoAM with a “ViT-style Block” (consisting of full Multi-Head 
Self-Attention, FFN, and LayerNorm). Results show that the ViT-style 
Block incurs significantly higher computational costs (260.69M params, 
161.95 GFLOPs, and only 28.9 FPS) due to its redundant components 
(e.g., FFN). In contrast, our lightweight GLoAM achieves higher accu-
racy (85.0% mAP) with much lower overhead (201.47M params, 38.19 
FPS). This confirms that GLoAM provides a superior accuracy–efficiency 
trade-off by stripping away unnecessary complexity while retaining es-
sential global dependency modeling.

4.4.6.  Qualitative analysis of feature representation and retrieval
To further illustrate the discriminative power of DiPerceiveNet, we 

visualize both the selected vehicle samples and their feature distribu-
tions on the VeRi-776 dataset. Fig. 9 shows 20 representative vehicle 
identities, intentionally including many visually similar categories (e.g., 
vehicles with the same color or nearly identical models). The corre-
sponding t-SNE distributions in Fig. 10 compare ResNet-50, the baseline, 
and DiPerceiveNet using 892 samples from these 20 PIDs.

Compared with ResNet-50 and the baseline, DiPerceiveNet forms 
more compact intra-class clusters and larger inter-class margins, even 
among visually similar vehicles shown in Fig. 9. This confirms its su-
periority in handling small inter-class variation and viewpoint changes, 
where conventional methods tend to confuse nearly identical vehicles.

Additionally, Fig. 11 presents retrieval examples under challenging 
cases such as visually identical taxis and buses. While the baseline often 
ranks samples with similar viewpoints, DiPerceiveNet correctly identi-
fies the target by capturing subtle yet discriminative local cues (e.g., 
window reflections, roof attachments). These results highlight DiPer-
ceiveNet’s ability to integrate global and local features for fine-grained 
vehicle ReID.

4.4.7.  Hard-subset analysis on VeRi-776
Beyond standard retrieval metrics, we provide a qualitative analy-

sis to examine how effectively our method addresses the core challenge 
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in Fig. 1, i.e., distinguishing vehicles with highly similar global appear-
ances where identity discrimination relies on subtle local differences. 
We construct a hard subset on the VeRi-776 test split and visualize rep-
resentative retrieval results.

Hard subset construction. As shown in Fig. 12, the hard subset is a query-
only subset consisting of visually confusing queries, while the gallery re-
mains unchanged to ensure a fair and reproducible comparison. We first 
use a baseline model to extract features for all queries and gallery images 
and compute the query-to-gallery distance matrix. Under the standard 
VeRi-776 protocol, gallery images that share the same identity and cam-
era with the query are discarded. For each query, we compute (i) the 
distance to the closest positive sample, 𝑑+, and (ii) the distance to the 
closest negative sample, 𝑑−, and define the hardness margin:

Δ = 𝑑− − 𝑑+. (10)

We sort queries by ascending Δ and select the top-𝐾 smallest-margin 
queries. We set 𝐾 = ⌊𝑟 ⋅𝑄valid⌋ with 𝑟 = 0.10, where 𝑄valid denotes the 
number of valid queries after protocol-based filtering (thus 𝐾 = 167 for 
VeRi-776). This procedure is fully automatic and deterministic given 
the baseline distance matrix, directly targeting the ambiguity pattern in 
Fig. 1.

Quantitative results and qualitative observations. We evaluate different 
methods on this hard subset using the same gallery and protocol, in-
cluding the baseline, ours, ADPRP [22], CFSA [48], DSN [46], and RS-
FAN [17]. In addition to visualization, we report quantitative results 
(mAP/Rank-1/Rank-5) on the constructed hard subset under the stan-
dard VeRi-776 protocol, where the gallery remains unchanged for fair 
comparison. As shown in Table 9, DiPerceiveNet achieves clear gains 
over the baseline on hard queries. Moreover, Table 10 shows that each 
proposed module consistently improves Hard-mAP/Hard-R1/Hard-R5, 
further confirming their contributions on challenging cases. These re-
sults align with our motivation: by unifying feature extraction and fu-
sion via iterative cross-scale interaction, DiPerceiveNet better preserves 
and aligns complementary cues across depths, improving robustness on 
fine-grained hard cases. Fig. 13 further provides a representative Rank-5 
example, where our method retrieves the correct match at Rank-1 while 
competing methods exhibit confusions under highly similar global cues 
(e.g., body color and silhouette).

5.  Conclusion

This paper presents DiPerceiveNet for vehicle Re-Identification, 
drawing inspiration from the dynamic perceptual processes of the 
human visual system. DiPerceiveNet unifies top-down semantics and 
bottom-up details within a single perception framework, jointly mod-
eling global cues and fine-grained local information. The framework 
consists of three key modules: ReMAP for enhancing multi-scale fea-
ture extraction, X-Flow for enabling bidirectional cross-layer interac-
tion, and GLoAM for compact global-local attention modeling. Exper-
iments on standard vehicle Re-Identification benchmarks demonstrate 
that the proposed perception-inspired architecture yields more unified 
and discriminative representations, alleviating fine-grained confusion 
among visually similar vehicles.

Although our primary goal is to enhance discriminability in these 
challenging scenarios, we recognize that practical applicability ne-
cessitates a careful balance between accuracy and efficiency. Conse-
quently, future efforts will target leaner, more efficient variants that 
preserve the core perception-driven behavior at lower computational 
overhead. Ultimately, we hope this work inspires future designs build-
ing on our perception-inspired representation learning for vehicle Re-
Identification, with deployability as a key next step.
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