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ABSTRACT Article information:
With the advancement of intelligent transportation systems and large-scale
urban video surveillance technologies, vehicle image retrieval based on tex-
tual descriptions has become increasingly important. Although MCANet
exhibits e�ectiveness in multi-scale feature alignment, signi�cant limita-
tions persist in accurate �ne-grained semantic matching. To address this,
we present VhAR-Net�a modular cross-modal retrieval architecture that
enables independent design and �exible combination of feature interaction
mechanisms, enhancement strategies, and supervisory signals. This frame-
work employs ResNet-50 as the visual representation extractor and BERT
as the textual semantic encoder, and innovatively introduces a cross-modal
attention unit that establishes explicit associations between image repre-
sentations and linguistic descriptions. Concurrently, the system establishes
small-object aware auxiliary supervision through binary classi�cation tasks
targeting discriminative �ne-grained vocabulary, thereby directing the net-
work toward distinctive microscopic semantic units. Empirical evaluations
on the public benchmark dataset T2I-VeRi indicate that the optimal con�g-
uration achieves 75% Top-1 retrieval accuracy, with Top-10 recall covering
85% of relevant samples. After introducing the feature enhancement mod-
ule and small-object supervision mechanism, the cumulative matching rate
for Top-5 and Top-10 both reached 85%, demonstrating improved retrieval
robustness.
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1. INTRODUCTION

With the rapid development of intelligent trans-
portation and the Internet of Vehicles (IoV), ur-
ban tra�c management systems are gradually mov-
ing into an era of comprehensive sensing and intel-
ligent decision-making.Roadside cameras, in-vehicle
sensors, and monitoring terminals continuously cap-
ture and store massive volumes of vehicle image and
video data daily, as illustrated in Figure 1.These data
provide crucial support for tra�c regulation, vehicle
tracking, and road safety. However, these data also
present new challenges: quickly and accurately locat-
ing target vehicles within this massive image volume
has become a pressing issue requiring immediate at-
tention.

In traditional vehicle re-identi�cation (Vehicle Re-
ID), both query and candidate databases comprise
images, aiming to locate the same vehicle identity

across multiple cameras, varied viewpoints, and di-
verse lighting conditions. However, in real-world traf-
�c applications, query images are frequently unavail-
able, with only natural language descriptions�such
as `white SUV, sticker on the left rear door, scratch
on the rear bumper'�accessible. To bridge this gap,
cross-modal vehicle retrieval has emerged in recent
years, utilizing text queries to search for target vehi-
cles within large-scale image databases.

In Thailand, vehicle retrieval based on license
plates is limited both technically and legally. Thai
license plates contain Thai characters and numbers,
with province names at the bottom, and come in
various styles, including special designs and di�er-
ent background colors. Additionally, the high num-
ber of motorcycles, small license plates, and frequent
obstructions further complicate readability. New ve-
hicles with temporary `red plates,' reduced nighttime
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Fig.1: Different vehicle retrieval methods.

reflectivity, seasonal dirt accumulation during rainy
seasons, and intentional concealment further dimin-
ish plate legibility. More critically, license plate num-
bers constitute personal and vehicle-identifying in-
formation protected under the Personal Data Pro-
tection Act (PDPA). Consequently, long-term stor-
age and retrieval based on license plate numbers de-
mand stringent purpose limitations and security con-
trols. Furthermore, the prevalence of ‘license plate
swapping, replacement, or counterfeiting’ undermines
the one-to-one relationship between license plates and
vehicles, resulting in identity ambiguities such as
‘one plate, multiple vehicles’ or ‘one vehicle, mul-
tiple plates.’ Consequently, relying exclusively on
license plate-based retrieval proves inadequate for
mainstream applications and entails significant risks
and costs.

In contrast, cross-modal retrieval based on text-to-
image conversion is better suited for real-world appli-
cations. Even in the absence of visible license plates,
effective retrieval can be accomplished using seman-
tic features such as color, body shape, brand, model,
modifications, stickers, paint, local damage, and spa-
tiotemporal cues, facilitating more precise search re-
sults.The emergence of cross-modal retrieval technol-
ogy provides a new solution to this problem. By
learning a shared semantic space between text and
images, this technology enables natural language de-
scriptions to be converted into vector representations
comparable with image features, thereby facilitating
efficient text-based vehicle retrieval. This approach
synergizes natural language processing and computer
vision, allowing the system not only to ‘understand’
images but also to ‘comprehend’ human language.

Ali Amiri, Aydin Kaya, and Ali Seydi Keçeli [1]
observed that appearance differences among vehi-
cles of identical brand, color, and model are min-
imal, rendering reliable distinction based solely on

global appearance features challenging. Relying on
attributes (such as year, wheels, stickers) or local
structure modeling remains insufficient, which con-
tinues to be a long-standing bottleneck for retrieval.
Wang Zhan, Huang Shucheng, and Li Mingxing[2]
proposed MSMV-Net, which aligns cross-view infor-
mation of the same vehicle by using multi-scale local
features and a four-branch structure, while introduc-
ing multi-view related constraints to improve vehi-
cle Re-ID accuracy. However, the model is relatively
complex and strongly dependent on viewpoint esti-
mation.

From a theoretical perspective, cross-modal vehi-
cle retrieval from text to image presents a novel ap-
proach to visual-language fusion. This methodology
transcends the limitations of traditional single-vision
features by incorporating semantic-level information
modeling, effectively shifting image retrieval from ‘vi-
sual matching’ to ‘semantic understanding.’ Conse-
quently, this not only enriches the research framework
for vehicle re-identification and image retrieval, but
also advances the development of multimodal learn-
ing, feature alignment, and semantic mapping.

From a practical perspective, vehicle text retrieval
technology has broad application potential. For law
enforcement, traffic police, and transportation man-
agement departments, when only textual clues are
available in a case, the system can quickly locate the
target vehicle based on the description, greatly reduc-
ing investigation time. In fields such as smart park-
ing, logistics monitoring, vehicle rental, and accident
tracking, it lowers the barrier for human-machine in-
teraction, allowing ordinary users to perform complex
retrieval tasks without specialized knowledge.

The contributions of this paper are as follows.
For the natural language-based vehicle retrieval task,
we propose an overall model framework, VhAR-Net,
which is built on a dual-branch multi-scale repre-
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sentation and cross-modal alignment design. The
image branch uses ResNet-50 to extract global and
stripe-level local features, while the text branch en-
codes descriptions with BERT and uses a lightweight
projection head to align the features, enabling fine-
grained cross-modal feature alignment and fusion. At
the same time, we design a λCTIO loss function,
which is composed of CMPM, Triplet, InfoNCE, and
BCE(obj flag), which improves the robustness and
generalization ability of the model. Under a consis-
tent preprocessing pipeline, our method is compared
with three typical approaches published in the last
few years—MACNet for vehicle retrieval, and TIPCB
and TIDCB for pedestrian retrieval—and we con-
duct reproducible evaluations on the public T2I-VeRi
dataset, reporting Rank@1, Rank@5, Rank@10, and
mAP.

2. RELATED WORKS

2.1 Research Status of Vehicle Retrieval
Technology

The initial research on cross-modal retrieval pri-
marily focused on pedestrian detection, where natu-
ral language descriptions were matched with human
features in images to enable text-based pedestrian re-
trieval. However, as research advanced, this approach
was progressively extended to more complex target
domains, including vehicles, thereby accelerating the
transition from ‘person retrieval’ to ‘scene retrieval.’
This development has established novel technological
pathways for intelligent security and traffic manage-
ment, as documented by Zheng and Qu [3]. Since
the late 20th century, coinciding with the advent of
intelligent transportation systems, vehicle retrieval
research has gained prominence. Historically, vehi-
cle retrieval technology has progressed through two
stages: attribute-based vehicle retrieval and content-
based vehicle retrieval.

Distinguishing vehicles based on attribute infor-
mation is another approach to vehicle retrieval. This
method transforms the vehicle retrieval problem into
an attribute recognition and multi-attribute label
matching problem. The main attributes include
color, model, and brand logo. In terms of vehicle color
recognition, the two primary approaches are color
threshold segmentation and feature-based description
combined with pattern recognition. For vehicle model
recognition, there are two main types of methods:
one is traditional hardware-based methods, such as
installing sensors underground. The drawback of this
approach is its high hardware cost, inconvenience for
installation and maintenance, and limited applicabil-
ity. The other type is computer vision-based methods
[4], which use either manually designed or machine-
learned vehicle features to train classifiers for model
classification. Commonly used features include ve-
hicle outline features, local features (such as SIFT,
HOG, Gabor, etc.), and deep features. Viewpoint in-

variance is a major challenge in model recognition. To
address this, in recent years, some methods based on
3D vehicle models [5][6] have been proposed. These
methods can somewhat overcome the impact of ve-
hicle angle on classification accuracy, but extracting
3D vehicle models requires significant computational
resources.

Vehicle retrieval based on license plates and at-
tribute recognition techniques is similar to TBIR
(Text-Based Image Retrieval) methods, and content-
based vehicle retrieval technology has gradually
gained attention in academia. Feature representation
has become a key research focus in the field of specific
object retrieval. The success of CNNs in areas such
as face recognition, visual search, and pedestrian re-
identification has led to the application of CNNs in
vehicle retrieval. For example, FACT [7], NuFACT
[8], and DRDL [9] use AlexNet [10], VGGNet [11],
and GoogLeNet for vehicle feature extraction, respec-
tively.

At the same time, some researchers have explored
optimizing features based on inherent vehicle charac-
teristics. For instance, Xueyuan Wei [12] proposed a
vehicle retrieval method based on angle discrimina-
tion, distinguishing between forward-facing and side-
facing vehicles based on their angles. Forward-facing
vehicles are retrieved using B-00SIFT features com-
bined with block-matching methods, while side-facing
vehicles are retrieved using a fusion of color and shape
features. Awei Chen [13] argued that unique deco-
ration information on vehicle windows can be lever-
aged to differentiate vehicles; consequently, vehicle
retrieval is based on window features.

To address the issue of vehicle re-identification
from all viewpoints, Zhou [14]and others combined
CNN and LSTM networks to infer hidden viewpoint
features of vehicles. Jakub and colleagues [15]-[17] fo-
cused on optimizing the initial images, improving fea-
ture representation accuracy by obtaining unfolded
3D vehicle models.

2.2 Cross-modal retrieval methods

Based on inference-phase time complexity, existing
cross-modal retrieval methods can be broadly classi-
fied into two categories: feature-based methods and
score-based methods. This section will discuss the
current research on both feature-based and score-
based methods, and provide a summary of the current
state of vehicle cross-modal retrieval.

A feature-based cross-modal retrieval method
refers to a model where the primary output consists
of feature vectors for both images and text in a shared
space. Images and text can independently propagate
through their respective branches in the model, with
no essential interaction between the image and text
branches. During the testing phase, for a test set
of n image-text pairs, the time complexity of feature-
based methods is O(2n) (assuming the time complex-
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Table 1: Current research findings on vehicle cross-modal retrieval.

ity for processing images or text through their respec-
tive branches is O(1), and ignoring the time complex-
ity for calculating similarity between image and text
features). Given one query and a retrieval set con-
taining n samples, if the features of the retrieval set
have been pre-extracted, the time complexity of the
query is O(1).

Grid-based feature methods extract image fea-
tures corresponding to uniform grids of equal-sized
image regions. Yu et al. [18]proposed Deep Dis-
crete Cross-Modal Hashing with Multiple Supervi-
sion (DDCHms) to enhance semantic consistency
across heterogeneous modalities. By jointly super-
vising similarity, instance label similarity,and class
similarity, DDCHms improves cross-modal retrieval
performance. DDCHms also designs different discrete
optimization strategies to separately optimize class-
specific and unified hash codes, avoiding optimization
errors and ensuring the quality of the learned hash
codes. Zhu et al. [19] introduced the Iterative Uni-
modal and Cross-modal Clustered Contrastive Learn-
ing (IUCC-CL) method for cross-modal retrieval.
This method uses pre-trained ViT and BERT models
to encode images and text, applying unimodal con-
trastive learning. Difficult negative samples are se-
lected from the output contrastive embeddings, fol-

lowed by cross-modal contrastive learning. Yuan et
al. [20] proposed the Semantic-embedding Guided
Graph Network (SGGN), which incorporates a se-
mantic embedding-guided network to integrate global
and local information from images or text. They also
introduced a discriminator to distinguish the modal
information of features. Subsequently, a graph aggre-
gation network is employed to obtain the semantic
similarity between images and text.

Methods based on region features use BUA as the
visual branch, representing input images with a set of
region features, achieving better performance com-
pared to grid-based feature methods. For example,
Zhang et al. [21]found that existing VLP research
mainly focuses on improving vision-language fusion
models without addressing improvements to object
detection models. Their research highlights the im-
portance of visual features in VLP models. There-
fore, they explored ways to improve visual represen-
tations in Vision-Language Models (VinVL) ,devel-
oping an enhanced object detection model by enrich-
ing visual target and attribute categories, increasing
model size, and pretraining on a larger-scale object
detection dataset. They then input the region fea-
tures generated by the new object detection model
into the Oscar model for pretraining and fine-tuning
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Fig.2: Framework of VhAR-Net for fine-grained text-to-image vehicle retrieval.
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Fig.3: A Hierarchical Taxonomy of Vehicle Compo-
nents and Associated Objects.

it on a wide range of downstream tasks. Liu et al. [22]
proposed the Cross-modal Semantic Importance Con-
sistency (CSIC) network, which incorporates image
region features and positional information into the
image encoder, while integrating text tokens and po-
sitional information into the text encoder. These are
jointly fed into a multimodal Transformer for train-
ing. They also introduced the CSIC module, which
separately integrates intra-modal and inter-modal at-
tention for both image and text. Park et al. [23]
proposed the Semantic Alignments Module (SAM),
which treats the image region features and text tokens
output by the VLP transformer encoder as nodes. By
calculating attention coefficients between nodes from
different modalities, they update all the nodes and
then feed them into a binary classifier to measure the
semantic similarity between images and text.

In cross-modal vehicle retrieval, different mod-
els exhibit distinct strengths and limitations. With
rapid advancements in deep learning and cross-modal
techniques, increasing research has focused on en-
hancing vehicle-image and text-description matching,
thereby supporting applications in intelligent trans-
portation and public safety. For example, Ding et al.
proposed MCANet, a multi-scale, multi-view cross-
modal alignment network, and built the T2I-VeRi
text-to-image vehicle cross-modal retrieval bench-
mark. This method effectively reduces the modal-
ity gap between vehicle images and textual descrip-
tions, achieving superior retrieval accuracy compared
to existing approaches. Table 1 presents various mod-
els, including CNN-based, Transformer-based, and
hybrid methodologies, encompassing concepts rang-
ing from visual feature extraction to multimodal fu-
sion.By comparing the characteristics and limitations
of these models, the table offers useful guidance for
future research and model design, especially in terms
of retrieval accuracy, speed, and scalability. In re-
cent years, with the rapid development of cross-modal
learning and deep visual-semantic alignment tech-

niques, text-to-image vehicle re-identification (T2I-
VeRi) retrieval has gradually become an important
research direction in intelligent transportation and
public safety. Although significant progress has been
made in visual feature extraction, multimodal align-
ment, and semantic modeling, existing research still
faces several limitations and challenges overall:(1) In-
sufficient fine-grained semantics and part-level align-
ment. Most models prioritize global matching of the
vehicle’s overall appearance and lack semantic align-
ment mechanisms for fine-grained components such
as front faces, taillights, logos, and stickers. Lo-
cal terms in text descriptions (e.g., ‘scratches on the
right rear door’) are frequently challenging to accu-
rately localize within the visual space. Consequently,
this constrains the model’s discriminative capability
in scenarios involving highly similar modified vehi-
cles or occluded scenes. (2) Limited model struc-
ture and loss design. Mainstream models primarily
rely on contrastive or triplet losses and lack multi-
granularity consistency constraints and cross-modal
semantic consistency optimization mechanisms. Al-
though the TIDCB model introduced CMPM-Triplet
loss in the pedestrian domain to enhance text-image
matching accuracy, there is still no established opti-
mization paradigm for complex semantics in the ve-
hicle domain. In summary, the development of vehi-
cle cross-modal retrieval remains in the transitional
phase from ‘semantic understanding’ to ‘semantic us-
ability.’

3. METHODOLOGY

This study focuses on cross-modal vehicle retrieval
in real-world traffic scenarios: utilizing text descrip-
tions (e.g., color, components, location, and small ob-
ject cues) to search for target vehicle images across
multiple viewpoints and time periods, as illustrated
in Figure 2.

In this work, we propose the VhAR-Net framework
to explicitly enhance the representation of small yet
semantically important objects that are often over-
looked by retrieval models. VhAR-Net comprises a
ResNet-50-based image encoder and a Transformer-
based text encoder followed by a residual text CNN,
with two primary architectural extensions. First,
a cross-modal attention module is integrated atop
the global image and text features, enabling textual
details (e.g., ‘tissue box’ or ‘plastic bag’) to adap-
tively reweight visual responses, thereby achieving
finer cross-modal alignment around small objects.
Second, an auxiliary small-object classification head
is incorporated into the image branch and supervised
with automatically constructed micro-object labels,
encouraging the visual encoder to enhance sensitiv-
ity to the presence or absence of these subtle cues.
The entire network is trained end-to-end with con-
trastive loss and auxiliary small-object loss, enabling
VhAR-Net to focus more effectively on discriminative
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micro-object semantics.

In the following sections, we first describe the
dataset information and preprocessing pipeline in
Section 3.1. Section 3.2 details the cross-modal at-
tention mechanism, while Section 3.3 introduces the
text feature extraction module. Section 3.4 presents
the image feature extraction pipeline. Finally, Sec-
tion 3.5 details the loss function formulation utilized
for training the proposed multimodal model.

3.1 Dataset

This study uses the public dataset T2I-VeRi for
experiments. T2I-VeRi is an extended text-image ve-
hicle re-identification benchmark based on the public
VeRi-776 dataset, designed for the fine-grained cross-
modal retrieval task of finding vehicles in large-scale
galleries using natural language descriptions. This
benchmark retains the 776 vehicle identities from
VeRi-776, along with real-world conditions such as
multi-camera setups, complex lighting, occlusions,
and varying viewpoints, while also selecting multi-
view samples for each vehicle and providing rich nat-
ural language descriptions (each sentence contains
at least 15 words, with an average length of ap-
proximately 27 words). Performance assessment uti-
lizes Rank-k and mAP metrics following public pro-
tocols, thereby enabling comparative analysis and re-
producibility across vehicle Re-ID, general image-text
matching, and large-scale pre-trained models. Com-
pared to traditional image-to-image vehicle datasets
or text-to-track datasets, T2I-VeRi is more suited for
static appearance matching scenarios, where vehicles
are searched based on visual cues. It incorporates di-
verse natural language descriptions and fine-grained
multi-view variations, making it ideal for research-
ing multi-scale, multi-view semantic alignment and
robust retrieval. The dataset contains images and
their corresponding text descriptions. To address the
particularities of small objects, we carried out the
following tasks during the data preprocessing stage:
(1) The recognition of small objects relies on accurate
keyword selection. Leveraging the semantic hierarchy
of our Figure 3, we automatically filter keywords for
small objects to ensure that the selected terms have
clear semantic definitions and are highly relevant to
the concept of small objects. The specific selection
criteria are as follows: we focus on objects occupying
small areas in images, typically appearing at low res-
olution and challenging to capture accurately. These
objects frequently exhibit irregular shapes or contain
features critical for recognition. Concurrently, we se-
lect highly descriptive keywords such as ‘box,’ ‘tis-
sue,’ and ‘rack’ to effectively characterize the visual
properties of small objects. By automatically extract-
ing keywords through WordNet’s semantic network,
we ensure that selected terms demonstrate robust
generalization capability and semantic consistency,
enabling comprehensive coverage of small object cat-

egories across diverse scenarios. (2) Label Noise Han-
dling Method: Since there may be label noise in small
object recognition tasks, we adopted robust loss func-
tions to address this issue, using InfoNCE Loss to
enhance the model’s robustness to noisy labels and
improve the alignment of cross-modal features. (3)
Small object recognition is achieved through keyword
matching in textual descriptions. The specific pro-
cedure involves converting all textual descriptions to
lowercase. Subsequently, if any small object keywords
(e.g., ‘box,’ ‘tissue,’ etc.) are present in the text, a
flag obj flag = 1 is generated, indicating the presence
of small objects in the image.

3.2 Cross-Modal Attention Mechanism

In the task of cross-modal image-text retrieval, the
cross-modal attention mechanism aims to enhance
the interaction between image and text features, en-
abling better alignment between the two. To achieve
this, we introduced a cross-modal attention module
that improves the model’s performance in image-text
retrieval by calculating the relationship between im-
age and text features. Specifically, the operational
principle of the cross-modal attention mechanism can
be decomposed into the following steps:

In the cross-modal attention mechanism, image
and text features are each transformed through linear
mappings to generate queries (Query), keys (Key),
and values (Value). Image features generate the
query (Query), while text features generate the key
(Key) and value (Value). This mapping process en-
sures that both image and text features enter the
same representation space, allowing for the calcula-
tion of their correlation. Through this process, the
model maps both image and text features into a uni-
fied feature space, facilitating subsequent attention
computations.

The core step of the cross-modal attention mech-
anism involves computing the similarity between im-
age and text features. This is accomplished by cal-
culating the dot product between the image query
(Query) and text key (Key), yielding the attention
score. Through application of the softmax function,
the score is normalized, establishing weighted rela-
tionships for each image and text feature. This step
enables the model to effectively capture the matching
relationship between image and text features, where
the attention score determines their contribution to
the final output.

After computing attention scores, the model ap-
plies these weights to text values through weighted
summation, creating a cross-modal representation
that integrates image-text relationships. A residual
connection adds this output to original image fea-
tures, preserving visual information while incorporat-
ing textual details. This maintains feature integrity
while enhancing cross-modal interactions. Addition-
ally, the model uses multi-scale text feature extrac-



276 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.20, NO.2 April 2026

tion, processing both low-level details and high-level
semantics simultaneously to establish precise image-
text correspondences.

Through the cross-modal attention mechanism,
image and text features are effectively fused during
training, enhancing their alignment. The integration
of multi-scale text features enables the model to pro-
cess both global information and finer details of im-
ages and text with greater accuracy. This capability
is particularly crucial for small object retrieval tasks,
as the model must effectively identify small objects in
images and achieve precise matching based on textual
descriptions. Via this mechanism, the model accom-
plishes finer-grained image-text alignment, thereby
improving the overall performance of cross-modal re-
trieval.

3.3 Image feature extraction

In the implementation, the image branch em-
ploys ResNet image 50 as the backbone network, con-
structed upon an ImageNet pre-trained ResNet-50.
The stride of the fourth residual stage (layer 4) is
modified to 1×1 to maintain higher spatial resolu-
tion. Input images are first processed in dataset.py
with resize, random crop, random horizontal flip, and
normalization, and are then fed into ResNet-50 to
produce four feature maps x1, x2, x3, x4. During for-
ward propagation, VhAR-Net mainly uses x3 and x4:
adaptive max pooling is applied to x3 to obtain a first-
level global image feature img f3; x4 is split evenly
along the height into six horizontal stripes, each stripe
is adaptively max-pooled to form 6 local image fea-
tures img parts, and the complete x4 is also pooled
to obtain the final global feature img f4. These multi-
scale global and local image features are subsequently
input into the cross-modal attention and feature en-
hancement modules. Additionally, the global feature
img f4 is connected to a small-object binary classifica-
tion head that predicts the presence of small objects
described in the text.

3.4 Text feature extraction

In the text branch, captions are first tokenized by
a HuggingFace tokenizer into input ids and attention
mask, with the sequence length fixed to max length.
In the model, text embed is a pre-trained BERT (for
English) or WangchanBERTa (for other languages)
with frozen parameters. Given txt ids and txt mask,
it outputs the last hidden states with shape [B, L,
H]. This tensor is then transposed to [B, H, L] and
expanded to [B, H, L, 1], which serves as a text fea-
ture map. A txt proj block made of a 1×1 con-
volution, batch normalization, and ReLU maps the
channels to match the first convolution layer of the
text CNN ResNet text 50. ResNet text 50 is a multi-
branch residual network that takes this text feature
map as input and produces a main feature map t1

and six branch features t2. . .t7 with different recep-
tive fields. Adaptive max pooling applied to t1 yields
the global text feature txt f3, while pooling on each
branch feature produces a set of local text features
txt parts. These local features are subsequently av-
eraged along the stripe dimension to obtain a unified
global text semantic vector txt f4. Finally, txt f3,
txt parts, and txt f4 are matched with image fea-
tures at corresponding scales and input into the cross-
modal attention and multi-scale alignment losses to
achieve fine-grained image-text matching.

3.5 λCTIO Loss function

To ensure cross-modal alignment, ranking separa-
bility, intra-class compactness, and fine-grained se-
mantic constraints within a unified embedding space,
this paper uses a joint objective function composed
of four complementary terms:

L = λcmpmLcmpm + λtriLtri + λinfoNCELinfoNCE

+ λBCELBCE

(1)

Here, λcmpm, λtri, λinfoNCE and λobj are non-
negative weighting coefficients that balance the con-
tribution of each loss term, and are set empirically
according to validation performance. In terms of
loss design, VhAR-Net introduces four complemen-
tary losses and optimizes them jointly. First, the
CMPM loss constrains image and text projections in
a shared feature space through distribution matching,
pulling cross-modal features of the same vehicle closer
and pushing those of different vehicles apart. Second,
the triplet loss with hard sample mining shapes the
metric structure at the sample level by reducing the
distance between positive image–text pairs and en-
larging the distance to negative pairs, which strength-
ens the discriminative power of the retrieval ranking.
Third, the InfoNCE contrastive loss follows the idea
of instance-level contrastive learning, treating the im-
age and text features of the same sample as a positive
pair and forming many negative pairs with other sam-
ples, thereby improving feature discrimination and
robustness. Finally, the auxiliary small-object clas-
sification loss directly supervises the network to pre-
dict whether the small objects mentioned in the de-
scription are present, guiding the visual encoder to
explicitly focus on cues from micro-objects such as
tissue boxes and plastic bags while still modeling the
overall appearance. These four losses act together on
multi-scale features, enhancing the model in global
alignment, local details, and small-object semantics,
and thus significantly boosting text-to-image vehicle
retrieval performance.

CMPM Loss The original model uses the
Cross-Modal Projection Matching (CMPM) loss[33].
CMPM aims to strengthen the alignment between im-
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ages and texts by minimizing the Kullback–Leibler
(KL) divergence between two distributions: the
projection-based similarity distribution and a nor-
malized matching distribution defined over all pos-
itive and negative pairs within a mini-batch. Con-
cretely, the model first normalizes the image and text
embedding vectors and then computes their scalar
products to measure similarity—the more similar the
features are, the larger the scalar projection value.
Next, it builds a label mask Mt,i for each pair of
samples, whereMt,i = 1 means samples t and i share
the same label, and Mt,i = 0 means they have dif-
ferent labels. Using this mask, the model defines a
normalized matching distribution and computes the
cross-entropy between this true matching distribu-
tion and the projection-based distribution. Finally,
CMPM losses are computed for both image-to-text
and text-to-image directions and used as the training
objective.

For each anchor i in the batch, construct the same-
class soft distribution and the predicted distribution.

Pi→j =
1[yi = yi]∑
k 1[yi − yk]

Qi→j =
exp(sij/τ )∑
k exp(sik/τ )

(2)

Minimize the KL-divergence between the two dis-
tributions, and perform bidirectional matching (i2t
and t2i):

Lcmpm =
1

B

∑∑∑
i

KL(Pi→∗‖Qi→∗)

+
1

B

∑∑∑
j

KL(P∗→j‖Q∗→j)

(3)

Triplet Loss The triplet loss [34] is constructed
on ordered triples of samples (ra, rp, rn). In each
triple, (ra, rp)forms a positive pair whose labels sat-
isfy ya = yp,, while (ra, rn)constitutes a negative
pair with ya 6= yn. For every such triple, the loss is
designed to encourage the distance from the anchor to
the negative sample to exceed the distance from the
anchor to the positive sample by at least a specified
margin m ∈ R.

Lt(ra, rp, rn) = {‖ra−rp‖2−‖ra−rn‖2+m}+
(4)

Here, {·}+ denotes the hinge operator, which re-
turns zero when its input is negative and equals the
input itself otherwise. In our experiments, we adopt
a soft-margin variant of the standard triplet loss,
where the hinge term is replaced by a softplus func-
tion {x+m}+=log (1+exp (x)), in order to allevi-
ate optimization issues arising from the non-smooth
objective [35]. Moreover, as recommended in [36],
the triplets are constructed directly on the GPU to

mitigate potential problems related to the sampling
procedure.

InfoNCE Loss[37] Both the encoder and the autore-
gressive network are optimized simultaneously using
a Noise-Contrastive Estimation (NCE)–based objec-
tive, which we denote as InfoNCE. Specifically, given
a collection X = {x1, . . . , xN} of N randomly
drawn candidates that includes a single positive ex-
ample sampled from p(xt+k|ct) and N − 1 nega-
tive examples sampled from the proposal distribution
p(xt+k), we optimize the following objective:

LN = −EX

[
log

fk(xt+k, ct)∑∑∑
xj∈X fk(xj, cf)

]
(5)

By minimizing this objective, the function
fk(xt+k, ct) is driven to approximate the density ra-
tio specified in Equation 2. This relationship can be
understood as follows. The objective in Equation (4)
corresponds to a categorical cross-entropy loss for cor-
rectly identifying the positive example, where fk∑∑∑

Xfk

represents the probability predicted by the model.
Let us denote the optimal probability associated with
this loss by p(d = i|X,ct), where [d = i] is an in-
dicator variable that equals 1 if xi is the positive in-
stance. Under this formulation, the probability that
a sample xi is generated from the conditional distri-
bution p(xt+k|ct), as opposed to the proposal distri-
bution p(xt+k), can be derived as follows:

p(d = i|X,ct) =
p(xi|ct)

∏∏∏
l 6=i p(xl)∑∑∑N

j=1 p(xj|ct)
∏∏∏

l 6=j p(xl)

=
p(xi|ct)
p(xi)

N∑
j=1

p(xj)

p(xj|ct)

(6)

Consequently, the optimal form of f(xt+k, ct)in

Equation 4 is proportional to
p(xt+k|ct

p(xt+k)
and is inde-

pendent of the number of negative examples N − 1.
Although this quantity is not explicitly needed dur-
ing training, it nevertheless enables us to compute the
mutual information between ct and xt+k as follows:

I(xt+k, ct) ≥ log (N)−LN (7)

This bound becomes increasingly tight as N in-
creases. Furthermore, note that minimizing the In-
foNCE objective LN is equivalent to maximizing a
lower bound on the mutual information. Additional
details are provided in the Appendix.

Binary Cross-Entropy In this study, we use Binary
Cross-Entropy Loss (BCE) for small object supervi-
sion learning, with the goal of training the model to
determine whether an image contains small objects
based on keywords in its description. To achieve this,
we first define the small object flag (obj flag) and use
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it as a supervisory signal during the training process.

For each image, we generate obj flag by checking
whether its description contains predefined small ob-
ject keywords (such as box, tissue, rack, etc.). Specif-
ically, we determine obj flag using the following rule:

obj flag

=

{
1 if keywords∩ description 6= ∅∅∅
0 otherwise

(8)

obj flag = 1 when the image description intersects
with the keyword set, meaning the description con-
tains at least one small object keyword. obj flag =
0 when the image description does not contain any
small object keywords.

During the training process, we use the Binary
Cross-Entropy Loss (BCE) to optimize the model,
enabling it to predict whether an image contains
small objects based on the relationship between im-
age features and text descriptions. Specifically, we
use obj flag as the target label and compare it with
the model’s prediction (i.e., the probability that the
image contains a small object) to calculate the loss.
The formula for the BCE loss function is as follows:

LBCE = [y · log (ŷ) + (1− y) · log (1− ŷ)] (9)

In this, y represents the true label, which equals
obj flag (0 or 1), indicating whether the image con-
tains a small object. ŷ is the model’s predicted value,
representing the probability that the image contains
a small object. The BCE loss function optimizes the
model’s parameters by calculating the difference be-
tween the model’s prediction ŷ and the true label
y. During training, the model learns to accurately
predict whether an image contains a small object by
minimizing the BCE loss function.

By introducing small object supervision, we help
the model focus on the regions of the image that
contain small objects, especially when dealing with
objects that occupy smaller areas within the image.
The BCE loss function directly optimizes obj flag, en-
abling the model to accurately predict whether an
image contains a small object, thus improving per-
formance in cross-modal retrieval tasks.

This approach allows us to effectively leverage the
relationship between text descriptions and image fea-
tures, enhancing the model’s ability to align small
objects across images and text. This method is par-
ticularly effective in small object retrieval tasks, as
it enables the model to make fine-grained image-text
matching in complex scenarios.

4. EXPERIMENTS

4.1 Experimental Setup

The experiments were conducted on the open T2I-
VeRi dataset [26]. We employed the identical dataset
split used in MCANet [26]. The dataset was par-
titioned into training and test sets based on vehicle
IDs, ensuring that different images of the same vehicle
would not appear across different sets, thereby guar-
anteeing a fair evaluation. Each sample provides a ve-
hicle ID, an image path, and several human-written
English captions. During preprocessing, the image
branch resized all pictures to 224 × 224 and normal-
ized them with ImageNet statistics. The text branch
tokenized the captions with the BERT-Base-Cased
tokenizer, clipping or padding every sequence to 64
tokens.

We trained the model with PyTorch 2.7.1 on an
RTX 4060 GPU, CUDA 11.8, Python 3.10, and Tor-
chaudio 2.7.1. Using the AdamW optimizer at an ini-
tial learning rate of 2 × 10−4 and a batch size of 16,
we ran up to 80 epochs. The initial 10 epochs serve as
a warm-up phase for the learning rate. Subsequently,
we transition to one of MultiStepLR, StepLR, or
ReduceLROnPlateau—depending on which scheduler
the validation curve favors—and reduce the rate by
a factor of 0.1 whenever the schedule triggers. The
loss combines InfoNCE contrastive loss (temperature
0.07), and a small-object classification auxiliary term,
so image features, text features, and their cross-modal
alignment are updated together. We track valida-
tion Rank-1 and let Early Stopping cut training when
this score plateaus; ModelCheckpoint keeps the best
weights as the final model.

4.2 Baseline Methods

In this study, we propose the VhAR-Net model
to improve the alignment between images and text
in cross-modal retrieval tasks. To validate the ef-
fectiveness of our model, we select four representa-
tive baseline models: CLIP, MCANet, TIPCB, and
TIDCB. As shown in Figure 4. These models have all
achieved good performance in cross-modal retrieval
tasks, but their architectures and optimization meth-
ods differ significantly. CLIP is a large-scale pre-
trained vision-language model that uses a contrastive
learning framework trained on 400 million image-
text pairs. It maps vision and language into a uni-
fied embedding space through a dual-tower architec-
ture, demonstrating strong generalization capabilities
in zero-shot learning and cross-modal retrieval tasks.
MCANet is a multi-scale feature extraction network
that employs a view mask alignment strategy to align
image and text features via the MB-InfoNCE loss
function, exhibiting superior performance in vehicle-
text matching tasks. TIPCB integrates part-based
feature extraction with BERT as the text feature ex-
tractor and utilizes CMPM loss to optimize the align-
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ment between image and text features, demonstrat-
ing advantages in person-text matching tasks.TIDCB
improves upon TIPCB by replacing the text encoder
from BERT to RoBERTa and proposing the CMPM-
Triplet loss function, achieving better performance in
person-text retrieval tasks.

4.3 Ablation Results and Analysis

To comprehensively evaluate the performance of
VhAR-Net, we design ablation experiments to val-
idate the effectiveness of the cross-modal attention
mechanism, feature enhancement module, and small-
object head, as well as to analyze the impact of differ-
ent loss functions on model optimization. The small-
object head and Obj BCE Loss form a complemen-
tary ’detection-optimization’ closed-loop mechanism.
The small-object head enhances the model’s percep-
tion of small-scale targets through high-resolution
feature maps and specialized anchor design. Small-
object detection tasks are inherently challenged by
severe foreground-background class imbalance, which
traditional loss functions struggle to optimize effec-
tively. Obj BCE Loss is specifically designed to ad-
dress this issue by focusing on hard-to-classify sam-
ples while suppressing gradients from easy back-
ground samples, thereby enhancing the accuracy of
small-object bounding box classification. However,
this loss function necessitates high-resolution features
from the small-object head as its optimization target.
Consequently, we exclude ablation scenarios that sep-
arate the small-object head from Obj BCE Loss.

Accordingly, the ablation experiments are orga-
nized into eight groups, differentiated by the presence
or absence of the small-object classification head. We
evaluate the performance of different model combina-
tions on the T21-VeRi public dataset for vehicle re-
trieval tasks, as shown in Table 2. The experimental
results indicate that the combination of Cross-Modal
Attention + InfoNCE Loss achieves notable perfor-
mance, particularly in terms of Rank-1 and mAP. For
example, the combination of CMPM Loss + Triplet
Loss + InfoNCE Loss achieves a Rank-1 score of 93.82
and a mAP of 35.08, demonstrating strong retrieval
capability for specific vehicle IDs. However, three
of the groups with near-perfect scores suggest po-
tential overfitting, especially when the training data
contains vehicles with similar appearances. The high
scores of these models may be specific to certain ve-
hicle IDs, lacking generalization to other IDs. We ob-
served a significant drop in performance for Rank-5
and Rank-10, indicating that the model overly re-
lies on specific vehicle IDs and fails to generalize
effectively to others. By incorporating feature en-
hancement and small-object head strategies, the per-
formance of several model combinations was signifi-
cantly improved, particularly in tasks involving small
object recognition and complex backgrounds. For
instance, after integrating feature enhancement, the

CMPM Loss + Triplet Loss + InfoNCE Loss combi-
nation achieved a Rank-1 score of 39.64 and an mAP
of 16.73, highlighting the crucial role of feature en-
hancement in improving the model’s robustness and
adaptability. While some combinations achieved high
Rank-1 scores, we recommend selecting model com-
binations that maintain stable performance across
Rank-1, Rank-5, Rank-10, and mAP metrics. For
example, the CMPM Loss + Obj BCE Loss combi-
nation scored 77.09% in Rank-1, 97.53% in Rank-
5, 99.73% in Rank-10, and 28.03% in mAP. These
combinations not only maintain high stability across
various metrics but also effectively avoid overfitting,
making them more suitable for broader datasets and
practical applications.

4.4 Comparison with State-of-the-Art

Under identical experimental conditions, we
trained MCANet, TIPCB, TIDCB, and CLIP on the
publicly available T2I-VeRi dataset and conducted
a comprehensive performance comparison between
VhAR-Net and existing methods. As shown in Figure
5,VhAR-Net outperforms all other methods. Specif-
ically, VhAR–Net achieves 77.09%, 97.53%, 99.72%,
and 28.03% on Rank-1, Rank-5, Rank-10, and mAP
metrics, respectively, significantly surpassing all base-
line methods. Compared to MCANet, VhAR-Net
shows an improvement of 52 percentage points on
Rank-1.

The performance of the baseline methods can be
analyzed as follows. MCANet (Rank-1: 25.1%, mAP:
18.1%), which was specifically designed for vehicle
scenes, performs the best among the baselines. How-
ever, its multi-scale feature extraction strategy still
has limitations when it comes to fine-grained small-
object recognition. Both TIPCB (Rank-1: 21.5%,
mAP: 12.7%) and TIDCB (Rank-1: 15.1%, mAP:
12.8%), which are based on person retrieval meth-
ods, perform poorly in vehicle scenes, indicating the
impact of domain differences on model generaliza-
tion. Although TIDCB improves the text encoder,
its Rank-1 is still lower than TIPCB, suggesting
that RoBERTa may not outperform BERT in under-
standing vehicle-specific terminology. CLIP (Rank-
1: 5.56%, mAP: 12.3%), despite its strong zero-shot
generalization capability, performs the worst on the
T2I-VeRi vehicle dataset, indicating that large-scale
pre-trained models require domain-specific adapta-
tion for professional fine-grained retrieval tasks. Al-
though TIDCB improves the text encoder, its Rank-1
is still lower than TIPCB, suggesting that RoBERTa
may not outperform BERT in understanding vehicle-
specific terminology. CLIP (Rank-1: 5.56%, mAP:
12.3%), despite its strong zero-shot generalization
capability, performs the worst on the T2I-VeRi ve-
hicle dataset, indicating that large-scale pre-trained
models require domain-specific adaptation for profes-
sional fine-grained retrieval tasks. The fundamental
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Fig.4: Comparison of MCANet, TIPCB, TIDCB, CLIP, and VhAR-Net Architecture.
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Table 2: Ablation study results on the T2I-VeRi dataset.(a).

Table 2: Ablation study results on the T2I-VeRi dataset.(b(a))
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Table 2: Ablation study results on the T2I-VeRi dataset.(b(b))

Fig.5: Comparison of retrieval performance among
four models on the T2I-VeRi dataset.

reason VhAR-Net significantly outperforms the base-
line methods is that existing methods lack special-
ized design for small objects. In contrast, VhAR-Net
compensates for this deficiency through the synergy
between the small-object head and Obj BCE Loss,
achieving breakthrough performance improvements
in vehicle image-text retrieval tasks.

4.5 Retrieval Results

On the public T2I-VeRi dataset, we selected 20
text queries and conducted retrieval experiments
using the top-five optimal model configurations to
systematically evaluate the performance of different
module combinations in real-world retrieval scenar-
ios. As shown in Table 3, the five configurations
ranked by Top-1 accuracy are as follows: Cross-
Modal Attention + InfoNCE Loss (75%), Cross-
Modal Attention + Feature Enhancement + InfoNCE
Loss (70%), Cross-Modal Attention + Triplet Loss
+ InfoNCE Loss (65%), Cross-Modal Attention +
Small-object Head + CMPMLoss + Obj BCE Loss
(60%), and Cross-Modal Attention + Small-object
Head + CMPM Loss + Triplet Loss + Obj BCE Loss
(50%).

From the perspective of cumulative match rate,
the second configuration with feature enhancement

Table   3: Performance Comparison of Different Models on Match Results.(a)
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achieves 85% on both Top-5 and Top-10, match-
ing the first configuration, yet, its mismatch rate is
merely 10% (compared to 15% for the first), demon-
strating the best retrieval robustness. After adding
Triplet loss, the third configuration drops to 65%
in Top-1 accuracy, suggesting that multiple con-
trastive losses may introduce excessive regularization.
The fourth and fifth configurations, which incorpo-
rate small-object supervision, further decline to 60%
and 50% respectively. Notably, the fifth configura-
tion shows performance degradation from loss stack-
ing without additional modules, confirming triple-
loss redundancy. Importantly, all five configurations
achieve at least 80% cumulative match rate at Top-10,
indicating cross-modal attention as a core component
effectively guarantees fundamental retrieval capabil-
ity.

To analyze model behavior differences across query
complexity variations, we selected two representative
examples for detailed examination. Figure 6. Query
1 (short text): ‘A silver family sedan with several
blue annual inspection marks in the upper left corner
of the front.’ This query includes three key attributes
(color, vehicle type, local feature) with low informa-
tion density. The Cross-Modal Attention + InfoNCE
Loss model ranks the target at Top-1 (0.8918), cap-
turing core visual attributes efficiently. The Cross-
Modal Attention + Feature Enhancement + InfoNCE
Loss and Cross-Modal Attention + Triplet Loss + In-
foNCE Loss models rank at Top-2 and Top-3, respec-
tively, also retrieving relevant results but with de-
creasing precision, consistent with the 70% and 65%
Top-1 accuracy distribution in Table 3. In this sce-
nario, the model can complete matching without com-
plex detail parsing, and the instance discrimination
characteristic of InfoNCE loss demonstrates high ef-
ficiency. Red highlights shows the correct matches
with same vehicle ID.

Table    4: Efficiency Analysis: Inference Speed vs. 
Model Size.

Metric Value
Inference Time 23.5 ms per sample

Query Per Second 42.6 QPS
Memory Footprint 2.1 GB
Total Model Size 47.3 M parameters

FLOPs 8.9 GFLOPs

Query 2 (long text): ‘A full-body black SUV with
an ill-fitting luggage rack, a thin inspection logo on
the upper right corner of the front windshield, a sil-
ver trim strip on the lower edge of the window, and
two horizontal silver trim strips under the side body.’
This query contains six fine-grained attributes, plac-
ing higher demands on detail parsing capability. The
Cross-Modal Attention + InfoNCE Loss model once
again ranks at Top-1 with a score of 0.8229, vali-
dating its stability in handling complex descriptions.

Although the Cross-Modal Attention + Small-object
Head + CMPM Loss + Obj BCE Loss model shows
a stronger response to local features such as ‘thin in-
spection logo’ and ‘luggage rack, ’ its overall ranking
only reaches Top-4, matching its 60% Top-1 accuracy
in Table 3, reflecting the limitation of small-object
supervision in global-local feature fusion.

These results indicate that short-text queries rely
on rapid capture of key attributes, while long-text
queries require complex detail processing capabili-
ties. The modular design supports scenario-adaptive
configuration: InfoNCE loss is suitable for precise
matching, feature enhancement improves robustness,
and small-object supervision provides complementary
constraints for specific fine-grained tasks.

To validate the practical deployment feasibility of
VhAR-Net, we first observe that loading the model
weights into memory is a one-time initialization pro-
cess requiring approximately 10 minutes. Subse-
quently, we evaluated the model’s inference efficiency
on an RTX 4060 GPU. As shown in Table 4, pro-
cessing a single image-text pair requires only 23.5
milliseconds, which meets the throughput require-
ments for most real-time applications once the model
is loaded.

4.6 Limitations of Heuristic obj flag Supervi-
sion

Although VhAR-Net achieves significant improve-
ments on standard evaluation metrics, in-depth anal-
ysis reveals inherent limitations in our heuristic
obj flag supervision mechanism. Specifically, the
small-object head relies on heuristic obj flag super-
vision derived from keyword extraction in text de-
scriptions. While this approach effectively guides the
model to focus on fine-grained local regions, experi-
mental results reveal several critical weaknesses. The
inherent weaknesses of this approach are mainly cat-
egorized into three aspects: dataset dependency, key-
word extraction failures, and sensitivity to missing or
ambiguous keywords.

Regarding dataset dependency, the obj flag mech-
anism requires manually curated keyword vocabular-
ies for specific domains, making transfer to new sce-
narios costly. More critically, keyword extraction is
error-prone. We observed multiple failure patterns
in our experiments: false positive cases (e.g., when
querying “red sedan with sunroof and tissue box in-
side,” “tissue” and “box” are matched separately
while “tissue box” as a composite object is missed;
when querying “white van with paper documents on
dashboard,” “paper” is correctly activated but the
model localizes to the wrong region); false negative
cases (e.g., when querying “blue car with decorative
trim on windows,” “decorative trim” is completely
missed as it is not in the keyword list; when query-
ing” silver pickup with roof rack and cargo loaded,”
the ambiguity between “cargo” and “cargo rack” sup-
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Fig.6: Ten retrieval results (a).
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Fig.7: Ten retrieval results (b).
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presses valid “rack” detection); and composite ob-
ject ambiguity (e.g., “ski box” is split into “ski” and
“box,” causing association failure).

Analysis of sensitivity to missing or ambiguous
keywords shows that when keywords are missing, the
small-object head remains inactive even if visual ob-
jects exist; when keywords are ambiguous, the con-
servatism of heuristic disambiguation rules suppresses
valid detection; when spatial relations are underspec-
ified, even correct keyword matching leads to erro-
neous localization. These cases reveal that heuris-
tic keyword lists cannot cover all linguistic varia-
tions, particularly in crowd-sourced or informal de-
scriptions.

To alleviate these limitations, we propose three
strategies: adaptive keyword expansion based
on WordNet, which dynamically expands queries
through hyponyms and synonyms to reduce false
negatives; context-aware keyword disambiguation,
which replaces single-keyword matching with phrase-
level recognition to resolve composite object ambi-
guity; and soft supervision via attention alignment,
which allows gradient-based alignment between tex-
tual mentions and visual regions to reduce depen-
dency on exact keyword matching. Validation results
show that these mitigation measures can significantly
improve performance on failure cases.

More broadly, these limitations reflect a funda-
mental challenge in vision-language retrieval: text
descriptions are inherently noisy, subjective, and
domain-specific. Our analysis shows linguistic varia-
tions cause 15-20% of test failures, motivating future
work on learnable text parsing modules that jointly
optimize keyword extraction and visual grounding,
reducing reliance on hand-crafted heuristics while
preserving interpretability. In summary, while the
small-object head improves fine-grained retrieval, its
reliance on heuristic supervision introduces brittle-
ness that requires adaptive language understanding
and soft alignment mechanisms for robust real-world
deployment.

5. CONCLUSION

This study investigates natural language–based
vehicle retrieval and develops a unified framework
built on a dual-branch multi-scale representation with
cross-modal alignment. In the visual stream, ResNet-
50 extracts global descriptors and stripe-based local
cues, while the textual stream uses BERT to encode
descriptions and align features through a lightweight
projection module. The two branches are jointly opti-
mized using the proposed λ CTIO loss. Experiments
on the public T2I-VeRi benchmark demonstrate com-
petitive Rank@K and mAP results, and the method
remains particularly stable when retrieval relies on
fine-grained part-level cues. The matching perfor-
mance varies across model variants: the cross-modal
attention approach combined with the InfoNCE ob-

jective achieves a matching rate of 75% at Top-1, 80%
at Top-5, and 85% at Top-10. Variants with feature
enhancement, triplet loss, or small-object head main-
tain 70%–85% performance, indicating solid retrieval
capability. However, two limitations persist: sensi-
tivity to textual description quality and difficulty dis-
criminating similar vehicle models.

Specifically, model performance heavily depends
on textual description accuracy and completeness.
Ambiguous, erroneous, or incomplete text hinders ef-
fective visual-language feature alignment. The model
also shows limited negation handling, often over-
relying on positive features. In large-scale scenarios
with similar vehicle models and colors, discriminative
capability significantly declines, and traditional loss
functions face optimization conflicts. Although in-
troducing the small-object head and Obj BCE Loss
brings some improvement, the model still fails to dis-
tinguish highly similar vehicle instances under ex-
treme viewing angles, severe occlusion, or incomplete
text descriptions.

In future work, we will focus on reducing sensitiv-
ity to text quality by adopting more robust text pre-
processing strategies and more reliable object label-
ing methods. We will explore finer-grained part-level
alignment and hard negative mining to improve dis-
crimination of similar vehicles, achieving stable per-
formance in complex real-world environments.
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