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Abstract. Multi-label image retrieval (MLIR) is more challenging than its single-label
counterpart, as it must capture complex spatial and semantic dependencies among multi-
ple co-occurring objects. Existing approaches often rely on global CNN features or static
label graphs, which fail to explicitly model object-level relations and adapt to image-specific
contexts, leading to suboptimal retrieval performance. To overcome these limitations,
we propose a novel method for Multi-Label Image Retrieval based on Semantic-Aware
Representation Learning and Graph Attention Networks, called MLIR-SARL-GAT.
Object-level visual features are extracted and paired with corresponding label embeddings
to form semantic nodes, while edges are adaptively computed to reflect image-specific re-
lationships. A Graph Attention Network (GAT) is then employed to weigh inter-object
connections, enabling the model to selectively focus on the most informative semantic and
spatial dependencies, that something fixed-graph or purely CNN-based methods cannot
achieve. Trained in a multi-label classification setting, the learned graph-level embeddings
are directly reused for retrieval without extra supervision. Experiments on MS-COCO
and PASCAL VOC show that MLIR-SARL-GAT consistently outperforms state-of-the-
art methods in both classification and retrieval, particularly for images with multiple,
overlapping object categories.
Keywords: multi-label image retrieval, graph attention network, semantic representa-
tion, object-level reasoning

1. Introduction. Multi-label images often depict complex scenes in which multiple objects co-exist,
varying significantly in number, location, size, color, and visual appearance. Retrieving relevant images
from a multi-label image database, referred to as multi-label image retrieval (MLIR), requires matching a
query image with database images that share semantically similar content, particularly in terms of object
co-occurrence and contextual relationships.

As a foundational task in computer vision, MLIR plays a crucial role in enabling higher-level appli-
cations such as image localization, segmentation, attribute recognition, and recommendation systems.
With the advancement of deep learning, convolutional neural networks (CNNs) have achieved notable
progress in image representation and retrieval. However, the semantic complexity and label entanglement
in multi-label images present significant challenges for traditional CNN-based retrieval systems. Specif-
ically, these models struggle to capture the rich contextual dependencies among co-occurring objects,
particularly when object appearances vary or overlap. Moreover, global feature representations tend to
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overlook object-level semantics and inter-object relations, which are critical for accurate retrieval in com-
plex scenes. For example, two images might both contain “person” and “bicycle,” but differ significantly
in their contextual relationships or background scenes, which global features struggle to distinguish. In
[1], Hend A. Elsayed et al. proposed a new method to analyze multiple multimedia elements, including
images, texts and graphics to enhance the accuracy in detecting small objects. Recent studies have sought
to enhance image representation through attention mechanisms and graph-based modeling. For instance,
self-attention has proven effective in emphasizing discriminative regions within an image [2, 3, 4]. Wang et
al. [3] proposed a method to recurrently detect attention regions using RNNs, while Guo et al. [4] intro-
duced visual attention consistency to reinforce important regions across image transformations. However,
these methods primarily focus on visual saliency, without explicitly modeling the inter-label dependen-
cies that are vital for multi-label understanding. To address this, Chen et al. [5] introduced ML-GCN,
a graph convolutional network where labels are embedded into a graph structure and relational depen-
dencies are modeled through label co-occurrence. Building upon this, Ye et al. [6] proposed ADD-GCN,
which dynamically constructs image-specific graphs and integrates object detection, enabling better con-
text modeling. More recently, approaches such as Patch-GAT and semantic-optimal transport methods
[7] have sought to align visual features with semantic embeddings, enhancing semantic consistency in
classification and retrieval tasks. Although the above methods have achieved remarkable improvements
in the multi-label image retrieval task, these methods still have limitations such as: object structure
modeling is underutilized, as many models rely on global features or static label graphs, failing to adapt
to the unique object compositions of each image; label relations are typically static, derived from global
co-occurrence statistics, which are insufficient for rare or novel object combinations in real-world scenes;
visual-semantic alignment remains incomplete, due to the inherent gap between CNN feature spaces and
semantic embeddings (e.g., word vectors), which can hinder accurate semantic matching during retrieval.

To overcome these limitations, we propose a unified framework called MLIR-SARL-GAT. Our method
first applies an object detector (e.g., YOLOv8) to extract object-level visual features and their associated
label embeddings. We then construct a dynamic semantic graph for each image, where nodes combine
visual and semantic information, edges are adaptively learned through a Graph Attention Network (GAT)
to model contextual relationships among objects. The resulting graph-level embedding is jointly optimized
for multi-label classification and subsequently reused as a semantic descriptor for image retrieval. Multi-
label image features learned through classification are used to measure similarity for retrieval.

Our main contributions include:

• A semantic-aware representation framework that leverages GAT for object-level reasoning, captur-
ing both spatial and semantic dependencies in multi-label images.

• A dynamic graph construction mechanism that builds a semantic graph per image, instead of relying
on fixed co-occurrence statistics.

• Demonstration that classification embeddings can directly support retrieval, eliminating the need
for separate feature learning for CBIR, and yielding competitive performance in both tasks.

The rest of the paper is presented as follows: Section 2 we present related studies on multi-label image
retrieval using representation learning and graph attention networks. Section 3 presents our proposed
method. Finally the experiments and results are described in section 4. Conclusions are given in section
5.

2. Related Works. The task of multi-label image analysis has garnered substantial attention due to
the complexity of modeling images containing multiple co-occurring objects. Early approaches attempted
to model semantic connection-based learning aimed at creating separate classification spaces for each
label [8], combining multi-label learning with contrastive learning to multi-labl image recognition [9]
or model label dependencies using recurrent neural networks (RNNs), treating label prediction as a
sequential process [10]. These methods learn to refine label predictions over time by capturing contextual
dependencies, but they struggle with modeling unordered label sets and complex visual interactions
among objects.

With the success of Graph Convolutional Networks (GCNs) in non-Euclidean data learning [11], nu-
merous studies have proposed building label graphs to encode semantic or statistical correlations between
object categories. Chen et al. [5] introduced ML-GCN, which constructs a global label graph where nodes
are initialized with semantic embeddings (e.g., word vectors), and edges are derived from co-occurrence
statistics. Although effective, such static graphs fail to capture image-specific object relationships and
may overlook rare or coarsely labeled objects.

To address this limitation, several studies have proposed dynamic graph construction, where the label
or object graph is tailored per image. Ye et al. [6] introduced ADD-GCN, an attention-driven framework
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that dynamically generates a graph based on detected objects and contextual relevance, significantly im-
proving classification robustness. Yuan et al. [7] extended this idea by aligning patch-level visual features
with semantic label embeddings using optimal transport and graph attention transformers, leading to
improved multi-label classification and retrieval.

Parallel to these efforts, research on semantic-aware representation learning has grown rapidly. Instead
of relying solely on global CNN embeddings, semantic-aware methods aim to bridge the gap between
low-level visual features and high-level semantic concepts. Works such as PatchCT [8] and TDRG [12]
emphasize aligning features from image patches with corresponding label embeddings, leveraging seman-
tic consistency to enhance representation quality. These approaches often integrate natural language
embeddings (e.g., GloVe or BERT) with vision features, enabling cross-modal understanding and more
precise label prediction.

The Transformer architecture [13], initially developed for sequence modeling, has also demonstrated
strong potential in multi-label image classification. For example, DETR [14] redefined object detection
as a set prediction task using self-attention. TDRG [12] leverages Transformer encoders to capture
long-range dependencies and incorporate dual relation graphs—one for visual relations and another for
semantic label relations—leading to enhanced semantic-awareness in feature learning. Despite these
advances, existing methods still exhibit limitations: (i) static label graphs lack flexibility to adapt to
scene-specific object interactions; (ii) global CNN features do not capture fine-grained spatial structure
among objects; and (iii) visual-semantic embedding misalignment limits the discriminability of learned
features, especially for retrieval.

Recently, Graph Attention Networks (GATs) have emerged as a promising alternative, enabling the
model to assign attention weights dynamically to neighbor nodes during message propagation [15]. This
flexibility allows GAT-based models to capture contextual relationships more accurately and to learn task-
adaptive representations. When applied to multi-label learning, GATs can model interactions between
detected objects or between visual and semantic embeddings—opening new opportunities for object-
centric and label-aware image retrieval systems. In this paper, we propose a novel framework that
integrates these insights by combining object detection, semantic-aware graph construction, and GAT-
based reasoning. Unlike previous works that use fixed label graphs or rely solely on visual cues, our model
constructs a per-image dynamic graph where each node represents a fusion of object-level features and
label embeddings. The use of GAT enables our model to adaptively learn contextual relations, thereby
improving both classification and retrieval performance.

3. Proposed Method. We propose a unified framework called MLIR-SARL-GAT, which jointly tackles
multi-label image classification and retrieval by learning semantic-aware representations. Our method
involves two main stages: SARL GAT, a graph-based feature learning module that models object-level
semantics using attention mechanisms, and MLIR, a retrieval process that reuses the learned embeddings
to identify similar images. In this section, we will present each component in detail.

3.1. Semantic-Aware Representation Learning with Graph Attention. As shown in the first
frame, top of Figure 1, the first step in our semantic-aware representation learning pipeline involves
detecting salient objects in each input image. This is crucial for transforming the image from a global
grid of pixels into a structured set of meaningful entities, each of which becomes a node in the later graph
construction phase. To achieve this, we use a state-of-the-art object detector, we choose the YOLOv8
[16] over prior detectors (Faster R-CNN [17], YOLOv3 [18], DETR [14]) due to YOLOv8 is an anchor-
free detector that predicts bounding boxes, object class probabilities, and confidence scores in a single
forward pass through the network. Its streamlined architecture and decoupled head design enable fast
inference and robust localization of multiple object instances, which is essential in multi-label scenes with
overlapping or small-scale objects. And it has demonstrated competitive performance in both speed and
accuracy on benchmarks such as MS-COCO and PASCAL VOC.

For each image I ∈ RHÖWÖ3, YOLOv8 outputs a set of N object detections: {(bi, ci, si)}Ni=1 where:

• bi = (xi, yi, wi, hi) denotes the bounding box coordinates of the ith object (center, width, height)
• ci ∈ {1, ..., C} is the predicted class label among C predefined categories
• si ∈ [0, 1] is the confidence score for the detection.

We apply non-maximum suppression (NMS) to remove redundant overlapping boxes. Detections with
confidence scores below a threshold τ (e.g., 0.25) are filtered out to reduce noise. Each retained object
region, the bounding box coordinates are used to extract local features from the global feature F, the
object labels will be mapped to a semantic embedding vector through a pre-trained text model (e.g.
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Figure 1. General diagram of the MLIR-SARL-GAT method

Figure 2. Visualization of object detection results using YOLOv8 on the
MS COCO dataset

GloVe, BERT). 2 illustrates the visualization of the process of using YOLOv8 to detect objects with
corresponding boxes, ids and labels on 16 random images taken from the MS COCO dataset.

To enable object-centric reasoning in multi-label scenes, we extract both global contextual features
and localized visual features corresponding to detected objects. This dual representation ensures that
the model benefits from high-level scene understanding as well as fine-grained region-specific details



Multi-Label Image Retrieval Based on Semantic-Aware Representation Learning and GAT 47

3.1.1. Global and local features representation: Global feature representation: Each input image I is
adjusted to a resolution of 448 × 448 and passed through a backbone convolutional neural network
(CNN) for deep visual encoding. Specifically, we use ResNet101 [19] to extract the global feature map.
We remove the linear layer of ResNet101 and obtain the output of “conv5 x”, generating 2048× 14× 14
feature maps:

F = ResNet101(I) ∈ RC×H×W .

where C = 2048, and H,W denote the spatial dimensions 14 × 14. This tensor captures high-level
semantic abstraction while preserving spatial localization. The global feature map F serves as a reference
for deriving localized object-specific features

Following the object detection step using YOLOv8 [16], we obtain a set of bounding boxes {bi}Ni=1,
each associated with a predicted class label ci. To extract visual descriptors aligned with each object
proposal, we apply RoIAlign [20] over the global feature map. This operation extracts a fixed-size region
(e.g., 2048× 7× 7) corresponding to the spatial extent of the detected object:

Vi = RoIAlign(F,bi).

We then apply global average pooling on each Vi to obtain a compact local visual feature vector:

Fi = GAP(Vi).

This feature encapsulates the visual content within the object’s bounding box, contextualized by the
global scene representation learned through the CNN.

3.1.2. Semantic embedding and node vector construction. Each detected object is assigned a predicted
label ci, which is mapped to a semantic embedding vector wi ∈ R300 using pre-trained GloVe embeddings
[21]. These embeddings provide semantic understanding of class labels based on large-scale text corpora.
The visual and semantic features are concatenated to form an intermediate feature:

F̂i = [Fi ∥wi] ∈ R2348. (1)

To harmonize the concatenated feature and project it into a shared latent space, we apply a linear
transformation followed by a non-linear activation, yielding the final node representation:

V’
i = σ(WF̂i + b) ∈ Rd (2)

where σ(·) is an activation function (e.g., ReLU or Sigmoid), and d is a tunable dimension is a tunable
hyperparameter (e.g., d=512 or d=1024) This transformation ensures that the resulting vector V ’

i not
only encodes both appearance and label semantics, but is also normalized and aligned in a space suitable
for attention-based message passing in the Graph Attention Network

3.1.3. Semantic Graph Construction via Optimal Transport. After extracting object-level descriptors
V’

i ∈ Rd, for each detected object (which combine local visual features Fi and label embeddings wi),
we construct a semantic-aware graph to model contextual relationships among objects. This graph serves
as the foundation for learning attention-based representations using Graph Attention Networks. We
construct a semantic-aware graph G = (V,E):

• Nodes V = {u1, u2, , ...uN}: each node corresponds to an object and contains its fused visual-
semantic representation

• Edges E ⊆ V ×V : srepresent semantic relationships between objects, dynamically computed using
optimal transport.

The use of word embeddings, such as GloVe vectors [21], allows the graph to encode semantic proximity
among object classes. For example, the semantic distance between “dog” and “cat” is smaller than
between “dog” and “car,” allowing the model to attend to semantically coherent groupings during message
passing. This design embeds a priori semantic structure into the graph and helps guide attention to
meaningful object interactions. To compute the adjacency matrix A ∈ RNN , we adopt an Optimal
Transport (OT)-based strategy, inspired by recent works [6, 7], where each visual feature Fi is matched
against all class label embeddings {wj}Cj=1, where C is the total number of known classes (e.g., 80 for
COCO dataset). This process defines a semantic cost matrix:

Cij = 1− cos(Fi, wj) (3)

where cos(.,.) denotes cosine similarity. OT then finds a minimal-cost mapping between detected object
features and the label space, effectively modeling how closely the visual appearance of an object aligns
with known semantic categories.
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Edges Aij between detected objects ui and uj are defined based on the alignment of their respective
visual features with shared or related label embeddings. This mechanism ensures that the graph is
dynamically adapted to the semantic content of each image.

We construct node embeddings: u1 = ϕ([F1∥w1]), u2 = ϕ([F2∥w2]), where ϕ(.) is a linear projection
followed by an activation function (e.g., ReLU or Sigmoid). Next, we compute edge weights A12 based
on the similarity between F1 and all 80 class embeddings:

C1 = [1− cos(F1, wj)]
8
j=10 (4)

OT assigns weights to minimize transport cost across this space, and edges in A are built accordingly.
Only detected objects are instantiated as graph nodes, but all labels are considered in computing OT-
based similarity, ensuring that the edge weights reflect semantic awareness beyond co-occurrence statistics.
This modular graph design provides a rich, semantically structured representation, well-suited for GAT-
based attention modeling, which we describe in the next section.

3.1.4. GAT-based Representation Learning. Once the semantic graph G=(V,E) is constructed, we employ
a Graph Attention Network (GAT) [15] to perform contextual reasoning over object-level nodes. GAT
enables the model to capture dynamic and context-aware relationships among detected objects, refining
their features by aggregating information from semantically and visually related neighbors.

Each input node V ’
i is first linearly projected into a latent space: zi = WGV

’
i where WG ∈ Rd′×d is a

trainable weight matrix. The transformed vector zi ∈ Rd′
is used in subsequent attention computations.

For each edge (i, j) ∈ E, an attention score eij is computed as:

eij = LeakyReLU(aT [zi∥zj ]) (5)

where a ∈ R2d′
is a learned parameter vector, ∥ denotes vector concatenation, and LeakyReLU is used

as activation (typically with slope = 0.2). The attention scores are normalized using a softmax operation
over the neighbors of node i:

αij =
exp(eij)∑

k∈N (i) exp(eik)
(6)

This yields attention weights αij ∈ [0, 1] that determine the importance of each neighboring node. The
output feature for node iii is computed as a weighted sum of its neighbors’ features:

h’i = σ

 ∑
j∈N (i)

αijzj

 (7)

where σ is an activation function (e.g., ReLU or ELU). This process allows each node to incorporate
contextual information from its semantically relevant surroundings.

To improve robustness and expressivity, we adopt multi-head attention, where K independent attention
mechanisms are run in parallel:

h’i =
∥∥K
k=1

σ

 ∑
j∈N (i)

α
(k)
ij z

(k)
j

 (8)

The outputs of each head are concatenated, resulting in a final embedding of size K.d′ After applying
GAT over the graph, we obtain the updated node features {h’

1, h
’
2, . . . , h

’
N}. These are aggregated into

a single image-level embedding H ∈ RK.d′
, using average pooling or attention-based pooling: H =

AvgPool([h’
1, h

’
2, . . . , h

’
N ]). This final embedding H is then used in multi-label classification via a sigmoid-

activated linear layer over C classes; or image retrieval by computing cosine similarity between embeddings
from different images.

The ultimate goal of the representation learning module is to generate an expressive, semantic-aware
embedding that captures both visual and relational dependencies across multiple objects in an image.
After refining the node features via a GAT as described in above section, we aggregate these features
to form a global image-level representation suitable for multi-label classification. Aggregation to Global
Embedding Given a set of updated node embeddings {h’

1, h
’
2, . . . , h

’
N} ∈ Rd′

, where each h’
i encodes both

the semantic and contextual information of a detected object, we apply an aggregation function A to
obtain the final image representation: H = A(h’

1, h
’
2, . . . , h

’
N ). Common aggregation strategies include

Average Pooling:

H =
1

N

N∑
i=1

h’
i (9)
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To predict the presence of multiple object categories in the image, we use a fully connected output
layer followed by a sigmoid activation function:

ŷ = σ(WclsH + b) (10)

where: Wcls ∈ RC×d′
and b ∈ RC are learnable parameters, C is the number of possible classes (e.g., 80

for COCO), ŷ ∈ [0, 1]C is the predicted probability vector for all labels, σ(.) is the element-wise sigmoid
function, producing independent predictions per label.

3.2. Multi-label Image Retrieval using Learned Features. In this section, we describe how the
semantic-aware representations learned through our classification model are repurposed for the task of
multi-label image retrieval (MLIR module). Unlike traditional CBIR systems that often require separate
feature extraction pipelines or fine-tuning specific to retrieval, our method enables direct retrieval based
on the graph-level embeddings obtained during classification training, thus ensuring task alignment and
computational efficiency. Multi-label image retrieval aims to return images from a database that share
semantically similar object compositions with a given query image. This task is particularly challenging
due to:

• The presence of multiple objects per image, often with complex inter-label dependencies.
• The need to reflect not just label overlap, but also the contextual arrangement and co-occurrence
semantics of objects.

The graph-level embedding H learned via our GAT-based module inherently encodes such relational and
semantic information, making it a strong candidate for retrieval representation. As shown in Figure 1,
in the second frame (bottom frame) is the general pipeline for the image retrieval task. The retrieval
process proceeds as follows:

• Embedding Extraction: For both query and dataset images, we reuse the same feature extraction
pipeline from section 3.1 to obtain the final graph embeddings. Each image I is mapped to an
embedding vector HI ∈ Rd′

.
• Similarity Search and Ranking Using FAISS: To efficiently perform similarity-based retrieval
on large-scale multi-label image datasets, we leverage FAISS (Facebook AI Similarity Search) [24],
a library optimized for high-speed similarity search and clustering of dense vectors. Given that
our framework encodes each image into a compact fixed-length vector H ∈ Rd′

, we can directly
index these embeddings using FAISS for fast nearest-neighbor retrieval. After training, the image
database (gallery) is preprocessed by computing the graph-based embeddings {HI1 ,HI2 , ....HIM }
for all images. These embeddings are stored in a FAISS index, which supports fast search using
either exact or approximate nearest neighbor algorithms. When a query image is submitted, we
extract its graph embedding Hq , normalize it, and search for top-K nearest neighbors.

3.3. Loss functions. To effectively optimize the proposed MLIR-SARL-GAT framework for both multi-
label classification and discriminative feature learning, we design a composite loss function that integrates
three complementary components: a multi-label classification loss, a metric-based embedding loss, and a
graph consistency regularization. The total loss is formulated as:

L = Lcls + λ1 · Ltriplet + λ2 · Lgraph + λ3 · Lreg (11)

where λ1, λ2, λ3 are weighting coefficients that balance each component.

• Multi-Label Classification Loss Lcls

We adopt Asymmetric Loss (ASL) [25], a variant of Binary Cross-Entropy tailored for multi-label
tasks with class imbalance. ASL down-weights the gradient contributions of easy negatives and
applies focal-like modulation to focus learning on hard examples. For each class c ∈ {1, ..., C}, the
classification loss is:

Lcls = − 1

C

C∑
c=1

[
yc log(ŷc) + (1− yc) ŷ

γ
c log

(
1− ŷc

)]
(12)

where yc ∈ {0, 1} is the ground truth label, ŷc ∈ (0, 1) is the predicted probability, and γ controls
the focus on hard negatives.

• Triplet Margin Loss Ltriplet

To encourage separable feature embeddings for retrieval, we apply a Triplet Margin Loss on the
final graph-level representations. Given an anchor image a, a positive image p sharing at least one
label, and a negative image n with no overlapping labels, the loss is:

Ltriplet = max
(
0, ∥Ha −Hp∥22 − ∥Ha −Hn∥22 + α

)
(13)
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where H denotes the graph embedding, and α is the margin hyperparameter. Triplets can be
dynamically sampled during training using semi-hard negative mining to improve convergence [25].

• Graph Consistency Loss Lgraph

To regularize node embeddings within the semantic graph and promote semantic smoothness, we
introduce a graph consistency loss inspired by [11]. This loss encourages connected nodes in the
attention-based graph to have similar representations, and is defined as:

Lgraph =
∑
i,j

Aij · ∥hi − hj∥22 (14)

where Aij is the attention weight (or similarity score from Optimal Transport) between nodes i
and j, and hi, hj is the node embedding after GAT propagation.

• Regularization Term Lreg

To prevent overfitting, we apply an L2 regularization term on all trainable parameters:

Lreg = ∥θ∥22 (15)

where θ denotes all parameters in the network. This composite loss ensures that the learned repre-
sentation is not only effective for multi-label classification but also discriminative and structurally
consistent, which is crucial for accurate and semantically aware image retrieval

4. Experiments. To validate the effectiveness of our proposed MLIR-SARL-GAT framework, we con-
duct extensive experiments on two benchmark datasets commonly used in multi-label image classification
and retrieval. We compare our method with various state-of-the-art baselines in both classification accu-
racy and retrieval performance

4.1. Dataset. We evaluate our proposed MLIR-SARL-GAT framework on two widely used benchmark
datasets for multi-label image classification and retrieval: MS-COCO 2017 [22] and PASCAL VOC 2012
[23]. MS-COCO 2017 dataset contains 118,287 training images, 5,000 validation images, and 40,670 test
images, annotated with 80 object categories. Each image contains an average of 2.9 labels, making it
a challenging benchmark for modeling co-occurring object relationships. PASCAL VOC 2012 dataset
comprises 17,125 images with 20 object categories. Following the standard protocol, we use the trainval
set (5,717 images) for training and the test set (5,823 images) for evaluation. Each image may contain
multiple object labels with significant variations in scale, appearance, and spatial arrangement.

All images are resized to 448Ö448 pixels for both training and inference. Standard data augmentation
is applied during training, including random horizontal flipping, random cropping, and color jittering.
No augmentation is applied at inference time. For both datasets, we follow the standard multi-label
classification and retrieval protocols as used in prior works [5, 6].

4.2. Experiment setup.

• Backbone and Feature Extraction: We use YOLOv8 [16] as the object detector to localize
bounding boxes and predict object classes. ResNet-101 pretrained on ImageNet is employed to
extract global and region-level visual features F, from which local ROI features vi are obtained
using RoIAlign.

• Semantic Embedding: Semantic features are obtained by mapping each detected object’s class
label to a 300-dimensional GloVe embedding [21] (trained on 6B tokens). The local visual feature
Fi and the corresponding word embedding wi are concatenated, passed through a fully connected
layer with a sigmoid activation, producing the node feature V ’

i for graph construction
• Graph Construction: Each image builds a dynamic semantic graph, where nodes V ’

i are formed
by concatenating visual and semantic features. dge weights computed using an Optimal Transport
(OT) cost matrix Cij based on similarity between object visual features Fi and word embeddings
wj of all possible labels. This allows semantically related objects (e.g., ”dog” and ”cat”) to have
higher connection weights than unrelated objects (e.g., ”dog” and ”car”), even if they are not
co-occurring in the training set, ensuring contextual relevance in the graph structure.

• Graph Attention Network: We use a two-layer Graph Attention Network (GAT) [15] with 8
attention heads per layer to learn adaptive weights for each edge in the semantic graph. The GAT
outputs a final global embedding Z via global average pooling.

• Training: We utilize the AdamW optimizer [27] for training the SARLGAT module network,
with a batch size of 32, the learning rate at 0.0001, weight decay is 0.00001. We implement early
stopping at epoch 55 to avoid overftting.
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• Retrieval Setup: During inference, the learned embedding Z for each image is stored in a FAISS
[24] index using IndexFlatIP for cosine similarity search. Retrieval is performed by querying this
index with the embedding of a query image.

Our experiments were conducted to address two key research questions (RQs):

• RQ1: How well does the proposed MLIR-SARL-GAT model perform compared to state-of-the-art
models in both tasks of multi-label image classification and multi-label image retrieval?

• RQ2: How does the MLIR-SARL-GAT model work in the classification task and retrieval?

4.3. Performance Compare (RQ1). To answer RQ1, we compared MLIR-SARL-GAT with several
strong baselines on MS-COCO 2017 and PASCAL VOC 2012 datasets in terms of classification and
retrieval performance. For multi-label classification, we report: mean average precision (mAP); per-class:
precision (CP), recall (CR), and F1-score (CF1); overall: precision (OP), recall (OR), and F1-score (OF1)

Table 1. Classification Results on MS-COCO 2017

Method mAP CP CR CF1 OP OR OF1
ResNet-101 [19] 81.2 77.5 69.8 73.4 78.3 70.4 74.2
ML-GCN [5] 82.9 79.1 71.6 75.2 80.2 72.0 75.9
ADD-GCN [6] 84.1 80.6 72.8 76.5 81.4 73.2 77.1
PatchGAT [7] 85.4 82.0 73.9 77.7 82.8 74.3 78.3
TDRG [12] 81.2 77.5 69.8 73.4 78.3 70.4 74.2
MLIR-SARL-GAT(Ours) 87.1 84.2 76.2 79.5 84.2 76.7 80.4

Table 2. Classification Results on PASCAL VOC 2012

Method mAP CP CR CF1 OP OR OF1
ResNet-101 [19] 91.4 88.6 85.3 86.9 89.1 85.8 87.4
ML-GCN [5] 92.3 89.8 86.5 88.1 90.1 86.9 88.4
ADD-GCN [6] 93.1 90.4 87.2 88.8 90.8 87.5 89.1
PatchGAT [7] 93.8 91.0 87.8 89.4 91.4 88.2 89.8
TDRG [12] 94.0 91.3 88.0 89.6 91.7 88.4 90.0
MLIR-SARL-GAT(Ours) 95.2 92.5 89.4 90.9 93.0 89.8 91.4

For multi-label image retrieval, we report: precision@K (P@K) forK ∈ 1, 5, 10, mean average precision
(mAP), top−K recall. Retrieval similarity is computed via cosine similarity between the learned graph
embeddings, using FAISS for efficient large-scale nearest neighbor search.

Table 3. Retrieval Results on MS-COCO 2017

Method mAP P@1 P@5 P@10
ResNet-101 [19] 64.7 70.5 65.3 61.2
ML-GCN [5] 66.1 72.3 66.9 62.4
ADD-GCN [6] 68.4 74.1 68.5 63.7
PatchGAT [7] 70.5 75.6 70.1 64.8
TDRG [12] 71.2 76.0 70.5 65.3
MLIR-SARL-GAT(Ours) 73.6 78.4 72.3 67.0

Tables 1, 2, 3 and 5 show the classification and retrieval results on MS-COCO 2017 and PASCAL VOC
2012, respectively. Our MLIR-SARL-GAT achieves the highest mAP in both tasks, with particularly
strong improvements in retrieval metrics such as P@1 and mAP, indicating the effectiveness of semantic-
aware representation learning with GAT in capturing inter-object relationships.

To better understand the contribution of each component in the proposed MLIR-SARL-GAT, we con-
duct an ablation study on the MS-COCO 2017 dataset. Specifically, we compare the full model with three
variants obtained by (i) replacing the graph attention layers with graph convolution (w/o Graph Atten-
tion), (ii) substituting the OT-based adjacency with cosine-similarity adjacency (w/o OT adjacency),
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Table 4. Retrieval Results on PASCAL VOC 2012

Method mAP P@1 P@5 P@10
ResNet-101 [19] 75.6 80.2 76.1 72.0
ML-GCN [5] 77.3 81.8 77.4 73.2
ADD-GCN [6] 78.6 82.9 78.5 74.0
PatchGAT [7] 80.1 84.5 79.6 75.2
TDRG [12] 80.7 85.0 80.0 75.6
MLIR-SARL-GAT(Ours) 82.9 87.3 82.1 77.4

and (iii) removing label embeddings so that only visual features are used (w/o Label Embeddings). As
reported in Table 5, all ablated variants exhibit noticeable performance drops in both multi-label classifi-
cation and retrieval metrics, which confirms that each component is beneficial and that their combination
is crucial for achieving the best overall results.

Table 5. Ablation Study on MS-COCO 2017

Variant mAP (Cls) mAP (Ret) P@1 P@5
Full model (MLIR-SARL-GAT) 87.1 73.6 78.4 72.3
w/o Graph Attention (GCN instead) 85.1 70.8 75.9 70.1
w/o OT adjacency (cosine similarity) 85.7 71.4 76.5 70.8
w/o label embeddings (visual only) 84.3 69.9 74.7 69.2

As shown in Table 5, the full MLIR-SARL-GAT model outperforms all ablated variants on every
metric. Replacing graph attention with graph convolution reduces performance, confirming the benefit
of attention for modeling label dependencies. Similarly, removing the OT-based adjacency harms results,
indicating that the learned transport-based graph is more informative than a simple cosine graph. The
largest drop occurs when label embeddings are removed, highlighting the crucial role of explicit semantic
label information. These findings show that all components contribute and that their combination is
necessary to achieve the best performance.

4.4. Qualitative Study (RQ2). To answer RQ2, we visualize the model’s predictions in both classifi-
cation and retrieval tasks.

Figure 3 shows example predictions from MLIR-SARL-GAT on five randomly selected images from
MS-COCO 2017. The red labels are the actual labels present in the image but not detected by the
model. The predicted labels closely match the ground truth, even in complex scenes containing multiple
overlapping objects, demonstrating the model’s ability to exploit both spatial and semantic dependencies.

Figure 4 presents qualitative retrieval results. For each query image, the top-5 retrieved images are
shown. The red labels are the actual labels present in the image but not detected by the model. The
dark blue labels are the labels that the model detects that are present in the result image but not in
the query image. The retrieved results not only share the same object categories but also exhibit simi-
lar contextual arrangements, indicating that the learned graph embeddings capture high-level semantic
alignment beyond simple object presence.

These visualizations confirm that MLIR-SARL-GAT successfully integrates object-level semantics and
inter-object relationships into a unified representation, leading to robust performance across both classi-
fication and retrieval tasks.

5. Conclusions. In this paper, we proposed MLIR-SARL-GAT, a multi-label image retrieval framework
that combines semantic-aware representation learning with Graph Attention Networks (GAT). Instead of
relying solely on global image descriptors, the model integrates fine-grained object-level visual features
with label embeddings and constructs dynamic semantic graphs to capture both spatial and contextual
relationships among objects. By performing attention-based message passing over these graphs, MLIR-
SARL-GAT explicitly models inter-label dependencies and produces unified embeddings that can be used
for both multi-label classification and image retrieval.

Extensive experiments on two widely used benchmarks, MS-COCO 2017 and PASCAL VOC 2012,
demonstrate the effectiveness of the proposed approach. Our method consistently outperforms strong
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Figure 3. Visualization of multi-label image classification results on
COCO 2017 dataset.

Figure 4. Visualization of multi-label image retrieval results on the COCO
2017 dataset

baselines in terms of both classification and retrieval metrics. In addition, the ablation study con-
firms that each key component—graph attention, OT-based adjacency construction, and label embed-
dings—contributes positively to the final performance, and that their combination yields the best results.
Qualitative visualizations further show that the learned representations capture not only shared object
categories but also higher-level contextual alignment between images.

Despite these promising results, the proposed approach still has several limitations. First, the model
assumes a fixed label set with supervised annotations; noisy or incomplete labels may deteriorate the
learned semantic graph and harm retrieval quality, and the current design does not explicitly address
open-set or unseen labels. Second, the OT-based graph construction and attention-based message passing
introduce additional computational and memory costs, which may limit scalability to very large label
vocabularies or real-time deployment scenarios. Third, our evaluation is restricted to two benchmark
datasets and a specific backbone architecture; further experiments on more diverse data and backbones
are needed to fully assess robustness and generality. Finally, MLIR-SARL-GAT mainly leverages label
co-occurrence and visual features, without exploiting richer side information such as textual descriptions,
hierarchical label structures, or user feedback, which are directions that we plan to explore in future work
to further enhance semantic representation and retrieval performance.
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