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Abstract—Multi-label image classification aims to recognize
multiple object labels within an image. In the field of intelligent
waste sorting, efficient classification can enhance the accuracy
of robotic sorting. However, most existing waste classification
tasks are single-label, and there is limited research on multi-
label classification of urban kitchen waste, especially in complex
backgrounds and diverse categories. To address this, we propose
a Multi-Modal Semantic-Aware Graph (MM-SAG) framework,
which includes a semantic-aware module designed for instance-
level label relationship mining. The captured semantic features
are then processed through graph convolution to generate a
label correlation matrix, enhancing the efficiency and effective-
ness of label correlation mining. To improve the integration
of visual and linguistic modalities, we design an improved
multi-head attention mechanism module. This module re-encodes
and aligns visual and textual features, further enhancing fea-
ture extraction capabilities. Experimental results show that our
proposed method achieves a mean Average Precision (mAP)
of 83.1% on the MLKW dataset, delivering state-of-the-art
performance. The method’s strong generalization capability is
also validated on public datasets VOC2007 and MS-COCO. The
source code and dataset are available at our GitHub repository:
https://github.com/yulle13/MMSAG.git.

Index Terms—Urban Kitchen waste; Multi-label classification;
Multi-modal; Multi-head attention.

I. INTRODUCTION

OCIAL progress is reflected not only in the development

of advanced technologies but also in the improvement
of human health and harmonious development with nature.
Environmental sanitation in residential areas is a crucial factor.
With the improvement of residents’ quality of life, the amount
of kitchen waste generated in daily activities has surged [[1],
[2l], [3]. As environmental awareness deepens, waste sorting
and recycling have become new trends. Currently, kitchen
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waste treatment methods have evolved through stages such
as composting or use as animal feed [4], landfill disposal with
other wastes, and secondary development and utilization. The
microorganisms and water content in kitchen waste ensure its
good anaerobic digestion, producing biogas [S]]. However, due
to a lack of strong sorting awareness, urban kitchen waste
often contains other non-degradable objects, including metal
products, cans, cartons, bottles, and other types of waste.
If non-degradable materials are not removed from kitchen
waste, it can severely affect subsequent biochemical treatment
processes. Therefore, this paper focuses on multi-label image
classification of kitchen waste, making the first attempt to
study kitchen waste multi-label classification using a visual-
linguistic multi-modal model.

Deep learning technology has been successfully applied
to classification tasks, providing new solutions for waste
classification. Many algorithms for waste classification have
been proposed by researchers. For example, Majchrowska et
al. [6] proposed a two-stage detector for waste localization
and classification using semi-supervised training, achieving
good results. White et al. [7] designed WasteNet, deploy-
able on edge devices, to assist smart trash bins in making
quick decisions. Sheng et al. [8] implemented an Internet of
Things (IoT) system for trash bins based on the LoRa com-
munication protocol, enabling intelligent waste management
systems capable of detection and classification. Furthermore,
to improve the efficiency and accuracy of waste classification,
researchers proposed a transfer learning-based waste image
classification algorithm [9], and created the NWNU-TRASH
dataset to address issues such as a single background and small
sample size in existing waste datasets. Another study [10]
introduced GCDN-Net, a comprehensive solution for single-
label and multi-label classification tasks, achieving outstanding
performance on the GIGO dataset. Additionally, [11] presented
the MMTrash dataset for mixed solid waste and integrated the
CBAM and CotNet networks to develop the real-time high-
precision DSYOLO-Trash algorithm. However, for kitchen
waste, challenges such as significant background interference,
varying sizes, and diverse categories have limited research to
object detection in kitchen waste processing pipelines [12].
To address these challenges, this paper employs the self-
constructed MLKW dataset for the experimental study of
multi-label classification of kitchen waste.

The removal of impurities from kitchen waste is a critical
step in downstream waste processing. It involves separating
out foreign materials such as plastic bags, takeout containers,
and beverage cartons, which is essential to ensure the purity of
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Fig. 1: Overall framework of the MM-SAG model. The model takes images from the MLKW dataset and their corresponding
textual labels as inputs, which are processed by an image encoder and a text encoder to extract visual features and label
semantic embeddings, respectively. A semantic attention module is then introduced in the visual branch to highlight key visual
regions that are highly correlated with label semantics, producing semantic-aware visual feature representations. Subsequently,
visual and textual features are aligned and interact across modalities within the attention fusion module, yielding label-semantic-
guided visual representations. The fused features are further fed into a graph module, where label co-occurrence relationships
are modeled to construct a label correlation graph, thereby enhancing the modeling of label dependencies for the final multi-

label classification task.

organic waste. Traditionally, this task is performed manually;
however, due to harsh working conditions, unpleasant odors,
and potential health hazards, manual sorting is often inefficient
and poses risks to human workers. With advancements in
technology, machine-based sorting has emerged as a promis-
ing alternative. Compared to manual operations, mechanical
systems offer higher efficiency and lower operational costs.
Typically, these systems rely on visual cameras—serving
as the “eyes” of the machine—to capture image data and
apply image recognition algorithms to distinguish impurity
categories, thereby ensuring the stability of the subsequent
sorting process. Considering that kitchen waste may simul-
taneously contain multiple types of impurities, multi-label
classification provides an effective solution for improving
machine recognition performance. Unlike traditional single-
label classification, multi-label image classification—a key
task in computer vision—aims to accurately predict all relevant
categories present in an image. By leveraging multi-label clas-
sification, sorting systems can achieve more comprehensive
and accurate recognition, ultimately assisting human operators
in completing their tasks more efficiently.

Multi-label image classification [13[], [14], [15] was first in-
troduced in the 1990s and has since been extensively explored
by researchers over the past three decades. Multi-label classifi-
cation refers to the task where each sample may be associated
with multiple labels, in contrast to traditional single-label
classification where each sample corresponds to only one label.
In real-world visual classification tasks, images often contain
multiple semantic entities, making multi-label classification
highly relevant. However, compared to single-label classifi-

cation, multi-label classification presents additional challenges
due to the dependencies or mutual exclusiveness among labels.
It also requires addressing issues such as class imbalance
and semantic overlap. As one of the fundamental tasks in
computer vision, multi-label image classification aims to de-
termine which categories are present in a given image. An
inherent subtask of this process is to discover and exploit
the relationships among labels. In this context, the Semantic-
Aware Module is designed to mine the instances present in
an image. It first performs an initial classification to obtain
the categories of instances contained in the sample. Then,
in the subsequent processing, it focuses on the features of
the identified categories. Therefore, it is termed a semantic-
aware module [16], [17]. Multi-label image classification, as
a fundamental task in computer vision, primarily focuses on
identifying the categories present in an image. A key subtask
is uncovering the relationships between these labels. There are
currently two main approaches to discovering these potential
label correlations. The first approach, exemplified by [13],
constructs potential co-occurrence relationships between labels
using graph models. The second approach, seen in [14], [15],
derives instance-level co-occurrence relationships by extract-
ing semantic features from each image. The advancement
of multi-label classification tasks is closely linked to the
deep research on graph convolutional networks (GCN). For
instance, [13] proposed a GCN-based multi-label recognition
algorithm, ML-GCN, which leverages graph convolution to
uncover co-occurrence relationships among labels, achieving
excellent results. However, the co-occurrence relationships
generated based on labels are global and can be too coarse for
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individual images. In contrast, the ADD-GCN algorithm pro-
posed by [15] introduces dynamic graph convolution, creating
a unique label graph relationship for each image, but it lacks
consideration for multi-modality. To address this, the M3TR
algorithm [[18] constructs a triplet learning relationship within
and between modalities, mainly through interactions between
visual contexts and between visual and language modalities.
However, this algorithm overlooks the potential relationship
mining capabilities of graph convolution. This paper leverages
current research hotspots in deep learning, specifically visual-
linguistic models, to explore multi-label classification on the
MLKW dataset using a visual-linguistic model approach.

Based on the visual-linguistic model CLIP [19] architecture,
this paper explores and addresses two key issues: (1) Mining
potential relationships between labels, and (2) Fusion methods
for visual and linguistic modalities. We propose the Multi-
Modal Semantic-Aware Graph framework, as shown in Fig.
[l This framework introduces a semantic-aware module for
instance-level label relationship mining. The captured seman-
tic features are then used to generate a label correlation
matrix through graph convolution, improving the efficiency
and effectiveness of label correlation mining. For the fusion
of visual and linguistic modalities, we design an improved
multi-head attention mechanism module. This module realigns
and re-encodes visual and textual features, further enhancing
feature extraction capabilities. Our proposed method achieves
excellent results on the MLKW dataset and demonstrates
generalization capabilities on the public datasets VOC2007
and MS-COCO.

Overall, the contributions of this paper are threefold:

1) A novel multi-label classification model framework,
MM-SAG, designed based on the CLIP architecture. It
integrates the text modality with the visual modality for
feature fusion and combines two different label min-
ing schemes: instance-level mining through a semantic-
aware module and potential relationship construction
through graph convolution.

2) An improved multi-head attention mechanism that uses
a set of learnable parameters as queries to focus locally
on beneficial information in feature vectors, increasing
the amount of effective information in feature vectors. A
residual structure is designed to prevent information loss,
enhancing the fusion of visual and linguistic modalities
and further improving feature extraction, especially for
textual feature embeddings.

3) A semantic-aware module to guide the mining of label
correlations through a semantic feature map, enabling
instance-level label relationship mining. Experiments
show that our method achieves excellent results on the
multi-label classification dataset MLKW.

II. RELATED WORKS

In recent years, with the rapid development of deep neural
networks and the emergence of large-scale datasets such as
MS-COCO [20], PASCAL VOC [21], and ImageNet [22],
image recognition technology has experienced significant ad-
vancements. A notable shift has been observed from traditional

single-label classification to more challenging and technically
demanding multi-label classification. The primary task of
multi-label image classification is to predict multiple object
labels present in an image. Benefiting from the remarkable
success of convolutional neural networks (CNN) in single-
label classification tasks [23], [24], [25]], numerous CNN-based
approaches have been applied to multi-object recognition and
have achieved promising results.

A. Multi-Label Image Classification

The task of multi-label image classification has attracted
significant attention from researchers in deep learning and
computer vision. Currently, the mainstream approaches focus
on capturing and modeling the dependencies between various
labels within an input image to effectively identify all target
labels. Early works primarily utilized convolutional neural
networks to establish label relationship graphs [26], [27]. For
example, Wang et al. [26] proposed an RNN- CNN framework
to predict final scores and derive label dependencies accord-
ingly. Some studies have sought to uncover these relation-
ships by introducing Transformer models [28] and long short-
term memory networks (LSTM) [29], leveraging attention
mechanisms to focus on specific regions. Xiao et al. [30]]
effectively improved both the efficiency and reconstruction
quality of remote sensing image super-resolution by selectively
retaining key tokens. However, these methods often explore
relationships sequentially within localized regions, occasion-
ally overlooking global information. Recent advancements
have addressed these limitations. Zhao et al. [31] proposed
a dual relational graph framework based on Transformers to
mitigate the inherent deficiency of CNNs and RNNs in uti-
lizing global information. This framework employs semantic-
aware constraints and structural positional constraints in a
complementary manner for label recognition. Weng et al. [32]]
directly calculated global label correlations based on label co-
occurrence frequencies. Wu et al. [33] aligned visual models
with pre-trained textual models to extract global visual in-
formation. Graph convolutional networks, which can integrate
spatial information to address the underutilization of label
positional relationships, have also been increasingly adopted
in multi label classification tasks in recent years.

B. Graph Convolutional Networks

Graph convolutional networks function similarly to fea-
ture extractors, leveraging node or edge features to perform
tasks such as node classification and graph classification on
graph-structured data. Compared to standard CNNs, GCNs
are better suited for capturing global information when the
input object is an image. In recent years, using GCNs to
establish global label relationship graphs has become a popular
approach among researchers [[13[], [L5], [34], [35], [36]. Chen
et al. [13] utilized GCNs to generate more accurate semantic
annotations and incorporated them into word embeddings,
thereby obtaining improved label relationship graphs. Ye et al.
[15] extended the GCN framework by introducing a dynamic
graph convolutional network (DGCN) model to construct
individual label dependencies for each image. Chen et al. [34]]
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Fig. 2: Detailed architecture and computational flow of the MM-SAG framework. The input image and its corresponding
label texts are fed into a visual backbone network and a text encoder, respectively, to extract a visual feature map and label
semantic embeddings. In the visual branch, a Semantic Attention Module is introduced, where the intermediate outputs are
visualized as heatmaps, indicating the degree of model attention to key image regions under different semantic guidance, i.e.,
the label-semantic—weighted responses over the visual features. These processes progressively produce semantically enhanced
visual representations. Subsequently, the label semantic embeddings enhanced by the improved multi-head attention mechanism
interact and align with the semantic-aware visual features in the attention fusion module, yielding label-specific, semantically
aligned visual features. The fused features are then fed into a graph module, where label co-occurrence relationships are
modeled to construct a label correlation graph and generate label-discriminative vectors for multi-label classification. Finally,
the classifier predicts the possible labels present in the input image based on these discriminative representations.

designed the predictive graph convolutional network (PGCN)
model to construct directed graphs of “classes” and learn the
interdependencies between labels at the class level. Liang et
al. [37] applied a dynamic graph convolutional module to
adaptively capture semantic-aware regions, further enhancing
recognition capabilities. Leveraging the advantage of GCNs
in capturing global information, this study employs GCNs
to generate label correlation matrices, thereby improving the
efficiency and effectiveness of label dependency mining.

C. Visual Modality and Linguistic Modality

In recent years, integrating information from images (visual
modality) and text (linguistic modality) has emerged as a
research hotspot due to its enormous potential in multimodal
understanding tasks [38]], [39], [40]. Gao et al. [38] proposed
a knowledge-enhanced visual and linguistic model to improve
multimodal fake news detection. Wu et al. [41] introduced
a multimodal prototype regularization method for few-shot
fine-tuning in CLIP-based image classification, effectively
leveraging both image and text characteristics. Wang et al.
[42] presented a regularization-constrained multimodal fusion
method for image captioning, enabling better integration of

inter- and intra-modal information. For image classification
tasks, Fan et al. [43] proposed a model comprising multi-
modal attention and hierarchical fusion for intangible cultural
heritage image classification. Kong et al. [44]] introduced a
joint classification method based on spectral prompt tuning for
hyperspectral images and LiDAR data. However, few studies
have employed multimodal fusion methods for multi-label
image classification tasks. Motivated by this gap, this study
explores an image-text modality fusion approach to address
the multi-label classification of kitchen waste images with
complex, unstructured backgrounds.

III. METHODOLOGY

The proposed MM-SAG framework operates as follows:
First, images and the corresponding textual labels from the
dataset are used as inputs. These inputs are mapped to label
semantic embeddings and visual feature maps through a back-
bone network and a language model, respectively. A semantic-
aware module is introduced after the visual feature map to
obtain a visual-semantic feature map. The label semantic
embeddings are further enriched with semantic information
using an improved multi-head attention mechanism, serving as
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inputs to the subsequent stage. Second, the improved multi-
head attention mechanism is employed to achieve fusion be-
tween the two modalities, associating relevant visual features
with each label’s semantic embedding and enhancing the
visual representation. Next, the fused outputs are fed into a
graph module to construct the label co-occurrence matrix and
generate corresponding label-discriminative vectors for multi-
label classification. Finally, a trained classifier predicts the
potential labels present in the input image. Fig[] illustrates
the detailed workflow of the proposed MM-SAG framework.

A. Semantic Attention Module

The input dataset contains labels denoted as L =
{Li,Lo,Ls,...,Ly}, where N is the number of categories.
By concatenating these labels, a label sentence is formed as
the input to the language model, generating label embed-
dings denoted as ¢, where t € R% and d; represents the
dimensionality of the label embeddings. The obtained label
embeddings are passed through a fully connected layer and
subsequently forwarded to an improved multihead attention
module for further enhancement. The resulting enhanced label
embeddings are denoted as:

T = IMH A(Linear(t)), (1)

The label embedding ¢ is processed through a fully con-
nected layer Linear and an improved multi-head attention
module IMHA, which will be detailed in the next section.
Equation (I represents the final step in the label information
processing pipeline, producing an enhanced label represen-
tation T that incorporates deep semantic understanding and
internal relational modeling. This enriched representation pro-
vides a crucial foundation for effective interaction with the
visual features X in subsequent stages. For the input image
I, its image features are extracted using a CNN backbone
network and denoted as X, where X € RHEXWXD  ith
H, W, and D representing the height, width, and number
of channels of the image features, respectively. The goal
of the Semantic Attention Module (SAM) is to capture the
category-specific feature representations contained within the
visual image. As shown in Fig[2] the features X extracted
by the visual backbone serve as the input to the SAM. In
the upper section of the SAM, the Conwvblock acts as a
classifier and employs Softmax(-) for normalization. This
classifier is designed to generate the category feature map
P = [p1,p2,p3, - ,pN], Where N represents the number
of categories and P € RUXWxN)  Correspondingly, in
the lower section of the SAM, a Convblock transforms
X € REXWxD) jnio X7/ ¢ R(HXWxD') , where X’ and D’
are the transformed features and the corresponding channel
dimension, respectively. Finally, a weighted aggregation of P
and X’ is performed to obtain the category-specific feature
representations V' = [v1,v2,05, -+ ,0n] € R(D'XN) - Ag
illustrated in Fig. [2| each element vy in the category-specific
feature representation V' can be expressed as the weighted sum
of X’, as defined in Equation2] This approach ensures that the

resulting category-specific feature vy purposefully aggregates
features associated with category n.

H W
T n
on =PY-X'=3 03 P X 2)

i=1 j=1

here, P& ) and X { ;.j) represent the category feature map
representation and the feature vector of the feature map at
position (i,7), respectively. It achieves the transformation
from generic image features X to class-specific discriminative
features V' through category-specific attention weights vy.
The feature vy serves as a critical bridge connecting visual
representations and semantic labels, and is ultimately used
for classification. The visualization of the attention map PZ
can intuitively reveal which regions of the image the model
considers most important for recognizing the corresponding
category.

B. Improved Multi-Head Attention Module

This section provides a detailed explanation of the Improved
Multi-Head Attention (IMHA) module, which primarily serves
to enhance feature information and facilitate multimodal fea-
ture fusion.

The structure of the improved multi-head attention module
is illustrated in the dashed box in the upper left corner of
Fig. 2] Given three input vectors, as depicted on the far left
of the figure, the vectors are denoted from top to bottom as
query(Q),key(K)and value(V'). Here, ) is defined as a set
of learnable parameters initialized using a standard normal
distribution, where each element is randomly sampled from
a Gaussian distribution with a mean of 0 and a standard
deviation of 1, while K and V are derived from the feature
vectors. The computation of IMHA is similar to the multi-head
attention mechanism in Transformer [45]).

Initially, @, K, and V are separately projected using distinct
linear projections WiQ, WHE and W}, mapping them to
subspaces of dimensions dg, dj, and d,, respectively, for each
attention head; (wherei € [1,h]). This process yields Qv
Ky, and V4 . Subsequently, scaled dot-product attention is
performed in parallel on Qv , Ky, and Vi, .

Specifically, the scaled dot-product attention computes the
dot product between the scaled query and key vectors. Sub-
sequently, the softmax function is applied to obtain the cor-
responding attention weights A. The mathematical expression
for this attention mechanism is as follows:

T
A= Softmax (QV\/C%V) 3)
Attention(Qy, Ky, Vi) = AVy 4

here, Qv, Ky, and Vi, are the matrices obtained after the
linear projections of @), K, and V, respectively. Vdserves
as the scaling factor, where dj is the projection dimension
mentioned earlier.

The multi-head attention mechanism module consists of
multiple subspaces head; (where i € [1,h]), and the corre-
sponding expression is as follows:

Multihead(Q, K, V) = Concat(heady, - - -, heady )W (5)
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Fig. 3: Detailed structure and computational workflow of the
GCN module.

head; = Attention(QWE, KWK vw)) (6)

whereW?@ € Rlmwxde) K ¢ Rldmaxdd) [V ¢
R(noaea xdv) - and W e R(2dvxdnoaa)  Here, dpoqel denotes the
dimension of the input feature vector for the module, dy
and d, are the projection dimensions mentioned earlier, and
WiQ,WiK WY and W represent the projection matrices. Since
we use a set of learnable parameters as the query(Q), the
objective is to focus locally on the beneficial information in
the feature vector, thereby enhancing the effective information
content within the feature vector. To this end, we designed a
residual structure to prevent information loss and incorporated
Dropout and layer normalization operations to mitigate overfit-
ting during the training process, as expressed in the following
equation:

ImAttention = Q ® LN (Dropout

(Linear(Multihead (Q, K,V)))) @

here, @ denotes element-wise addition, while LN and
Dropout represent Layer Normalization and Dropout op-
erations, respectively. The core of Equation [/| lies in the
improved attention module, which leverages a set of learnable
query parameters () to guide the model in focusing on key
information within the input. After computing multi-head
attention, the module applies Dropout to prevent overfitting
and LN to stabilize training. Additionally, it innovatively
introduces a residual connection by directly adding the original
query information back to the output. This design effectively
mitigates the loss of valuable original information that may
occur during the attention process, thereby enhancing the
richness and robustness of the resulting feature representations.

C. GCN Module

This section introduces the Graph Module, whose primary
task is to uncover the potential contributing labels in an image.
Among the numerous methods related to Graph Modules, this
study improves upon the DGCN proposed in [[15]]. This module
addresses the insufficient attention to individual instances
observed in the GCN presented in [13], focusing more on
the co occurrence labels at the individual level. The detailed
structure of this module is illustrated in Fig[3]

Based on the module fusion process in Fig. |2l the DGCN
takes the fused feature vector V' = [v1,vs,...,v¢] as input
and propagates it sequentially through the static GCN (SGCN)

and dynamic GCN (DGCN). The relevant computations for the
SGCN are shown as follows:

H = LReLU (A,VW,) (8)

where H represents the feature set after SGCN computation,
H = [hi,hg,...,h¢] € REXPY where C denotes the
number of channels, indicating that the input features share
the same dimensionality. The feature information contained
in a single element of H is represented here by D;, which
serves as an intermediate representation for transition purposes
only. LReLU (e) denotes the activation function LeakyReLU,
while A; and Wy refer to the randomly initialized associated
matrix and state update matrix during training, respectively.
Then, H is passed through convolution and concatenation
operations to obtain H’ € R(2P1%C) where C' has the same
meaning as above. Dy is formed by concatenating two D,
features from H, resulting in the relationship Do = 2D;. Next,
dynamic graph convolution is performed on H. Unlike static
graph convolution, the associated matrix A4 in DGCN is dy-
namically constructed based on the input features, which helps
enhance the model’s expressive power. Here, Z € R(CxD2)
and the computation is as follows:

Z = f (6 (WaH") HWy) )

where f(-) denotes the LeakyReLU activation function,
d(-) represents the Sigmoid activation function, W, €
RP1%Dz has the same meaning as W,, both referring to
the state update parameters, W4 € RE*2P1 represents the
transformation parameters of Ay, and H' € R2P1xC a5
previously described. Additionally, H' can be expressed as:

H' = [(hlihg)a(hQEhg)a"' ) (hc;hg)] (10)

Where h, € RP1 is obtained by applying global pooling fol-
lowed by a convolutional layer to H. The dynamic adjacency
matrix A, here is generated on an individual basis, making
it unique. This is a key feature that enables the DGCN to
perform local individual modeling.

D. Prediction Module and Loss Function

The final part of the MM-SAG algorithm framework is the
Prediction Module, whose main task is to perform classifica-
tion prediction for the given image. As mentioned earlier, after
the GCN, the category representation is Z = [z1, 22, ..., 2] €
RE*DPz_Since each vector in Z contains rich category feature
information, it is passed through a simple binary classifier
to predict the scores. It is important to note that, to enrich
the image’s category features, the category feature map P =
[p1,p2,p3,- -+ ,pn] from the SAM module is introduced, and
global spatial pooling is applied to obtain another prediction
score. By aggregating and averaging these two prediction
scores, a more reliable result is obtained.

During the training process, a common loss function for
multi-label classification is used to supervise the final predic-
tion scores. The formula for the loss function is as follows:

C
Ly.5) = > yloglo(s9)) + (1 — y)log(1 — o(s) (1)
c=1
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where o(-) is the Sigmoid(-) function. The purpose of this
formula is to supervise the model’s multi-label classification
predictions. For each category c in the dataset, the formula
independently computes the predicted score s¢ , applies the
Sigmoid function to obtain the probability o(s¢) , and then
measures the loss based on the difference between o(s¢) and
the ground-truth label y° (0 or 1). This loss function directly
drives the model to learn and optimize the parameters of the
GCN module, the SAM module, and the classifier, enabling
the predicted probability for the presence of each category to
closely approximate the ground-truth labels. In doing so, it
facilitates accurate multi-label image classification.

IV. EXPERIMENTAL RESULTS AND ANALYSIS
A. Datasets and Evaluation Metrics

This paper focuses on multi-label image classification of
kitchen waste. We selected a subset of images taken from
a sorting conveyor at an urban kitchen waste processing
plant to create the kitchen waste multi-label classification
dataset, MLKW. The original images were captured with a
resolution of 3256 x 2724. To ensure the representativeness
of kitchen waste across different seasons, the MLKW dataset
was captured in batches from different time periods over the
course of a year. The final selection includes 3771 images from
the spring, 4735 from the summer, 2130 from the autumn, and
4358 from the winter. Due to the presence of many duplicate or
irrelevant images in the original dataset, a secondary filtering
process was applied, resulting in 3107 images for dataset
creation. The MLKW dataset contains eight categories: ‘waste
bag’, ‘metal’, ‘shoe’, ‘plastic’, ‘bottle’, ‘carton’, ‘lile’, and
‘glass’. The dataset is split into training and testing sets in an
8:2 ratio, with the images resized to 640 x 480. The statistical
analysis of the MLKW dataset is presented in Fig. ] As
shown in subfigure (a), the top-left chart illustrates the sample
distribution across eight kitchen waste categories, revealing
a clear class imbalance. The top-right co-occurrence matrix
highlights the frequency with which different labels appear
together in the same image, with darker shades indicating
stronger co-occurrence. The bottom-left heatmap visualizes
the spatial distribution of object instances, showing that most
objects are located near the center of the image. The bottom-
right plot depicts the distribution of object widths and heights,
indicating that the majority of targets are relatively small
in size, with dimensions concentrated in the lower range.
Subfigure (b) presents a label co-occurrence graph, where
each node represents a waste category, and edges indicate the
frequency of co-occurrence between categories. The number
and thickness of the edges reflect the strength of seman-
tic relationships—more and thicker edges denote higher co-
occurrence and stronger label correlation. Finally, subfigure
(c) provides an overview of the relative proportions of each
category in the dataset. This analysis helps to better understand
the data characteristics and informs the design of our multi-
label classification model.

To evaluate the generalization ability of the proposed
method, experiments were also conducted on the PASCAL
VOC 2007 multi-label dataset and the MSCOCO dataset.

PASCAL VOC 2007 is a popular benchmark for evaluating
the performance of multi-label image classification models.
It includes 20 category labels and 9963 images, divided into
a training set with 5011 images and a test set with the
remaining 4952 images used for model evaluation. MS COCO
is another popular benchmark for validating the performance
of multi-label image classification models. It is larger and
more comprehensive than PASCAL VOC 2007, containing 80
category labels and 122,581 images. The training set includes
82,081 images, the validation set contains 40,504 images, with
an average of 2.9 category labels per image.

To ensure fairness in the experimental results comparison,
we use the evaluation metrics specified in papers [L8], [13],
[L5], including Average Precision (AP), Mean Average Pre-
cision (mAP), Overall Precision (OP), Overall Recall (OR),
Overall F1 Score (OF1), Category Precision (CP), Category
Recall (CR), and Category F1 Score (CF1). These evaluation
metrics are calculated as follows:

> ilN}

OP = SN (12)
CP = % i ]]\\g (13)
CR = % i Z]\\g’ (15)

where N} represents the number of images correctly pre-
dicted for the i —th label, N'represents the number of images
predicted for the ¢ — th label, and Nig represents the number
of true images for the i — th label.

B. Experimental Details

The MM-SAG algorithm proposed in this paper is based
on an improved visual-language model. The label text is
vectorized using a pre-trained BERT model to serve as the
feature embedding for the labels. It is important to note that for
the same dataset, the input label text for the language model in
this work is fixed, and the resulting label embeddings are also
unique. For a fair comparison, the backbone network used in
this work is the ResNet101 pre trained model on ImageNet.
Additionally, during the training process, the input image sizes
are adjusted to a fixed dimension, and the DGCN module
employs the nonlinear activation function LeakyReLU with a
slope of 0.2. Some hyperparameters used during the training
process are as follows: the optimizer is SGD with a momentum
of 0.9 and a weight decay coefficient of 0.0001. The batch size
is set to 16, the initial learning rate for the MHA and DGCN
modules is 0.5, and the initial learning rate for the backbone
network is 0.05. The model is trained for 50 epochs, with
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Fig. 4: Statistical analysis of the MLKW dataset. (a) Displays the sample distribution across eight categories of kitchen waste,
category co-occurrence matrix, object spatial location heatmap, and object size distribution; (b) Label co-occurrence graph,
where nodes represent labels and edges (with weights) indicate co-occurrence frequency, revealing semantic relationships; (c)

Overall category proportion distribution across the dataset.

learning rate decay applied at the 30th and 40th epochs with
a decay factor of 0.1. All experiments are conducted on an
NVIDIA RTX 3090 and implemented using the PyTorch 1.13
framework [46]].

C. Comparison Experiments and Analysis

To validate the effectiveness and generalization capability
of the proposed framework, the experiments in this study are
divided into two parts, each designed with different objectives
and handled accordingly. In the first part, we conduct com-
prehensive comparisons on the MLKW dataset against several
state-of-the-art multi-label classification models. The methods
compared are categorized into unimodal and multimodal mod-
els based on the format of their input. The unimodal models
include ResNetl101 [47], ADD-GCN [13]], and TDRG [31]],
while the multimodal models include ML-GCN [[13], SGTN
(48], SSGRL [14], M3TR [18], MSRN [49], MGTN [30],
Query2Lab [31], and CLIP [19]]. All these methods, includ-
ing ML-GCN, are reproduced under identical experimental
settings, including backbone architecture, input format, and
optimization parameters, to ensure fair and valid comparisons.
To further verify the transferability and robustness of our
proposed framework, the second part involves generalization
experiments on two widely used public datasets: MS-COCO
and VOC2007. In this part, the results of the baseline methods
are directly cited from their original publications, and we
strictly follow the same experimental protocols and settings
as described in those works when implementing our proposed
method, thereby ensuring a fair evaluation of generalization
performance.

1) Experiments on the MLKW Dataset: The MLKW dataset
is built from real-world kitchen waste sorting scenarios, with
8 categories and a total of 15,098 labels, averaging 4.8 labels
per image. Additionally, the dataset contains images with com-
plex compositions, significant variations between samples, and
intricate backgrounds, making high-precision classification a
challenging task. Table [[] shows the multi label classification
results on the MLKW dataset using different advanced al-
gorithms, with mAP as the core metric and other metrics
as supplementary indicators. In the comparison methods, the
proposed method outperforms others by a noticeable margin.
Our MM-SAG model, when compared with the same feature
extraction backbone ResNet101, enhances label correlation ex-
ploration by utilizing semantic feature maps, which improves
the model’s feature extraction capability, especially in terms
of text feature embeddings.

Analysis of Table [] reveals that graph convolution-based
methods, such as ADD-GCN, SSGRL, and ML-GCN, gener-
ally perform well on MLKW. This is mainly because graph
convolution, as a supplement to text or other modalities,
helps to uncover possible co-occurring labels in images. The
experimental results indicate that the MM-SAG framework
achieves significant performance improvements, with a 1.3%
increase in the key metric, mAP, and significant advantages in
CP, CR, CF1, OP, OR, and OFI1. These results demonstrate
the superiority of the multi-modal semantic attention graph
MM-SAG learning framework.

2) Generalization Performance Validation Experiment: In
this section, we conduct a comparison based on the MM-SAG
framework using the public datasets Pascal VOC 2007 and
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TABLE I: Experimental Results of MM-SAG and Other Methods on the MLKW Dataset.
. . All Top3
Modality Methods (Size) mAP
CP CR CFlI OP OR OFl CpP CR CFlI OP OR OFl
'§ ResNet-101[47] | (448,448) | 0.725 0.553 0.627 0.724 0.616 0.664 | 0.741 0.527 0.616 0.740 0.586 0.654 | 0.721
% ADD-GCNI13] (448,448) | 0.760 0.631 0.690 0.806 0.732 0.767 | 0.803 0.566 0.664 0.841 0.672 0.757 | 0.751
)
.UE) TDRGI31] (448.,448) | 0.586 0.461 0.516 0.822 0.667 0.736 | 0.578 0.426 0.490 0.832 0.627 0.715 | 0.650
ML-GCNJ13] (448,448) | 0.754 0.609 0.674 0.740 0.683 0.710 | 0.776 0.583 0.666 0.761 0.654 0.703 | 0.738
SGTN[48] (448,448) | 0.699 0.526 0.600 0.808 0.665 0.730 | 0.740 0.473 0.578 0.823 0.615 0.704 | 0.682
SSGRL[14] (448,448) | 0.792 0.688 0.737 0.806 0.744 0.774 | 0.821 0.611 0.700 0.831 0.673 0.745 | 0.818
:g M3TR[18] (448,448) | 0.446 0365 0401 0.753 0.558 0.641 | 0456 0.337 0.388 0.772 0.526 0.626 | 0.584
_% MSRNI[49] (448,448) | 0.760 0.680 0.718 0.790 0.759 0.774 | 0.804 0.601 0.688 0.822 0.686 0.748 | 0.786
§ MGTNI50] (448,448) | 0.757 0.580 0.657 0.804 0.703 0.750 | 0.799 0.533 0.639 0.829 0.657 0.733 | 0.735
Query2Lab[51] (448.,448) - - - - - - - - - - - - 0.422
Clip[19] (448,448) - - - - - - - - - - - - 0.515
Ours (448,448) | 0.813 0.714 0.760 0.829 0.773 0.800 | 0.848 0.633 0.725 0.857 0.700 0.770 | 0.831
TABLE II: Experimental results of MM-SAG and other methods on the VOC2007 dataset.
Methods aero bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv mAP
CNN-RNNJ26] 96.7 83.1 942 928 61.2 82.1 89.1 942 64.2 83.6 70.0 924 91.7 842 937 59.8 932 753 99.7 78.6 84.0
RLSD[52] 96.4 92.7 93.8 94.1 71.2 925 942 957 743 90.0 742 954 962 921 979 669 935 73.7 97.5 87.6 885
VeryDeep|[S3] 98.9 95.0 96.8 954 69.7 90.4 93.5 96.0 74.2 86.6 87.8 96.0 963 93.1 972 70.0 92.1 80.3 98.1 87.0 89.7
ResNet-101[47] 99.5 97.7 97.8 96.4 65.7 91.8 96.1 97.6 742 80.9 85.0 984 96.5 959 984 70.1 883 80.2 989 89.2 89.9
FeV+LV[54] 97.9 97.0 96.6 94.6 73.6 93.9 96.5 955 73.7 90.3 82.8 954 97.7 959 98.6 77.6 88.7 78.0 983 89.0 90.6
HCP[S5] 98.6 97.1 98.0 95.6 75.3 94.7 958 97.3 73.1 90.2 80.0 973 96.1 949 963 783 94.7 76.2 979 91.5 909
RNN-Attention[27] 98.6 97.4 96.3 96.2 752 924 96.5 97.1 76.5 92.0 87.7 96.8 97.5 938 985 81.6 93.7 82.8 98.6 89.3 919
Atten-Reinforce[56] 98.6 97.1 97.1 955 75.6 92.8 96.8 97.3 783 922 87.6 969 965 93.6 985 81.6 93.1 83.2 985 89.3 92.0
VGG(Re-weighted)[13] 99.4 97.4 98.0 97.0 77.9 92.4 96.8 97.8 80.8 934 87.2 98.0 97.3 958 988 794 953 822 99.1 914 928
ML-GCN(Re-weighted)[13] 99.5 98.5 98.6 98.1 80.8 94.6 97.2 98.2 823 95.7 864 982 984 96.7 99.0 84.7 96.7 84.3 98.9 93.7 94.0
Ours 99.6 98.7 98.0 98.5 80.6 95.2 97.7 99.0 79.7 97.5 88.5 98.6 99.1 99.1 99.0 832 989 79.8 99.6 94.7 94.3

MSCOCO to verify the generalization capability of our frame-
work. However, it is important to note that since the framework
proposed in this paper is designed based on the complex
background of the urban kitchen waste dataset (MLKW),
when compared to the latest multi-label classification methods
from Section 4.3.1, there may still be some gap compared
to the latest methods on the public datasets Pascal VOC
2007 and MSCOCO. Therefore, in this section, we focus
on transferability experiments to validate the generalization
performance of the proposed algorithm.

The experimental results on Pascal VOC 2007 are shown
in Table [l The proposed method demonstrates certain ad-
vantages in terms of AP values across multiple categories,
particularly in 14 categories, including cow, motor, and horse.
By using the MM-SAG framework, the classification perfor-
mance is further improved, with mAP increasing by 4.4%
compared to the ResNet network. The overall performance
of the proposed method is 0.3% better than ML. GCN, which
demonstrates the generalization and scalability of the proposed
approach.

The experimental results on MS COCO are shown in

Table Compared to Pascal VOC 2007, MS COCO has
a larger scale, more categories, and is more challenging. The
proposed method shows an improvement of 1.2% in mAP over
ML-GCN. It also outperforms other methods in evaluation
metrics such as CR, CF1, OR, and OF1, indicating superior
performance on multi-label classification tasks in complex
backgrounds. This also proves the robustness of the method
on other types of datasets.

D. Ablation Study

This section conducts ablation experiments on the proposed
framework using the MLKW dataset.

1) Selection of Experimental Parameters: In terms of hy-
perparameter settings, we followed conventional practices for
initialization and fine-tuning. We found that the learning rate
has a significant impact on both the training stability and
the final performance of the model. Therefore, we conducted
a learning rate sensitivity ablation study to determine an
appropriate value. The results are shown in Fig. [

According to the experimental results, when the initial
learning rate of the backbone network is set to 0.05, our
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TABLE III: Experimental results of MM-SAG and other methods on the MSCOCO dataset.

Methods All Top-3
mAP CP CR CF1 OP OR OF1I CP CR CFl OP OR OFI
CNN-RNNJ26] 612 - - - - - - 66.0 556 604 69.2 664 67.8
RNN-Attention[27] - - - - - - - 79.1 58.7 674 84.0 63.0 72.0
Order-Free RNN[57] - - - - - - - 716 548 62.1 742 622 67.7
ML-ZSL[58] - - - - - - - 741 645 690 - - -
SRN[47] 77.1 81.6 654 71.2 82.7 69.9 75.8 852 588 67.4 874 62.5 72.9
ResNet-101[47] 77.3 80.2 66.7 72.8 83.9 70.8 76.8 84.1 59.4 69.7 89.1 62.8 73.6
Multi-Evidence[59] - 804 70.2 749 852 72.5 784 84.5 62.2 70.6 89.1 64.3 74.7
ML-GCN(Binary)[13] 80.3 81.1 70.1 75.2 83.8 74.2 78.7 849 613 71.2 88.8 65.2 75.2
ML-GCN(Re-weighted)[13] 83.0 85.1 72.0 78.0 85.8 754 80.3 89.2 64.1 74.6 90.5 66.5 76.7
Ours 84.2 82.1 76.0 78.9 83.8 78.8 81.2 87.1 66.0 75.1 89.3 68.0 77.2
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Fig. 5: Sensitivity analysis of learning rate.

proposed IMHA model achieves the highest mAP of 83.1% on
the MLKW dataset. This result indicates that a learning rate
of 0.05 strikes a good balance between training speed and
convergence stability in our model. On one hand, a relatively
large learning rate helps the model escape local minima and
accelerates convergence; on the other hand, it is not so high
as to cause training oscillations or convergence failure. As
a result, it effectively enhances the model’s feature learning
capability and overall classification performance.

2) Evaluating the Effectiveness of Key Modules: The first
step is to validate the effectiveness of each module in the
proposed framework. The experimental results are shown in
Table It is important to note that all experiments in the
table are based on a multi-modal framework with ResNet101
as the visual backbone. To assess the impact of each module
on overall performance, we conducted a series of ablation
experiments. From the experimental results in Table we
observe that when the Fusion module is omitted, the mAP of
SAM+Graph is reduced by 1.1% compared to SAM+Fusion,
and SAM+Graph performs 2.3% worse in comparison. This
highlights the critical role of the Fusion module in multi-modal
feature fusion. Furthermore, analysis of the SAM module in
the visual modality revealed its decisive impact on algorithm
performance. When SAM, Fusion, and Graph modules are
considered independently, the performance is best when only

the SAM module is used, with mAP increased by 28.4% and
3.4% compared to Fusion and Graph modules, respectively.
Experiments with the Graph, Fusion+Graph, and SAM+Graph
configurations demonstrated that the Graph module contributes
to further improving the framework’s performance, with the
best results achieved when all three modules—SAM, Fusion,
and Graph—are combined.

In addition, we analyze each module from the perspective of
model complexity and computational efficiency, including the
number of parameters, FLOPs, inference time, and peak GPU
memory consumption, as reported in the last four columns of
Table It can be observed that the introduction of the SAM
and Fusion modules leads to moderate increases in computa-
tional cost and memory usage due to the additional attention
operations and multimodal feature interactions; however, the
overall overhead remains well controlled.

Specifically, while achieving the best performance, the
complete MM-SAG framework contains 617.4MB parameters
and requires 1058.86G FLOPs, with an inference time of
157.13 ms per image and a peak GPU memory consumption of
1317.19MB, which are comparable to those of several simpli-
fied variants. In contrast, removing the Graph module slightly
reduces the computational and memory costs but results in
a noticeable degradation in mAP, indicating the critical role
of graph-based label relationship modeling in performance
improvement. Models incorporating only the Graph or Fu-
sion module exhibit lower computational overhead, yet their
classification performance is significantly limited, suggesting
that performance gains do not merely stem from increased
model complexity. Furthermore, a comparison between the
Fusion+Graph and SAM+Graph configurations shows that the
SAM module achieves a favorable balance between perfor-
mance improvement and computational cost. Overall, the pro-
posed MM-SAG framework delivers substantial performance
gains with only a limited additional computational burden,
demonstrating an effective trade-off between efficiency and
accuracy.

3) Evaluation of the Effectiveness of the IMHA Module
Construction: This paper proposes an improved multi-head
attention mechanism. To verify the effectiveness of this struc-
ture, an ablation experiment was conducted on the IMHA mod-
ule using the MLKW dataset. As shown in Table[V] setting the
query parameters as learnable increased the mAP from 82.8%
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TABLE IV: Ablation Study of Each Module in the MM-SAG Framework.

SAM Fusion Graph mAP CP CR CF1 OP OR OF1 Params FLOPs Inference time GPU peak memory

v 81.5 80.0 69.1 74.1 825 76.0 79.1 6174 MB 1058.86 G  154.84 ms 1320.69 MB
v v 82.6 80.1 72.1 75.9 81.8 77.7 79.7 629.48 MB 105939 G  158.11 ms 1332.79 MB
v v 80.3 79.0 68.3 73.3 81.7 75.2 78.3 627.48 MB 1059.01 G  157.00 ms 1327.03 MB
v v 821 79.6 69.5 74.2 81.6 75.9 78.6 629.48 MB 1059.66 G  156.53 ms 1329.79 MB

v 53.1 44.4 51.5 47.7 64.6 73.1 68.6 6174 MB 1059.32 G  157.03 ms 1317.7 MB

v 78.1 729 71.1 72.0 76.3 76.6 76.4 629.48 MB 555.76 G = 87.43 ms 1304.04 MB

v v v 831 813 714 76.0 82.9 77.3 80.0 617.4 MB 1058.86 G  157.13 ms 1317.19 MB

TABLE V: Ablation Study of Certain Structures in the IMHA
Module.

Query

Module Residual mAP
Vector learnable

v 82.8%

IMHA v 83.0%

v v 83.1%

to 83.0%. Furthermore, with the introduction of the residual
structure, the performance improved further. These significant
performance improvements validate the effectiveness of these
two structural designs.

4) Evaluation of the Combined Effect of Dynamic and Static
Graph Convolutions.: In this work, we adopt a hybrid graph
modeling strategy that combines SGCN and DGCN to jointly
capture global label correlations and image-specific adaptive
relationships. To verify the effectiveness of this design, ab-
lation experiments were conducted on the MLKW dataset
by comparing three settings: using only SGCN, using only
DGCN, and integrating both graph structures. The quantitative
results are reported in table

TABLE VI: Ablation results of GCN module combinations.

Methods mAP
SGCN 81.31
DGCN 80.62

SGCN+DGCN 83.1

As shown in table table the model achieves an mAP
of 81.31% when only SGCN is employed and 80.62% when
only DGCN is used. In contrast, the combined static-dynamic
graph design significantly improves the performance to 83.1%,
yielding a maximum gain of approximately 2.5 percentage
points over the single-graph configurations. This result clearly
demonstrates the complementary nature of static and dynamic
graph modeling in capturing label dependencies. From the
perspective of graph structure modeling, the SGCN constructs
a global label correlation graph based on dataset-level co-
occurrence statistics, resulting in a stable and consistent
graph topology. Such a structure effectively captures long-
term and common semantic dependencies between frequently
co-occurring categories (e.g., plastic—bottle and carton—waste
bag), thereby providing reliable global priors for label relation-

ship reasoning. However, due to its fixed structure, the static
graph lacks the flexibility to adapt to image-specific semantic
variations. In contrast, the DGCN dynamically generates label
relationships conditioned on the visual-semantic features of
each input image, leading to graph structures that vary across
samples. Visualization of intermediate dynamic graphs shows
that this mechanism can adaptively emphasize task-relevant
label connections in complex scenes or under heavy occlusion,
enhancing local contextual modeling. Nevertheless, relying
solely on dynamic graphs may introduce noise, especially in
cases with limited or ambiguous visual evidence, resulting in
less stable label dependency modeling. By jointly integrating
static and dynamic graph structures, the proposed model
benefits from both global semantic consistency and image-
level adaptive relationship modeling. Under the constraint of
global co-occurrence priors, the dynamic graph refines label
dependencies in a sample-specific manner, leading to more
discriminative feature representations. Feature visualization
results further indicate that the collaborative graph modeling
strategy yields more compact intra-class feature distributions
and clearer inter-class boundaries, particularly for confusing
or long-tail categories such as glass and carton.

Overall, both quantitative results and qualitative analyses
of intermediate graph structures and feature representations
confirm that the synergistic combination of SGCN and DGCN
significantly enhances label dependency modeling and classifi-
cation performance, validating the effectiveness and necessity
of the proposed graph-based design for multi-label classifica-
tion tasks.

5) Comparison between the IMHA module and the standard
multi-head attention mechanism.: We conducted an ablation
study to compare the proposed Improved Multi-Head Atten-
tion (IMHA) module with the standard multi-head attention
mechanism (denoted as SrcMHA). As shown in Table [VII] on
the MLKW dataset, the mAP achieved by SrcMHA is 70.30%,
whereas our IMHA module reaches 83.1%, demonstrating a
significant performance improvement.

TABLE VII: Comparison results between IMHA and the
standard multi-head attention mechanism.

Methods mAP
SrcMHA 70.30
OurIMHA 83.1

This result clearly validates the effectiveness of our im-
provements. The IMHA module enhances semantic awareness
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Fig. 6: Heatmap visualization on the MLKW dataset, where
the green font on the right indicates presence and red indicates
absence.

and cross-modal feature alignment by introducing a learnable
query vector Q and a semantics-guided alignment mechanism.
These enhancements enable the model to better capture label-
specific representations and significantly improve multi-label
classification performance.

E. Visualization Analysis

In this section, we visualize the semantic feature perception
maps in SAM and the weight values (A) in the IMHA module,
to illustrate how the semantic feature maps locate semantic tar-
gets and how multimodal fusion focuses on specific category
information.

We visualize the original images and their corresponding
category labels through heatmaps to demonstrate how the
SAM module locates semantic feature information in the
image. Figl6|shows some examples, where each row represents
the original image, its corresponding category feature heatmap,
and the predicted labels. Upon observing the examples, it
is evident that the heatmaps accurately locate the regions
corresponding to the categories present in the image. For
categories not present in the image, the heatmap response
for the corresponding labels is relatively low. This validates
that the SAM module has sufficient discriminative ability
to accurately identify the semantic features contained in the
image.

In addition, the entire framework utilizes the IMHA module
for the multimodal fusion process. The figure demonstrates
the visualization of the attention to different categories during
feature fusion. For the input image in Fig[7] its true labels
are metal, plastic, bottle, carton, and lile. On the right is the
visualization of the corresponding weight values A. It can
be observed that the values of A™entalbottle pplastic,bottle
Abottle,bottle’ Aca'r‘ton,bottle, and Alile,bottle are ranked rela-
tively high, especially Abettle:bottle ~\which further indicates
that the feature fusion through IMHA helps focus better on
the key category information.

(a) input image

waste bag '

metal

shoe

plastic

bottle .

carton
lile

glass

(b) the A matrix in IMHA

Fig. 7: Visualization of the weight matrix A in the IMHA
module.

V. CONCLUSION

This paper addresses the challenging problem of urban
kitchen waste classification in complex backgrounds by de-
signing a semantic-aware module for instance-level label rela-
tionship mining. Combined with an improved multi-head at-
tention mechanism, we propose a multi-modal semantic-aware
graph (MM-SAG) algorithm for high-precision multi-label
classification of kitchen waste images. This method captures
semantic features and generates a label-related matrix through
graph convolution, significantly enhancing the efficiency and
effectiveness of label correlation mining. Additionally, by
realigning and recombining visual and textual features, the
feature extraction capability is further improved. Experimental
results demonstrate that the proposed method achieves superior
performance on the multi-label classification dataset MLKW,
as well as on two public datasets, VOC2007 and MS-COCO.

Despite the notable performance gains, the incorporation
of graph-based modeling and multi-module collaboration in-
evitably increases computational complexity, and the recog-
nition performance on long-tail categories still leaves room
for improvement. Future work will focus on developing
parameter-efficient and lightweight graph neural network de-
signs, as well as incorporating strategies to address class
imbalance, in order to further improve efficiency, robustness,
and recognition accuracy for minority classes.
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