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Abstract

In computer vision, multi-label image classification is a well
known topic which can be applied in many real-world appli-
cations. In classical multi-label image classification, only
the spatial features of images are used as input of classifi-
cation models. In this paper we introduce LCNet: A Multi-
Label Classification model, which includes a learnable se-
mantic graph followed by a novel decoder to fuse the multi-
ple modalities. Our decoder is stack-able which allows the
model to understand deeper relations between the modali-
ties. In addition, we design a feature to reduce spatial res-
olution loss called Crop-Forwarding. Crop-Forwarding al-
lows higher resolution images to be forwarded without us-
ing higher resolution spatial feature extractors. Extensive
experiments conducted on several multi-label classification
benchmarks, Pascal-VOC and MS-COCO, demonstrate that
our solution significantly improved the state-of-the-art re-
sults. Our proposed method achieves mAP 91.5% on MS-
COCO and 97.7% on Pascal-VOC. Especially, our model
outperforms the state-of-the-art models on a small datasets
such as the synthetic-fiber rope damage dataset, resulting in
a new top score of 88.2%.

1. Introduction

Multi-label image classification is prominent and challeng-
ing topic in computer-vision in which an image may be
assigned with multiple labels. As opposed to multi-class
classification[ 15, 24], which is the process of assigning a
single label to an image out of set of labels, multi-label im-
age classification enables the simultaneous assignment of
multiple labels on a single image, capturing more detailed
and nuanced information per image. This capability allows
multi-label classification to provide benefits in many real-
life problems and tasks for autonomous systems where an
understanding of multiple features of the image is required
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Figure 1. LCNet is a versatile classification method that provides
a solution to use learnable label correlation graphs and a novel
multi-modal decoder in multi-label image classification.

such as: fault detection, multi-object classification, image
and video captioning, and medical diagnosis [6, 8, 12].

Multi-label classification poses some unique challenges
that distinguish it from traditional classification methods.
One significant challenge is the need to classify a large num-
ber of classes (>50), forcing the model to be scalable and
capable to separate all the different, often subtle, features
of these classes. Another key issue is that often a limited
amount of (labeled) training-data is available to train the
model. The insufficient amount of data could result in the
model over-fitting to the dataset, resulting in lower accura-
cies on unseen data. Additionally, datasets often suffer from
label imbalance, where the probability of the labels appear-
ing in the images could vary a lot between the labels. This
could lead the model to prioritize the most common labels
at the expense of rarer labels, resulting in a biased predic-
tion, skewing the probability output to the most common
labels.

A common approach to multi-label image classification
is by converting the problem into a set of binary clas-
sification problems to predict whether or not a label is



present. These binary classifiers are typically implemented
using the following two strategies: One-vs-One classifica-
tion and One-vs-Rest classification. The one-vs-One strat-
egy compares each label against every other label in the to-
tal set of labels, while the one-vs-rest strategy compares
each label against the combined set of all other labels.
Modern approaches to multi-label image classification typi-
cally enhance their classification performance using a back-
bone to extract the spatial features from the images, such
as convolutional-neural-networks (CNN) [7, 21, 28] and
vision-transformers (ViT) [13, 26]. These backbones are
paired with a classification-head [11, 17, 27, 33], such as
a multi-layered perceptron or transformer[25], creating a
two-stage classification framework that efficiently maps ex-
tracted spatial features to label predictions logits.

Existing classification-heads using attention-based
classification[11, 17, 27, 33] are simple and efficient to
implement, however, these approaches often treat the
challenges in multi-label classification independently
and fail to counter multiple challenges effectively within
the classification-head architecture. Additionally, these
classification-heads often forget about the semantics of the
label, which could provide the model with a understanding
of the relations between the labels. Some recent solutions
attempted to address these issues by incorporating label
semantic graphs [3, 32] to learn the relations between
labels to enhance the understanding of the label relations
while also improving label imbalance. While effective
at capturing the basic label relations, these solutions
typically use the graph network only for the first, and
initial, classification depth, lacking the learning about
the deeper relations. This results in lost opportunities to
refine the label interactions and dependencies with a deeper
understanding of the relations.

In this paper, we propose LCNet: A classifier model
which extends the usage of label semantics together with
label embeddings in a new decoder architecture. The model
follows the existing two-stage principle of using a back-
bone to extract the features from the image, and a classifier
to determine the prediction logits. The proposed models
backbone could be either a conventional CNN or a state-
of-the-art ViT. The second-stage leverages its classification
performance on a new decoder: the Learnable Label Corre-
lation Decoder (LLCD). The LLCD architecture combines
the strengths of attention-based classification methods and
label semantic graph learning. As opposed to existing meth-
ods, the LLCD is stack-able while fusing the semantics of
labels using a graph network with the label embeddings and
the spatial features from the image, allowing deeper net-
works and learning of deeper relations.

The main contributions of this paper are as follows:

* We propose LCNet, a novel trainable multi-label classi-
fication framework, which fuses label semantic relations,

label embeddings, and spatial features of the image, to
predict the probability of logits in the image.

* We introduce a new decoder model which takes in three
different modalities: Label relation graph, Label embed-
dings, and Spatial features of an image. This decoder
provides a method to combine these different modalities
while allowing decoder stacking to enhance future image
classification using deeper networks.

* We evaluated the model on two multi-label benchmark
datasets (COCO2014[10], PASCAL-VOC2007[5]) and
one dataset containing deeper relations between labels:
The Imagery Dataset for Condition Monitoring of Syn-
thetic Fibre Ropes[20], to compare the performance of
our proposed method to state-of-the-art methods.

2. Related Work
2.1. Multi-label classification

Multi-label image classification is a well known topic in
computer-vision where an image may be assigned with mul-
tiple labels. As opposed to multi-class classification this al-
lows for the classification of multiple labels on a single im-
age. Multi-label image classification has increased in pop-
ularity recently where new, and improved, methods have
focused a lot on three main directions:

Improving loss functions
A key challenge in multi-label classification is the issue of
class imbalance, as most images contain only a few present
classes while the majority are absent. This imbalance com-
plicates training, as frequent negative examples can bias
the model toward overfitting on abundant classes, ignor-
ing less common ones. Solutions like Focal-loss[23] ad-
dress class-imbalance by down-weighting easy, frequent
classes to focus on harder, minority classes. Building
on this, Asymmetric-loss[1] further differentiates weight-
ing classes by implementing a positive and negative down-
weighting factors, improving model performance by em-
phasizing challenging examples in both positive and neg-
ative classes.

Despite these advancements, current solutions do not
fully resolve accuracy dispersion, the variability in per-class
accuracies, often resulting in skewed performance across
classes. Moreover, they primarily focus on individual class
predictions, overlooking label relationships that are crucial
in multi-label tasks. This limitation suggests a need for a so-
lution that enhances the classification performance by learn-
ing the label relations.

Transformer-based classification
Since the introduction of the transformer architecture[25], a
lot of new approaches were found in multi-label classifica-
tion of images using transformers. A lot of focus in state-
of-the-art solutions was on the decoder part of the trans-
former. A solution presented in the Q2L paper[11] inte-
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Figure 2. An overview of the model, LCNet, consisting out of three main features: The label correlation graph, The Learnable Label

Correlation Decoder (LLCD), and the Crop-Forwarding feature.

grates the label-embeddings as the queries into the decoder
to leverage the build-in cross-attention within the decoder.
This allows the decoder to learn the relations between the
label-embeddings and the images provides as the key/value
pairs. The ML-Decoder solution[17] build on this by re-
ducing computational overhead by creating a more scalable
classification head, while the ADDS paper[27] introduces
a dual-modal decoder that fuses visual and label embed-
dings to improve context aware classification using deeper
decoder layers. The ADDS paper showed that fusing multi-
ple modalities, such as spatial features and textual labels, on
deeper layers could increase the performance of the model.
Therefore, the solution presented in M3TR[33] attempts in
fusing three modalities: spatial visual features, semantic vi-
sual features, and the label embeddings into a decoder to
create a context aware model.

Graph Networks
As the semantics of labels could be used to learn about the
co-occurrence, a new method of multi-label classification
was proposed using Graph Convolutional Networks[3, 29]
(GCN) and Graph Attention Transformers (GAT)[4]. Un-
fortunately, integrating these graphs with images features
in multi-label classifiers remains challenging. Techniques
like those in GATMetric Learning[ 18] and GATN [32] com-
bine graph and image outputs for classification, but of-
ten struggle with learning complex, deeper, label relations.
Solutions like Multi-Layered Semantics[19] and Graph-
embedding[31] use additional modules such the Seman-
tic Guided Attention (SGA) module and Cross-Modality
Transformer(CMT). The SGA module uses the graph to
produce correlations scores to extract the prediction log-
its while the CMT transforms the spatial information from
the image into the same semantic space as the label embed-
dings. While these graph-based approaches advance multi-
label classification by embedding label semantics, they of-

ten lack the depth and flexibility of transformers, which can
stack layers to capture deeper relationships. This gap indi-
cates a need for graph-based networks that, like transform-
ers, can scale in depth to better represent complex, multi-
layered label dependencies.

3. Methods

Our proposed framework, as shown in Fig. 2, is a two-
stage framework for multi-label classification. The first
stage consists out of a backbone for spatial feature extrac-
tion, such as a CNN or ViT, coupled with a Graph Attention
Transformer (GAT) to learn a label correlation graph. The
classification-head, composed of the Learnable Label Cor-
relation Decoder (LLCD) with the linear mapping, forms
the second-stage which has the task to determine the prob-
abilities of the logits.

This framework is designed to enhance the semantic un-
derstanding among labels and between labels and the fea-
tures within the image. By learning meaningful relations
between the modalities, it improves the models ability to
identify related labels and adjust predictions accordingly.
Additionally, by incorporating decoder layer stacking, al-
lowing deeper decoder structures , the LLCD enables learn-
ing a deeper understanding of the relations between the
modalities: correlation graph, the spatial features, and the
label embeddings.

3.1. Overview

In general, multi-label classification is to predict whether
a label/class is present. The label, or class, can be of sev-
eral types such as objects (e.g. car, human, chair) or cat-
egories (e.g. crumbled, cracked, folded). Formally, multi-
label classification can be described as follows: given an
input image I and a set of labels L consisting out of NV
types, the corresponding labels to the image I can be de-



scribed as L = [ly,...,Ix]. Each individual label [,, in
the set L indicates wether a specific label n is present,
where [,, € {0,1}. The multi-label classification model
predicts the probability of the label being present in the im-
age. Therefore, the multi-label classification method can be
generalized as L = [[p(l,, > Tp|I)]] € {0, 1}, where p is
the probability function and 7T}, is the threshold function.
Our method, as illustrated in Fig. 2, integrates a learnable
correlation graph structure with a spatial feature extractor,
such as a CNN/ViT, using our Learnable Label Correlation
Decoder (LLCD) architecture to learn the relations between
the labels, images, and the semantics of the labels. The
model takes in an image and extracts the features using a
existing CNN feature extractor such as ResNet and TRes-
Net [7, 21] or a ViT such as CvT[26]. The learnable graph
together with the Graph Attention Transformer(GAT) block
is responsible for learning the semantic relations of the la-
bels. The GAT implemented in this model is inspired by the
GAT described in the GATN paper[32] as the correlation
graph is initialized by using the word-embedding created by
either Word2Vec[ 14], Glove[16], or One-Hot-Encoding and
cosine-similarity. However, in our solution the correlation
graph is used directly from the GAT layer without trans-
forming the graph into a CNN layer. The LLCD ensures
that encoded results of the different modalities are com-
bined and learned. The main feature of the LLCD is that it
allows stacking to improve deeper learning of the relations
between the modalities. Additionally, before the CNN/ViT
block, the model performs a method called Crop Forward-
ing (CF) to let the model learn on higher resolution images
without re-training the backbone on a higher resolution and
minimizing the loss of features within the image.

3.2. Learnable Label Correlation Decoder

Traditionally, transformer-based multi-label image classi-
fiers rely on textual and visual embeddings[17, 27] to iden-
tify the specific labels present in the image. These classi-
fiers primarily focus on the correlation between the indi-
vidual label and spatial features, often overlooking inter-
label relations that could provide critical contextual infor-
mation. To address this limitation, multi-label classifiers
which make use of graphs networks try to improve their re-
sults by learning about the semantics of the labels and image
contents. State-of-the-art graph multi-label classifiers at-
tempt to merge the label semantics and visual features either
through a single linear layer[32] or by projecting the graph
to an semantic space to combine the embeddings of the vi-
sual features with the semantics of the graph[31]. How-
ever, these approaches often fall short in capturing complex,
deeper, relationships between the modalities.

Our proposed decoder introduces a novel architecture
that integrates correlation graphs networks with image fea-
tures and label queries, while also supporting layer-stacking

to capture the deeper relations and determine the per-class
probability. The decoder is inspired by the dual-modal
decoder[27], which provides a method to integrate image
features into stack-able decoders, and the ML-decoder[17],
which provides a method to efficiently use the label embed-
dings in a decoder. However, the dual-modal decoder does
not learn inter-label relations to create additional context for
the classifier. To overcome the issues of missing contex-
tual information of label relations, our decoder design, as
shown in Fig. 3, encapsulates the pros from transformer-
based classifiers, such as a layer-stacking, enabling deeper
models to capture deeper features, with an additional sec-
tion to capture the inter-label relations using a correlation
graph.
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Figure 3. The architecture of the Learnable Label Correlation De-
coder (LLCD) consisting out of several connected multi-headed
attention blocks and residual networks.

Each layer of the decoder has the following core compo-
nents:

¢ Cross-attention Image-to-Graph: This component al-
lows for the extraction of relations between the image fea-
tures space to the graph label adjacency.

* Cross-attention Graph-to-Image: This component al-
lows for the extraction of relations between the graph la-
bel adjacency matrix and the feature space of the image.
These complementary components provide the model
with bidirectional insight between the graph (representing
label adjacency relations) and image features, enhancing



multi-modal interaction and label semantic understand-
ing.

¢ Cross-attention label-Image-Graph features: This
component attends to the image-graph feature space with
the label encoding as the query. This is the primary fea-
ture which allows the model to learn the spatial features
and correlation relations with the label embeddings.

* Linear Layer label-graph-image This multi-layer per-
ceptron creates additional relations between the graph-
image relations and the labels while also reducing the di-
mensions of the output.

* Residual networks and normalizations The residual
and normalization networks help with the gradient flow
through the structure.

Formally, we denote inputs of the decoder as "Qp;”,
K Vimg”, and "KVyqpy”. For additional decoder lay-
ers, the output of the previous layer ("Q},,”, " K Vi’mg”, and
"KV, .on") are connected directly to the input of the next
layer. ”M H A” represents the multi-headed attention block,
”DQO” denotes the dropout layer, and ”AddNorm” as the
residual network addition and normalization layer. Then,
each LLCD layer can be formulated as:

INT, = AddNorm(DO(Quy) + Qi)
MHA, = MHA(K Vg, KVgrapns K Varaph),
INT, = AddNorm(DO(MHA;) + K Vimy),
MHAy = MHA(INT,,INT,,INT,),
INT; = AddNorm(DO(MH As) + M H A,),
INTy = MLP(INT3),
MHA; = MHAK Vgraph, KVimg, KVimg), (1)
INTs = AddNorm(DO(MHAs) + K Vigrapn),
MHAy = MHA(INTs, INTs, INT3),
INTs = AddNorm(DO(MHA,) + INT),
Qpyy = AddNorm(DO(INTy) + INTy),

KV}, = INT;,
glf’aph = INT5.

In summary, the LLCD is designed to maximize the in-
teraction between labels, image features, and graph-label
relations. Each decoder layer processes and transfers out-
puts to the next layer, progressively enriching deeper label
relations. This results in a new method to improve multi-
label classification tasks by capturing and integrating com-
plex multi-modal dependencies.

3.3. Crop Forwarding

To limit computational resources necessary, models are fre-
quently trained on low-resolution images(e.g. 448x448-
384x384). Therefore, when high-resolution images are re-
sized to be extracted to spatial features in the backbone,

the original spatial resolution is increased, and thus, los-
ing a lot of the smaller details visible in the original image.
These lost details could provide the multi-label classifier
with more information about the labels or could even con-
tain an entire label. For example, a high-resolution image
may contain subtle textures, small objects, or fine patterns,
which may become blurred or completely lost when down-
scaled. This could therefore result in lower accuracy due to
the classification head missing some important details.
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Figure 4. Crop Forwarding allows for lower loss in spatial resolu-
tion by using cropped higher resolution images

While training on higher resolutions would solve this is-
sue, it would require more computational cost and memory
requirements, especially for large datasets. To address these
issues, we propose a new solution: Crop Forwarding (CF)
as shown in Fig. 4. CF can be applied to a lot of different
image feature extractors such as ViT and CNN, because it
only applies on the image. Specifically, given a pre-trained
model with a resolution of M;y,g X Mg, Where My, €
N. Let the input image be I;;,, € RSimo*Sima*Dimg
where Simg = Mimg * C'Layer and where the Crop-Layer
CrLayer € N> 0.

As visualized in Fig. 4, an input image is separated into
several sub-images, or “crops”, of size Simg/ClLayer X
Simg/CLayer depending on the CropLayer (CL). Each of
these sub-images, as well as the original input image, are
resized to the dimension of the pre-trained model and indi-
vidually processed by the feature extractor resulting in the
spatial features of the images where E.,, is the encoding
dimension and E,.s is the spatial feature resolution. Fi-
nally, the individual spatial features are then stacked along
the spatial resolution axis to be processed by the LLCD.

In summary, the following steps are proceeded in the
Crop Forwarding approach:

* Divide the input image into sub-images: The input im-
age (I;np) is divided into several sub-images or “crops”.
The number of sub-images is depended on the Crop-Level
(CL).

¢ Resize the sub-images: Resize the images to the resolu-
tion of the pre-trained model(backbone).

» Extract individual image features: For each sub-image
and the input image, the spatial features are extracted us-



Method Backbone Resolution| mAP All Top 3

CP | CR| CF1 OP| OR| OF1 CP | CR| CF1 OP| OR| OF1
SRN [34] ResNet101[7] 224x224 | 77.1 | 81.6) 65.4] 71.2| 82.7] 69.9 75.8| 85.2 58.8 67.4 87.4 62.5 72.9
ResNet-101 [7] ResNet101[7] 224x224 | 78.3 | 80.2) 66.7] 72.8 83.9] 70.8 76.8 84.1| 59.4 69.7| 89.1] 62.8 73.6
CAMD [2] ResNet101[7] 448x448 | 82.3 | 82.5) 72.2 77.00 84.00 75.6 79.6 87.1] 63.6 73.5| 89.4 66.0 76.0
ML-GCN [3] ResNet101[7] 448%x448 | 83.0 | 85.1] 72.00 78.0, 85.8 75.4 80.3| 87.2| 64.6 74.2) 89.1] 66.7 76.3
MS-CMA [31] ResNet101[7] 448%x448 | 83.8 | 82.9 74.4{ 78.4| 84.4 77.9 81.0 86.7 64.9 74.3 90.9 67.2| 77.2
ADD-GCN [30] ResNet101[7] 576x576 | 85.2 | 84.7) 75.9 80.1 84.9 79.4 82.0 88.§ 66.2 75.8 90.3| 68.5 77.9
Q2L[11] ResNet101[7] 448x448 | 84.9 | 84.8 74.5 79.3 86.6 76.9 81.5 78.0 69.1 73.3 80.7 70.8 75.4
LCNet (Ours) ResNet101[7] 448x448 | 84.9 | 85.2 72.9 77.8\ 85.9 76.2 80.8 86.4 74.1 76.5 89.4 65.6\ 75.7
ASL [1] TResNetL[21] 448x448 | 86.6 | 87.20 76.4 81.4/ 88.2 79.20 81.8 91.8| 63.4 75.1) 92.9 66.4/ 77.4
GKGNet[29] ViG-S (1k)[9] 448%x448 | 86.7 | 86.4 77.1] 81.5| 87.3 79.7 83.3 - - 71.0 - - 78.8
GKGNet[29] ViG-S (1k)[9] 576x576 | 87.7 | 87.00 78.5| 82.5| 87.6 81.0 84.2 - - 77.6| - - 79.3
TResNetL[21] TResNetL(22k)[21] 448%x448 | 884 | - - - - - - - - - - - -
Q2L[11] TResNetL(22k)[21] 448x448 | 89.2 | 86.3| 81.4 83.8 86.5 83.3 84.9/ 91.6 69.4 79.0 92.9 70.5 80.2
GATNI[32] ResNeXt-101[28] 448x448 | 89.3 | 85.1] 89.1 79.9| 84.3 89.6 82.0 - - - - - -
ML-Decoder[17] TResNetL(22k)[21] 448x448 90.0 | - - - - - - - - - - - -
LCNet (Ours) TResNetL (22k)[21] | 448x448 | 90.2 | 88.2 80.9 84.0 90.0 83.2] 86.0 93.8 77.7 81.9 95.1 71.9 81.9
Swin-L [13] Swin-L(22k)[13] 384x384 | 89.6 | 89.9 80.2 84.8 90.4{ 82.1] 86.1| 93.6 69.9 80.0 94.3 71.1) 81.1
CvT-w24 [26] CvT-w24(22k)[26] 384x384 | 90.5 | 89.4 81.7| 85.4/ 89.6 83.8] 86.6 93.3 70.5/ 80.3 94.1) 71.5 81.3
Q2L[11] CvT-w24(22k)[26] 384x384 | 91.3 | 88.8 83.2 85.9 89.2 84.6 86.8 92.8 71.6 80.8 93.9 72.1 81.6
LCNet (Ours) CvT-w24(22k)[26] 384x384 | 91.5 | 89.6 81.3] 84.8 89.9 83.2 86.5\ 95.1 77.1 81.4 96.1 71.2| 81.8

Table 1. Comparison of our method with state-of-the-art models on the MS-COCO02014 dataset, showing performance metrics across

different backbones and resolutions.

ing the backbone.

» Stacking of spatial features: Once the spatial features
are extracted, they are stacked along the spatial resolution
axis.

* Process the image stack: Process the stacked images in
the decoder structure to retrieve the logits.

4. Experiments

Datasets.

The model has been evaluated on three datasets: MS-
COCO02014[10], PASCAL VOC2007[5], and the Synthetic
Fiber Dataset[20]. The MS-COCO dataset consists out of
80 classes and is regarded as a challenging dataset for multi-
label classification. This dataset contains a training-set,
including 82081 images, and a verification-set, containing
40137 images. The VOC2007 dataset consists out of 20
different classes and has 3 sets: Training, Validation, and
Test. Where the sets are containing 5011, 2476, and 2476
images respectively. The Synthetic Fiber dataset is a dataset
which contains 16 classes containing different types of dam-
ages to synthetic fiber ropes. This dataset is included in the
experiments to show the performance of the model when
relations between labels are more available. This dataset
contains 6942 images which, for the training, is split into
three batches with 60%-20%-20% for the training, valida-
tion, and test-sets respectively.

Hardware and implementation details
Following existing papers, the proposed model is trained

with different backbones such as ResNet-101 [7] and
TResNet-L[21]. The TResNet-L backbone can also use the
pre-trained model which has been trained on the ImageNet-
21K dataset[22]. If the pre-trained model is used, the type
of pre-trained dataset is indicated.

Unless otherwise stated, the settings described below are
used for all experiments, For the training of the model an
asymmetric focal loss function[1] withy+ = 0and y— =4
and a learning rate of 5e — 5 is used. Therefore the loss
function will favor less false positives/negatives over more
true positives/negatives. The image crop size used is 448
448 and the Crop-Level is set to 3. The batch-size is 56
and the maximum epochs allowed 80. All the training was
performed on a single RTX4090 GPU.

4.1. Dataset experiments

4.1.1. MS-COCO 2014

The MS-COCO-2014[10] dataset is a commonly-used
dataset to benchmark multi-label image classification mod-
els. In Tab. 1, a comparison of the performance on the
COCO02014 dataset between our LCNet solution and other
state-of-the-art classifiers is shown. We have divided the re-
sults into 3 different classes related to the backbones used.
It should also be noted that the results such as mAP and
F1-score are highly influenced by the input resolution and
backbone type. Therefore, we have decided to only include
state-of-the-art (SOTA) solutions with similar resolutions
and backbones and train our model also on these resolu-



‘ Methods ‘ aero ‘ bike ‘ bird ‘ boat ‘ bottle‘ bus ‘ car ‘ cat ‘ chair ‘ cow ‘ table ‘ dog ‘ horse ‘ mbike‘ person‘ plant ‘ sheep ‘ sofa ‘ train ‘ tv ‘ mAP ‘ std ‘
ASL[1] 999 | 984 [989 |987 |8.8 |982 |987 |985 |831 983 895 [988 [992 [986 [993 [89.5 [994 [868 [99.6 [952 [958 [5333
ADD-GCN(576)[30] | 99.8 | 99.0 | 984 | 99.0 | 86.7 | 98.1 985 [ 983 [ 858 |983 [889 [ 988 |99.0 [974 [ 992 |83 [ 987 [90.7 |995 [97.0 | 96.0 | 4798
Q2L-TResL [11] 999 | 989 | 990 | 984 | 877 |98.6 | 988 | 99.1 845 983 | 892 992 |992 1992 |993 902 |988 |883 |995 |955 | 9.1 4.974
GATN [32] 99.8 [ 989 [99.1 |988 |85 |97.6 |97.6 |993 [873 |984 |90.7 |99.1 992 [ 985 [99.1 887 [984 [90.8 |99.1 |963 | 963 | 4216
GKGNet[29] 999 994 992 | 994 [87.0 | 982 [991 [996 | 884 [995 [926 |995 |995 | 987 995 895 993 904 997 |972 | 968 | 4413
ML-Decoder[17] - - - - - - - - - - - - - - ‘ - - - - ‘ - - 96.6 -
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Table 2. Comparison of our method with known state-of-the-art models on the PASCAL VOC-2007 dataset.

backbone and a image resolution of 448x448

tions. As shown in Tab. 1, we can see that LCNet performs
the best on all the mAP scores with the different backbones.
The model also shows high OF1 and CF1 scores. In par-
ticular in comparison with other SOTA with the TResNet-L
backbone. There it outperforms the GATN[32], Q2L[11],
and ML-decoder[17] with 1.13%, 1.0%, and 0.23% respec-
tively.

4.1.2. Pascal-VOC2007

Similary to MS-COCO, Pascal-VOC2007 forms a major
benchmarking dataset for multi-label image classification.
Each image in VOC contains up to 20 different object cate-
gories. The results on VOC2007 are shown in Tab. 2. The
results shown are created on the TResNet-L backbone pre-
trained on 22K image-net [22] with the standard image res-
olution of 448x448. Using the CvT ViT backbone resulted
in reduced result due to dataset having less complexity and
not enough training-data for a ViT to have an advantage. We
can see that our method achieves the best mAP performance
along with the lowest class accuracy deviation. We can ob-
serve that we have the largest margin between the results,
that could indicate that the label relations are easier identifi-
able in the VOC2007 dataset. In general, our model outper-
forms GATN[32], GKGNet[29], and ML-decoder[17] with
1.5%, 0.9%, and 1.1% respectively.

4.1.3. Synthetic Fiber dataset

The Synthetic Fiber dataset[20] is a dataset collected to use
Al to classify damages of synthetic fiber ropes. This dataset
is included in this study to show the performance of our
model on closely related classes. Due to the graph structure
in our model, the relations between damage classifications
should overall result in better classification of the damages.
Due to time constraints, we could only test with two of the
best performing SOTA models: Q2L and MLDecoder. All
models are tested with the same backbone (TResNet-L) and
resolution (448x448) to ensure a even comparison. For this
dataset, a Croplevel of 4 is chosen because the dataset im-
ages have higher resolutions and the spatial features indicat-
ing the damages are relatively small. The results shown in
Tab. 3, show that our model performs the best with an mAP
improvement of 5.4% and 4.3% on MLdecoder and Q2L
respectively. The F1-scores show also a great improvement
over the other SOTA models resulting, in combination with
a higher mAP, in less incorrect classifications.

Tested with the TResnet-L

Model mAP | F1 F1 (top3)
MLDecoder[17] | 83.7 | 80.7 81.5
Q2L[11] 84.6 | 83.9 85.2
LCNet (Ours) 88.2 | 86.9 88.4

Table 3. Comparison of our method with known state-of-the-art
models on the Synthetic Fiber Dataset. Tested with the TResnet-L.
backbone and a image resolution of 448x448

4.2. Ablation study: Effectiveness of the Learnable
Label Correlation Decoder

To evaluate the effectiveness of the number of decoder lay-
ers, the model is trained using different decoder depths. To
ensure a fair comparison, we standardized the backbone to
TResnet-L[21] with a resolution of 448x448 pretrained on
imagenet-22k[22]. The Croplevel for this test is set to 1
to reduce the influence of this parameter in the result. We
selected the MS-COCO02014[10] dataset for this ablation-
study. This dataset was chosen because it will result in the
largest number of classes and therefore it would require the
most interactions between the graph-network and the image
features.

The results, shown in Tab. 4, demonstrate that us-
ing more decoder layers progressively increase the per-
formance. Specifically, the model with 6 decoder layers
achieved the highest mAP of 89.8, alongside an F1-score
of 86.0 and a top3 F1-score of 81.4. Notably even a mod-
est increase from 1 layer to 2 decoder layers resulted in a
noticeable performance boost. Overall, the model had an
maximum mAP increase of 0.79% with 6 decoder layers
over the default single layer.

Model mAP F1 F1 (top3)
Decoder 1x | 89.1 85.4 81.0
Decoder 2x 89.5 85.7 81.2
Decoder4x | 89.7 | 85.9 81.2
Decoder 6x | 89.8 | 86.0 814
Decoder 8x | 89.8 85.9 81.3

Table 4. Ablation study with comparisons of different amount of
LLCD layers

However, increasing the decoder even more did not re-
sult in noticeable performance gains. This could be a result



of the model starting to overfit on the data, or the possibil-
ity that the maximum label-relations are modeled and have
reached an optimal level for the dataset.

4.3. Ablation study: Effectiveness of the Correla-
tion/Semantic Graph

We conducted an ablation study to assess the contribution
of the correlation graph in modeling label semantics and in-
teractions. This was tested by evaluating the LLCD with
and without the label semantic graph approach across mul-
tiple decoder depths. In these experiments the MS-COCO
dataset was used with the TResNet-L backbone and with a
CropLevel of 1.

The results without the semantic graph, presented in
Tab. 5, compared with the results including the semantic
graph, presented in Tab. 4, indicate a significant improve-
ment in all metrics when the correlation graph is included.
For example, the 6-layer configuration without the graph
achieved an mAP of 87.9, compared to 89.8 with the graph
included, underscoring the benefit of leveraging inter-label
relationships in capturing label semantics. These findings
highlight that the correlation graph enhances the model’s
contextual awareness, resulting in improved classification
performance.

| Model [ mAP | F1 [ F1(top3) |
| Normal [ 902 [860 | 819 |
Decoder 1x | 85.3 81.5 80.6
Decoder 2x | 86.1 81.9 81.0
Decoder4x | 86.7 | 824 81.7
Decoder 6x | 87.9 83.9 82.6

Table 5. Ablation study with comparisons of different amount of
LLCD layers without a graph

4.4. Ablation study: Effects of mirroring image and
graph inputs

To examine the impact of mirroring image and graph inputs,
we conducted experiments in which both inputs were mir-
rored, analyzing the effect on classification performance.
Mirroring inputs can alter spatial features and potentially
disrupt the alignment between image content and label se-
mantics, thus affecting model predictions. In these experi-
ments the MS-COCO dataset was used with the TResNet-L
backbone and with a CropLevel of 1.

| Model [ mAP [ F1 | F1(top3) |
[ Normal | 90.2 [ 860 [ 819 |

Decoder 1x | 37.5 24.1 17.4
Decoder 2x | 389 | 23.8 17.6
Decoder 4x | 39.0 | 25.7 24.3
Decoder 6x | 42.6 | 27.4 26.2
Decoder 8x | 37.8 | 24.8 18.3

Table 6. Ablation study with comparisons of mirrored image and
graph inputs

As shown in Tab. 6, mirrored inputs yielded lower per-
formance across all metrics compared to the standard con-
figuration. While increasing the decoder layers increased
performances, it did not result in reaching the accuracy lev-
els of non-mirrored inputs.

4.5. Ablation study:
Forwarding

Effectiveness of Crop-

To evaluate the effectiveness of Crop-Forwarding, the
model is trained using different values of Crop-levels. To
ensure a fair comparison, we standardized the backbone to
TResnet-L[21] with a resolution of 448x448 pretrained on
imagenet-22k[22]. The decoder depth is set to 1 layer to
minimize the influence of the LLCD on the number of Crop-
layers. We selected the Pascal-VOC2007[5] dataset for this
ablation-study.

The results, shown in Tab. 7, demonstrate that using
Crop-forwarding enhanced the model performance. As the
Croplevel increases, the model exhibits improved accuracy
metrics, specifically in the mAP and F1-scores, particularly
at Croplevels 2 and 3. In comparrison to a Croplevel 1,
levels 2 and 3 improved the result with 0.5% and 0.72% re-
spectively. Increasing the Croplevels further had diminish-
ing results due to potential loss of context for this particular
dataset. This is because the images used in pascal-VOC
have a limited resolution. Higher Croplevels (> 4) have
provided better results in datasets with higher-resolution
images such as the synthetic fiber dataset[20].

Model mAP F1 F1 (top3)
Croplevel 1 | 93.37 | 90.5 96.5
Croplevel 2 | 93.84 | 90.9 98.3
Croplevel 3 | 94.04 | 91.0 98.5
Croplevel 4 | 91.5 | 88.6 96.4

Table 7. Ablation study with comparisons of different Crop-
Forwarding levels

5. Conclusion

This paper introduces the Learnable Label Correlation Net-
work (LCNet), a multi-label classification model that com-
bines a correlation graph with spatial features and label



queries. Our stackable Learnable Label Correlation De-
coder (LLCD) enables deeper relation learning through la-
bel semantics, while Crop-Forwarding allows the model to
make use of higher resolution images, reducing loss of spa-
tial resolution data, without increasing the resolution of the
CNN or ViT. LCNet significantly outperformed all previ-
ous state-of-the-art results on MS-COCO and Pascal-VOC.
It also resulted in better results on the synthetic fiber dataset,
where the semantic relations are even closer. The improve-
ments highlight the model’s robustness and potential appli-
cability in complex, multi-label environment, where lever-
aging label semantics can provide an additional edge in de-
tection.
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Supplementary pages

A. Performance of sub-parts

The performance of the proposed model’s individual com-
ponents was evaluated on the MS-COCO2014 dataset. We
analyzed the impact of label queries, Crop-Forwarding
(CF), and the Graph Attention Transformer (GAT) graph on
key metrics, including mean Average Precision (mAP) and
F1 score. The results are summarized in Tab. 8.

mAP | F1 Label query | CF | GAT graph | Mem
86.13 | 81.1 1 0 0 5401
894 | 853 1 0 1 8183
87.42 | 81.3 1 1 0 12461
90.2 | 86.0 1 1 1 20784

Table 8. Test results of the performance of each individual part on
the MS-COCO2014 dataset

* Base Model (Label Query + Image Only): Using only
Labels as queries and the spatial features from the im-
age, the model achieves an mAP of 86.13 and an F1 score
of 81.1. This configuration forms the foundation of the
model and demonstrates the effectiveness of aligning la-
bel queries with spatial features.

e Impact of Adding GAT Graph: Introducing the GAT
Graph significantly enhances both metrics: mAP and F1-
score. the mAP increases to 89.4 (4-3.80% from base-
line). F1: Improves to 85.3 (+5.17% from baseline).

* Impact of Adding Crop-Forwarding (CF): Incorporat-
ing CF alone results in an mAP of 87.42 (4+1.50% from
baseline) and an F1 score of 81.3 (+0.25% from base-
line).

¢ Best Configuration (LCNet): Combining Label Query,
CF, and GAT Graph achieves the best performance. The
mAP increases t0 90.2 (+4.73% from baseline), while the
Fl-score increases to 86.0 (+6.04% from baseline).

Conclusion The analysis above demonstrates the indi-
vidual effect of each solution and the effect of combining

Label Query, CF, and GAT Graph. While Label Query

serves as the backbone, GAT Graph offers substantial gains

by modeling label dependencies, and CF enhances spa-
tial feature utilization. When combined, these components
yield a robust and high-performing multi-label classifica-

tion model, achieving a 4.73% increase in mAP and a

6.04% increase in F1 score compared to the baseline.

B. Computational requirements comparison

We evaluate the computational requirements of our pro-
posed model by analyzing memory consumption, training
speed (T-Speed), and inference speed (I-Speed) on the MS-
COCO and Pascal-VOC datasets. The T-Speed is defined as
the training time per batch, while the I-speed is defined as

the time the model takes to generate an output from a sin-
gle image as the input. This analysis highlights the impact
of varying the number of Learnable Label Correlation De-
coder (LLCD) layers and Crop-Forwarding (CF) levels on
computational demands.

Dataset: MS-COCO02014 The results in Tab. 9 demon-
strate how increasing LLCD layers and CF levels affects
memory usage, training, and inference speeds on the MS-
COCO02014 dataset.

LLCD | CF | Memory (MB | T-Speed (s) | I-speed (s)
1 1 11309 0.341 0.033
2 1 14440 0.384 0.043
4 1 16248 0.362 0.035
6 1 18457 0.367 0.035
6 2 19991 0.454 0.055
6 3 20784 0.748 0.063
6 4 23262 3.425 0.087
Table 9. Computational speeds and memory usage on MS-
COC02014
Observations:

* Memory Usage: As expected, memory consumption
grows with the number of LLCD layers and CF levels.
Increasing LLCD layers from 1 to 6 results in a 63.2%
increase in memory, while adding CF levels from 1 to 4
results in an additional 25.9% increase.

* Training Speed (T-Speed): The T-Speed remains effi-
cient with increased LLCD layers, rising from 0.341 sec-
onds at 1 layer to 0.367 seconds at 6 layers (a 7.6% in-
crease). However, higher CF levels significantly impact
training time. For instance, CF level 4 leads to a 833%
increase in T-Speed compared to CF level 1 with 6 LLCD
layers.

* Inference Speed (I-Speed): The I-Speed increases mod-
estly with deeper LLCD layers but grows significantly
with CF levels. For 6 LLCD layers, increasing CF levels
from 1 to 4 causes a 148.6% increase in inference time
(from 0.035s to 0.087s).

Dataset: Pascal-VOC2007 The analysis for the Pascal-
VOC2007 dataset, as shown in Tab. 10, follows a similar
pattern as the MS-COCO computational requirements, but
with a reduced computational demand, due to the smaller
scale of the dataset.



LLCD | CF | Memory | T-Speed | I-speed
4376 0.264 0.046
6142 0.249 0.065
7454 0.335 0.084
8216 0.465 0.17

12073 0.586 0.318
14355 0.743 0.458
19428 1.535 0.758

NN | —
AW | = =] =] —

Table 10. Computational speeds and memory usage on Pascal-
VOC2007

Observations:

* Memory Usage: Memory requirements grow similarly to
the MS-COCO dataset. Increasing LLCD layers from 1
to 6 leads to an 87.7% increase in memory, and increasing
CF levels from 1 to 4 results in a 136.3%increase for the
same number of layers.

e Training Speed (T-Speed): Adding LLCD layers
slightly impacts training speed, while CF levels have a
greater influence. Moving from CF level 1 to 4 for 6
LLCD layers increases T-Speed from 0.465 seconds to
1.535 seconds, representing a 230.1% increase.

* Inference Speed (I-Speed): The impact on inference
speed mirrors that seen in MS-COCO with only a small
increase in speed with more decoder layers. For 6 LLCD
layers, moving from CF level 1 to 4 increases inference
time from 0.170 seconds to 0.758 seconds, a 345.9% in-
crease..

Conclusion: The results illustrate the trade-offs between
performance (Accuracy, speed, and Precision) and compu-
tational demands. While deeper LLCD layers and higher
CF levels enhance the model’s ability to capture complex
label relations and spatial features, they also require greater
memory and computational resources. Especially, Crop-
Forwarding has a large impact on computation-time, which
is likely due to the serialization of the backbone function to
limit memory usage.

C. Resulting: GAT-graphs

To illustrate the impact of the GAT and semantic graph,
we visualized the graph structures generated from the
MS-COCO and Pascal-VOC datasets. The GAT enables
deeper semantic learning, allowing the graph to capture di-
verse types of information, including correlation and co-
occurrence patterns. Nodes with stronger semantic relation-
ships are positioned closer to each other, while the thickness
of edges between nodes represents the strength of these re-
lationships, with thicker edges indicating more robust con-
nections.

Figure 5. Graph visualization result of the deeper label semantic
relations from the MS-COCO2014 dataset

For the MS-COCO dataset, the graph comprises 80
nodes, as shown in Fig. 5, resulting in a dense and complex
structure. In contrast, the Pascal-VOC dataset, with only
20 classes, produces a more streamlined and less cluttered
graph, as depicted in Fig. 6. Notably, in both cases, some
nodes lack edges, reflecting the absence of any significant
relationships between certain node pairs. This highlights
the ability of the graph to adaptively represent the underly-
ing semantic structure of the datasets.

Figure 6. Graph visualization result of the deeper label semantic
relations from the Pascal-VOC2007 dataset



D. Attention maps

Attention maps in image transformers provide insights into
how the model processes and focuses on different regions of
the image when making predictions. These maps visualize
the attention weights assigned to various spatial locations
in the image, showing which areas of the input the model
attends to more strongly during the encoding and decoding
processes.

In Figure Fig. 7, we present the result of an attention
map from the 6th encoder layer of the LLCD with an input
image of a bear Fig. 8. The model is trained on the MS-
COCO dataset and, the attention map highlights how the
model identifies and attends to specific regions, such as the
bear shape located in the center of the image. The concen-
tration of attention around the bear indicates that the model
recognizes the shape as a critical part of the image to clas-
sify the object as a bear.

Additional examples can be found below in Fig. 9 and
Fig. 10. These examples show more of the decoder layer
attention map results on the two datasets (MS-COCO,
VOC2007).

E. Model limitations

While LCNet demonstrates notable improvements in multi-
label classification, there are several areas where its perfor-
mance and applicability could be further refined, offering
exciting opportunities for continued research and develop-
ment.

Scalability to Large Datasets: LCNet performs well on
the MS-COCO and Pascal-VOC datasets, but as the model
scales to larger datasets, the computational demands, par-
ticularly related to memory usage in the classification head
and the LLCD decoder, could become a limiting factor.

Adaptation to Embedded Systems: L.CNet’s memory
usage and computational complexity, driven by the deep
LLCD architecture and the need for fast detection, may
pose challenges for deployment on embedded or resource-
constrained, real-time applications and systems.

However, these limitations offer a promising avenue for
further research into lightweight, optimized versions of the
model, enabling it to run effectively on embedded systems
and large datasets while maintaining the quality of predic-
tions.

Figure 7. Attention map output of the 6th encoder layer, detecting
the bear shape in the center

Figure 8. Input image of model with the class: Bear



(a) Layer 1 (b) Layer 2 (c) Layer 3 (d) Layer 4 (e) Layer 5 (f) Layer 6

(g) Layer 1 (h) Layer 2 (i) Layer 3 (j) Layer 4 (k) Layer 5 (1) Layer 6

(m) Mean attention map (n) Attention map overlay (o) Original image

Figure 9. COCO attention map for visualizing a dog



(a) Layer 1 (b) Layer 2 (c) Layer 3 (d) Layer 4 (e) Layer 5 (f) Layer 6

(g) Layer 1 (h) Layer 2 (i) Layer 3 (j) Layer 4 (k) Layer 5 (1) Layer 6

(m) Mean attention map (n) Attention map overlay (o) Original image

Figure 10. VOC attention map for classification of a plane
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