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ABSTRACT

Multi-label image classification is an important and challenging
task in computer vision and multimedia fields. Most of the recent
works only capture the pair-wise dependencies among multiple
labels through statistical co-occurrence information, which cannot
model the high-order semantic relations automatically. In this paper,
we propose a high-order semantic learning model based on adap-
tive hypergraph neural networks (AdaHGNN) to boost multi-label
classification performance. Firstly, an adaptive hypergraph is con-
structed by using label embeddings automatically. Secondly, image
features are decoupled into feature vectors corresponding to each
label, and hypergraph neural networks (HGNN) are employed to
correlate these vectors and explore the high-order semantic interac-
tions. In addition, multi-scale learning is used to reduce sensitivity
to object size inconsistencies. Experiments are conducted on four
benchmarks: MS-COCO, NUS-WIDE, Visual Genome, and Pascal
VOC 2007, which cover large, medium, and small-scale categories.
State-of-the-art performances are achieved on three of them. Re-
sults and analysis demonstrate that the proposed method has the
ability to capture high-order semantic dependencies.
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Figure 1: Illustration of high-order label dependencies on
the MS-COCO dataset. When “person” and “tennis racket”
appear at the same time, “sports ball” comes together with
a high probability in an image. Similarly, “chair” co-occurs
with “dining table + cup” is as high as 0.45.

1 INTRODUCTION

The multi-label image classification (MLIC) task has attracted im-
portant attention in computer vision. It can be widely applied to
scene recognition [3, 31, 33], automatic image annotation [19, 36],
and human attribute recognition [14, 51]. Unlike single-label im-
age classification, the multi-label task is more challenging due to
two main issues: associating multi-labels with image regions and
correlation among multiple labels.

For the first issue, some works [41, 45] utilize object detection
technologies to extract region proposals and to enhance the feature
learning of object region. These works usually need extra bounding
box annotations of objects in training, which severely limits the
practical application. Some researchers [1, 13, 44, 50] introduce
attention mechanisms [43]. These methods capture the associations
between image regions and labels with image-level supervision.
However, they do not take the label dependencies into account [5].

For the second issue, a popular method is to use recurrent neural
networks (RNNs) or long short-term memory (LSTM) to model
the label correlations [2, 26]. Though good performance has been
achieved, it suffers from the problem that only sequential label
relations are modeled [6]. Another popular method is to capture
two label dependencies based on the probabilistic graph model [23],
such as ChowLiu Tree [7], PLEM [24], etc. These methods utilize
label co-occurrence pairs to construct a maximum spanning tree
structure for MLIC tasks. However, probabilistic graph models have
high computational complexity [38].

To overcome the aforementioned limitations, recent works in-
troduce graph neural networks (GNN) to explicitly model label
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correlations, such as ML-GCN [6], knowledge and statistics su-
perimposing network (KSSNet) [38], etc. These methods leverage
a graph to model the label correlations from the statistical label
co-occurrence or human prior knowledge, which makes a signifi-
cant improvement in MLIC performance. Even so, existing methods
only capture relationships among pair-wise labels and cannot model
high-order semantic dependencies [12]. And the hand-crafted cor-
relation graph makes most of these models very inflexible [22].
Real-world objects usually have high-order correlations. For the
first row of Fig. 1, we can see that “sports ball” comes together
with “person + tennis racket” with a high probability. Similarly,
“chair” co-occurs with “dining table + cup” is as high as 0.45 on
the MS-COCO dataset. It is obvious that the high-order semantic
relations own great potential for improving MLIC performance.

In this paper, we propose an adaptive hypergraph neural net-
work (AdaHGNN) to learn high-order semantic relations. Instead
of using statistical co-occurrence information, we utilize label em-
beddings to automatically construct the adaptive hypergraph. The
main contributions of this paper include:

e Propose a model based on hypergraph neural networks for
learning high-order semantic relations and guiding label-
related feature learning.

e Propose a novel method for constructing an adaptive hyper-
graph, which is more flexible and effective than hand-crafted
methods.

e Experiments are conducted on four benchmarks and state-
of-the-art performances are achieved on three of them in
multi-label image classification tasks.

2 RELATED WORKS
2.1 Multi-Label Image Classification (MLIC)

Some works use object detection techniques for MLIC tasks. Zhang
et al. [49] use a regional proposal network like layer to localize
the regions corresponding to labels. Yang et al. [45] extract object
proposals and do single-label classification in each local region.
Though these methods can enhance feature learning, they require
extra object-level annotations [46]. To overcome this issue, some
other works exploit attention mechanisms based on image-level an-
notations to obtain local information. For instance, Wang et al. [39]
propose a recurrent memorized-attention module to locate atten-
tional regions. Li et al. [21] propose a recurrent highlight network
(RHN) to generate candidate glimpses and locate related regions
for improving features learning.

Recently, several studies attempt to model label correlations
by RNNs or LSTM. Specifically, Hua et al. [18] use a bidirectional
LSTM-based network to capture the label correlations in both di-
rections. Lyu et al. [28] use RNNs to encode the label dependencies
sequentially. In addition, the probabilistic graph model is also used
to model label dependencies. For instance, a cyclic directed graph-
ical model [15] and a tree-structured graph [24] are proposed to
capture label relevance.

2.2 Graph Neural Network (GNN)

With the great success of GNN on visual tasks [40, 42], GNN has
been introduced to MLIC and achieved impressive progress. For

instance, Chen et al. [6] propose a novel graph convolutional net-
work (GCN) based model (ML-GCN) to learn the label relationships.
Wang et al. [38] add lateral connections between GCN and CNN at
different stages to enhance the information transmission of feature
learning and label system. A semantic-specific graph representa-
tion learning (SSGRL) [5] framework is proposed to explore the
interactions between semantics and regions. Despite the significant
improvements have been achieved, these methods only capture
the relations of two label, which can’t model high-order semantic
dependencies [12].

Some works [34, 47, 52] introduce the hypergraph structure
to model high-order relations among data. These methods treat
each sample as one vertex and iteratively optimize each variable
by fixing others. Different from these works, we regard each label
as one vertex and integrate the adaptive hypergraph into HGNN
for end-to-end training. Recently, HGNN [12] is proposed to learn
multi-modal and complex data by a hyperedge convolution oper-
ation. Unlike an edge in general graphs, which only connect two
vertices, a hyperedge in hypergraphs connects two or more vertices.
It satisfies the characteristics of high-order relationships in multi-
labels. So inspired by [12], this paper proposes adaptive hypergraph
neural networks to deal with MLIC tasks. Most of the prior works
of GNN and HGNN use the statistical co-occurrence information of
two labels to construct the graph manually. And A-GCN [22] uses
two 1 x 1 convolutional layers and a dot product operation to learn
the correlation matrix of pair-wise labels with fixed dimensions.
Different from these works, we use label embeddings to directly
initialize the adaptive hypergraph with an arbitrary number of
hyperedges, which can model high-order semantic relations auto-
matically. The adaptive hypergraph not only avoids the inflexibility
of hand-crafted correlation graphs but also avoids statistical bias
caused by imbalanced labels in the training set.

3 METHOD

In this section, we elaborate on the proposed AdaHGNN model
for MLIC tasks, as illustrated in Fig. 2. The overall architecture
mainly consists of 3 modules, i.e., the construction of adaptive
hypergraph, HGNN module, and multi-scale learning. Among them,
the adaptive hypergraph module is proposed to construct and learn
label associations. The HGNN module is used to correlate the label-
related features and explore semantic interactions. And multi-scale
learning is utilized to improve the robustness to object size.

3.1 Construction of Adaptive Hypergraph

Following [12], a hypergraph is defined as G = {(V, &, W}, where
V denotes a set of vertices, & denotes a set of hyperedges and W is
a diagonal matrix of hyperedges weights, which can be initialized
with an identity matrix for meaning equal weights for all hyper-
edges. A hypergraph incidence matrix is denoted as H € R™™,
where n and m denote the number of vertices and hyperedges,
respectively. Generally, the distance between two vertices is cal-
culated to build a hypergraph or statistical information is used to
build a graph. These methods depend on calculations or statistics
information from the training set, which may suffer bias caused by
imbalanced labels. To solve this issue, we propose a novel method
to construct an adaptive hypergraph.
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Figure 2: The overall architecture of the proposed AdaHGNN. Firstly, ResNet-101[16] is employed to extract the image features.
A semantic decoupling module [5] is used to decouple the features into label-related feature vectors by label embeddings.
Secondly, two-layer hypergraph neural networks based on adaptive hypergraph are employed to correlate the label-related
features and explore the high-order semantic interactions. Finally, merge image features of stage-3 and stage-4 to improve the
robustness to object size. “®” denotes the concatenate operation and “FC” denotes the fully-connected layer.

Hand-Crafted Hypergraph. For comparison, we first intro-
duce the construction of a hand-crafted hypergraph for the MLIC
task. Assuming a classification task contains n labels and regards
each label as one vertex, the process of hand-crafted hypergraph
construction is as follows:

Step 1: construct a probability matrix P € R™" from the label
co-occurrence of the training dataset. The element of probability
matrix P can be formulated as

P;j = P(Li|Lj) (1)

where P(L;|Lj) denotes the conditional probability of appearance
of label L; when label L; appears, i, j = 1,2, ..., n.

Step 2: construct the hypergraph incidence matrix Hg € R™™
with vertex as row and hyperedge as column. Each hyperedge se-
lects one vertex as the center and connects the K nearest neighbors
by co-occurrence probability. Let V; denotes the vertex set of the K
nearest neighbors of the j’ h yertex, then the element of hypergraph
incidence matrix Hg can be formulated as

Pij, v; €V

002V, @)

[Hss) = {

where v; denotes the ith vertex, i = 1,2,..,nand j = 1,2,...,m.
Here n = m, that is, the number of vertices equals the number of
hyperedges.

Step 3: add an identity matrix I, € R™" to obtain the final
hypergraph incidence matrix:

Hs' = Hs + I, ®3)

Fig. 3 (b) shows the example of hand-crafted hypergraph con-
struction. The hyperedge e; takes vertex v; as the center and con-
nects other vertices with the co-occurrence probability as the dis-
tance. When K = 2, v3 with the probability of 0.67 and v5 with the

probability of 0.5 are the top 2 nearest neighbors of v1. So in the hy-
pergraph incidence matrix Hg, the element values of v3 and vs5 corre-
sponding to column e are 0.67 and 0.5 respectively, while others are
equal to 0. In this way, we finally get the hand-crafted hypergraph
based on the statistical co-occurrence information. However, the
number of the hyperedge suffers limitation and the hyperparameter
K has an impact on the construction of hypergraph.

Adaptive Hypergraph. To address the above issue, this paper
proposes an automatic learning method of the incidence matrix to
construct the adaptive hypergraph. It is impossible that all label
relationships can be obtained by statistical co-occurrence informa-
tion. Therefore, we redefine the hyperedge of hypergraphs, which
no longer centers on a vertex to connect its K nearest neighbor ver-
tices. We define a hyperedge as a kind of abstract relation between
vertices, rather than a specific prior relationship. Let & be a set of
hyperedge in a hypergraph, then hyperedges can be denoted as:

&= {61,62, ...,em},m >0 (4)

where m is the number of hyperedges. Each hyperedge indicates
a potential relationship between two or more vertices, which can
be learned automatically in the training phase. Then the adaptive
hypergraph incidence matrix Hq € R™ can be obtained by ag-
gregating the learnable hyperedges. We can choose random values
or label embeddings to initialize H4. To accelerate the convergence,
this paper uses label embeddings as initialization. The label embed-
dings E € R™™ can be denoted as

E ={b1,...bi,...bm},m >0 (5)

where n is the number of labels and m denotes the dimensionality
of the embedding. b; denotes the ith dimension vector of the label
embedding. They can be obtained by the pre-trained word embed-
ding, such as GloVe [30], BERT [10], etc. Intuitively, each dimension
of the label embedding indicates an attribute or relation of labels,
which is consistent with the characteristics of the hyperedge. So



centroid

/”'ﬁinexghborhood & & & e & @&
wo| o Jost| o |as| o

v,

| Viee 5 -

\vs—”

l
||
l
|
l
||
l
|
H l
centroid ||
l
!
l
!
l
||
l
||
l

V,
I:>:>
training

V.
label embeddings E € R®™  Initial hypergraph H, € R&™ adaptive hypergraph HA e R&™ 2" v,
(from trained word embeddings ) (m>0) (m>0) V, @

V5 0.5 0.67 0 0.5 Lo 0.75

- Xnelghhomood
V, o |oer| o 0o | 05| 1o
(LS :
(RN

hypergraph incidence matrix HS € st
(add an identity matrix)

I k=2 Neighbors by co- construct the incidence matrix with

| Loccurrence probability vertex as row and hyperedge as column
________________________________ 4L

(a) Data samples (b) lllustration of constructing a hand-crafted hypergraph

(c) lllustration of constructing an adaptive hypergraph

Figure 3: The comparison of hand-crafted and adaptive hypergraph construction processes. (a) The input data examples with
6 objects and 11 examples. Each colored dot denotes an object label. The same color of edges connect the labels co-occurred
in the same image sample. (b) For each vertex, aggregate its n — 1 neighbor vertices by co-occurrence probability to generate a
hyperedge. Then select the K nearest neighbors to construct the hypergraph incidence matrix. The red circle region denotes
the neighborhood of K = 2. The greater the probability, the closer they are. (c) The adaptive hypergraph is initialized by label

embedding and automatically learned during training.

it is meaningful to use label embedding to initialize the adaptive
hypergraph incidence matrix Hy4. Fig. 3 (c) shows an example of the
construction of an adaptive hypergraph. There are 6 vertices and m
hyperedges. Label embedding is used to initialize the hypergraph
incidence matrix. And the adaptive hypergraph can be learned after
model training. The darker the color, the stronger the correlation.
Take ey, as an example, we can draw its potential relationship with
four vertices (vg, ve, 3, v4) according to the degree of correlation.
The closer the distance, the stronger the association.

3.2 Feature-Semantics Interaction through
HGNN

The overall framework of our approach is shown in Fig. 2. Given
an input image I, ResNet-101 [16] is utilized to extract the image
feature maps. The last average pooling layer has a size of 2x2 and a
stride of 2. Then the output of stage-4 is Fimqge € RWXhXe wwhere
w, h and ¢ denote the width, height and the channel of the feature
maps, respectively. To learn label-related features, a semantic de-
coupling module [5] is employed to decouple image features into
the semantic-specific feature representation by the label embed-
dings. The module uses a low-rank bilinear pooling method and an
attention function to calculate the attention coefficient. The label
embeddings E € R™ are obtained by the pre-trained GloVe [30]
model. Then we can get the semantic-specific feature representation
Fog € R4 F 4 = {fl,fz, ...,fn}, where n denotes the number
of labels, f; denotes the feature vector related to label i, and d;
denotes the dimensionality of feature vector f;.

To capture high-order semantic relations automatically, the two-
layer hypergraph neural networks with adaptive hypergraphs are
used to correlate the feature vectors and explore semantic depen-
dencies. Let V) be the learnable filter matrix of hypergraph neural
network at [ layer, F (D) be the vertex features of hypergraph at [
layer, then a hypergraph convolutional layer [12] HConv(F, W, ®)
can be formulated as

FM) = (D, V2 HAWD; ' HAT D, P FD (D) )

where o(.) is the nonlinear activation function, Hy is the adaptive
hypergraph incidence matrix, D, and D, denote the degrees of
the edge and the degrees of vertex, respectively. They are used for
normalization. For a vertex v € V and a hyperedge e € &, their
degrees can be calculated by

d(v) = Z w(ea(v,e), d(e) = Z a(v, e) @)
eed veV

where w(e) is an element on the diagonal of matrix W and in-
dicates the weight of hyperedge e. a(v, e) is the element of Hyq.
According to Equation 6, the process of a hypergraph convolu-
tion layer is as follows. Firstly, the learnable filter matrix at [ layer
@D is used to transform the | layer vertex features F D to the
new vertex features. Note that the initial vertex features F() is
the output of the semantic decoupling module. Secondly, the new
vertex features on the hyperedges are gathered to obtain the hy-
peredge features by the multiplication of H, 4T Finally, the related
hyperedge features are associated to obtain the final vertex features
FU*D which is implemented by multiplying matrix H4. Through
the vertex-hyperedge-vertex transform, HGNN can effectively cap-
ture semantic dependencies and explore the interaction between
features and semantics.

3.3 Multi-Scale Learning

To be more robust to object size, we propose the multi-scale learning
by using the image features of stage-3. Different from other multi-
scale feature fusion methods, such as MS-CMA [46], which average
the predicted probability score of classifier of multi-scale features,
while we fuse multi-scale results at the output of hypergraph. Let
F'image € RWXH'XC" he the output of stage-3, and go through
the semantic decoupling module and two-layer HGNN. Then the
final vertex features F, , of stage-3 can be obtained. Following [5],
we also concatenate the output Fgg of the semantic decoupling
module of stage-4 with the final vertex features. Then the final
vertex features of multi-stage learning can be written as

Fims =Fsq® Fout ® F, (8)



where @ denotes the concatenate operation by channels. Finally,
the vertices are classified after two fully connected layers.

3.4 Optimization

Let the training set be X = {Ii,yi}, herei = 1,2,...,T, T is the
number of images in training set. I; and y; are the i’ h input image
and ground truth, respectively. For the MLIC task with n objects,
Y; = {Yit, --» Yijs .- Yin}» Yij is equal to 1 if the ground truth con-
tains the label j and 0 otherwise. We employ the cross entropy as
the loss function:

T n
Lentropy :Zzyij 10gpij+(1_yij) 10g(1_Pij) )
i=1 j=1

where p;; is the probability of the classifier via a sigmoid function.

4 EXPERIMENTS

In this section, we conduct experiments on four benchmarks: MS-
COCO [25],NUS-Wide [8], Pascal VOC 2007 [11], and Visual Genome
500 [20]. These benchmarks cover large, medium and small-scale

categories. Experimental results demonstrate the effectiveness and

generality of AdaHGNN.

4.1 Evaluation Metrics

To fairly compare with existing approaches, we report the mean
average precision (mAP) over all labels on all datasets. mAP is
a key metric used for MLIC tasks, which is more important than
other metrics. Following [27] on the MS-COCO dataset, we further
present the average per-label F1 (CF1) and the average overall F1
(OF1). The results of top-3 labels are also reported. Following [5] on
Pascal VOC 2007 dataset, we further present the average precision
(AP) of each label.

4.2 Datasets

MS-COCO. Microsoft COCO [25] is a widely used dataset for
MLIC tasks. It contains 82,081 training images and 40,137 validation
images for testing. There are 80 labels on the dataset and about 2.9
labels per image.

NUS-Wide. NUS-Wide [8] is a web dataset from Flickr, which
contains 269,648 images and 5018 labels. Following the processing
and split used in [46], we use 150,000 images for training and 59,347
for testing. There are 81 labels with 2.4 labels per image on average.

Visual Genome. Visual Genome [20] is a dataset with 80,138
labels. Because most labels contain very few images, we follow [5]
to use a VG-500 subset. The VG-500 subset contains 108,249 images
and 500 labels. Following the split of [5], there are 10,000 images
for testing and the rest 98,249 images for training.

Pascal VOC 2007. Pascal VOC 2007 [11] is also a popular dataset
for MLIC tasks. It contains 5,011 images for training and 4,952
images for testing. The Pascal VOC 2007 dataset only contains 20
labels, which is a small-scale dataset.

4.3 Implementation Details

Data Preprocessing. Data preprocessing is the same for all
datasets. During training, we first resize the input image to 640X 640
and randomly select a number from {640, 576, 512, 384,320} as the

height and width to randomly crop the resized image. Finally, the
training image can be obtained by further resizing the cropped
patches to 576 x 576. During testing, we simply resize the test
image to 640 X 640 for evaluation.

Experimental settings. All experiments on AdaHGNN are
optimized by ADAM algorithm with momentums of 0.999 and 0.9.
We employ ResNet-101 pre-trained on ImageNet dataset [9] to
extract image features and freeze the parameters of stage-1 and
stage-2. The learning rate is initialized to 107>, and it is divided by
10 when the error stops dropping. 300-dim GloVe is used as word
embeddings to obtain label representation. When a label contains
multiple words, the average of word embeddings for all words in it
is used as the label embeddings. The final vertex features Fp,s of
multi-scale learning are classified through 5,120-to-2,048 and 2,048-
to-1 fully connected layers. The proposed AdaHGNN is trained in
an end-to-end manner with a batch size of 4. Other parameters are
as follows: d = 300, d; = 2048, dy = 2048, d3 = 1024, ds = 1024.

4.4 Compared Methods

To evaluate the effectiveness of the proposed AdaHGNN, we com-
pare it with the following state-of-the-art methods, which can be
grouped into two main categories:

(1) Classical deep learning methods. CNN-RNN [35] and CNN-
SREL-RNN [26] use CNN to encode the image and RNN to decode
it into sequences. RNN-Attention [39] and Order-Free RNN [4]
are based on a LSTM framework with the attention module. RHN-
GRRE [21] employs RHN to consider related regions and a gated
recurrent relation extractor (GRRE) to capture the label correlation.
ResNet-SRN [50] develops a spatial regularization network to ex-
plore semantic and spatial relations of labels. Multi-Evidence [13]
proposes a weakly supervised curriculum learning method for MLIC
tasks. CMA and MS-CMA [46] utilize cross-modality attention
module to generate semantic attention maps. KD-WSD [27], Dis-
tillation [17], FitsNet [32], and Attention transfer [48] focus on
knowledge distillation. FeV+LV [45] extracts object proposals to ob-
tain local information. RCP [37] proposes an object-proposal-free
framework based on random crop pooling.

(2) GNN based methods. ML-GCN [6] employs GCN to cap-
ture label dependencies by a re-weighted correlation matrix. A-
GCN [22] uses an adaptive label graph module to a learn adjacent
matrix with fixed dimension. Attention-GCN [29] employs atten-
tion mechanism to associate labels and regions and uses GCN to
learn label dependencies. KSSNet [38] adds knowledge prior graph
and lateral connections between CNN and GCN. SSGRL [5] uses
a semantic decoupling module to guide the feature learning and a
semantic interaction module to capture correlations.

4.5 Experimental Results

MS-COCO. We compare the proposed AdaHGNN with state-of-
the-art methods and report the main results in Table 1. It can be ob-
served that AdaHGNN achieves the best performances at all evalua-
tion metrics. Compared with CNN-RNN [35], CNN-SREL-RNN [26],
Order-Free RNN [4], RNN-Attention [39], RHN-GRRE [21] and
ResNet-SRN [50], which rely on RNN framework, AdaHGNN out-
performs them by significant margins. In comparison with weakly-
supervised learning (KD-WSD [27] and Multi-Evidence [13]), better



Table 1: Performance comparisons (%) between state-of-the-
art methods and AdaHGNN on MS-COCO dataset. Upper
part presents the results of classical deep learning methods
and lower part presents GNN based methods.

All Top-3

Method mAP | CF1_OF1 | CFI OFI
CNN-RNN [35] 612 | - - | 604 678

CNN-SREL-RNN [26] | - | 634 725 | - -
Order-Free RNN [4] - - - 62.1 67.7
RNN-Attention [39] - - - 674 72.0
RHN-GRRE [21] 66.7 | - - | 652 718
KD-WSD [27] 74.6 69.2 740 | 66.8 72.7

ResNet-SRN [50] 77.1 | 71.2 758 | 67.4 729
ResNet101-ACfs [14] 775 | 722 763 | 68.0 73.1

Multi-Evidence [13] - 749 784 | 70.6 747
CMA [46] 82.8 775 809 | 73.8 77.0
MS-CMA [46] 83.8 784 81.0 | 749 77.1
ML-GCN [6] 83.0 78.0 803 | 746 76.7
A-GCN [22] 83.1 78.0 803 | 74.6 76.6
Attention-GCN [29] 83.3 78.0 80.7 | 744 77.0
KSSNet [38] 837 | 772 815 | - -
SSGRL [5] 83.8 76.8 79.7 | 72.7 76.2

AdaHGNN (Ours) 850 | 799 818 | 75.5 77.6

performances are also obtained on AdaHGNN. Moreover, AdaHGNN
exceeds the previous state-of-the-art result (MS-CMA: 83.8%) by
1.2% on mAP. From the lower part of Table 1, comparing to other
GNN-based methods, e.g., ML-GCN [6], A-GCN [22], Attention-
GCN [29], KSSNet [38] and SSGRL [5], AdaHGNN also achieves a
notable performance improvement on all metrics, which demon-
strates the effectiveness of our model for multi-label image classifi-
cation. Specifically, it is 1.2%, 3.1%, 2.1%, 2.8% and 1.4% higher than
the previous best GNN-based method SSGRL [5] on mAP, CF1 (all),
OF1 (all), CF1 (Top-3), and OF1 (Top-3), respectively.

NUS-WIDE. The comparison results on the NUS-WIDE dataset
are also shown in Table 2. Comparing to distillation-based meth-
ods, e.g., Distillation [17], FitsNet [32], Attention transfer [48] and
KD-WSD [27], AdaHGNN improves by at least 2.2%. AdaHGNN
also outperforms the latest model MS-CMA [46] by achieving
0.9% gain. On the NUS-WIDE dataset, AdaHGNN ranks second,
which is 1.2% lower than RHN-GRRE [21]. However, on the MS-
COCO dataset, the proposed AdaHGNN (85.0%) outperforms RHN-
GRRE [21] (66.7%) by a large margin of 18.3% on mAP. The possible
reason for such performance difference is that, on the NUS-WIDE
dataset, the labels may have the hyponymy relation, e.g., “cat, dog,
cow” are all belonged to the concept “animal”. For images only
containing “cat”, some ground truths are “cat” and some are “cat, an-
imal”, which greatly affect the performance of the proposed method
since it pays more attention to the modeling of the semantic rela-
tionships among multiple labels.

VG-500. To evaluate the performance of large-scale categories
classification, we conduct experiments on the VG-500 dataset, as
depicted in Table 2. The proposed AdaHGNN performs much better
than existing baseline methods (ResNet-101 and ResNet-SRN [50])

Table 2: Performance of mAP (%) between state-of-the-art
methods and AdaHGNN on NUS-WIDE and VG-500 dataset.

Method | NUS-WIDE | VG-500
CNN-RNN [35] 56.1 -
Distillation [17] 57.2 -

FitsNet [32] 57.4 -
Attention transfer [48] 57.6 -
KD-WSD [27] 60.1 -
RHN-GRRE [21] 63.5 -
CMA [46] 60.8 -
MS-CMA [46] 61.4 -
ResNet-101 [16] - 30.9
ResNet-SRN [50] - 33.5
ML-GCN [6] - 33.8
SSGRL [5] - 36.6
AdaHGNN (Ours) 62.3 38.2

by achieving 4.7% mAP improvement. Comparing to GNN-based
models, e.g., ML-GCN [6] and SSGRL [5], AdaHGNN achieves the
mAP of 38.2%, which exceeds the previous state-of-the-art by 1.6%.
The performance gain on the VG-500 dataset indicates that our
AdaHGNN model is suitable for recognizing large-scale categories.

Pascal VOC 2007. Table 3 shows the comparisons of average
precision (AP) of each label and mean average precision (mAP) with
state-of-the-art methods on the Pascal VOC 2007 dataset. Following
SSGRL [5], we also pre-train the AdaHGNN model on the COCO
dataset. It can be observed that of the 20 categories, we have 17
with the best on AP. Comparing to SSGRL [5], AdaHGNN gets
the absolute performance gain of 0.20% on mAP, i.e., error relative
dropping of 4.0%. The results show that AdaHGNN is also effective
for small data with small-scale labels.

4.6 Ablation Studies

To demonstrate the effectiveness and influence of each component
of the AdaHGNN, we perform a series of ablation experiments on
the MS-COCO dataset. We evaluate the effect of the HGNN module,
the adaptive hypergraph module, the multi-scale learning module,
and the different initialization methods of adaptive Hypergraph.

4.6.1 Effect of the HGNN Module. To explore the effect of the
HGNN module, we replace the HGNN module in the AdaHGNN
model by the GNN module. The GNN module is following SSGRL [5]
but without gated recurrent update mechanism. The graph con-
struction is based on the statistical label information from training
data. As shown in Table 4, the mAP drops from 85.0% to 84.2% when
GNN is used instead of HGNN. The result demonstrates that HGNN
is superior to GNN in exploring label associations and interactions.
The possible reason is that GNN only captures the label pair rela-
tionship, while HGNN can discover high-order semantic relations
of multi-labels.

4.6.2 Effect of Adaptive Hypergraph. To evaluate the effectiveness
of the proposed adaptive hypergraph, we compare different con-
struction methods of hypergraph, as depicted in Table 5. The hand-
crafted hypergraph is constructed as described in section 3.1 and



Table 3: Comparisons of AP and mAP (%) with state-of-the-art methods on the Pascal VOC 2007 dataset. Upper part presents
the results of classical deep learning methods and lower part presents GNN based methods.

Method ‘ aero bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv | mAP
CNN-RNN [35] 96.7 83.1 942 9238 61.2 82.1 89.1 942 64.2 83.6 700 924 91.7 84.2 93.7 59.8 93.2 753  99.7 786 84.0
ResNet-101 [16] 99.5 97.7 978 96.4 65.7 91.8 96.1 97.6 74.2 80.9 850 984 96.5 95.9 98.4 70.1 88.3 80.2 989 89.2 89.9

FeV+LV [45] 97.9 97.0 96.6 94.6 73.6 939 965 955 737 903 828 954 97.7 95.9 98.6 98.6 77.6 88.7 983  89.0 90.6
RNN-Attention [39] 98.6 974 963 96.2 75.2 924 96.5 97.1 76.5 92.0 87.7 968 97.5 93.8 98.5 81.6 93.7 82.8 98.6 893 91.9
RCP [37] 993 976 98.0 96.4 79.3 93.8 96.6 97.1 78.0 837 87.1 97.1 96.3 95.4 99.1 82.1 93.6 82.2 984 928 92.5
ML-GCN (Binary) [6] 99.6 983 97.9 97.6 78.2 923 974 974 792 944 865 974 97.9 97.1 98.7 84.6 95.3 83.0 986 904 93.1
ML-GCN (Re-weighted) [6] | 99.5 98,5 98.6 98.1 80.8 94.6 972 982 823 957 864 982 98.4 96.7 99.0 84.7 96.7 843 989 937 94.0
SSGRL [5] 99.7 98.4 98.0 97.6 85.7 96.2 982 988 820 981 89.7 9838 98.7 97.0 99.0 86.9 98.1 85.8 99.0 937 95.0
AdaHGNN (Ours) 99.8 989 989 981 88.1 973 983 988 817 982 872 99.1 993 97.7 99.1 87.8 98.4 825 99.7 945 | 95.2

Table 4: Performance comparisons (%) between HGNN and
GNN in the AdaHGNN model on the MS-COCO dataset.

‘ All ‘ Top-3
Method |- Ap [ CF1 OF1 | CF1 OFI
GNN | 842 | 788 814 | 748 773
HGNN | 850 | 799 818|755 776

Table 5: Comparisons (%) with several construction methods
of hypergraph on the MS-COCO dataset.

‘ ‘ All ‘ Top-3
Method [ mAP | CF1_ OFf | CFI OFI
Hand-crafted hypergraph | 84.8 | 79.3 81.6 | 752 773
Static hypergraph 848 | 79.8 816 | 75.1 77.2
Adaptive hypergraph 85.0 | 79.9 81.8 | 75.5 77.6

Table 6: Performance of different scales of AdaHGNN on the
MS-COCO dataset.

‘ ‘ All ‘ Top-3
Method = AP | CF1 OFI | CFI OFI
Stage-4 | 845 | 79.1 812 | 752 77.2
Stage-34 | 85.0 | 79.9 818|755 77.6
Stage-234 | 849 | 796 818 | 753 775

K is set to 80. The static hypergraph is initialized with label em-
bedding, the parameters of the hypergraph incidence matrix are
frozen and not learnable in the training process. From Table 5, it
is obvious to see that the proposed adaptive hypergraph performs
better than other construction methods at all evaluation metrics,
which indicates the effectiveness of adaptive hypergraph.

4.6.3  Effect of Multi-Scale Learning. The comparison result of dif-
ferent scales is shown in Table 6. When the features of the stage
are used, the network parameters of the stage are no frozen and
but learnable. From Table 6 we can see that “Stage-3,4” achieves
the best performance, which obtains 0.5% improvement comparing
to single-scale learning. When using three stages of fusion, the
possible reason of performance dropping is that when more stage

Table 7: Performance of different initialization methods of
adaptive Hypergraph on the MS-COCO dataset.

All Top-3
Method mAP | CF1__OF1 | CF1  OF1
GloVe-300 (AdaHGNN) | 85.0 | 79.9 818 | 755 77.6
Random-300 849 | 795 816|751 773
BERT-base-768 851 | 798 819 | 755 776
Random-768 850 | 797 818 | 755 77.6
BERT-large-1024 851 | 796 819 | 756 776
Random-1024 849 | 796 816|752 773

features are used, the more network parameters are, which result in
difficulty to train and possible over-fitting. We also use the general
metric FPS (frames per second) to measure the inference time. On
the machine with 1 GPU of Nvidia V100, the average inference
time of stage-3,4 and stage-4 are 34 FPS and 39 FPS, respectively. It
shows that the multi-scale learning achieves a 0.5% improvement
with the acceptable cost of inference time.

4.6.4 Effect of different initialization methods of adaptive Hyper-
graph. The results of different initialization methods are depicted
in Table 7. Three pre-trained word embeddings including 300-dim
GloVe [30], 768-dim BERT-base [10], and 1024-dim BERT-large [10]
are used to obtain label embedding. Random vectors of the same di-
mension are also used for comparison. The effectiveness of random
initialization proves that adaptive hypergraph can be learned in
the training process. The label embedding method is slightly better
than the random initialization method. The possible reason is that
the label embedding contains external prior knowledge. In addition,
the number of hyperedges does not have a great impact on per-
formance. The possible reason is that the relationship is relatively
simple on the MS-COCO dataset. Because there are only 80 labels,
each image is about 2.9 labels.

4.7 Visualization and Analysis

4.7.1 Component Analysis. Fig. 4 visualizes the results of replacing
different components on AdaHGNN. Columns 3, 4, and 5 show the
results of using GNN instead of HGNN, hand-crafted hypergraphs
instead of adaptive hypergraphs, and single-scale learning (stage-4)
instead of multi-scale learning (stage-3,4) on AdaHGNN, respec-
tively. From the last row, we can see that the highlighted regions
of the semantic feature maps on GNN, hand-crafted hypergraphs,



Input image Ours GNN—>HGNN  hand-crafted —> adaptive Stage-4 —> Stage-3,4

0.9975 0.9933

0.9931

\
clock, bench, potted plant  Probability:  0.5814

Figure 4: The visualization of replacing different compo-
nents of AdaHGNN on MS-COCO dataset. In each row, the
red label indicates the label corresponding to the semantic
feature maps of that row. “module A-> module B” indicates
that on AdaHGNN, replace the module B with module A.
The number below the image indicates the prediction prob-
ability of the corresponding label.

Input Image Ground Truth AdaHGNN (ours) ML-GCN [6] SSGRL [5]
person person erson person
tennis racket tennis racket pe tennis racket

tennis racket
sports ball sports ball skateboard
. . skateboard .
chair chair chair
person person person person
tennis racket tennis racket tennis racket tennis racket
sports ball sports ball tie tie
dining table dining table dining table dining table
cup cup cup cup
chair chair bowl! bow!
bowl bowl cake cake
sandwich sandwich knife sandwich
dining table dining table dining table dining table
cup cup cup cup
. sandwich sandwich
chair chair
. N fork fork
sandwich sandwich . "
N N knife knife
knife knife
person cell phone

Figure 5: Comparison of capability for high-order seman-
tic association capturing on MS-COCO dataset. Column 1, 2
are input images and ground truth. Column 3-5 are the pre-
dicted labels of different methods. The red-colored text indi-
cates classification errors. The green-colored text indicates
the labels predicted according to the higher-order relation.

and stage-4 are not very accurate for the label “potted plant”. And
the confidences of the corresponding label are relatively low. It
demonstrates the effectiveness of each component of AdaHGNN.

4.7.2  Comparison Analysis. Fig. 6 shows the predicted labels and
the corresponding semantic feature maps of AdaHGNN, ML-GCN [6],
and SSGRL [5]. The predicted labels with confidence greater than 0.5
are positive. They are sorted by confidence from high to low. It can
be observed that the predicted labels and corresponding highlighted
regions of AdaHGNN are more consistent and accurate than those
of ML-GCN [6] and SSGRL [5]. Moreover, the semantic-aware areas
of AdaHGNN are more concentrated and not scattered. It shows
that AdaHGNN is superior to the existing methods in learning
label-related features and exploring label and region interaction.

Input image

AdaHGNN (ours) ML-GCN [6] SSGRL [5]

person, cup, oven, sink,

person, oven, cup, sink,
i pizza, bowl, bottle

microwave

b

knife, carrot, spoon,

spoon, carrot, bowl f
dining table, fork

) a v

laptop, sandwich, bottle, bed  bottle, laptop, sandwich,

ich, le, | book
book. dinng table sandwich, bottle, laptop, bool

person, umbrella,
motorcycle, car, bicycle

person, umbrella, car,
motdrcycle, truck

person, umbrella, car,

person, umbrella, car,
truck, bicycle

motorcycle, truck

Figure 6: Compare the visualization results of different
methods on MS-COCO dataset. Column 1 is the input image
and ground truth labels, and column 2-4 are the predicted la-
bels and the corresponding semantic feature maps. Red text
indicates classification errors.

4.7.3 High-order Semantic Association Analysis. We further ana-
lyze the ability of AdaHGNN to capture high-order semantic associ-
ations. Fig. 5 shows the predicted labels of AdaHGNN, ML-GCN [6],
and SSGRL [5] on MS-COCO dataset, which are sorted by confi-
dence from high to low. According to the probability of statistics
from the training set in Fig. 1, we know that the co-occurrence
probability of “sports ball” and “person + tennis racket” is 0.53. And
“chair” co-occurs with “dining table + cup” is as high as 0.45. How-
ever, when the conditions are met, ML-GCN [6] and SSGRL [5] can’t
correctly recognize “sports ball” and “chair” while AdaHGNN can. It
demonstrates that AdaHGNN has the ability to capture high-order
semantic associations.

5 CONCLUSION

In this paper, to capture the high-order semantic relations among
multi-labels, we propose a novel hypergraph neural networks based
model for multi-label image classification. To overcome the lim-
itation of the hand-crafted hypergraph constructing method, an
automatic hypergraph learning mechanism is also proposed based
on label embeddings. Extensive experiments are conducted on
four public benchmarks, and new state-of-the-art performances are
achieved on three of them. Further analysis demonstrates the effi-
cacy of AdaHGNN on modeling high-order semantic associations.
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