
IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 24, 2022 3287

Deep Modality Assistance Co-Training Network for
Semi-Supervised Multi-Label Semantic Decoding
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Abstract—Multi-label semantic decoding is a challenging task
with great scientific significance and application value. The existing
methods mainly focus on label learning and ignore the amount of
information contained in the sample itself, especially non-image
sample, which may limit their performance. To address these
issues, we propose a novel semi-supervised modality assistance
co-training network, which utilizes image modality to assist non-
image modality for multi-label learning. In real application, there
are two thorny issues: (i) non-image modality tends to be missing
owing to the difficulty in obtaining them; (ii) although the image
modality is easy to obtain from the Internet, image label annotation
is still time-consuming and expensive. Therefore, the proposed
method utilizes a small number of paired & labeled images and
non-image modalities, and a large number of unpaired & unlabeled
images from web sources to improve results. It consists of the
modality-specific feature generators, the feature translators and
the label relationship network. Specifically, the modality-specific
feature generators are used to generate different features (views)
for each modality. Semantic translators are employed to capture the
relationship between the paired modalities and impute the missing
modality feature by using unpaired & unlabeled images. Label
relation network is a graph convolution network (GCN) aiming to
capture the correlation between labels. To mine the information
in unlabeled features, the co-training mechanism is considered.
With this mechanism, we introduce a multi-view orthogonality
constraint and a multi-label co-regularization constraint. Extensive
experiments on three computer vision and neuroscience datasets
demonstrate the effectiveness of the proposed method.

Index Terms—Multi-label, Modality, Assistance, Co-training,
Semi-supervised.
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I. INTRODUCTION

W ITH rich information presented in multimedia data, an
object can be naturally associated with multiple labels.

Therefore, many real-world classification tasks are not limited
to multi-class classification (i.e., only one category label for
each input instance), but focus on multi-label classification,
that is, assigning multiple labels to each instance at the same
time. Multi-label learning can be applied to many fields, such
as medical diagnosis recognition [1], [2], natural image recog-
nition [3], [4], facial action units recognition [5]–[7] and hu-
man attribute recognition [8], [9], etc. In addition to the appli-
cation of image modality, increasing attention has been paid to
non-image modality, especially for multi-label semantic decod-
ing in non-image modality.

Numerous studies have built multi-label semantic decoding
models from diverse perspectives for non-image modality. Du
et al. proposed a novel end-to-end deep learning framework for
biomedical texts multi-label classification [10]. In order to de-
code semantic content from brain signals induced by natural im-
ages, Li et al. proposed a functional magnetic resonance imaging
(fMRI) multi-label semantic decoding method by multinomial
label distribution [11]. Considering that labels are not indepen-
dent, Huth et al. used a hierarchical logistic regression (HLR)
model to decode the semantic content from human brain ac-
tivities induced by natural movies [12]. Meanwhile, there are
also some multi-modal multi-label studies which integrate im-
age modality and non-image modality for multi-label classifica-
tion [13]–[16]. Comparing to the semantic decoding with single-
modality information, those methods with multi-modality infor-
mation achieve better performance.

Although great progress has been made in the non-image
modality multi-label semantic decoding field, there are still some
issues remained to be solved. Firstly, unlike image data, the
non-image modality is usually hard to obtain. For example, in
the neural decoding applications [17]–[20], it will take a lot
of time to collect brain signals evoked by stimulus images; in
the computer vision applications [21], [22], the text description
of images may require the efforts of the experienced human
annotators. Therefore, the size of non-image modality data is
generally small, which may lead to insufficient information for
complex multi-label tasks. For the multi-label classification task
of non-image data, if we only consider the correlation between
the labels and neglect the information contained in the sam-
ple itself, the classification performance will be limited. Sec-
ondly, for most multi-modal multi-label methods, in addition
to the training stage, they need multiple modalities both in the
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training and testing stages to ensure good performance, which
can not deal with the problem of modality missing well. Thirdly,
label annotation is still time-consuming and labor-intensive for
multi-label task. Due to the insufficient (unlabeled) non-image
data, it is usually hard to directly apply machine learning meth-
ods that have been proved to be effective in image classification
to non-image multi-label classification, such as semi-supervised
learning [23]–[25].

To tackle the above issues, we present a novel semi-supervised
modality assistance co-training network for multi-label seman-
tic decoding, which uses the information of image modality
to assist the multi-label learning of non-image modality. In
real application, due to the non-image modality is not easy
to obtain (tends to be missing) and the image label annota-
tion is time-consuming and expensive, we consider a doubly
semi-supervised learning [26] in this paper. That is, in addition
to a small number of paired & labeled image and non-image
modalities, there are also a large number of label missing and
modality missing data in the image modality, as well as a large
number of unlabeled (imputed) features generated from a large
number of unpaired & unlabeled web images (by using feature
translator) in the non-image modality. Herein, in terms of the
multi-label task, we introduce a doubly co-training mechanism
(one for image modality and the other for non-image modality)
for the label missing problems, and a graph convolution network
(GCN) to capture the correlation between labels. Experiments
on the MIRFLICKR-25K [27] (computer vision), Bold5000 [28]
(neuroscience) and Vim-2 (neuroscience) datasets demon-
strate that the proposed method achieves the state-of-the-art
performance.

The main contributions of this paper are as follows:
� Our method uses the image modality information to assist

the non-image modality multi-label learning, which im-
proves the result of semantic decoding when the number
of non-image data is small.

� We use doubly semi-supervised learning in the multi-label
task, which can alleviate the dependence of the model on
a large number of paired & labeled samples.

� We introduce the feature translators to solve the modality
missing problem and a doubly co-training mechanism to
deal with the label missing problem.

� The experimental results demonstrate that our method
achieves superior performance compared with other
methods.

II. RELATED WORKS

In this section, we give a brief review on the previous multi-
label learning methods. Different from single-label classifica-
tion, in multi-label learning, an instance can be associated with
multiple category labels. A straightforward way of tackling
multi-label learning problem is to transform it into other well-
established learning scenarios, such as Binary Relevance [29]
transforms the task of multi-label learning into the task of mul-
tiple binary classifications. However, this method does not con-
sider the relationship among labels, which may limit its perfor-
mance. Yeh et al. proposed a Canonical-Correlated Autoencoder

(C2AE) method [30], which can be viewed as a feature-aware
label embedding framework with the ability to exploit label in-
terdependency during both embedding and prediction processes.
Considering the label correlation in existing methods is either
global and shared by all instances, or local shared only by a data
subset, Zhu et al. proposed a new multi-label approach named
GLOCAL [31] by learning a latent label representation and opti-
mizing label manifolds, exploiting global and local correlations
simultaneously. The above methods aim to improve the results of
multi-label classification from the perspective of label learning,
and some other methods focus on sample (feature) learning.

Zhang et al. proposed a multi-label lazy learning method
named ML-KNN, which uses the k-nearest neighbor relation-
ship of samples to predict semantic labels. The information
of single-modality samples is limited. Different modalities of
the dataset can provide complementary information, recently,
Chen et al. proposed a multi-modal deep network for multi-label
classification [14]. This method used a joint deep network to
learn one representation from each modality, and the depen-
dencies among multiple modalities and labels are captured by
both the shared feature layer and the label layer of the network.
He et al. proposed a multi-label double-layer learning (MDLL)
method [32], which includes two stages of iterative learning to
improve results: L2C (Label to Common) and C2L (Common
to Label). MDLL learns labels’ weight information with the im-
age’s and text’s common space features (C2L), and utilizes label
information to solve the common space of the image and text
(L2C). Wu et al. proposed a multi-modal multi-label learning
method named SIMM [15], which leverages the shared subspace
exploitation and the modality-specific information extraction
for multi-label task. However, this method also needs multiple
modalities information in the test stage to ensure good results.
Considering unlabeled data can be easily collected and help
to improve results, Niu et al. proposed a semi-supervised co-
regularization method namely multi-label co-regularization for
facial action unit recognition [23]. This method learns comple-
mentary features from images by constraining classifier weights,
and it can utilize a large number of unlabeled image data to
improve the results of multi-label classification. However, this
semi-supervised scenario is mainly for image modality. Zhang et
al. proposed a generalized semi-supervised structured subspace
learning method [33], which uses both labeled and unlabeled
data to learn the common feature subspace to exploit the corre-
lations among multi-modal data. In this method, image modality
and non-image modality are paired and both have unlabeled data.

Different from previous works, in our paper, we use im-
age modality information to assist non-image modality to im-
prove the multi-label learning results. We introduce a doubly
semi-supervised learning in our method. It can alleviate the de-
pendence of the model on a large number of paired & labeled
samples, and has a strong application value.

III. PROPOSED METHOD

A. Overview

The illustration of the proposed semi-supervised multi-
label framework is shown in Fig. 1. Due to some non-image
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Fig. 1. An overview of the proposed semi-supervised multi-label semantic decoding framework. We first pre-train the feature generators, feature translators and
classifiers on labeled and unlabeled data (with Eq.(10)). The first view of each modality shares C-way classifiers, and the second view of each modality shares
another C-way classifiers. Then we use the weights of the pre-trained classifiers as the initial input of label relationship network and fine-tune all networks. Label
relationship network is a graph convolution network (GCN). Taking the weight of the classifier (input of GCN) as the vertex of the graph, combined with the
label co-occurrence matrix, GCN outputs the final classifier containing the label relationship. The parameters of label relationship network are shared between two
C-way classifiers. We also introduce co-training mechanism to utilize the information of unlabeled data. In order to achieve co-training successfully, we impose
orthogonal constraint on the weights of the classifiers. Meanwhile, multi-label co-regularization loss is also introduced. In this method, the image modality and
non-image modality are only simultaneously used in training stage.

samples contain less information, it is difficult to deal with com-
plex multi-label task, the proposed method utilizes image modal-
ity to assist the multi-label learning of non-image modality. Con-
sidering non-image modality is not easy to obtain (tends to be
missing) and image label annotation is time-consuming and ex-
pensive, this method is trained on a small number of paired &
labeled images and non-image modalities, and a large number
of unpaired & unlabeled images from web sources, as shown in
Fig. 1. To make full use of the information of unlabeled data, we
introduce a co-training mechanism. Since the unlabeled data has
no supervision information, here, we need to learn two different
views/channels (with orthogonal loss) from a sample, and out-
put consistent prediction (with co-regularization) from two view
features, which can increase the reliability of prediction, so as
to correctly mine the information of unlabeled data. To connect
two modalities and impute the missing non-image modality fea-
ture with unpaired & unlabeled image modality, we introduce
feature translators. Based on the imputed unlabeled feature, we
also impose the constraint of co-training on non-image modal-
ity. Because it is a multi-label task, to capture the correla-
tion between labels, we introduce the label relationship learn-
ing network. In the prediction process, the weight of classifier

can directly reflect the correlation between labels. Here, two
pre-trained classifiers with different views share the same label
learning network to get the final prediction.

In the multi-modal multi-label dataset, we assume
X(1) = [x

(1)
1 ,x

(1)
2 , . . .,x

(1)
N ]T ∈ RN×M and X(2) =

[x
(2)
1 ,x

(2)
2 , . . .,x

(2)
N ]T ∈ RN×D denote the matrices of im-

age modality and non-image modality, respectively. Here, N
denotes the size of training set. M and D denote the dimension
of image modality and non-image modality. The unlabeled &
unpaired image matrices denote X(1)

u ∈ RNu×M , where Nu

denotes the size of unlabeled images (Nu � N ). For each
image in X(1), the two views feature f

(1)
1 and f

(1)
2 can be

generated through Feature Generator 1 and Feature Generator
4 (V11 and V12 channels), respectively. For each image in
X(1)

u , the two feature f (1)
1u and f

(1)
2u can also be generated in the

above way. For each non-image in X(2), the two views feature
f
(2)
1 and f

(2)
2 can be generated through Feature Generator 2

and Feature Generator 3 (V21 and V22 channels), respectively.
The missing non-image modality features are generated from
f
(1)
1u and f

(1)
2u by Feature Translator 1. The details of our

method are described in following sections. For the sake of
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TABLE I
DEFINITION OF FREQUENTLY USED SYMBOLS

readability, we list the frequently used symbols and their
definitions in Table I.

B. Traditional Co-Training

Because our co-training mechanism is based on the idea
of traditional co-training method, before introducing the de-
tails of the proposed method, we first introduce the traditional
co-training method. The traditional co-training approach [34]
is an award-winning method for semi-supervised learning. This
method requires that a dataset can be divided into two views,
and each view contains sufficient information to train an effec-
tive model. It means that we can train two different models M1

and M2 based on two views. The unlabeled data can be labeled
with each trained model, which are used to augment the training
set of the other model. This procedure is conducted for several
iterations untilM1 andM2 become stable. There are two charac-
teristics that guarantee the success of co-training: i) the two-view
features are conditionally independent; ii) the models trained on
different views tend to have similar predictions because of the
re-training mechanism. In this paper, our co-training network is
designed based on these two characteristics.

C. Multi-View Feature Generation

One of key characteristic of co-training is to learn two-
view independent features. Deep neural network is an effective
feature generation method. Here, we utilize two deep neural net-
works to generate the features of two views for each modality
(e.g., f (1)

1 , f (1)
1u and f

(1)
2 , f (1)

2u , f (2)
1 and f

(2)
2 ). The first view

of each modality shares C-way classifiers, and the second view
of each modality shares another C-way classifiers. Then these
two C-way classifiers can be learned to predict the probabilities
of labels by the feature of each view of each modality. Let p̂(1)ij

denotes the probability predicted for the j-th label using the i-th
view of image modality, p̂(2)ij denotes the probability predicted
for the j-th label using the i-th view of non-image modality. The
final probabilities can be formulated as:

p̂
(1)
ij = σ

(
wT

ijf
(1)
i + bij

)
(1)

p̂
(2)
ij = σ

(
wT

ijf
(2)
i + bij

)
(2)

where σ denotes the sigmoid function, and wij and bij are the
respective classifier parameters. Semantic labels are used as su-
pervisory information for feature generation. We calculate the
losses for all the labeled image modalities and non-image modal-
ities. The binary cross-entropy loss is utilized for each view
of each modality. The loss function for the i-th view of image
modality is formulated as:

L
(1)
vi = − 1

C

C∑
j=1

[
pj log

(
p̂
(1)
ij

)
+ (1− pj)log

(
1− p̂

(1)
ij

)]
,

(3)
The loss function for the i-th view of non-image modality is
formulated as:

L
(2)
vi = − 1

C

C∑
j=1

[
pj log

(
p̂
(2)
ij

)
+ (1− pj)log

(
1− p̂

(2)
ij

)]
(4)

where pj is the ground-truth probability for the j-th label, the
element of pj is 1 or 0. 1 indicates the sample is related to j-th
label, whereas 0 indicates no relation.

In order to achieve co-training successfully, we also need to
ensure that the generated features of different views of each
modality to be conditional independent. Although the networks
in different initialization methods are different, they can be grad-
ually similar under the supervision of the same label target. To
encourage the two feature generators to get conditional indepen-
dent features instead of collapsing into each other, motivated by
the paper [23], we use a multi-view loss by orthogonalizing the
weights of the classifiers of different views. The multi-view loss
Lmv is defined as:

Lmv =
1

C

C∑
j=1

W T
1jW 2j

‖W 1j‖‖W 2j‖ (5)

where W ij = [wij , bij ] denote the parameters of the j-th clas-
sifier of i-view of each modality. With this multi-view loss, the
features generated for different views are expected to be different
due to the same target and different classifiers.

D. Semantic Feature Translation

Because our main purpose is to use image modality to assist
non-image modality and to improve the accuracy of multi-label
decoding when the size of non-image modality data is small.
Therefore, we introduce two semantic feature translators to con-
nect the two modalities. The semantic feature translator can
impute the non-image features by using unpaired image in-
formation, paired image and non-image information. The se-
mantic feature translators can also be used in the test stage to
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get rich semantic information from the test data of a single
modality. Therefore, the multi-label classification results can
be further improved. Here, the first semantic feature transla-
tor (SFT1): f (1)

1 → f
(2)
1 , f (1)

2 → f
(2)
2 and the second semantic

feature translator (SFT2): f (2)
1 → f

(1)
1 , f (2)

2 → f
(1)
2 . For the

paired data, the semantic translation loss of SFT1 and SFT2 is
defined as follows:

Lsp =
1

2

2∑
i=1

∥∥∥SFT1(f
(1)
i )− f

(2)
i

∥∥∥
+
∥∥∥SFT2(f

(2)
i )− f

(1)
i

∥∥∥ (6)

For unpaired image data, motivated by the cyc-consistency loss
of Cycle-GAN [35], the semantic translation loss of SFT1 and
SFT2 is defined as follows:

Lsu =

2∑
i=1

∥∥∥f (1)
iu − SFT2(f̂

(2)

iu )
∥∥∥ (7)

where f̂
(2)

iu = SFT1(f
(1)
iu ) is the imputed non-image feature

by using unpaired & unlabeled image modality. It ensures
that the output after two mappings (from the image modal-
ity to non-image modality and from that non-image modal-
ity back to the image modality) is similar to the initial in-
put. Thus, the output space of STF1 is reduced. Moreover,
SFT2 also learned more abundant paired information: un-
paired & unlabeled image features and imputed non-image
features.

E. Multi-Label Co-Regularization

In addition to feature learning, another key characteristic of
co-training is to force the classifiers of different views to ob-
tain consistent predictions. Instead of using the labeling and
re-training mechanism in the traditional co-training methods,
we use a co-regularization loss, encouraging the classifiers from
the different views of each modality to generate similar predic-
tions. For the labeled data, the true label information can be used
as the target to generate the similar predictions with the different
classifiers. So we only ensure that the classifiers from the differ-
ent views generate similar predictions for unlabeled features of
each modality. For the unlabeled image data, we first get the pre-
dicted probabilities p̂(1)(iu)j = σ(wT

ijf
(1)
iu + bij) for the j-th label

from the classifier of the i-th view. Then, as in methods [23]
and [36], the Jensen-Shannon divergence is utilized to measure
the distance between two predicted probability distributions (all
categories), and the co-regularization loss for unlabeled image
modality is defined as follows:

L(1)
cr =

1

C

C∑
j=1

⎛⎝H

⎛⎝ p̂
(1)
(1u)j + p̂

(1)
(2u)j

2

⎞⎠

−
H

(
p̂
(1)
(1u)j

)
+H

(
p̂
(1)
(2u)j

)
2

⎞⎠ (8)

where H(p) = −(plogp+ (1− p)log(1− p)) is the entropy.
Similarly, for the predicted probabilities of imputed unlabeled

non-image feature f̂
(2)

iu , we also impose co-regularization con-
straint to make the network train better. The co-regularization
loss for unlabeled non-image modality is defined as follows:

L(2)
cr =

1

C

C∑
j=1

⎛⎝H

⎛⎝ p̂
(2)
(1u)j + p̂

(2)
(2u)j

2

⎞⎠

−
H

(
p̂
(2)
(1u)j

)
+H

(
p̂
(2)
(2u)j

)
2

⎞⎠ (9)

where p̂
(2)
(iu)j = σ(wT

ij f̂
(2)

iu + bij). The overall loss function of
our multi-label co-regularization can be formulated as:

L =
1

2

2∑
i=1

(
L
(1)
vi + L

(2)
vi

)
+ λmvLmv + λcrLcr + Lsp + Lsu

(10)
where λmv and λcr are hyper-parameters for Lmv and Lcr re-
spectively, Lcr = L

(1)
cr + L

(2)
cr .

F. GCN Based Classifier Learning

For multi-label task, there tend to be correlations between dif-
ferent labels. How to use the correlation between labels to assist
classification is a crucial part of multi-label task. Graph convo-
lutional network (GCN) [37] is an effective model for message
passing between different nodes. In this paper, a two-layer GCN
is introduced to capture the correlations between labels. We first
pre-train the feature generators and feature translators with all
the labeled and unlabeled data by the overall loss. Then we use
the weights of the pre-trained classifiers W 0

i as the initial input
of GCN and fine-tune the network on both labeled and unlabeled
data. Here, W 0

i = [W i1;W i2; . . .;W iC ], where the j-th col-
umn of W 0

i is the parameters of the classifier for j-th label. The
message passing mechanism of GCN is as follows:

W t
i = ÂReLU(ÂW 0

iH
(0))H(1) (11)

whereW t
i denotes the output of GCN.H(0) andH(1) are the pa-

rameters of GCN, and ReLU is the non-linear activation function
for GCN. Â is the adjacency matrix of the nodes. GCN mainly
works based on adjacency matrix [4]. Thus, how to build the ad-
jacency matrix Â is a crucial problem for GCN. In this paper, we
first calculate the conditional probability matrix P = [Pij ]C×C

from the labeled training data. Here, Pij = P (Lj |Li) denotes
the probability of occurrence of label Lj when label Li appears.
Motivated by the paper [4], we binarize the conditional proba-
bility matrix P and use a the re-weighted scheme to get the final
adjacency matrix Â. The operation can be written as follows:

Aij =

{
0, ifPij < τ
1, ifPij > τ

, Âij =

{
p/

∑C
j=1
i�=j

Aij , ifi �= j

1− p, ifi = j
(12)

where τ is a threshold, p determines the weights assigned to a
node itself and other correlated nodes.

The pseudo-code for our method is shown in Algorithm 1.
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Algorithm 1: Pseudo-code for Our Method.
� Training
Input:

Image modality X(1)

Non-image modality X(2)

Ground-truth label probability pj (j = 1, . . ., C)

Unpaired & Unlabeled image X
(1)
u

Adjacency matrix Â (Re-training Stage)
Intitialization:

Feature generators parameter α1∼4

Feature translators parameter β1∼2

Label relationship network parameter γ
Pre-training:

for number of training iterations do
Update α1∼4, β1∼2 by minimizing overall loss

function L (Eq. (10))
end for

Re-training:
for number of training iterations do

Finetune α1∼4, β1∼2 and update γ by minimizing
overall loss function L (Eq. (10))

end for
Output:

Predicated probability of image: p̂(1)ij

Predicated probability of non-image: p̂(2)ij

� Prediction
Input:

Non-image modality X(2)

Output:
Predicated probability of non-image: p̂(2)ij

IV. EXPERIMENTS

This paper focuses on multi-label classification of brain signal
data and text data which are difficult to obtain. These two tasks
correspond to the application of neural decoding and computer
vision, respectively.

A. Experimental Setup

We test the proposed method on three public datasets, and
briefly introduce them in the following.

1) Datasets:
� MIRFLICKR-25K1: The MIRFLICKR-25K dataset con-

tains 25000 images collected from Flickr website [27].
Each image is associated with a text annotation. Each
text annotation can be represented as several textual tags.
Each instance is an image-tags pair. This dataset can be
seen as multi-modal data. Following the paper [38], we
also select the instances with at least 20 tags for our ex-
periments. The tags (text annotation) for each instance
are represented as a 1386 dimensional BOW vector, and
each instance is manually annotated with at least one of
24 unique labels. Furthermore, we selected 80000 images

1Data are available at http://press.liacs.nl/mirflickr/mirdownload.html

from the MIRFLICKR-1M dataset as unpaired & unla-
beled data to verify the semi-supervised function of our
method.

� Bold50002: The Bold5000 is a large-scale, slow event-
related, publicly available human fMRI (functional mag-
netic resonance imaging) dataset, which contains 5000
real-world image stimuli and the blood-oxygen-level de-
pendent (BOLD) responses (evoked by stimuli) of four
subjects [28]. Each instance is an image-fMRI pair. The
fMRI voxels come from the brain areas LO, OPA, PPA,
RSC, respectively. The image stimuli drawn from three
standard computer vision datasets: SUN [39], COCO [40],
and ImageNet [41]. They selected 1000, 2000 and 1916 im-
ages from SUN, COCO and ImageNet training sets, respec-
tively. The SUN and ImageNet datasets are the single-label
datasets, and the COCO is the multi-label dataset. The cho-
sen images were an accurate representation of the original
datasets. The class categories for these three image stimuli
are 250, 80, and 1000, respectively. This dataset chose a
slow event-related design in which the stimulus was pre-
sented for one second, and a fixation cross was presented
for nine seconds between stimulus presentations. As a re-
sult of using a slow event-related design, the extracted time
course shows the hemodynamic response peaked around 6
seconds post stimulus onset, and returned to baseline be-
fore the next stimulus was presented. Using this design,
there was minimal bleed over from neighboring trials. We
used 2000 image stimuli from the COCO dataset and fMRI
responses which are induced by these stimuli in our pa-
per for multi-label task. Furthermore, we selected another
80783 images from the COCO training set as unpaired &
unlabeled data to verify the semi-supervised function of
our method. Specially, the fMRI data of the fourth subject
is not completely collected and we only use the data from
three subjects in this paper.

� Vim-23: The Vim-2 is a publicly available fMRI dataset,
which contains the blood-oxygen-level dependent re-
sponses of three subjects when they are presented with
natural movie stimuli. The training stimuli presented at
15Hz over 7200 timepoints (120 minutes). The test stimuli
presented at 15HZ over 540 timepoints (9 minutes) and re-
peated 10 times. The BOLD responses were recorded with
TR=1s, and the number of fMRI responses in the train-
ing set and the test set were 7200 and 540, respectively.
The fMRI voxels come from the brain areas LO, STS,
FFA, PPA, OFA, RSC and V4, respectively. Each fMRI re-
sponse corresponds to 15 frames. These 15 images have the
same (objects) semantic information. We randomly taken
one frame from the 15 frames, so that each instance is an
image-fMRI pair. To verify the semi-supervised function
of our method, we used the images and fMRI data of first
2000 timepoints to form the paired data, and the images of
the rest 5200 timepoints to form the unpaired & unlabeled
data.

2Data are available at https://bold5000.github.io/download.html
3Data are available at https://crcns.org/data-sets/vc/vim-2
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TABLE II
THE DETAILS OF THE DATASETS USED IN OUR EXPERIMENTS. “DIM” DENOTES THE DIMENSION OF THE NON-IMAGE MODALITY

∗Data dimensions of the three subjects.

The properties of the datasets used in our experiments have
been summarized in Table II. For all datasets, “Dim” denotes
the dimension of the non-image modality. For the Bold5000
and Vim-2 datasets, the three values in “Dim” refer to the data
dimensions of the three subjects, respectively.

2) Compared Methods:
� DNN: The DNN is a baseline method which uses a 3-

layer fully-connected network (D → 512 → 512 → C)
for non-image (text or brain signal) data multi-label
classification.

� Multi-Scale [21]: The Multi-Scale is a method which uses a
multi-scale fusion network (D → MS → 4096 → 512 →
C) for non-image modality multi-label classification. MS
consists of a five level pooling layers (1× 1, 2× 2, 3×
3, 5× 5, 10× 10). The network captures the correlation
between different features, which is useful when build-
ing semantic relevance for non-image data. In this paper,
we use two multi-scale networks [21] as the feature gen-
erators for non-image modality. Therefore, this method
can be regarded as a baseline method without image
assistance.

� ML-KNN [42]: The ML-KNN is a lazy multi-label al-
gorithm, which is derived from the traditional k-Nearest
Neighbor (kNN) algorithm. The number of nearest neigh-
bors considered to 10. In this experiment, we use ML-KNN
method for non-image data multi-label classification.

� CA2E [30]: The CA2E is a multi-view multi-label learning
method which aims to better relate feature and label domain
to improve classification. It uniquely performs joint feature
and label embedding by deriving a deep latent space, fol-
lowed by the introduction of label-correlation sensitive loss
function for recovering the predicted label outputs. The ar-
chitectures of CA2E are two layers of fully connected lay-
ers and single fully connected layer. The hyper-parameter
α is set to 2. In this experiment, we use CA2E method for
non-image data multi-label classification.

� GLOCAL [31]: The GLOCAL is a method explores and
exploits global and local correlations. These correlations
are learned simultaneously with the latent label represen-
tations and instance-label mapping. The hyper-parameters
λ, λ2, λ3 and λ4 are set to 1, 0.001, 0.125 and 0.125, re-
spectively. In this experiment, we use GLOCAL method
for non-image data multi-label classification.

� SIMM [15]: The SIMM is a multi-view multi-label learn-
ing approach which leverages shared subspace exploitation
and view-specific information extraction. It uses confu-
sion adversarial loss and multi-label loss for shared sub-
space exploitation (view shared information extraction).

For view-specific information extraction, SIMM enforces
an orthogonal constraint. Finally, the shared information
and view-specific information are both used for multi-label
classification task. SIMM-W stands for weighting all the
information in the training stage, and it only uses non-
image informations in the test stage. The hyper-parameters
α and β are set to 0.1 and 0.001, respectively.

� Resnet34 [43]: The Resnet34 is a baseline method which
uses a deep residual network for image data multi-label
classification.

� Resnet34_GCN: The Resnet34_GCN is a method which
uses Resnet34 to extract image features and GCN to capture
the label correlation.

� Multi-label Co-regularization [23]: The Multi-label Co-
regularization method is a semi-supervised multi-view
multi-label method based on co-training mechanism,
which aims to utilize a large number of unlabeled web
images and a small number of labeled images to improve
image classification results. The hyper-parametersλmv and
λcr are set to 400 and 100, respectively.

The hyper-parameters of the compared methods are adjusted
based on the default parameters of the source codes according
to the experimental results.

3) Metrics: The average overall precision (OP), recall (OR)
and F1 (OF1) are mainly reported for performance evaluation.
The “All” refers to the labels are predicted as positive if the
confidences of them are higher than 0.5. The “Top3” refers to
the predicted results of top-3 labels. For the above metrics, the
larger values is the better performance.

4) Training Details: Following the paper [23], we incremen-
tally train our multi-label method. Two ResNet-34 [43] models
are chosen as the feature generators for image modality, and
two multi-scale networks [21] are used as the feature genera-
tors for non-image modality. In addition, we consider multiple
two-layer fully-connected networks as the type of the feature
translators. The parameters of each feature translator is shared
between two views of two modality. For the multi-label clas-
sifiers, we also used the fully-connected layers. In this paper,
we first pre-train the feature generators, feature translators and
classifiers by setting λmv = 400 and λcr = 100. For the feature
generators of image modality and non-image modality, the con-
vergence speed between the networks is quite different in the
process of optimization. Therefore, we first optimize the fea-
ture generator of image modality, and then simultaneously op-
timize the generators of image modality and non-image modal-
ity, feature translators and classifiers. The Adam optimizer with
learning rate of 0.001 and 0.0001 is employed to optimize the the
above training process. Finally, we take GCN into account and
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TABLE III
COMPARISONS WITH STATE-OF-THE-ART METHODS ON THE MIRFLICKR-25K DATASET

TABLE IV
COMPARISONS WITH STATE-OF-THE-ART METHODS ON THE BOLD5000 DATASET (SUBJECT 1)

TABLE V
COMPARISONS WITH STATE-OF-THE-ART METHODS ON THE BOLD5000 DATASET (SUBJECT 2)

jointly train the feature generators, feature translators and GCN.
The initial learning rate is set to 0.001 for GCN, 0.0001 for the
image modality feature generators, 0.00001 for the non-image
feature generators and feature translators. We remove λmv when
training GCN since the feature generators could already provide
multi-view features after pre-training. For the values of τ and p
in Eq. (12), our settings are the same as those in the paper [4].
The batch size for all the experiments is set to 100. During each
epoch, we first combine the labeled and unlabeled images, and
sample the images and its corresponding non-image modalities
randomly to train the model.

B. Comparison Experiments

In this section, we compare our method with some state-of-
the-art approaches on the MIRFLICKR-25K, Bold5000, and
Vim-2 datasets. For each dataset, the results are averaged over

5 random seeds (mean ± std) for all compared methods. The
best performance is boldface. For fair comparison, we use the
pre-trained Resnet34 network and DNN network to extract
512-dimensional image features and non-image features respec-
tively for the method ML-KNN, CA2E, GLOCAL and SIMM.
The test stage is shown in Fig. 3. And it can be seen that our
method only uses non-image modality information in the test
stage.

Detailed experimental results on MIRFLICKR-25K dataset
are reported in Table III. We report the average classification
accuracy of the three subjects on the Bold5000 dataset in Ta-
ble IV, Table V and Table VI, respectively. The average results
of three subjects on Vim-2 dataset are shown in Table VII. For
these results, the best performance is shown in boldface.

As can be seen from Table III, the performance of our
method is better than the other compared methods in general.
For the metrics OF1 in “All,” the performance of our method
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TABLE VI
COMPARISONS WITH STATE-OF-THE-ART METHODS ON THE BOLD5000 DATASET (SUBJECT 3)

TABLE VII
COMPARISONS WITH STATE-OF-THE-ART METHODS ON THE VIM-2 DATASET (ALL SUBJECTS)

Fig. 2. Average precision (AP) for the 24 category labels predicted by the Baseline and Ours.

on MIRFLICKR-25K dataset is at least 1.7% higher than the
second-best results. The comparison results of our method and
baseline (DNN) method on 24 category labels are shown in
Fig. 2. From Fig. 2, we find that our method consistently out-
perform baseline method on 23 category labels, except on the
category label “River,” and the precision value of our method
is slightly lower than that of baseline method. For the category
labels “clouds,” “dog,” “indoor,” “people,” “portrait” and “sky”
with high baseline precision, the performance of our method is
still at least 8.87%, 3.0%, 5.02%, 3.5%, 8.8% and 6.32% higher
than the baseline results.

As can be seen from Table IV, Table V and Table VI, our
method shows better performance than other state-of-the-art
methods on most metrics. On the subject 1 of Bold5000 dataset
(Table IV), for the metrics OF1 in “All” and “Top-3,” the
performance of our method is at least 1.3% and 5.2% higher
than the second-best results. On the subject 2 of Bold5000

dataset (Table V), for the metrics OF1 in “All” and “Top-3,” the
performance of our method is at least 0.6% and 3.0% higher
than the second-best results. On the subject 3 of Bold5000
dataset (Table VI), for the metrics OF1 in “All” and “Top-3,”
the performance of our method is at least 0.6% and 7.3% higher
than the second-best results. The average results of all sub-
jects on the Bold5000 dataset are shown in Fig. 4. The com-
parisons show the same pattern, and our method consistently
outperforms other methods on most metrics. For the metrics
OF1(All), OP(Top3), OR(Top3) and OF1(Top3), the perfor-
mance of our method is at least 2.70%, 4.60%, 5.10% and 5.10%
higher than the second-best results. This demonstrates the supe-
riority of the proposed method again.

On the Vim-2 dataset, we reported the average results of all
subjects in Table VII (the results of each subject are averaged
over 5 random seeds). It can be seen from Table VII, our method
is superior to other methods on most metrics.

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on July 26,2022 at 01:47:09 UTC from IEEE Xplore.  Restrictions apply. 



3296 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 24, 2022

Fig. 3. The test stage of our method. In this stage, we only use the information
from non-image modality for label prediction. Specifically, the test process is as
follows: For each test sample, the features of two views can be generated from
Feature Generator 2 and Feature Generator 3, respectively. Since Feature Trans-
lator captures the information between two modalities, we input the features of
two views obtained here into the Feature Translator to get the two new features
with different information. Finally, the four features are input into the classifiers
respectively to get four prediction results, and the final result is the average of
the four results.

In general, for the method only considering the relationship
between labels or samples, such as ML-KNN [42], CA2E [30]
and GLOCAL [31], neglecting the information contained in the
dataset itself limits its performance. For the method SIMM-w,
when there is only single-modality information in the test stage,
the results are not satisfactory.

We also show the multi-modal results, that is, the informa-
tion of image modality and non-image modality is used in the
test stage to predict labels. In this experiment, we compare our
method with the original SIMM method. The results are re-
ported in Table III–VII. For SIMM method, the image features
and non-image features are used to predict labels. For Our-m
method, we use the non-image features and the non-image fea-
ture translated from image modality via feature translator to pre-
dict labels. It can be seen from the Tables, although our method
does not directly use the features of image modality for predic-
tion, it is also superior to other method on most metrics. This
demonstrates the superiority of our method again.

C. Multi-View Feature Visualization

In order to validate that orthogonal constraint on classifier
weights is useful for the feature generators to learn different
but complementary features, we use t-SNE [44] to visualize the
features of different views of each modality on MIRFLICKR-
25K dataset and Bold5000 dataset. The visualization results are
shown in Fig. 5. On the MIRFLICKR-25K dataset, we visualize
the features related to recognizing the category label “sky”. On
the Bold5000 dataset, we visualize the features related to recog-
nizing the category label “person”. The recognition of a single
label can be regarded as a binary (negative and positive) clas-
sification task. From Fig. 5, we can see the features generated
from different views of each modality are very different. This
indicates that the two feature generators of each modality can
learn different cues for category label recognition. Orthogonal

weights make the predictions of the two views of each modality
more diverse.

D. Image Classification

To explore the multi-label classification results of image
modality in a modality-assistance method, we report the results
of image modality. The results from vanilla ResNet is chosen as
the baseline, and the average classification results of 5 runs with
different random data splits are provided in TABLE VIII.

Comparing Resnet34 with Resnet34_GCN, we found that us-
ing the correlation between labels can improve the results, which
is consistent with previous studies. Comparing Resnet34_GCN
with Multi-label Co-regularization, we found that the use of a
large number of unlabeled image data information further im-
proves the recognition results. The difference between Multi-
label Co-regularization method and Ours is the non-image
modality branch in our method. Compared with Multi-label Co-
regularization method, the superior performance of our method
verifies that the non-image modality also helps to the results. In
general, our method achieved good prediction results in both the
image modality and the non-image modality.

E. Ablation Studies

In this section, we perform ablation studies to evaluate the
effectiveness of each component (Lcr, Lmv, Feature Translator
1&2 and GCN) in our algorithm. In the ablation studies, we
remove one component at a time, the other components remain
unchanged, and the importance of each component is evaluated
by the change of the results (the more the results decrease, the
more important this component is). But L(2)

cr loss depends on
feature translators, when we remove semantic translators, the
L
(2)
cr loss is also removed. The average results of 5 runs with

different random data splits for the ablation studies on non-image
test data are provided in Table IX.

From Table IX, when we remove the feature translator com-
ponent, the results are the most decreased compared with Ours.
This shows that the image information can help the non-image
modality multi-label semantic decoding. When we remove the
Lmv component, the results are the least decreased compared
with Ours on most metrics. It is caused by the fact that two
networks for each modality may generate different features if
they are initialized differently. When we remove the GCN com-
ponent, the results decreases moderately. This suggests that the
features we have learned contain more discriminative semantic
information. In addition, when we remove the Lcr component,
the results are lower than Ours. It indicates the effectiveness of
our multi-label co-regularization. Furthermore, we also remove
L
(2)
cr loss individually to verify its effect. It can be seen from

the Table IX, when we remove the L
(2)
cr component, the results

are also lower than Ours. Similarly, we remove the unpaired &
unlabeled image data to verify its effect (Without Co-training).
The experimental results in Table IX show that unpaired & unla-
beled image data improves the multi-label accuracy. The above
results show that each component of the method is helpful to
improve the experimental performance.
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Fig. 4. The average results of three subjects on the Bold5000 dataset.

Fig. 5. Feature visualization results on the test data of MIRFLICKR-25K and Bold5000. MIRFLICKR-25K: (a) t-SNE visualization of the image features
generated from two views to recognize category label “sky”.; (b) t-SNE visualization of the text features generated from two views to recognize category label
“sky”. Bold5000: (c) t-SNE visualization of the image features generated from two views to recognize category label “person”; (d) t-SNE visualization of the fMRI
features generated from two views to recognize category label “person”.

TABLE VIII
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE MIRFLICKR-25K DATASET OF IMAGE MODALITY

TABLE IX
PREDICTION PERFORMANCE COMPARISON IN ABLATION STUDIES
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Fig. 6. Top-4 returned images with the query image and non-image. The re-
turned results on the first and third rows are image-to-image retrieval (content
based image retrieval), while the results on other rows are text-to-image retrieval
(cross-modal image retrieval). All results are sorted in the ascending order ac-
cording to the distance from the query image and non-image.

F. Performance on (Content Based and Cross-Modal)
Image Retrieval

Apart from analysing the learned classification results, we
further evaluate if our model can learn better semantic represen-
tations. We conduct retrieval experiments with semantic repre-
sentations of the first view of each modality. Specifically, we de-
sign the experiments of image-to-image retrieval (content based
image retrieval) and text-to-image retrieval (cross-modal image
retrieval), respectively.

To validate the discriminative ability of image representations
learned by our model, we use the k-NN algorithm [45] to perform
content based image retrieval. For the text-to-image retrieval,
we first use the learned semantic feature translator to transform
the semantic features of non-image modality into image feature
space. Then, we use the k-NN algorithm to perform cross-modal
image retrieval to validate the capability of semantic feature
translator and feature generator of non-image modality. The re-
trieval results are presented in Fig. 6. All retrieval experiments
are based on the test set. The retrieved images are sorted in the
ascending order according to the distance from the query image
modality and the non-image modality. It can be seen that the
labels of the images returned by our approach almost exactly
match the labels of the query image. The results of cross-modal
image retrieval and content based image retrieval are consis-
tent. This shows that the feature generators and semantic feature
translators of our method can obtain the discriminative features.

G. Sensitivity Analysis

In this section, we conduct experiments to analyze the sensi-
tivity of hyper-parameters λcr and λmv. For the sake of studying

Fig. 7. Results of mAP with different parameters’ settings on different
datasets. (a) MIRFLICKR-25K (b) Bold5000.

the sensitivity of our method with respect to different values of
these hyper-parameters, we plot the average classification results
on the MIRFLICKR-25K dataset and subject 3 of Bold5000
dataset by tuning the values of λcr and λmv. The results are
shown in Fig. 7.

It can be seen from the Fig. 7, on the MIRFLICKR-25K
dataset, the performance of our method fluctuates slightly for
different λcr and λmv. We found that the best performance was
always obtained in the cases with a larger value on both λcr

and λmv. The results verify the importance of weight orthogo-
nal constraint and co-regularization constraint. On the Bold5000
dataset, our method performs stably in a fixed range of λcr and
λmv. Compared with MIRFLICKR-25K dataset, it is slightly
sensitive to hyper-parameters. This may be because the size of
labeled samples in the Bold5000 dataset is small. It also can be
found that the best performance on the Bold5000 dataset was
obtained in the cases with a moderate value on λcr and a larger
value on λmv. For example, while the value of parameters’ pair
(λcr, λmv) was set as (50, 400), the proposed method achieved
the best performance on mAP. It thereby can be inferred that,
when our method is applied to different fields, orthogonal con-
straint and co-regularization constraint are always important.

V. CONCLUSION

In this paper, we proposed a novel modality assistance co-
training network for semi-supervised multi-label classification.
Our method uses image modality to assist non-image modality in
multi-label learning to improve the results of semantic decoding
when the amount of non-image data is small, and introduces a
doubly semi-supervised (modality missing and label missing)
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learning so as to alleviate the dependence of the model on a
large number of paired & labeled samples, which is of important
practical significance. Equipped with semantic translators and a
doubly co-training mechanism, the method is well deal with the
modality missing and label missing problem. In addition, we also
verify the proposed method on the datasets in various fields such
as computer vision and neuroscience. Extensive experiments
demonstrate that our proposed method significantly outperforms
many state-of-the-art methods.
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