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Functional magnetic resonance imaging (fMRI) is widely used in the field of brain semantic
decoding. However, as fMRI data acquisition is time-consuming and expensive, the number
of samples is usually small in the existing fMRI datasets. It is difficult to build an accurate
brain decoding model for a subject with insufficient fMRI data. The majority of semantic
decoding methods focus on designing predictive model with limited samples, while less
attention is paid to fMRI data augmentation. Leveraging data from related but different
subjects can be regarded as a new strategy to improve the performance of predictive
model. There are two challenges when using information from different subjects: 1) fea-
ture mismatch; 2) distribution mismatch. In this paper, we propose a multi-subject fMRI
data augmentation method to address the above two challenges, which can improve the
decoding accuracy of the target subject. Specifically, the subject information can be trans-
lated from one to another by using multiple subject-specific encoders, decoders and dis-
criminators. The encoder maps each subject to a shared latent space, solving the feature
mismatch problem. The decoders and discriminators form multiple generative adversarial
network architectures, which solves the distribution mismatch problem. Meanwhile, to
ensure that the representation of the latent space preserves information of the input space,
our method not only minimizes the local data reconstruction loss, but also preserves the
sparse reconstruction (semantic) relation over the whole dataset of the input space.
Extensive experiments on three fMRI datasets demonstrate the effectiveness of the pro-
posed method.

� 2020 Elsevier Inc. All rights reserved.
1. Introduction

Semantic decoding, as a technology to decode stimulus label from human brain activity, has attracted great interests in
recent years. Building an accurate decoding model is helpful for us to understand the brain mechanisms [1,2]. Among the
many brain activity acquisition techniques, functional magnetic resonance imaging (fMRI) shows great advantages in
omation,
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semantic decoding task due to its high spatial resolution [1,3,4]. The overall procedure of fMRI-based semantic decoding is
illustrated in Fig. 1. The fMRI signals used for semantic classification are recorded when the subjects are viewing the stimuli.
Then, the semantic decoding model is built with the processed fMRI data. Finally, the brain mechanism can be analyzed in
accordance with the prediction results of the semantic decoding model.

In reality, learning an accurate decoding model from fMRI data is still challenging. The decoding model usually requires
plenty of data to learn a large number of parameters, because the dimensions of fMRI data are very high. However, the num-
ber of samples of a single subject is usually small in the existing fMRI dataset, as fMRI data acquisition is very costly. To deal
with this issue, we can add more samples to the training set, making it an enlarged dataset. An enlarged dataset allows us to
train more complex models and to reduce the impact of over-fitting. Based on these motivations, Zhuang et al. proposed an
fMRI data augmentation method which uses generative models [5,6] to generate new samples [7]. The inputs of generative
models are multivariate gaussian noise, therefore the method cannot generate samples that contain further information
about the data than that already contained in the dataset. Zhang et al. proposed a method to improve the prediction accuracy
on a primary fMRI dataset by jointly learning a model using other secondary fMRI datasets [8]. It is useful when the primary
dataset is small. However, the method is not applicable when no subjects are shared between datasets, which is common for
many fMRI datasets.

Compared with the previous methods, this paper resorts to an explicit strategy from the view of multi-subject fMRI data
augmentation. We hope to explore information from multiple source subjects to overcome the insufficient training data
problem of the target subject. The individual differences present two main challenges when attempting to utilize fMRI data
from multiple subjects: feature mismatch and distribution mismatch. Feature mismatch refers to the fact that even the fMRI
data of distinct subjects are induced by the same stimulus, the features (voxels) that are actually recorded for each subject
may vary. Distribution mismatch means that the distribution of the brain responses of each subject is inconsistent. This
paper provides a natural solution to both of challenges.

Based on the above discussions, we propose a multi-subject fMRI data augmentation method to improve the semantic
decoding performance of target subject. Fig. 2 shows the whole framework of the proposed method. This method utilizes
fMRI data frommultiple source subjects to effectively enlarge the data of target subject. To solve the feature mismatch prob-
lem, we map the fMRI data of all the subjects to a share latent space, which also enables the multiple translations to be
learned efficiently and simultaneously. To ensure that the representation of the latent space preserves information of the
input space, the local reconstruction loss and the sparse reconstruction relation are included in this method. We use multiple
generative adversarial network (GAN) [5] architectures to translate the subject information from one to another. It ensures
that the learned translation respects the distribution of the target subject. With the learned multi-subject data augmentation
model, we can generate new training samples from multiple source subjects for the target subject. In this manner, the train-
ing set of a subject is the combination of the original training samples and the augmented samples. The augmented samples
can directly borrow the label from the source subjects. During training, we use the new training set for semantic classifier
training. Experiments on the Handwritten Characters [9], Haxby [10] and CMU2008 [11] datasets demonstrate that the pro-
posed method achieves state-of-the-art performance.

In summary, our main contributions are featured in the following aspects:

� We provide a new insight into the problem of brain semantic decoding. That is, we introduce a multi-subject fMRI data
augmentation method to improve the performance of the target subject.
� A latent space is introduced to solve the problem of feature mismatch and multiple GAN architectures are introduced to
solve the problem of distribution mismatch between distinct subjects.
� The experimental results show that our method is better than the baseline methods, especially when the size of the train-
ing data is small.
Fig. 1. Fundamental modules of fMRI semantic decoding. Firstly, the fMRI signals used for semantic classification are recorded when the subjects are
viewing the stimuli. Then the decoding model is built with preprocess data to predict stimuli labels. Decoding models are also used to identify brain regions
involved in the cognitive operations related to the observed stimuli. These models have become a standard tool in neuroimaging data analysis. In this paper,
we focus on building an accurate semantic decoding model.
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Fig. 2. An overview of the proposed multi-subject fMRI data augmentation semantic decoding framework. We first map fMRI data from original space to
latent space to solve feature mismatch problem between the different subjects. To solve distribution mismatch problem, we introduce multiple GAN
architectures. For each target subject, we input the information from other subjects in the latent space into the subject-specific GAN for data augmentation.
In this manner, the training set of a subject is a combination of real fMRI training data and augmented data (in the fourth part, for each target subject, the
first row is real training data and the other rows are augmented data). We further use the new training set for semantic classification.
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2. Related works

2.1. Brain decoding

Brain decoding, including semantic decoding [4,12–14], image identification [15,16], image reconstruction [17,18], and
etc., can be viewed as the study of finding the corresponding stimuli by the evoked brain responses. Semantic decoding is
one of the most important parts of brain decoding, and previous studies have made significant progress in brain semantic
decoding [4,12,13,19,20]. For example, Wen et al. first used the group sparse Bayesian logistic regression approach to select
fMRI voxel, and then they constructed a classifier to classify the fMRI data [20]. Xu et al. proposed a fMRI data classification
framework [13] based on neural network and support vector machine (SVM) [21], in which they first used hierarchical tensor
training layer to extract latent representations for fMRI data, and then used SVM to classify these representations. The above
models are built from the perspective of feature selection, while some researchers also study fMRI semantic decoding model
from the perspective of classifier ensembles. Kuncheva et al. proposed a random subspace (RS) ensemble method to classify
the single subject fMRI data, and the classification result is obtained by majority vote [4].

Most of the above methods are trained based on the limited samples of a single subject. If the built model is very complex,
it will lead to overfitting. Different from them, we first use the information of multi-subject to enlarge the data of the target
subject. Then, the new training set is used to build the predictive model for the target subject.

2.2. Generative adversarial network

Generative adversarial network (GAN) [5] has achieved great success in the field of image generation. Recently, many
extensions of GAN have been applied to the data augmentation task [22–25].

The conditional GAN framework presented in [26] provides an algorithm for generating samples conditioned on discrete
labels. Luo et al. [22] introduces a conditional GAN framework for electroencephalography (EEG) data augmentation to
improve EEG-based emotion recognition task. As the input of conditional GAN is simple random noise, it can only generate
samples that contain the information already contained in the target subject.

Cycle-GAN [23] is a framework for estimating cycle-consistent and reversible mappings between two domains. Zhong
et al. used multiple Cycle-GAN models for image data augmentation to improve the performance of person re-
identification task [27]. However, Cycle-GAN is not scalable to multiple domains because the number of mappings to be
learned is N N � 1ð Þ when we have N domains.

StarGAN [24] is a multi-domain translation method that is scalable to multiple domains by using a single generator. How-
ever, when the mapping functions between different pairs are significantly different, using a single network as mapping
functions may limit its performance.

RadialGAN [25] is a method to effectively enlarge the target dataset by utilizing the information from multiple source
datasets. It mainly studies the case that the data labels are continuous in the data augmentation process. Our work is moti-
vated by RadialGAN. Compared with the RadialGAN, our method not only minimizes local data reconstruction loss, but also
preserves the sparse reconstruction (semantic) relation over the whole dataset of the subject when solving the feature mis-
match problem. The introduction of reconstruction relation matrix can also better deal with label missing scenarios than
1027



D. Li, C. Du, S. Wang et al. Information Sciences 547 (2021) 1025–1044
RadialGAN method. Besides, we extend the improved method to the fMRI visual information semantic decoding field which
data labels are discrete.

3. Proposed method

Suppose that we have N subjects corresponding N data spaces X 1ð Þ; . . . ;X Nð Þ and a label space Y;X ið Þ denotes the fMRI
activity patterns of the i-th subject taken from X ið Þ;Y denotes the semantic label matrix of the subject taken from Y. Here,

X ið Þ 2 Rni�di ;ni denotes the size of the training set for the i-th subject and di denotes the dimension of fMRI data for the i-th

subject. The training set consists of N paired datasets, which can be denoted by S1 ¼ X 1ð Þ;Y
� �

,. . ., SN ¼ X Nð Þ;Y
� �

. Our goal is to

utilize the datasets Sj : j– i
� �

(as well as Si) to learn the classifier Ci, where Ci : X ið Þ ! Y i ¼ 1 . . .Nð Þ. The illustration of our
method is shown in Fig. 3 and Fig. 4. Specifically, each subject contains the specific encoder Ei, decoder Gi, and discriminator
Di i ¼ 1; . . . ;Nð Þ. The encoder solves the feature mismatch problem between different subjects by mapping the fMRI data of a
subject from original space to the latent space Z. Meanwhile, we incorporate the sparse information Ri i ¼ 1; . . . ;Nð Þ to
Fig. 3. The flowchart of our method. Z denotes latent space. X ið Þ is the fMRI data of the i-th subject. Ei;Gi and Di denote encoder, decoder and discriminator,
respectively. Ri is the reconstruction (semantic) relation of i-th subject. The data of i-th subject is translated to the j-th subject via Z using Ei and Gj .

Fig. 4. The detailed flowchart of our method. (1) The encoder Ei maps X ið Þ in the source subject i to the latent space. (2) The decoder Gj maps Zj in the latent
space to the target subject j.
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enable the learned representation of the latent space to preserve the reconstruction relation over the whole dataset of the
subject. The reconstruction relation Ri is captured from the original space of the i-th subject i ¼ 1; . . . ;Nð Þ. The decoder and
discriminator form a GAN architecture that translates the information from one subject to another. This adversarial frame-
work ensures that the learned translation respects the distribution of the target subject. In the semantic decoding stage, the
classifier can be trained under the guidance of both the augmented data and the real training data, and it therefore takes the
advantages of multiple-source information. The overall objective function of our data augmentation method is defined as
follows:
L ¼ Ladv þ kLcyc þ kLrecon1 þ cLrecon2 ð1Þ

Ladv is the adversarial loss, and Lcyc is the cyc–consistency loss. Lrecon1 is the local reconstruction loss, and Lrecon2 is the recon-
struction relation loss. k and c are the hyper–parameters. The details of the method are described in the following. For the
sake of readability, we list the frequently used symbols and their definitions in Table 1.

3.1. Deep multi-view adversarial learning

We employ multiple GAN architectures to generate new training samples: different subjects are considered as different
views (domains). Unlike the original GAN whose input is random noise, the input of our GAN architectures is the information
of source subjects. Here, Ei : X ið Þ ! Z;Gi : Z � Y ! X ið Þ, and Di : X ið Þ � Y ! R for i ¼ 1; . . . ;N.

For the j-th source subject, ej ¼ Ej X jð Þ
� �

is a random variable taking values from the latent space Z. And we define Zi to be

a mixture of the random variables ej : j– i
� �

with P Zi ¼ ej
� � ¼ aij aij ¼ njP

k–i
nk

� 	
. Sampling from Zi therefore corresponds to

sampling uniformly from
S

j–iSj.

The discriminator Di attempts to distinguish real samples of X ið ÞjY from fake samples bX ið ÞjY. Here, we train the Ei;Gi, and Di

for all i simultaneously.
The adversarial loss of the i-th target subject is defined as follows:
Li
adv ¼ E logDi X ið ÞjY

� �h i
þ E log 1� Di

bX ið ÞjY
� �� �h i

¼ E logDi X ið ÞjY
� �h i

þ E log 1� Di Gi Zi;Yð ÞjYð Þð Þ½ �

¼ E logDi X ið ÞjY
� �h i

þ
X
j–i

aijE log 1� Di Gi Ej X jð Þ
� �

;Y
� �

jY
� �� �h i

:

ð2Þ
Table 1
Definition of frequently used symbols.

Symbol Definition

N Number of subjects

X ið Þ i-th data space

X ið Þ fMRI data of the i-th subject taken from X ið Þ

Y Label space of all subjects
Y Semantic label matrix of the subject taken from Y
Si i-th paired dataset of the traning setS

j–iSj Union of j-subjects j– ið Þ
Ci i-th classifier
Ei Encoder of the i-th subject
Gi Decoder of the i-th subject
Di Discriminator of the i-th subject
Z Latent space
Ri Reconstruction (semantic) relation
ei A random variable taking values from the latent space Z
Zi A mixture of the random variables ej : j– i

� �
bX ið Þ Generated samples of i-th subject

hiE Parameter of the encoder Ei

hiG Parameter of the decoder Gi

hiD Parameter of the discriminator Di

ni Size of the training set for the i-th subject
di Dimension of fMRI data for the i-th subject
k;b; c Hyper-parameters
k � k2 ‘2-norm operator
E �½ � Expectation operator
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Note that Li
adv depends on Di;Gi and Ej : j– i

� �
.

To stabilize the model training process, we apply WGAN [28,29] to our method by replacing Li
adv with the following loss:
Li
wgan ¼ E Di X ið ÞjY

� �h i
� E Di Gi Zi;Yð ÞjYð Þ½ Þ�

þbE k5xDi X ið ÞjY� �k2 � 1
� �2h i

¼ E Di X ið ÞjY
� �h i

�
X
j–i

aijE Di Gi Ej X jð Þ
� �

;Y
� �

jY
� �� �h i

þbE k5xDi X ið ÞjY� �k2 � 1
� �2h i

ð3Þ
where X
ðiÞ

is given by sampling uniformly along the straight lines between the pairs of samples of X ið Þ and X̂
ið Þ
; b is a hyper-

parameter.
At the same time, to reduce the space of possible mapping functions, the learned mapping function should satisfy the

constraint of cyc-consistency [23]: i.e. Ei Gi z; yð Þð Þ � z.
The i-th cyc-consistency loss is defined as follows:
Li
cyc ¼ E kZi � Ei Gi Zi;Yð Þk2ð Þ½ �
¼
X
j–i

aijE kEj X jð Þ
� �

� Ei Gi Ej X jð Þ
� �

;Y
� �� �

k2
h i

:
ð4Þ
Note that Li
cyc depends on Gi and Ej; j ¼ 1; . . . ;N

� �
. It ensures that the output after two mappings (from the latent space to

target subject domain and from that domain back to the latent space) is similar to the initial input.

3.2. Constraints in latent space

Because of the mismatch of features between subjects, the data we directly used to enlarge the target subject is the latent
space representation of source subjects rather than the original data. To utilize the information (e.g., semantic structure,
neighbor information) of the source subjects, we must constrain the representation in the latent space. In the RadialGAN
method, they first concatenate semantic labels to the source data and map new source data to the latent space with the enco-
der. Then, each data point actually performs as its supervisor (reconstruction loss) to learn a latent space representation.
However, since the dimension of fMRI data is usually much higher than that of labels, it is difficult to keep the semantic
structure information of latent space representation when fMRI data and labels are directly concatenate to the encoder.
In addition, each data point as its supervisor is difficult to learn the structured globality (w.r.t. the entire dataset). The rela-
tion matrix of entire input dataset not only reflects the relationship between samples, but also reflects the semantic structure
of the entire dataset (a sample is always represented by samples of the same category). Therefore, in addition to reconstruc-
tion loss, we also introduce the reconstruction relation loss for latent space representation learning.

The i-th reconstruction loss of original space and latent space is defined as follows:
Li
recon1 ¼ E kX ið Þ � Gi Ei X ið Þ

� �
;Y

� �
k2

h i
ð5Þ
Note that Li
recon1 depends on Gi and Ei. The loss Li

recon1 aims to minimize the loss between the input X ið Þ and the reconstruction

Gi Ei X ið Þ
� ��

, and each data point acts as a supervisor to learn a compact representation of latent space. Obviously, Li
recon1 is

designed to consider the local structure of each input sample in the representation learning [30,31].
Motivated by the papers [32–34], we also introduce the reconstruction relation loss Li

recon2 in the representation learning
to preserve the reconstruction relation of whole input dataset:
Li
recon2 ¼ E kEi X ið Þ

� �
� RiEi X ið Þ

� �
k2

h i
ð6Þ
Note that Li
recon2 depends on Ei. The loss Li

recon2 is designed based on the so-called manifold assumption [35] which states that
the reconstruction relation is invariant to different representation spaces. In this paper, we mainly consider the reconstruc-
tion relation in Ri i ¼ 1 . . .Nð Þ which is obtained by solving the following problem:
min
Ri

Xni
k¼1
kX ið Þ

k � Rið ÞkX ið Þk22 þ akRik1
s:t: Rið Þkk ¼ 0

ð7Þ
1030



D. Li, C. Du, S. Wang et al. Information Sciences 547 (2021) 1025–1044
where k � k1 and k � k2 denote ‘1-norm and ‘2-norm, respectively. Ri is the sparse reconstruction relation over the whole data-
set (i-th subject) and Rið Þk is the k-th row vector of matrix Ri. Rið Þkk denotes the k-th element of the vector Rið Þk, and the con-
straint is used to avoid degenerated solutions [30,31].

3.3. Training details and prediction

In the above multi-view deep generative model, Ei;Gi and Di are implemented via fully-connected networks and we
denote their parameters by hiE; h

i
G and hiD, respectively.

The overall objective function of our method is as the following minimax problem:
min
G;E

max
D

XN
i¼1
Li

wgan Di;Gi; Ej : j– i
� �� �þ k

XN
i¼1
Li

cyc Ei;Gið Þ þ k
XN
i¼1
Li

recon1 Eið Þ þ c
XN
i¼1
Li

recon2 Gi; Ej : j – i
� �� � !

ð8Þ
where G ¼ G1; . . . ;GNð Þ;E ¼ E1; . . . ; ENð Þ and D ¼ D1; . . . ;DNð Þ. Here, k; c are hyper-parameters.
The pseudo-code for our method is shown in Algorithm 1. As shown in Algorithm 1, we solve this minimax problem iter-

atively. First, we fixed G and E to train D with a mini-batch kD and then fixed D to train G and E with a mini-batch kG.
Once the translation functions E1,. . ., EN and G1,. . ., GN were trained, we can simultaneously obtain N augmented dataset

S01; . . . ; S
0
N for N subjects, where S0i ¼ Si [

S
j–iGi Ej Sj

� �� �
. Then, the classifiers C1; . . . ;CN are learned on these augmented

datasets.

Algorithm 1. Pseudo-code for our method

Input: Paired datasets X 1ð Þ;Y
� �

,. . ., X Nð Þ;Y
� �

.

(training set of each subject)
//Intitialization:
h1G,. . ., h

N
G , h

1
E ,. . ., h

N
E , h

1
D,. . ., h

N
D

// Compute the reconstruction relation:

Obtain the relation matrix Ri 2 Rni�ni of X ið Þ by solving Eq. (7) (i=1,. . ., N).
// Optimizations:
while not converge do
(1) Update D with fixed G, E
for i = 1,. . ., N do

Draw kD samples from Si, x ið Þ
k ; yk

� �n okD

k¼1

Draw kD samples from
S

j–iSj, x jkð Þ
k ; yk

� �n okD

k¼1
for k = 1,. . ., N dobx ið Þ
k  Gi Ejk x jkð Þ

k

� �
; yk

� �
end for

Update hiD using stochastic gradient decent (SGD)

5hiD
� PkD

k¼1logDi x ið Þ
k jyk

� ��
þPkD

k¼1log 1� Di bx ið Þ
k jyk

� �� �
Þ

end for
(2) Update G, E with fixed D
for i = 1,. . ., N do

Draw kG samples from Si, x ið Þ
k ; yk

� �n okG

k¼1

Draw kG samples from
S

j–iSj, x jkð Þ
k ; yk

� �n okG

k¼1
Draw kG � ni submatrix Rið ÞkG from the Ri

end for

Update hG;E ¼ h1G; . . . ; h
N
G ; h

1
E ; . . . ; h

N
E

� �
using SGD

5hG;E

PN
i¼1
PkG

k¼1log 1� Di Gi Ejk x jkð Þ
k

� �
; yk

� �
jyk

� �� �
þkPN

i¼1
PkG

k¼1kx
ið Þ
k � Gi Ei x ið Þ

k

� �
; yk

� �
k2

(continued on next page)
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Algorthim 1. (continued)

þkPN
i¼1
PkG

k¼1kEjk x jkð Þ
k

� �
� Ei Gi Ejk xjkk

� �
; yk

� �� �
k2

þcPN
i¼1
PkG

k¼1kEi x ið Þ
k

� �
� Rið ÞkG k; :ð ÞEi X ið Þ

� �
k2

end while
Output: The augmented data for the i-th target subject
[j–iGi Ej Sj

� �� �
i ¼ 1; . . . ;N; j ¼ 1; . . .Nð Þ.
3.4. Discussion

For the latent representation learning, if c in (8) is set as 0, the proposed method without the loss Li
recon2 reduces to the

Auto-Encoder (AE). In this sense, our method augments AE by considering the valuable relations among different samples
(i.e., reconstruction relation). The introduction of reconstruction relation matrix makes our method has good scalability.
As we know, label missing is a very common and tricky problem in the field of semantic classification. In this case, RadialGAN
[25] may discard the label missing data in order to expand the dataset smoothly. Because in RadialGAN, in addition to enco-
der, decoder and discriminator also need label as input. For our method, no label information is needed to compute the rela-
tion matrix. Therefore, in the case of labels missing: 1) this will not affect the latent space features learning of our method; 2)
we can use the reconstruction relation matrix and the existing labeled data to predict pseudo labels for the label missing
data, so it can be applied to the process of data augmentation.

One of the challenges of the proposed multi-subject method is how to deal with the situation that the number of the sub-
jects in the fMRI dataset is very large. In view of this situation, for our method, we can divide a large number of subjects into
several subgroups in accordance with their similarity (correlation). Then data augmentation is performed on subjects of each
subgroups. The number of augmented data for each target subject (the number of subgroups) can be adjusted according to
the experimental effects. In addition, unlike other data augmentation methods [23,26] which need many manual steps in
this case, our method performs data augmentation for each target subject simultaneously.

Another challenge is that there is a poor correlation between one subject and other subjects. Our paper also focuses on
solving the problem of individual differences. In view of this situation, we can try our method first. In addition, we can use
some selection methods [36,37] to select the subjects and discard the subject that is less relevant to most other subjects
before data augmentation.

4. Experiments

In this section, we report the performance of the proposed method compared with other methods.

4.1. Experimental setup

4.1.1. Datasets
We evaluated the proposed method on three public fMRI datasets containing different numbers of subjects. We briefly

introduce them in the following.

� Handwritten Characters1 [9]: The data acquisition experiments had 3 subjects viewing grey-scale handwritten character
images from six semantic categories. In this paper, we study the 6-class task on Handwritten Characters fMRI dataset with
3 subjects.
� Haxby2 [10]: This is a block-design fMRI dataset from a study on the face and object representation in the human ventral
temporal cortex. The data acquisition experiments had 6 subjects viewing grey-scale images stimuli from 8 semantic cate-
gories, with 12 runs per subject. The data for the 9th run of the 5th subject was corrupted and therefore should not be used
for analyses. In this paper, we study the challenging 8-class task on the Haxby fMRI dataset with 5 subjects.
� CMU20083 [11]: The CMU Science 2008 is a challenging multi-class fMRI dataset. The data acquisition experiments had 9
subjects viewing 60 different word-picture stimuli from 12 semantic categories, with 5 exemplars per category and 6 runs
per subject. In this paper, we study the challenging 8-class task on CMU2008 fMRI dataset with 9 subjects. The fMRI data of
CMU2008 is from the whole brain and has a high dimension, in which a lot of voxels may not respond to the visual stimuli.
Therefore, we use the mutual information [12] to remove the unrelated voxels before the decoding experiments.
1 Data are available at http://sciencesanne.com/research/.
2 Data are available at http://www.pymvpa.org/datadb/haxby2001.html.
3 Data are available at http://www.cs.cmu.edu/afs/cs/project/theo-73/www/science2008/data.html.
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4.1.2. Compared methods
The following methods are used as compared methods.

� Baseline: The baseline method refers to without data augmentation for each subject.
� Simple-Combination (S-Combination) [25]: In the S-Combination method, we combine all subjects of the fMRI dataset by
defining the feature space as the union of all feature spaces and setting missing dimension to zero.
� CGAN [26]: The CGAN provides an algorithm for learning to generate samples conditioned on a discrete label. The input of
CGAN is simple random noise, which limits its performance.
� Cycle-GAN [23]: The Cycle-GAN translates information from the source domain to the target domain. It requires that the
source domain and the target domain have the same feature dimension. Hence in the training process, we set the missing
dimension of the subject to zero.
� StarGAN [24]: The StarGAN provides a framework for multi-domain translations by using only a single model. However,
this method also requires multiple domains to have the same feature dimension. In the training process, we set the miss-
ing dimension of the subject to zero.
� RadialGAN[25]: The RadialGAN is a multi-source data augmentation method. The comparison results between our method
and RadialGAN method are shown in the ablation study section.

4.1.3. Parameter setting
In this paper, we have three hyper-parameters k; b and c. We conduct the cross-validation on the training sets to choose

the best k; b among {1, 2, 5, 10} and also select the c from {0.001, 0.01, 0.5, 1}. We also select the dimension of latent space

from maxi dið Þ;maxi
di
2

� �
;maxi

di
4

� �n o
i ¼ 1; . . . ;Nð Þ. For Cycle-GAN, we set the hyper-parameters a; b and c to 1;10 and 5,

respectively. For starGAN, we set the hyper-parameters k1 and k2 to 1 and 10, respectively.
In addition, we consider multiple fully-connected networks as the type of the encoders, decoders and discriminators. The

fully-connected networks are adopt due to following reasons: 1) The size of fMRI data is usually small, which is easy to cause
over-fitting. Many brain encoding and decoding papers always built regression models for fMRI data [38–41]. The regression
model can be regarded as a single-layer fully-connected network without activation function; 2) We experimentally found
that even with such a simple neural network, our method could remarkably outperform many popular methods; 3) It is rel-
atively easy to tune parameters for the fully-connected networks comparing with other neural networks. The depth of all
fully-connected networks is set to 3. For fair comparison, we use the same network architecture in all compared methods.
For all netwroks, the number of hidden nodes in the first, second and third layers are m;m=2, and m (where m is the dimen-
sion of the input), respectively. The tanh function is used as the activation function for each layer except for the output layer
where we use the sigmoid function. The batch size of our method and StarGAN is set to 64, and the batch size of other com-
pared methods is set to 32. The Adam optimizer with a learning rate of 0.0001 is utilized for training all models.
4.1.4. Metrics
As SVM (Support Vector Machine) has especial advantages in solving high-dimensional pattern recognition problems

[42], most semantic decoding models usually use SVM as the classifier [4,13,19]. In this paper, the prediction performance
of SVM is used to evaluate the effectiveness of our data augmentation algorithm. The evaluation criteria of prediction are
Accuracy and F1-Score.
4.2. Ablation study

We conduct ablation study with detailed results in Table 2 to evaluate the effectiveness of each component in our algo-
rithm. Non-rr means that there is no reconstruction relation in the latent space (RadialGAN). Non-f refers to there is no fea-
ture mismatch component in this method. For Non-f method, we set the missing dimension of the fMRI data to zero before
inputting it to the decoder. Non-d denotes that there is no distribution mismatch component in the method, that is, there are
no multiple discriminators in the training process.

Table 2 shows the average classification accuracy of subjects (cross validation is performed for each subject) on three
datasets. For each dataset, the results are averaged across all subjects. The best performance is shown in boldface. By com-
paring Non-f with Non-d, it can be seen that the method without feature mismatch component can drastically reduce the
performance. For the Handwritten dataset, the role of the distribution mismatch component is more important than the fea-
ture mismatch component. By comparing Non-rr with Ours, it can be seen that sparse reconstruction (semantic) relation can
further improve the experimental results. The above results show that each component of the method is of great significance
to improve the experimental performance.
4.3. Comparison with state-of-the-art

In this section, we compare our method with some state-of-the-art approaches on the Handwritten Characters, Haxby,
and CMU2008 datasets.
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Table 2
Prediction performance comparison in Ablation Study on three datasets.

Method Handwritten Haxby CMU2008

Non-rr 0.502 � 0.047 0.580 � 0.080 0.411 � 0.230
Non-f 0.460 � 0.043 0.518 � 0.047 0.341 � 0.166
Non-d 0.442 � 0.070 0.585 � 0.081 0.428 � 0.225
Ours 0.516 � 0.049 0.609 � 0.090 0.435 � 0.186
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Because our method can simultaneously enlarge the data of each target subject, we report the classification accuracy of
each subject on three datasets. For each subject in the Handwritten Characters dataset, the number of training samples and
test samples is 300 and 60, respectively. For each subject in the CMU2008 dataset, the number of training samples and test
samples is 200 and 40, respectively. For each subject in the Haxby dataset, we use 288 samples (4 runs) as training data and
576 samples (8 runs) as test data. It is important to note that here, we did not use any test data of source (target) subjects in
the process of data augmentation. The test data of each subject is only used in the test stage of classification. To avoid the
over-fitting problem, we select different training sets and test sets in the data augmentation process for each subject. We
perform 6-fold cross validation on each subject in the Handwritten Characters and CMU2008 datasets (6 suns), and the aver-
age classification accuracy of each subject is shown in Table 3 and Table 5. For the Haxby dataset, we randomly divide the
data of the 12 runs into three parts (each part contains data of 4 runs). Each takes one part as training set, and the other as
test set for each subject. The average classification accuracy of each subject on the Haxby dataset is reported in Table 4. We
also conducted experiments on the Haxby dataset with different convolutional neural network architectures, the results are
shown in Table 9 of appendix section.

From Table 3 and Table 4, it can be seen that our method achieves the best classification performance. On the Handwrit-
ten Characters dataset, the performance of our method is at least 3:70%;2:80% and 4:50% higher than the second-best
results regarding these three subjects. On the Haxby dataset, the performance of our method is at least
6:40%;5:90%;3:30%;6:50% and 4:30% higher than the second-best results regarding these five subjects. From Table 5, we
can see our method achieves the best classification performance on most subjects. On the CMU2008 dataset, the perfor-
mance of our method is at least 4:20%;1:70%;3:80%;2:60%;1:30%, and 1:70% higher than the second-best results regarding
these six subjects.

The average results of all subjects on each dataset are shown in Fig. 5. From Fig. 5, we find that our method consistently
outperforms other methods. For these three datasets, the performance of our method is at least 3:70%;5:30%, and 1:60%
higher than the second-best results. Furthermore, the performance of Cycle-GAN method is greatly limited which may be
partly due to the fact that no semantic information is used in the domain translation process and each pair of mappings only
utilizes two corresponding subjects information. The Simple-combination method has low performance because it does not
consider the distribution mismatch problem and feature mismatch problem between subjects. The mapping functions of
StarGAN are a single network, which limits its performance. Although the CGAN only learns the information of the target
subject in the data augmentation process, it uses semantic information in the training process and the target subject does
not need to set the missing dimension to zero. Therefore, its performance is moderate.

We also present the average classification accuracy of each category on three datasets before and after data augmenta-
tion. The results are shown in Fig. 6. As can be seen from Fig. 6, if the average accuracy of a category does not improve after
data augmentation, the point corresponding to this category is on the diagonal of this figure. For the Handwritten dataset,
the classification accuracy of two-thirds of categories is improved after data augmentation. For the Haxby dataset, the clas-
sification accuracy of all categories is improved after data augmentation. For the CMU2008 dataset, the classification accu-
racy of three-quarters of categories is improved after data augmentation. These demonstrate the superiority of the proposed
method again.

4.4. Augmented data evaluation

To evaluate the quality of augmented data generated from source subjects (training data), we use the augmented data as
training set and the target subject training data as test set. The average classification results of subjects on the three datasets
are shown in Table 6.WODAmeans that without data augmentation (domain translation), the source subjects (training) data
is directly used as training set and the target subject training data is used as test set. WDA means that the source subjects
(training) data is used as training set after data augmentation, the target subject training data is still directly used as test set.
From Table 6, we can see the source subjects data after domain translation capture the information of the target subject
training data well.

At the same time, we also evaluate the quality of the augmented data on the test data of target subject. The average clas-
sification results of subjects on three datasets are shown in Table 7. In the WODA stage, there are two types of training set:
real training data of target subject and other subjects (training) data. In the WDA stage, training sets are real training data of
target subject and augmented data (generated from other subjects (training data)), respectively. The test set of all stages is
the real test data of target subject. By comparing the results of theWODA stage and theWDA stage, it can be noticed that the
quality of the augmented data is superior. By comparing the results of real training data and augmented data, we can see the
1034



Table 3
Prediction performance comparison with other methods on the Handwritten Characters dataset.

Subject Accuracy

index Baseline S-Combination [25] CGAN [26] Cycle-GAN [23] StarGAN [24] Ours

1 0.491 � 0.042 0.441 � 0.059 0.466 � 0.055 0.371 � 0.060 0.466 � 0.040 0.528 � 0.045
2 0.433 � 0.030 0.383 � 0.069 0.411 � 0.057 0.338 � 0.076 0.402 � 0.038 0.461 � 0.035
3 0.513 � 0.034 0.474 � 0.060 0.455 � 0.061 0.455 � 0.041 0.494 � 0.048 0.558 � 0.062
Average 0.479 � 0.041 0.432 � 0.046 0.444 � 0.029 0.388 � 0.060 0.454 � 0.047 0.516 � 0.049

Table 4
Prediction performance comparison with other methods on the Haxby dataset.

Subject Accuracy

index Baseline S-Combination [25] CGAN [26] Cycle-GAN [23] StarGAN [24] Ours

1 0.656 � 0.016 0.548 � 0.035 0.672 � 0.009 0.432 � 0.017 0.612 � 0.035 0.736 � 0.015
2 0.550 � 0.036 0.479 � 0.053 0.553 � 0.035 0.375 � 0.108 0.522 � 0.030 0.612 � 0.028
3 0.530 � 0.010 0.492 � 0.002 0.530 � 0.087 0.365 � 0.026 0.523 � 0.010 0.563 � 0.011
4 0.415 � 0.009 0.404 � 0.025 0.430 � 0.013 0.300 � 0.024 0.403 � 0.026 0.495 � 0.033
5 0.600 � 0.035 0.521 � 0.037 0.593 � 0.028 0.377 � 0.075 0.563 � 0.059 0.643 � 0.047

Average 0.550 � 0.089 0.489 � 0.054 0.556 � 0.089 0.369 � 0.047 0.525 � 0.077 0.609 � 0.090

Table 5
Prediction performance comparison with other methods on the CMU2008 dataset.

Subject Accuracy

index Baseline S-Combination [25] CGAN [26] Cycle-GAN [23] StarGAN [24] Ours

1 0.725 � 0.094 0.608 � 0.043 0.712 � 0.075 0.529 � 0.043 0.695 � 0.076 0.767 � 0.087
2 0.512 � 0.130 0.362 � 0.086 0.525 � 0.136 0.316 � 0.043 0.525 � 0.144 0.542 � 0.099
3 0.454 � 0.070 0.404 � 0.106 0.458 � 0.098 0.329 � 0.087 0.441 � 0.090 0.496 � 0.090
4 0.608 � 0.040 0.462 � 0.081 0.612 � 0.044 0.370 � 0.082 0.575 � 0.063 0.638 � 0.046
5 0.241 � 0.054 0.275 � 0.052 0.262 � 0.072 0.195 � 0.048 0.241 � 0.086 0.254 � 0.069
6 0.216 � 0.034 0.208 � 0.046 0.225 � 0.047 0.220 � 0.024 0.204 � 0.040 0.238 � 0.026
7 0.341 � 0.070 0.308 � 0.060 0.358 � 0.070 0.283 � 0.071 0.320 � 0.079 0.375 � 0.052
8 0.270 � 0.087 0.266 � 0.090 0.291 � 0.093 0.237 � 0.046 0.241 � 0.086 0.288 � 0.098
9 0.291 � 0.049 0.245 � 0.045 0.329 � 0.048 0.225 � 0.035 0.279 � 0.029 0.321 � 0.065

Average 0.406 � 0.178 0.349 � 0.126 0.419 � 0.168 0.300 � 0.103 0.391 � 0.174 0.435� 0.186

Fig. 5. Average accuracy comparisons between our method and the other methods on the three datasets. For each dataset, the results are averaged across
all subjects. Error bars represent standard error.
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Fig. 6. The average accuracy of each category on three datasets. The horizontal axis represents the average classification accuracy of each category before
data augmentation. The vertical axis represents the average classification accuracy of each category after data augmentation.

Table 6
Augmented Data Evaluation on the training sets of three datasets.

Dataset Accuracy

WODA WDA

Handwritten 0.197 � 0.014 0.864 � 0.013
Haxby 0.251 � 0.027 0.950 � 0.030
CMU2008 0.186 � 0.041 0.722 � 0.155

Table 7
Augmented Data Evaluation on the test sets of three datasets.

Dataset Accuracy

WODA WDA

Real training data Other subjects data Real training data Augmented data

Handwritten 0.479 � 0.041 0.188 � 0.025 0.479 � 0.041 0.505 � 0.083
Haxby 0.550 � 0.080 0.233 � 0.024 0.550 � 0.080 0.582 � 0.081
CMU2008 0.406 � 0.178 0.216 � 0.0363 0.406 � 0.178 0.422 � 0.153
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results of the latter are better than the former on the three datasets. This shows that there is no over-fitting in data augmen-
tation process. It also demonstrates that the augmented data translated from other subjects contains new information that is
different from the real training data of target subject.

Fig. 7 and Fig. 8 provide a visualized evidence for the superior performance of our data augmentation method (different
colors represent different categories).
4.5. Comparison on multiple augmented samples

In this section, we compare our method with these benchmarks when we add different number of augmented samples to
target subject. Table 8 shows the average results of all subjects on the Haxby dataset. Accuracy and F1-score are used as eval-
uation criteria. The F1-score calculated from each category reflects the average predicted results for all categories. The num-
ber of the augmented samples is denoted with the multiples of the number of a source subject samples. The number of
training samples for a source subject is 288. 1 	 288 represents that the number of augmented samples for each target sub-
ject is 288. The average accuracy and F1-score of the baseline method (no augmented samples 0 	 288) are 0:545 and 0:549,
respectively.

From Table 8, we can see that for CGAN and our method, as the number of augmented samples increases, the performance
gain increases. This is due to the large number of samples that SVM can utilize. The Cycle-GAN and StarGAN require that the
source subject and the target subject have the same feature dimension and the missing dimension of the subject must be set
to zero. It therefore requires two methods to learn a large sparse matrix to solve the problem. Thus, even though the number
of augmented data increases, the improvement of prediction performance is limited due to the high dimensional data. CGAN
is a method that only uses target subject information in the data augmentation process. As can be seen from Fig. 9, with the
number of augmented samples increases, our method achieves higher accuracy than the CGAN.
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Fig. 7. Visualization on the Haxby dataset. (a) (c) Real training (test) data of a target subject and (training) data of other subjects before data augmentation.
(b) (d) Real training (test) data of a target subject and augmented data generated from other subjects (training data).
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On the other hand, the CGAN shows a tendency to worsen SVM model on most subjects, especially when a larger number
of augmented data are added to target subject. The reason for this phenomenon is that the samples generated by the CGAN
can only contain the information already contained in the target subject. Furthermore, due to the limited size of the target
subject, when a large number of samples are generated, the resulting augmented samples may be much more noisy than the
original target subject. In contrast, our method can utilize the information contained in multiple subjects to obtain the less
noisy augmented samples.
4.6. Comparison on multiple training samples

In this section, we compare our method with these benchmarks when we vary the number of training samples of each
subject. The average accuracy of all subjects is shown in Fig. 10. As can be seen from Fig. 10, as the number of training sam-
ples increases, the performance increases due to the larger number of samples that these methods can utilize. For the dif-
ferent ratio of training data and test data, our method is always superior to other methods. Moreover, when the number
of training samples is small, our method shows excellent performance compared with other methods. This is of great signif-
icance for the field of the brain decoding. Because fMRI data acquisition is very expensive and time-consuming, it is usually
difficult to learn an accurate decoding model with a small number of data.
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Fig. 8. Visualization on the CMU2008 dataset. (a) (c) Real training (test) data of a target subject and (training) data of other subjects before data
augmentation. (b) (d) Real training (test) data of a target subject and augmented data generated from other subjects (training data).

Table 8
Prediction performance comparison with other methods on the Haxby dateset when using multiple augmented samples.

Method 1*288 3*288

Accuracy F1-Score Accuracy F1-Score

CGAN [26] 0.549 � 0.083 0.550 � 0.078 0.550 � 0.078 0.555 � 0.074
Cycle-GAN [23] 0.550 � 0.080 0.233 � 0.024 0.550 � 0.080 0.582 � 0.081
StarGAN [24] 0.516 � 0.077 0.516 � 0.073 0.511 � 0.082 0.508 � 0.079
Ours 0.592 � 0.070 0.598 � 0.065 0.607 � 0.083 0.611 � 0.079
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4.7. Reconstruction relation matrix analysis

Reconstruction relation matrix Ri in this paper is regarded as self-expression on the whole data of i-subject, the i-th row in

the Ri denotes the representation coefficients of the i-th samples X ið Þ
i in the data matrix X ið Þ. To better understand the recon-

struction relation matrix, we visualize the matrix R. The visualization results are shown in Fig. 11. The visualization matrix in
Fig. 11(a) (b) is obtained by sorting the learned reconstruction relationship matrix according to the corresponding categories
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Fig. 9. Comparison between our method and CGAN method when using different number of augmented samples.

Fig. 10. Evaluation with different ratio of training data and test data. The average accuracy of baseline method is {0.478, 0.548, 0.563, 0.643, 0.685}.
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of samples. From the Fig. 11, we observe that the elements with large values are mostly located on the diagonal of the matrix,
and they show a block-diagonal structure (the number of blocks is equal to the number of categories in this dataset). This
indicates that the semantic relation structure has been successfully learned from the whole dataset with a small number of
data. We also visualize the latent space representation constrained by the reconstruction relation matrix, and the represen-
tation learned by RadialGAN and the original data. The visualization results are shown in Fig. 12. As can be seen from Fig. 12,
compared with the RadialGAN method, the representation learned by our method is more consistent with the original data
and more interpretable. The latent representations learned by our method are clustered, which keeps the semantic structure
and neighbor information of the original data well. The latent representations learned by RadialGAN method are scattered,
which loses a lot of original information and lacks interpretability.
4.8. Sensitivity analysis

In this section, we conduct experiments to analyze the sensitivity of hyper-parameters and the sensitivity of the dimen-
sions of latent space. In our method, three hyper-parameters including k; b, and c need to be set properly. For the sake of
studying the sensitivity of our method with respect to different values of these hyper-parameters, we plot the average clas-
sification results on the Haxby dataset by tuning the values of k; b, and c. The results are shown in Fig. 13. For different k and
c, the performance of our method fluctuates slightly. The results verify the importance of the diverse regularization terms.
From another perspective, our method also performs stably in a fixed range of b. For the sake of studying the sensitivity of
our method with respect to various dimensions of latent space, we plot the average classification results on the Haxby data-
set by tuning the dimensions of the latent space. The results are shown in Fig. 14. From Fig. 14, we can observe that when the
dimensions of latent space changes from max{dim}/8 to max{dim}, the average accuracy of our method consistently outper-
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Fig. 11. Visualization on the reconstruction relation matrix.
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forms the baseline method. The average accuracy of our method is changed from 0.602 to 0.616. This also demonstrates that
our method performs stably in a fixed range of the dimensions of latent space.
5. Conclusion and discussion

In this paper, we introduce a multi-subject fMRI data augmentation method to improve the performance of single subject
semantic decoding. This method maps the fMRI data of all subjects to the latent space to solve the problem of feature mis-
match. In addition, by adding the MSE loss and reconstruction (semantic) relation information, the representation of the
latent space preserves the local and global structure of the input. It uses multiple GAN architectures to ensure that the dis-
tribution of generated samples matches the distribution of the target subject. Then, real samples and augmented samples
form a new training set for training semantic classifiers. Experiments on three fMRI datasets demonstrate that the proposed
method outperforms state-of-the-art approaches.

This fMRI data augmentation framework is of great significance in the field of brain semantic decoding: (1) this method
can well deal with the situation that a small number of labeled samples are available; (2) the enlarged dataset enables us to
train more complex models and effectively reduce the impact of over-fitting, thus improving the performance of the predic-
tive model. In the future, we will apply our data augmentation framework (as a data preprocessing tool) to some typical
brain decoding models, such as other fMRI classification models and fMRI visual image reconstruction models.
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Fig. 12. Visualization on the Haxby dataset (subject 1). From left to right and from top to bottom are the original data, the latent representation learned by
our method and the latent representation learned by RadialGAN method, respectively. These two kinds of latent representations are obtained under the
same hyper-parameters. Different colors represent different categories.

Fig. 13. A sensitivity analysis of hyper-parameters. The average accuracy of baseline method is 0:566.

D. Li, C. Du, S. Wang et al. Information Sciences 547 (2021) 1025–1044

1041



Fig. 14. A sensitivity analysis of the dimensions of latent space. max dimf g denotes the maximum dimension value of all subjects in the Haxby dataset. The
average accuracy of baseline method is 0:566.
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Appendix A. Appendix

Table 9
Table 9
Prediction performance comparison with different network architectures on the Haxby dataset. For these experiments, we have to reshape the fMRI data
X 2 RN�M (preprocessed data, N denotes the size of samples, M denotes the dimension of samples) into X 2 RN�1�M�1. The first network architecture is as
follows: (1, 1, 1, 1)! (1, M/2, 1, 1)! fully-connected layer. Different from the first network, the second network architecture is (1, M/2, 1, 1)! (1, M/4, 1, 1)!
fully-connected layer. Four element array is the size of convolution kernel.

Subject Accuracy

index convolutional layers +
fully-connected layer
(First)

convolutional layers +
fully-connected layer
(Second)

1 0.674 � 0.012 0.702 � 0.024
2 0.559 � 0.022 0.580 � 0.016
3 0.545 � 0.032 0.556 � 0.034
4 0.440 � 0.024 0.483 � 0.035
5 0.642 � 0.025 0.614 � 0.059
Average 0.572 � 0.091 0.587 � 0.080
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Fig. 15
Fig. 15. Experimental results of confusion matrices on the three datasets. (a) the confusion matrices on the Handwritten dataset; (b) the partial confusion
matrices on Haxby dataset; (c) the partial confusion matrices on CMU2008 dataset.
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