T. KOBAYASHI: GAN-BASED SEMI-SUPERVISED LEARNING

1

GAN-based Semi-supervised Learning
On Fewer Labeled Samples
Takumi Kobayashi
takumi.kobayashi@aist.go.jp

National Institute of Advanced Industrial
Science and Technology
Tsukuba, Japan

Abstract
Semi-supervised learning is recently addressed by means of neural networks in the
framework of deep learning. For the semi-supervised tasks where training samples are
partially labeled, the generative adversarial networks (GANs) are applicable not only to
augmentation of the training samples but also to the end-to-end learning of classifiers
exploiting the unlabeled samples. It, however, is found that the previous GAN-based
semi-supervised method is less effective on the smaller number of labeled samples, and
thus in this paper, we propose a novel GAN-based method to effectively work on fewer
labeled samples. In the GAN framework, through analyzing gradients of the discriminator which are fundamental to learn the network via back-propagation, we formulate a
discriminator model and accordingly a generator loss to cope with the less discriminative
classifier trained on the fewer labeled samples. The proposed model is also mixed with
the original one to further improve discriminativity on the semi-supervised learning in an
efficient way beyond the simple linear combination. The experimental results on semisupervised classification tasks using MNIST, SVHN and CIFAR-10 datasets show that
the proposed method exhibits favorable performance compared to the other methods.

1

Introduction

Building classifiers requires labeled training samples in the learning process, and thus it is
effective to formulate the learning scheme in the semi-supervised framework utilizing both
unlabeled samples and (the smaller number of) labeled ones, which reduces the human labor
for annotating samples. The semi-supervised learning problem has so far been addressed
mainly by exploiting the relationships among samples in a graph where pair-wise similarities
are assigned to the edges [1, 2, 23, 25]. In recent years, it is tackled by means of neural
networks in the deep learning framework, such as by improving the network architecture [9,
18] and/or the objective loss on which the network is learned [11, 14], without explicitly
considering the relationships among the labeled and unlabeled samples.
In that framework, the generative adversarial networks (GANs) [5, 17] contribute to
learning the classifier in a semi-supervised way, while they remarkably advance the field of
image generation [6, 26]. The GANs can generate realistic images which are regarded as
part of training data [20, 27] to effectively augment data for improving classification performance. While the methods [20, 27] leverage the (fake) images generated by separately
pre-trained GANs to the data augmentation, there also exist the methods [16, 19, 21] that directly couple GANs with classifiers in an end-to-end manner utilizing the unlabeled samples.
c 2018. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Though the methods are effective without carefully controlling the labels of the generated
images by GANs, we empirically found that they compromise performance in the case that
labels are assigned only to the smaller number of samples. Such a case of the fewer labeled
samples is practically desirable for significantly reducing human labor in label annotation,
though leading to the less discriminative classifier due to lack of labels.
In this paper, we propose a method to further improve the performance of the GANbased semi-supervised learning by coping with the less discriminative classifier especially
on the smaller number of labeled samples. Through analyzing how the previous GANbased method works on the semi-supervised learning from the viewpoint of gradients, the
fundamentals to update network parameters, we present a novel discriminator model and
accordingly a loss for training the generator to boost performance of the less discriminative
classifier. Then, to bridge the gap between the proposed method and the previous one, we
mix those two methods to further improve discriminativity in an efficient way beyond the
simple linear combination which actually results in a performance drop.

2

GAN-based Semi-Supervised Learning

We first briefly review the GAN-based methods [16, 19] that we focus on, and then analyze
how the network parameters are updated by those methods with discussing why it fails to
work on the fewer number of labeled samples.
For classifying an image I to one of C classes, the classifier φθ is built by the neural network of L layers whose parameters are denoted by θ . It produces the posterior probabilities
of an image I by means of softmax as
p(c|I; θ ) =

exp(xc )
,
C
∑c0 =1 exp(xc0 )

∀c ∈ {1, · · · ,C},

(1)

where xc indicates the c-th neuron activation at the last layer to form the vector x , φθL (I) ∈
RC as shown in Fig. 1. On the other hand, given a random vector z ∈ Rd , the generator G
produces a fake image I˜ = Gη (zz) with the parameters η in the same manner as the standard
GANs to generate images [5, 17]. In the semi-supervised learning framework, the discriminator D is constructed by leveraging the classifier φθ to the discrimination between real and
fake images as
∑Cc exp(xc )
Dθ (I) =
= p(real|I; Dθ ),
(2)
1 + ∑Cc exp(xc )
and accordingly p(fake|I; Dθ ) = 1 − Dθ (I). This is based on the C + 1-class softmax where
the fake class is added to the C classes of the classification targets and represented by “1” in
the denominator without loss of generality [19]. From the above formulation, we can derive
the following loss to be minimized w.r.t θ ;
˜
min EI∈L [− log{p(cI |I; θ )}] + EI∈U [− log{Dθ (I)}] + EI∈
˜ FG [− log{1 − Dθ (I)}],
θ

(3)

η

where cI indicates the class label assigned to an image I drawn from the labeled image set
L, although such labels are not provided in the unlabeled image set U and the fake image set
FGη produced by Gη ; note that the fake image set FGη can be updated in accordance with the
updated Gη . While both the classifier and the discriminator parameterized by θ are trained in
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(3), according to the standard protocol in GANs [5], the generator Gη can be simultaneously
learned by adversarially minimizing the following loss to fool the discriminator [16];
˜
min EI∈
˜ FG [− log{Dθ (I)}].
η

(4)

η

In [19], the generator loss is improved for semi-supervised learning by introducing the
feature-matching loss of
µ lθ − µ̃
µ lθ ,ηη k22 ,
(5)
min kµ
η

l ˜ are the averaged neuron activations
µ lθ ,ηη = EI∈
where µ lθ = EI∈L∪ U [φθl (I)] and µ̃
˜ FG [φθ (I)]
η

(feature vectors) at the l-th layer φθl , l < L, over real and fake images, respectively; we use
l = L − 1, the second last layer as shown in Fig. 1. In [19], it is empirically found that
the feature-matching loss (5) to train the generator works well in the semi-supervised learning. The GAN-based semi-supervised learning method alternately optimizes the classifier
φθ /discriminator Dθ in (3) and the generator Gη in (4) or (5).

2.1

Analysis of Gradient

Although the GAN-based method effectively works by simply relating the classifier and the
generator via the discriminator, we empirically found, as shown in Sec. 4, that the method
is vulnerable to a less discriminative classifier especially trained on the smaller number of
labeled samples. In this section, we explain the finding through analyzing the gradient-based
updates of the network.
The unsupervised loss regarding the unlabeled images I ∈ U in (3) induces the following
updates, corresponding to the negative gradients, with respect to the neurons {xc }Cc=1 ;
−

∂
1
exp(xc )
[− log{Dθ (I)}] =
= p(fake|I; Dθ )p(c|I; θ ).
∂ xc
1 + ∑Cc0 =1 exp(xc0 ) ∑Cc0 =1 exp(xc0 )

(6)

The update (6) pushes the network to further enhance the current prediction p(c|I; θ ) no
matter how it is correct or not; the neuron xc∗ associated with the predicted class c∗ =
arg max[p(c|I; θ )] receives the largest update, being further encouraged. It should be also
noted that the scaling factor p(fake|I; Dθ ) is not small due to the adversarial training of the
generator, ideally reaching 12 . Thus, this update works on the basis that the current classifier
φθ is so discriminative as to produce fairly correct prediction p(c|I; θ ). Such a discriminative classifier, however, is obtained by using considerable amount of labeled samples and/or
sufficiently proceeding the learning at the later epochs. It could degrade performance in case
that the classifier is immature and less discriminative, producing wrong predictions which
are unfavorably enhanced through (6). The issue would manifest itself in the tasks using
fewer labeled samples on which the classifier is too poor to exhibit enough discriminativity power especially at the early learning stage. Therefore, we conjecture that due to the
updating formula (6) the GAN-based method [19] produces a less effective classifier in the
semi-supervised learning tasks of the smaller number of labeled samples.
The same discussion can be applied to the adversarial generator loss (4), though it is
replaced with the feature-matching loss (5) in [19]. From the above-mentioned viewpoint,
the loss (4) would be less effective for the semi-supervised learning since the prediction by
the poor classifier unfavorably affects the updating process of the generator during training.
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Proposed Method

To remedy the issue discussed in the previous section, we propose the discriminator model
and accordingly the loss for training the generator such that their updates are not dependent
on the predictions by the (poor) classifier during training. For further improving discriminativity power, we also present an effective method to mix the proposed model with the previous
one that comprises the discriminator (2) and the generator loss (5); the overall procedure is
shown in Algorithm 1.

3.1

Discriminator Model

The proposed discriminator is modeled in the following form:
 C 
exp( C1 ∑Cc=1 xc )
1
=s
D̂θ (I) =
∑ xc = p(real|I; D̂θ ),
1 C
C c=1
1 + exp( C ∑c=1 xc )

(7)

where s indicates a sigmoid function. The proposed discriminator (7) detects real images
based on the averaged neuron activation, which induces the updates for the discriminator D̂θ
on real images I and fake ones I˜ as
−

∂
1
1 1
[− log{D̂θ (I)}] = − D̂θ (I) = p(fake|I; D̂θ ),
∂ xc
C C
C
∂
˜ = − 1 p(real|I;
˜ D̂θ ).
−
[− log{1 − D̂θ (I)}]
∂ xc
C

(8)

These update formulas do not resort to the current prediction, p(c|I; θ ) in (1), and all the
neuron activations x get unbiased updates with the scale of p(fake|I; D̂θ ) or p(real|I; D̂θ ).
These neurons are forced to be activated only on real images I, thereby forming a subspace
˜
for the features x of real images. As the generator provides more realistic fake images I,
the subspace becomes tighter to facilitate learning the classifier which focuses on the labeled
samples in the restricted subspace. Through this formulation, the semi-supervised loss (3) is
clearly decomposed into two types of learning; one is for a discriminator D̂θ to differentiate
real unlabeled images from fake images and the other is for a classifier φθ across C classes
on the labeled samples. Actually, the updates (8) of the discriminator, which are constant
over {xc }Cc , are perpendicular to the classifier, not affecting the softmax posterior p(c|I; θ ) =
exp(xc )
c +β )
= ∑exp(x
, ∀β ∈ R, while the previous discriminator model (2) makes some
∑c exp(xc )
c exp(xc +β )
effects on the classifier through its updating formula (6). Thus, the proposed discriminator
(7) just outlines the subspace of the real images so as to improve generalization performance
of the classifier on it, leaving the enhancement of discriminativity to the supervised learning
of the classifier based on the labeled samples L.
On the other hand, the discriminator (7) is also applicable to the adversarial learning for
the generator Gη . In contrast to the previous model (2,6), our model (7,8) is not dependent
on the classifier prediction and thus is freed from the (poor) performance of the classifier
during training. Therefore, we can directly apply it to the following generator loss:
˜
min EI∈
˜ FG [− log{D̂θ (I)}].
η

(9)

η

This loss for the generator Gη is adversarial to that for the discriminator D̂θ , which is consistent from the viewpoint of the adversarial learning [5]. The consistency would contribute
to increasing stability in training networks.
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softmax
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Figure 1: Layers of the network φθ . The last
mean
quasi-max
output by the L-th layer is fed into softmax to
produce p(c|I; θ ), while the L−1-th output con- Figure 2: Arithmetic mean and quasi max
over five features {xc }5c=1 . The discrimitributes to the feature-matching loss.
nators (7) and (11) are built on them.

3.2

Mixing Two Models

The proposed discriminator (7) effectively copes with the poor classifier which is trained on
the smaller number of labeled samples through immature learning at the earlier epochs, as
discussed above. On the other hand, for a matured classifier exhibiting enough discriminativity such as at the later learning epochs, it would be beneficial to apply the classifier as
a discriminator to exploit the discriminative information of the unlabeled samples via the
updating (6), as in the previous model (2). We incorporate those positive aspects into the
semi-supervised learning by mixing the two models.
Discriminator
It is straightforward to mix the two models (2) and (7) in terms of losses into
wEI∈U [− log{Dθ (I)}] + (1 − w)EI∈U [− log{D̂θ (I)}]
˜ + (1 − w)EI∈
˜
+ wEI∈
˜ FG [− log{1 − Dθ (I)}]
˜ FG [− log{1 − D̂θ (I)}],
η

(10)

η

with the balancing parameter 0 ≤ w ≤ 1. It, however, does not work at all as demonstrated
in Sec. 4.1. The loss (10) implies that real and fake images are classified by two types of
discriminators, which rather lacks consistency from the perspective of the adversarial learning based on single discriminator. Therefore, we here consider to mix them while keeping
consistency as follows.
Without loss of generality, we first slightly modify the discriminator Dθ into
D0θ (I) =

1
C

o
 n1 C
∑Cc=1 exp(xc )
exp(x
)
= p(real|I; D0θ ),
=
s
log
c
∑
C c=1
1 + C1 ∑Cc=1 exp(xc )

(11)

which provides the same updating as in (6); − ∂∂xc [− log{D0θ (I)}] = p(fake|I; D0θ )p(c|I; θ ).
It should be noted that log{ C1 ∑Cc=1 exp(xc )}, input to the sigmoid s, is close to maxc (xc ) [3]
as depicted in Fig. 2; thus we call it quasi max. From this viewpoint of the sigmoid-based
discrimination, the discriminator (11) is sensitive to the maximum neuron activation via the
quasi max while the proposed discriminator (7) is built on the mean activation. On the basis
of this analysis, we can mix those discriminators consistently in the sigmoid function;

 C

1 C
1
D̄θ (I; w) = s (1 − w) ∑ xc + w log
exp(x
)
,
(12)
c
∑
C c=1
C c=1
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where the arithmetic mean and the quasi max are mixed with a linear weight w, followed by
the sigmoid function to construct the discriminator. This mixed discriminator provides the
following update formula:


∂
1
−
[− log{D̄θ (I; w)}] = p(fake|I; D̄θ ) (1 − w) + wp(c|I; θ ) ,
(13)
∂ xc
C
which is regarded as the linear combination of (8) and (6), while the loss-based mixing (10)
does not lead to such a formulation but result in
−

∂
1
[−(1−w) log{D̂θ (I)}− w log{D0θ (I)}] = (1−w)p(fake|I;D̂θ ) +wp(fake|I;D0θ )p(c|I;θθ ),
∂ xc
C
(14)

where the two fundamental updates C1 and p(c|I; θ ) are weighted by not only w but also
p(fake|I; D̂θ ) and p(fake|I; D0θ ) of which balance is dependent on the discrminative powers
of the two discriminators. Compared with (14), we can see that the proposed mixed discriminator (12) favorably works to mix the two characteristics of the discriminators in learning;
one is to tightly shape subspace of real images for facilitating the learning of the classifier
(Sec. 3.1) and the other is toward discriminative learning (Sec. 2.1).
As discussed in Sec. 3.1, the discriminator (7) is effective at the earlier learning epochs
when the classifier is immature, while the other one (11) works on the matured classifier at
the later epochs. Thus, we can gradually increase the balancing weight w as the learning
proceeds; in this work, w is increased by 0.01 every epoch. As a result, the loss for training
a classifier/discriminator in semi-supervised learning is finally defined as
˜ w)}]. (15)
min EI∈L [− log{p(c|I; θ )}] + EI∈U [− log{D̄θ (I; w)}] + EI∈
˜ FG [− log{1 − D̄θ (I;
η

θ

Generator
For increasing stability in training GAN, we slightly modify the feature-matching loss (5) for
the generator Gη by introducing the matching loss regarding standard deviation as shown in
(16). This is inspired by the style loss [13] in which two images of different styles are
related through matching two kinds of statistics, mean and standard deviation. This helps to
effectively move fake images to real ones especially from the viewpoint of style.
We have presented two types of generator losses in (9) and (5). In contrast to the case
of mixing discriminators, both losses are defined at different layers (Fig. 1) to optimize the
identical generator Gη and thus can be simply mixed as in deep supervision [24];
 l
˜ + w kµ
µ θ − µ̃
µ lθ ,ηη k22 + kσ
σ lθ − σ̃
σ lθ ,ηη k22 ,
min (1 − w)EI∈
˜ FG [− log{D̂(I)}]
η

(16)

η

q
q
σ lθ ,ηη = EI 0 ∈FG [(φθl (I 0 ) − µ̃
µ lθ ,ηη )2 ] are the stanwhere σ lθ = EI∈L∪ U [(φθl (I) − µ lθ )2 ] and σ̃
dard deviations of the neuron activations at the l-th layer across real and fake images, respectively; l = L − 1 in this study. It should be noted that the balancing weight w is shared with
the mixed discriminator (12) so that the discriminator and the generator losses are varied
correspondingly and gradually.
The two losses (15) and (16) are alternately minimized according to the standard adversarial learning protocol, finally producing the classifier φθ ∗ ; the training procedure is shown
in Algorithm 1.
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Algorithm 1 : GAN-based Semi-supervised Learning
Input: φθ : classifier network, Gη : generator network, T : number of training epochs
L: labeled image set {I, cI }, U: unlabeled set containing only images {I},
Z: random value generator for the input of the generator G
1: Initialize network parameters θ of the classifier (discriminator) and η of the generator
2: for t = 1 to T do
3:
Set the balancing weight as w = min[1, 0.01(t − 1)] ∈ [0, 1]
4:
while Mini-batch sampling w.r.t L, U and Z do
5:
[Discriminator] Update θ to minimize the loss (15) based on the gradient (13)
6:
[Generator]
Update η to minimize the loss (16)
7:
end while
8: end for
Output: θ ∗ : optimized network parameter for the classifier φθ

4

Experimental Results

The proposed method is applied to semi-supervised classification tasks on MNIST [12],
SVHN [15] and CIFAR-10 [10] datasets. We use the same network architectures as in [19];
on MNIST dataset, the classifier network φθ is simply based on multiple-layer perceptron
(MLP) with 5 hidden layers and the generator Gη is similarly designed as MLP with 2 hidden
layers, while on SVHN and CIFAR-10 datasets the convolutional neural network (CNN) of 9
hidden layers is employed as a classifier with the DCGAN [17] generator. The networks are
trained by Adam optimizer [8] over 600 epochs through gradually increasing the balancing
weight w = min[1, 0.01(t − 1)] where the epoch index is denoted by t ∈ {1, · · · , 600}.
In each dataset, the classifier φθ is learned in a semi-supervised manner on the training
set where the labeled samples L are randomly drawn and the others are regarded as the
unlabeled ones U. The random split for picking up the labeled samples is repeated five times
on MNIST and three times on the other datasets. We report the averaged error rate on the
provided test set. For fairly comparing the performance of semi-supervised learning, we use
only the training samples provided in the datasets without augmentation.

4.1

Performance Analysis

We first analyze performance of the proposed method on MNIST dataset. The class labels
are assigned only to 1, 3 and 5 training samples per class.
The proposed method mixes the two types of models; the quasi-max based discriminator
(11) with feature-matching loss for generator and the mean based discriminator (7) with its
adversarial generator loss, which are mixed by a balancing weight w as shown in (15,16).
We compared the proposed mixed model with the other configurations in our framework; actually, various types of configurations can be realized by controlling the weight w separately
in the discriminator loss (15) and the generator loss (16). The performance results of various
models are shown in Table 1.
By comparing two methods without mixing (Table 1i), the previous method (i-1, Sec. 2)
in which the parameter updates are affected by immature classifier predictions degrades performance on the smaller number of labeled samples, as described in Sec. 2.1. In contrast,
our model (i-2, Sec. 3.1) effectively works by excluding its effect from the update formula
through the averaged feature representation in the mean-based discriminator (7). Then, as
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Table 1: Performance analysis (error rate, %) regarding configurations of discriminator and
generator on MNIST. We configure various models (i∼iii) by setting the balancing weight
such as to w = 0 or 1 in the discriminator loss (15) and the generator loss (16), separately,
while the mixed models (iv,v) simultaneously increase the weight w from 0 to 1.
number of labeled samples per class
Discriminator (15)
Generator (16)
1
3
5
i-1)
quasi-max (w = 1) feat.-match (w = 1) 64.42 ± 2.95 32.08 ± 7.95
7.26 ± 2.22
i-2)
mean (w = 0)
adv. loss (w = 0) 27.58 ± 3.22
7.71 ± 2.49
4.85 ± 1.41
ii-1)
mix
feat.-match (w = 1) 46.10 ± 11.19 14.28 ± 15.70 1.76 ± 1.50
ii-2)
mix
adv. loss (w = 0) 41.34 ± 4.58 13.59 ± 5.85
2.33 ± 0.60
iii-1) quasi-max (w = 1)
mix
66.59 ± 4.15 28.50 ± 6.38
7.75 ± 1.49
iii-2)
mean (w = 0)
mix
25.01 ± 3.08
6.31 ± 4.92
2.47 ± 1.30
iv)
simple mix (10)
mix
76.79 ± 2.69 68.80 ± 1.99 54.20 ± 6.23
v)
mix
mix
36.92 ± 3.88
9.02 ± 4.63
1.52 ± 0.62

Table 2: Performance comparison (error rate, %) on MNIST. The supervised methods (i,ii)
are trained only on the labeled samples, while the others are semi-supervised methods.

i)
ii)
iii)
iv)
v)
vi)
vii-1)
vii-2)
vii-3)

Method
supervised NN
HOG [4] + SVM [22]
HOG [4] + TSVM [7]
improved GAN-SS[19]
LadderNet [18]
VAE-SS [9]
Ours (mixed model)
Ours + SVM [22]
Ours + TSVM [7]

number of labeled samples per class
1
3
5
54.46 ± 5.16
43.39 ± 3.07
31.87 ± 2.81
38.47 ± 3.36
20.89 ± 1.96
13.06 ± 1.50
46.12 ± 3.92
11.52 ± 4.87
3.54 ± 0.84
60.74 ± 4.02
22.24 ± 3.99
5.34 ± 2.66
34.10 ± 16.91
5.19 ± 4.65
1.48 ± 0.44
14.17 ± 4.61
5.95 ± 0.89
5.05 ± 1.10
36.92 ± 3.88
9.02 ± 4.63
1.52 ± 0.62
15.40 ± 2.61
4.19 ± 2.47
1.29 ± 0.21
15.72 ± 3.33
3.76 ± 3.52
0.93 ± 0.07

to the generator loss, Table 1ii demonstrates that the adversarial loss (9) by the mean-based
representation contributes to performance improvement on fewer labeled samples, while the
feature-matching loss becomes effective as the more samples are labeled. This result implies that the consistency across the generator and discriminator losses is useful for the lessdiscriminative classifiers trained on the fewer labeled samples. As shown in Table 1iii comparing the discriminator models, the mean-based representation outperforms the quasi-max
based one. Those two models can be effectively mixed to improve performance especially on
the case of 5 labeled samples (Table 1v). In summary, by exploiting the mean-based discriminator and its adversarial loss for the generator, the classification performance is improved
in the semi-supervised learning on the smaller number of labeled samples. We also show in
Table 1iv the result by simply mixing the discriminator models in terms of loss (10). Such
a simple mixing on top of the losses is significantly inferior to our mixing (Table 1v), even
though the difference between those two models is only in the discriminator loss. Thus, we
can conclude that it is important to mix the discriminator models (2,7) into the single model
(12) via a sigmoid function for retaining consistency in discriminating real and fake images.

4.2

Comparison to Other Methods

The proposed method is then compared with the other methods; for supervised learning, (i)
the classifier of the neural network φθ is trained only on the labeled samples and (ii) the hand-
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Table 3: Performance comparison (error rate, %) on SVHN.

i)
ii)
iii)
iv)
v)
vi)
vii-1)
vii-2)
vii-3)

Method
supervised CNN
HOG [4]+SVM [22]
HOG [4]+TSVM [7]
improved GAN-SS[19]
TempEns [11]
VAT [14]
Ours (mixed model)
Ours + SVM [22]
Ours + TSVM [7]

number of labeled samples per class
10
30
50
81.87 ± 1.43
66.18 ± 3.47
44.59 ± 3.80
36.32 ± 1.54
28.61 ± 1.36
26.41 ± 1.34
33.62 ± 2.86
22.88 ± 0.99
22.17 ± 0.61
79.60 ± 2.23
29.62 ± 12.57 18.57 ± 2.51
75.00 ± 3.74
35.91 ± 3.21
16.87 ± 8.76
57.78 ± 5.47
15.70 ± 2.21
9.17 ± 0.94
62.80 ± 8.55
11.45 ± 1.64
7.16 ± 0.63
47.54 ± 6.40
10.31 ± 0.81
7.75 ± 0.24
51.85 ± 8.12
8.35 ± 0.26
7.05 ± 0.38

crafted HOG feature [4] is combined with linear SVM [22] classifier, while semi-supervised
methods include (iii) HOG feature with transductive SVM (TSVM) [7], (iv) GAN-based
semi-supervised method [19] and (v,vi) the other neural-network based methods [9, 11, 14,
18]; we used the codes provided by the authors for the methods [9, 11, 14, 18, 19]. In addition to our classifier (vii-1) trained in an end-to-end semi-supervised manner, the supervised
SVM (vii-2) and semi-supervised TSVM (vii-3) classifiers are also applied to the features
φθL−1
of the neuron activations at the L−1-th layer in our trained network φθ ∗ . This can
∗
be fairly compared to the hand-crafted HOG features from the viewpoint of feature extraction. Note again that all these methods are trained on the same set of labeled samples whose
number per class is varied over 1, 3 and 5 on MNIST dataset and 10, 30 and 50 on SVHN
and CIFAR-10 datasets. We apply the proposed method of mixed model (Table 1v) with
gradually increasing the balancing weight w = min[1, 0.01(t − 1)].
The performance comparison results are shown in Table 2, Table 3 and Table 4 for
MNIST, SVHN and CIFAR-10 datasets, respectively. On MNIST (Table 2) of less complex image patterns, i.e., hand-written digits, the simpler methods produce favorable performance, such as hand-crafted HOG (iii) and VAE-SS (vi) which applies dimensionality
reduction via variational auto-encoder as pre-processing, while the supervised neural network (i) deteriorates due to such a small amount of labeled training data. The proposed
method (vii-1) exhibits superior performance especially on 3 and 5 labeled samples, improving the performance of the neural network (i). The features provided by our trained
network effectively work with the supervised SVM (vii-2) and the semi-supervised TSVM
(vii-3) classifiers, demonstrating that our semi-supervised learning endows the intermediate
(L−1-th) layer with the discriminative power; the maximum-margin criterion by SVMs enables us to further boost the performance on the smaller number of labeled samples. We can
also observe the similar performance comparison on the other datasets (Table 3&4), where
although the supervised neural network (i) is inferior even to the HOG+SVM model (ii), it
is significantly improved by our method to produce favorable performance in comparison to
the other methods.
Our GAN-based method considers out-of-sample (fake) representation via GAN to make
the classifier concentrate on real samples, while the other methods operate within the training
(real) samples. Thus, it is noteworthy that our GAN-based method can compensate and work
together with the other semi-supervised methods such as [11, 14, 18] for further improving
performance, which is our future work.
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Table 4: Performance comparison (error rate, %) on CIFAR-10.

i)
ii)
iii)
iv)
v)
vi)
vii-1)
vii-2)
vii-3)

5

Method
supervised CNN
HOG [4]+SVM [22]
HOG [4]+TSVM [7]
improved GAN-SS[19]
TempEns [11]
VAT [14]
Ours (mixed model)
Ours + SVM [22]
Ours + TSVM [7]

number of labeled samples per class
10
30
50
75.26 ± 1.67
68.89 ± 0.44
64.40 ± 0.61
71.28 ± 0.29
65.49 ± 0.85
62.28 ± 0.40
72.26 ± 1.01
66.63 ± 0.93
63.06 ± 0.14
42.00 ± 0.42
30.57 ± 2.12
24.70 ± 1.20
78.14 ± 0.79
55.15 ± 1.98
49.69 ± 5.21
51.89 ± 0.89
34.62 ± 2.82
27.77 ± 1.17
27.66 ± 1.20
23.58 ± 0.81
21.92 ± 0.21
27.54 ± 0.49
22.77 ± 0.74
21.53 ± 0.12
27.98 ± 0.91
22.65 ± 0.08
21.91 ± 0.41

Conclusion

In this paper, we have proposed a method to learn a classifier by exploiting GAN in the
framework of semi-supervised learning especially on the smaller number of labeled samples. Based on the analysis of the gradients in the discriminator model, we formulate an
effective discriminator model by leveraging the mean of neuron activations to cope with a
less-discriminative classifier trained on fewer labeled samples. The proposed model is then
mixed with the previous one via the sigmoid-based representation of discriminator to further improve the discriminativity. In the experiments on semi-supervised classification tasks
using MNIST, SVHN and CIFAR-10 datasets, the proposed method exhibits favorable performance compared to the other methods.
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