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MIDI-Sandwich: Multi-model Multi-task Hierarchical Conditional
VAE-GAN networks for Symbolic Single-track Music Generation?

Xia Liang1(�), Junmin Wu1, and Yan Yin1

University of Science and Technology of China, Hefei, Anhui, China sa517190@mail.ustc.edu.cn

Abstract. Most existing neural network models for music generation explore how to generate music bars,
then directly splice the music bars into a song. However, these methods do not explore the relationship
between the bars, and the connected song as a whole has no musical form structure and sense of musical
direction. To address this issue, we propose a Multi-model Multi-task Hierarchical Conditional VAE-
GAN (Variational Autoencoder-Generative adversarial networks) networks, named MIDI-Sandwich, which
combines musical knowledge, such as musical form, tonic, and melodic motion. The MIDI-Sandwich has
two submodels: Hierarchical Conditional Variational Autoencoder (HCVAE) and Hierarchical Conditional
Generative Adversarial Network (HCGAN). The HCVAE uses hierarchical structure. The underlying layer
of HCVAE uses Local Conditional Variational Autoencoder (L-CVAE) to generate a music bar which is
pre-specified by the First and Last Notes (FLN). The upper layer of HCVAE uses Global Variational
Autoencoder(G-VAE) to analyze the latent vector sequence generated by the L-CVAE encoder, to explore
the musical relationship between the bars, and to produce the song pieced together by multiple music
bars generated by the L-CVAE decoder, which makes the song both have musical structure and sense of
direction. At the same time, the HCVAE shares a part of itself with the HCGAN to further improve the
performance of the generated music. The MIDI-Sandwich is validated on the Nottingham dataset and is
able to generate a single-track melody sequence (17x8 beats), which is superior to the length of most of the
generated models (8 to 32 beats). Meanwhile, by referring to the experimental methods of many classical
kinds of literature, the quality evaluation of the generated music is performed. The above experiments
prove the validity of the model.

Keywords: Deep learning · Symboil music generation · Multi-model multi-task joint learning · Hierarchi-
cal conditional architecture

1 Introduction

Algorithmic composition is not a new idea. Earlier, there was the use of statistical methods to create music
[7]. Research on automatic music generation has made great progress due to the development of deep neural
networks [8] [16].

Compared with computer vision (CV), natural language processing (NLP) and other common fields of deep
learning, automatic music generation has some inherent challenges [4], such as the complexity of music sequence
itself in structure, the difficulty of objective evaluation of music generation results. Our approach is to use the
symbol (MIDI format) music format for automatic music generation. The model based on Recurrent Neural
Network (RNN) is the most common for symbolic-domain music generation, such as Boulanger et al. [3]’s RNN-
based model that can learn harmonic and rhythmic probabilistic rules, Google Magenta [5]. As well as, Waite et
al. [21] use Long Short-Term Memory (LSTM) to make music. The RNN-based method is relatively mature but
has some limitations: The music output of the model is limited in length, and a song which is directly spliced
by some fragments is not good as a whole; Most models are difficult to continue to develop.

Xiaoice Band [25] is a model that deals with multi-track music. It introduces the concept of music, such as
chord progression and rhythm shape. However, a generated music do not reflect the relationship between the
bars, and data relies on multiple tracks and chords. Midi-Net also adds chords to the model [22]. It proposes
a novel conditional mechanism to exploit available prior knowledge. Pi from song [6] is based on chords to
generate each section but lacks control constraints between the individual bars. The above methods of using
chords to limit the music sequence have a problem of having a chord music format dependency. For this, this
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paper adopts the First and Last Notes (FLN) to replace the chord progression as a constraint. Therefore in the
format of only the main melody track, it is possible to train and generate music with a melodic motion. As a
result, it reduces dependency on the data format and improves the applicability of the model.

Using RNN to construct Generative adversarial networks (GAN) will not be able to use traditional gradient
descent to optimize. SeqGAN [24] solves this problem with Monte Carlo tree search of Reinforcement Learning.
The model works to some extent, but the Monte Carlo search greatly increases the training time as the sequence
length increases. MuseGAN [9] is a GAN model by using CNN to construct which can generate 4-bar multi-
track music phrases. C-RNN-GAN [15] proposes a generative adversarial model with both Generator (G) and
Discriminator/Critor (D) being LSTMs that works on continuous sequential data. MusicVAE [19] is a generative
recurrent Variational Autoencoder (VAE) model that can generates melodies and drum beats.Transformer
[13] applies the latest Attention technology to produce music which has a longer sequence. MusicVAE and
Transformer do complete the extension of the sequence length, but the model is not very interpretable, and
there is no fusion musical knowledge. Yang et al. [23] propose a new method to inspect the pitch and rhythm
interpretations of the latent representations with the VAE model. At the same time, there is also a practice of
merging GAN with VAE that uses the decoder of the VAE as the generator of GAN [1].

Due to the problems mentioned above, we find that most of the models have high requirements on data
format and just generate music fragments instead of a song. In this regard, we propose the MIDI-Sandwich
for generating long-term single track symbolic music sequences that have the characteristics of musical form
structure and melodic motion. Training can also be done on the dataset with only the single melody track. MIDI-
Sandwich is a multi-model multi-task hierarchical architecture, which can be expound from three aspects: 1)
Multi-model. We propose four models of HCVAE, HCGAN, Local Contitional VAE (L-CVAE), and Global VAE
(G-VAE). Simultaneously, L-CVAE and G-VAE are sub-models of HCVAE, and HCVAE also shares decoder
and part of encoder with HCGAN; 2) Hierarchical architecture. The underlying model, the L-CVAE, processes
local information, while the upper model, the G-VAE, controls global trends. Compared with MusicVAE and
Transformer, our hierarchical model not only increases the length of generated sequences but also practices the
control of structure (musical form) and melody direction; 3) Multi-task. The process of training model can be
subdivided into three tasks: training L-CVAE, training HCVAE and training HCGAN.

In summary, we make the following contributions:
1. It is first proposed to use the First and Last Notes (FLN) as constraint conditions to restrain the generation

of melody. Compared with using chord as a constraint condition in other model, using the FLN as the constraint
condition can not only reflect the melodic motion so that the generated melody has a sense of direction, but
also reduce the need for data format. It is not necessary to rely on a chord, and the single track can be trained.
Since the FLN are related to the tonic and tonality in musical theory, specifying the FLN can maintain a stable
tonality of a song.

2. We use a hierarchical model. The upper layer completes the structural control of music by analyzing the
latent vector distribution of music fragments generated by the underlying layer.

3. We propose a multi-model multi-task hierarchical architecture for symbolic single-track music generation.
This architecture makes the training process easier to monitor and control and makes the overall model more
flexible to expand.

4. We combine HCVAE and HCGAN to smooth the model training curve to improve the quality of generating
music, which not only makes the HCVAE decoder as HCGAN generator but also shares the part of the HCVAE
encoder with the HCGAN critor. It is a new attempt to integrate VAE and GAN on the issue of automatic
music generation.

2 Background

2.1 VAE,VRAE,CVAE

Variational Auto-encoder(VAE) [14] consists of an encoder and a decoder. A disadvantage of VAE is that,
because of the injected noise and imperfect elementwise measures such as the squared error, the generated
samples are often blurry. The VAE loss fuction is defined as follows:

L = EX∼p̄(X)[Ez∼p(Z|X)[− ln q(X|Z)] +KL(p(Z|X)||q(Z))] (1)
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where the first and second terms are the reconstruction loss and a prior regularization term that is the Kullback-
Leibler (KL) divergence, respectively.

Variational recurrent auto-encoders (VRAE) [10] uses an RNN-based neural network unit. Conditional Vari-
ational Autoencoder (CVAE) [20] is an extension of VAE which can generate some data specificed by user.

2.2 GAN,WGAN,WGAN-GP

Generative Adversarial Network (GAN) [11] simultaneously trains two models: a generative model to synthesize
samples, and a discriminative model (critor) to differentiate between natural and synthesized samples. The
training procedure can be formally modeled as a two-player minimax game between the generator G and the
discriminator D:

min
G

max
D

Ex∼pd[log(D(X))] + Ez∼pz[1− log(D(G(z)))] (2)

where pd and pz represent the distribution of real data and the prior distribution of z.
However, GAN training is difficult to free from training instability and low-quality generated samples.

Different methods have been proposed to prove GAN. For example, WGAN [2], DCGAN [17], WGAN-GP [12]
deal with the collapse of the model, so that training tends to stabilize. We experiment with the WGAN-GP
model which is proposed for some problems with WGAN. WGAN-GP uses a gradient penalty to improve the
problem of extreme parameters in weight clipping. The objective function of the differential equation is defined
as follows:

Ex∼pd[D(x)]− Ez∼pz[D(G(z))] + Ex̂∼px̂[(∇x̂||x̂|| − 1)2] (3)

where px̂ is defined sampling uniformly along straight lines between pairs of points sampled from pd and pg,
the model distribution. The WGAN-GP model has faster convergence for better optimal solutions and requires
less parameter adjustment.

3 MIDI-Sandwich

In this section, we introduce the Multi-model Multi-task Hierarchical Conditional VAE-GAN networks, called
MIDI-Sandwich. As shown in Figure 1 and Figure 2, the Midi-Sandwich contains two parts: Hierarchical Condi-
tional VAE (HCVAE) and Hierarchical GAN (HCGAN). HCVAE can also be decomposed into two submodels:
Local Condition VAE (L-CVAE) and Global VAE (G-VAE).

Model training can be divided into three tasks: 1) Train Local Condition VAE (L-CVAE); 2) Train HCVAE.
G-VAE is a upper layer of HCVAE, while decoder and encoder of L-CVAE are integrated into HCVAE as the
bottom layer. 3) Train HCGAN. We use the complete part of HCVAE decoder as the HCGAN generator, and
we integrate the part of HCVAE encoder into the Critor of HCGAN. The multi-task mode makes the whole
training process more controllable, more explanatory and easier to expand functions than the end-to-end model.

Compaired with CVAE-GAN or other common methods, MIDI-Sandwich has different ways to combine
GAN with VAE. It not only makes VAE decoder as GAN generator but also shares parts of VAE encoder with
GAN Critor. We do this for two benefits: 1) Smooth the learning curve; 2) Improve the quality of generated
results.

Fig. 1. Hirerarchical Conditional Variational Autoencoder
(HCVAE)

Fig. 2. Hirerarchical Conditional Generative Adversarial
Network (HCGAN)
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3.1 Hirerarchical Conditional VAE

HCVAE consists of hierarchical encoder and hierarchical decoder based on RNN, and hierarchical decoder/encoder
is layered as L-CVAE decoder/encoder and G-VAE decoder/encoder. As shown in Figure 1, we first divide a
song into several music sections, and L-CVAE decoder is used to map each music section into an latent vector, so
as to obtain an latent vector sequence. Then G-VAE encodes, samples, and decodes the latent vector sequence
to analyze the manifestation of musical form structure in the latent vector level. Finally, latent vector sequence
regenerated by G-VAE decoder is used as the input for L-CVAE decoder to generate music bars which are then
composed into a song. We train the L-CVAE first (Task 1), whereafter, we add the trained L-CVAE to HCVAE,
then we train the HCVAE (Task 2).

Local Condition VAE On the basis of VAE, we propose the L-CVAE network which uses the First and last
notes (FLN) as the constraint conditions for dealing with music fragments. The network structure diagram is
shown in Figure 3.

First, we count and sort the frequency of the FLN that appeares in each music fragment in the data set. We
take top K higher frequency in the list of FLN and regard them as K classes. This transforms the conditional
constraint problem into the K classification constraint problem.

Based on the original VAE model, a dense layer is added to learn the mapping of class labels c to class mean
cm. This class means cm is added to the latent vector z, and the result is used as the input to the decoder. The
loss function of L-CVAE is defined as follows:

Lµ,σ2 =
1

2

d∑
i=1

[(µ(i) − µc(i))
2 + σ2

(i) − log σ2
(i) − 1] (4)

where µc(i) is the learned class mean cmi (cm in Fig 3). The purpose of this is to make the latent vector z of
music bar of the same constraint class approximate the mean of this class. Thus, the way to generate the music
fragments of the specified constraint is to set the input z of the decoder to the cmi, which is the class mean of
the specified constraint, plus a Gaussian random errors, then let the L-CVAE decoder generate automatically.

Fig. 3. Task1 model: L-CVAE Fig. 4. Task2 model: HCVAE

Global VAE As shown in Figure 4, the Global VAE (G-VAE) is the upper-level model of HCVAE for analyzing
the latent vector sequence (The blue circle in Figure 4) encoded by L-CVAE, discovering the implied relation
between music section, and rebuilding/generating the latent vector sequence as input subsequently of the L-
CVAE decoder.

There are three points to note here:
1. Model training needs to freeze the L-CVAE decoder and encoder. We only train the G-VAE part in Task2;
2. The VAE process is encoding, sampling, and decoding, and the latent vector of the VAE is generated after

sampling. The sample of L-CVAE is defined as follows:

z = µ(X) + σ
1
2 (X) ∗ ε (5)
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where ε ∼ N(0, 1). The L-CVAE sampling is arranged after G-VAE decoding rather than before G-VAE encod-
ing. The first reason is to avoid random noise. When sampling, ε is introduced into latent vector as a random
error subject to Gaussian distribution, which would interfere with the subsequent latent vector analysis of G-
VAE; The second reason is to improve the quality of output. A VAE decoder works best when the input is
subject to Gaussian distribution. Reconstructed/Generated latent vectors generated by G-VAE encoder do not
necessarily subject to Gaussian distribution exactly, so the input of the L-CVAE decoder is subject to Gaus-
sian distribution forcibly to improve the generation effect when the sampling is arranged after the decoding of
G-VAE;

3. The class means cm interfere with the analysis of G-VAE. For example, if the FLN of two music bars are
different and other music symbols are the same, the addition of different class means can cause a big difference
between the two latent vectors. So in Figure 4, we subtract cm before G-VAE encoding and add cm after
L-CVAE sampling.

Finally, There are two ways to specify the FLN sequence of a song which will be added to the input for
L-CVAE decoder during the generation phase of HCVAE. One is to specify directly artificially, such as using
the FLN sequence of the sample in the dataset. The other is to construct an ordinary VAE to generate it.

3.2 Hirerarchical Conditional GAN

As shown in Figure 2, On the basis of using the WGAN-GP model, we let HCVAE decoder be the generator
of WGAN-GP. At the same time, we also share the encoder layer of L-CVAE and put it into the Critor of
WGAN-GP in order to better smooth the training curve and solve the problem of mode collapse. In this
way, HCGAN obtains the ability of HCVAE conditional constraints and stratification. The training of HCVAE
(Task1 and Task2) as a pre-training of HCGAN training (Task3) makes WGAN-GP skip the difficult problem
of convergence, and also expands the HCVAE generation effect through HCGAN model.

4 Experiment

4.1 Experiment Details

Dataset The dataset of the paper uses the Nottingham Dataset, which is equivalent to mnist in the field
of music generation. The Nottingham Dataset provides music in both MIDI format and ABC format. In our
experiment, we selecte the widely used MIDI format music file. The Nottingham Dataset also provides files for
MIDI music with a chord version and a clean version without a chord. Since the purpose of this paper is to
generate single track music, we select the latter.

Data Preprocessing First, we convert the music to 12 majors, the speed is adjusted to 120bpm. Then, we
convert the MIDI file into a piano roll format, which is a 2-dimensional matrix. The horizontal dimension of the
matrix represents time, and the vertical dimension represents 128 pitches. For L-CVAE, we split all the songs
in the data set into music phrases with a shape of (50, 128) and a length of 16 beats. At the same time, we
choose the FLN of each phrase to form a note pair, representing the FLN condition. We add a note pair with
frequnecy more than 20 times to the note pair class dictionary, and finally, the dictionary length is 125. These
note pairs are labed from 1 to 125, and we add additional two labels: 126th label is as the other unconstrained
tonic tag, and 0th label as the empty class tag. So we get total of 127 categories. We convert it to a One-Hot
form, as a constraint tag for each phrase, participating in the training of the model. For HCVAE, We select
17 phrases with the highest frequency of occurrence as the uniform length. Each song only selects the first 17
phrases, and the rest is discarded. The shape of the cut is (850, 128).

Parameter Details The batch size for both HCVAE (Task2) and L-CVAE (Task3) is 32. In L-CVAE, a
latent vector size is 32, and the sampling error variance is 0.01. In G-VAE, a latent vector size is 256, and
the variance of the sampling error is set to 0.1. For both LSTM of L-CVAE and G-VAE, an intermediate-dim
is 256. The experiment is performed on the NVIDIA P100 with 16G memory, and Python3 and Keras deep
learning framework based on the Tensorflow backend are built under the docker image. Complete training can
be completed in one day.
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4.2 Result

In view of the music generation experiment is difficult to evaluate, we investigate the experimental part of
the classic well-known papers in the field of music generation. MuseGAN [9] proposes two evaluation methods:
Objective Evaluation and User Study. MidiNet [22] provides a result of the user study and online audio examples.
Xiaoice band [25] uses Human Evaluation to evaluate rhythm, melody, integrity, singability, and uses Chord
Accuracy to evaluate chords. Pi from song [6] provides reports of 27 volunteers voted and provides online
samples. Transformer [13] shows the Validation NLL and Human Evaluation of their models.

Considering the characteristics of our model, we propose a series of methods to verify the comprehensive
quality of the model. We employ to MuseGAN’s Objective Evaluation to evaluate the quality of the music
generated by the HCVAE and HCGAN. To verify the effectiveness of the First and Last Notes (FLN), we propose
FLN Accuracy inspired by Xiaoice’s Chord Accuracy. After that, we verify the model from the perspective of
length and musical form structure. We also use volunteers to vote on the six indicators of music to verify the
quality of the generated music. Finally, for more audio examples generated by MIDI-Sandwich, please go to
https://github.com/LiangHsia/MIDI-Sandwich.

Objective Evaluation We employ the MuseGAN evaluation method Objective Metrics for evaluation. Since
the MIDI-Sandwich generates single-track music, we remove the drum pattern and the tonal distance which are
from the original MuseGAN evaluation method. The irregular tone ratio is added as our evaluation indicator.
We evaluate the real experimental set (dataset), generation of L-CVAE (Task1), HCVAE (Task2) and MIDI-
Sandwich (Task3). The result is shown in Table 1.

Table 1. Objective Metrics Evaluation(EB: ratio of empty bars(in %), UPC: number of used pitch classes per bar (from
0 to 12), QN: ratio of ”qualified” notes, IT: ratio of irregular tone (in %)).

empty bars used pitch classes qualified notes irregular tone
(EB: %) (UPC) (QN: %) (IT: %)

Dataset 8.06 1.71 90.0 0.00

from L-CVAE 6.22 3.64 63.0 6.52
from HCVAE 5.92 3.28 71.2 6.13

from MIDI-Sandwich 6.71 2.67 76.7 2.12

As can be seen from the Table 1, music generated by MIDI-Sandwich is more fluent than that by HCVAE and
L-CVAE, and the probability of crowded notes and irregular sounds is reduced. It proves that MIDI-Sandwich
which combines HCVAE and HCGAN has better effect than a single model.

Table 2. Contrast Length

Pi Xiaoice MusicVAE MIDI-GAN Musegan MagentaRNN MIDI-Sandwich

Length/bar 8 8 16 8 8 8 34

Length Comparison As can be seen from the Table 2, MIDI-Sandwich is compared with the classic model
and the popular models in recent years. Our model length is 34 bars (34x4 beats). It can be seen that our
model generates the longest length of valuable music sequences. Compared with MusicVAE and Transormer,
MIDI-Sandwich has a conditional constraint mechanism and introduces the knowledge of music theory such
as musical form, melodic motion and tonic, which makes the melody more directional and closer to human
standards of appreciation.

Musical Form We prove the structural validity of the music sequence generated by this model from the
perspective of comparing the latent vectors.
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As shown in Figure 5, we extract three fragments in the same song: a, b, and c. Figure 6 prestens L-CVAE
latent vector of three fragments (after subtracting the cm), we can observe that the structural relationship at
the music level can be expressed at the latent vector level. That is, the difference in the dimensions of latent
vector is less than one thousandth for same music fragments. The dimensions of latent vector is mostly similar
for similar music fragments. And the difference of latent vector dimensions between the two different music
fragments is also significant.

Fig. 5. Three music fragments within a song that have
relationships.

Fig. 6. The comparison of music structural relationships
at latent. Top left: ab similar, top right: bc sandhi, bottom:
cc’ repeat.

As shown in the Figure 7, it is a music score generated by the MIDI-Sandwich. the music clip on the blue line
reflects the repeating structure of the paragraph. The clip on the pink line has a slight change after the same
repeating music segment. The fragments on the purple line reflect the rise and fall of the melody. They present
that the music generated by our model is composed of repeating, similar, transposing musical form structures.

Fig. 7. Long-term music clips generated by MIDI-
Sandwich.

Fig. 8. Three music fragments.

The First and Last Notes There are three music fragments in Figure 8: a sample of the first and last
notes (FLN) and two music fragments generated based on this sample constrains. It can be clearly seen that
the generated music fragments satisfy the constraint and also have diversity. FLN Accuracy method is used to
evaluate the accuracy of generating music bars to obey the FLN constraint. The result shows the accuracy can
reach 94%, proving that the majority of generated music fragments almost satisfy the constraint of the FLN,
which leads generated musics have stable tonal performance and melodic motion.

Table 3. User Study (R: Rhythm, M: Melody, I: Integrity, Si: Singability, St: Structrue, MM: Melodic Motion.)

Methods R M I Si St MM Average

Magenta-RNN 3.42 3.52 3.23 2.57 2.90 2.95 3.10
MidiNet(GAN) 3.09 3.19 2.38 2.14 2.47 3.09 2.56

VAE-GAN 1.90 2.33 2.52 2.09 2.23 2.42 2.25

Sandwich(HCVAE) 2.52 3.14 3.28 2.14 3.57 3.42 3.01
Sandwich(HCVAE-GAN) 2.76 3.38 3.33 2.28 3.66 3.47 3.15
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User Study We randomly invited 21 volunteers online to compare songs generated by MIDI-Sandwich,
Magenta-RNN, MIDI-Net, and VAE-GAN. As shown in the Table 3, we asked them to rate these songs from
1 to 5 for 6 indicators. The evaluation shows that MIDI-Sandwich performs well on both structrue, melodic
motion indicators and average of songs. Melody, integrity, singability are similar to others generated by other
models.

5 Conclusion

In this paper, we propose a multi-task multi-model hierarchical conditional VAE-GAN network, named MIDI-
Sandwich. The MIDI-Sandwich has four models (L-CVAE, G-VAE, HCVAE, HCGAN) and three tasks to
product a long-term symbol single-track music. At first, we train the L-CVAE (Task 1), to generate music
fragments which are pre-specified the First and Last Notes (FLN) constraint. Then, We train HCVAE (Task2),
which consists of L-CVAE and G-VAE, to generate songs. The underlying L-CVAE deals with the local music
fragments. And the upper G-VAE controls global structure and the melody direction of the song by analyzing
latent vector sequences from L-CVAE encoder and providing L-CVAE decoder with the FLN sequences. After
HCVAE training, the decoder of HCVAE is regarded as the generator of HCGAN, and some parts of HCVAE
encoder and CNN layer are used as the critor of HCGAN. Then we train HCGAN (Task3) to further improve
the quality of generating songs.

We note the study of Razavi A et al. [18] completed at the same time, which proposed a hierarchical VAE
named VQ-VAE2 similar to HCVAE of MIDI-Sandwich to address some of the picture generation issues. That
two independent pieces of work propose at essentially the similar architecture gives added weight to the results
of both studies.

Through experiments, they prove that songs generated by MIDI-Sandwich have three advantages. First, the
MIDI-Sandwich directly outputs a song which has a long length instead of a music fragment. Second, The MIDI-
Sandwich makes the generated music have a musical form structure by layered network architecture. Finally, the
FLN is used instead of the chord progression which is commonly used in multi-track music as a constraint, which
has low requirements on the data format and enhances the applicability of the networks. Moreover, the FLN
constraints also keep the melody stable in tonality. At the same time, the MIDI-Sandwich uses a multi-model
and multi-task architecture. Each sub-model can be flexibly expanded or replaced. Each sub-task can also be
easily evaluated. In the future, we will continue to improve the network model in both rhythm and multi-track,
and try to use the model in other artificial intelligence symbol music fields.
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CycleGAN using Semi-Supervised Learning
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Abstract. CycleGAN realizes unsupervised learning of image-to-image translation. However, the performance
is inferior to the supervised learning model. In this paper, we apply Semi-Supervised Learning to CycleGAN.
We show that using a few pair data in the photo ↔ label translation by the Cityscapes Dataset can dramatically
improve the learning performance. We also show generalization performance from photo ↔ label tasks by CMP
Facade Database and Google Map using the verified hyper parameters.

Keywords: CycleGAN, Semi-Supervised Learning.

1 Introduction

Various methods have been proposed for image generation and translation tasks in Generative Adversarial Nets
(GAN)[1]. Deep Convolutional GAN (DCGAN)[2] triggered a wide variety of image generation. Conditional GAN
(cGAN)[3] was the key to image generation for specified images. In image-to-image translation, pix2pix[4] achieved
various results such as automatic coloring, texture translation, and domain translation. The pix2pix is trained using
pair images. In many cases, it is difficult to prepare such pair images. CycleGAN is very useful as an image-to-image
translation model that does not use pair images. However, the performance is inferior to the supervised learning
model. Jun-Yan Zhu et al pointed out that it was very difficult to fill this difference. They also stated that it could be
solved by giving some form of teach data. In this paper, we propose to use Semi-Supervised Learning in CycleGAN
to close the performance difference. This is realized by using pair data as a part of learning data. We show that
using a few pair data in the photo ↔ label translation by the Cityscapes Dataset can dramatically improve the
performance. We also show generalization performance from photo ↔ label tasks by CMP Facade Database and
Google Map using the verified hyper parameters.

In Section 2 of this paper, we explain CycleGAN and Semi-Supervised Learning. In Section 3, we describe
applying Semi-Supervised Learning to CycleGAN. In Section 4, we present the experimental results. We discuss
future works in Section 5.

2 CycleGAN

CycleGAN is a model for mapping between domains X and Y . CycleGAN uses two GANs: two Generators and two
Discriminators. Generators consist of GXtoY and GY toX as mapping to each domain. Discriminators consist of DX

and DY as identification of each domain. A schematic diagram of CycleGAN is shown in Fig. 1.

Fig. 1. A schematic diagram of CycleGAN

For X → Y mapping, the purpose of GXtoY is to let DY identify that the translation data GXtoY (x) was sampled
from domain Y . The purpose of DY is to correctly identify whether the input data is sampled from domain Y or
translated by GXtoY . The same is true for Y → X mapping.
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CycleGAN consists of two loss functions, Adversarial Loss (Ladv) and Cycle Consistency Loss (Lcyc). Generators
are trained to minimize the loss function. Discriminators are trained to maximize the loss function.

L(GXtoY , GY toX , DX , DY )

=Ladv(GXtoY , GY toX , DX , DY ) + λLcyc(GXtoY , GY toX) (1)

where λ is the weight for Lcyc. Each loss function is described as follows.

Adversarial Loss Adversarial Loss is a loss function used in GAN. This expresses the distance between probability
distributions. It consists of two terms, a mapping from domain X to Y , and a mapping from domain Y to X.

Ladv(GXtoY , GY toX , DX , DY ) = Ladv(GXtoY , DY ) + Ladv(GY toX , DX) (2)

Ladv(GXtoY , DY ) = Ey∼pdata(y)[log(DY (y))]

+ Ex∼pdata(x)[1− log(DY (GXtoY (x)))] (3)

Ladv(GY toX , DX) = Ex∼pdata(x)[log(DX(x))]

+ Ey∼pdata(y)[1− log(DX(GY toX(y)))] (4)

Cycle Consistency Loss One of the major features of CycleGAN is Cycle Consistency. Generators are inverse
functions of each other. Therefore, if the input data is passed through two generators, the original data is restored.
That is, GY toX(GXtoY (x)) ≈ x,GXtoY (GY toX(y)) ≈ y. The L1 norm of the input and the restored output is Cycle
Consistency Loss.

Lcyc(GXtoY , GY toX) = Ex∼pdata(x)[∥GY toX(GXtoY (x))− x∥1]
+ Ey∼pdata(y)[∥GXtoY (GY toX(y))− y∥1] (5)

Fig. 2 shows a diagram of Cycle Consistency Loss.

Fig. 2. A schematic diagram of Cycle Consistency Loss. The upper image shows ∥GXtoY (GY toX(y)) − y∥1, and the lower
image shows ∥GY toX(GXtoY (x))− x∥1.

The teaching data (that is, pair data) is not required to restore input data. This can also be shown from the learning
method of the autoencoder (unsupervised learning). Also, restoring input data means that mapping between domains
is done correctly. In other words, CycleGAN learns the relationship between domains by unsupervised learning
without using pair data. Learning algorithm of CycleGAN is shown in Algorithm 1, where θdX

, θdY
, θgXtoY

, and
θgY toX

are the parameters of DiscriminatorX, DiscriminatorY , GeneratorXtoY , and GeneratorY toX, respectively.
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Algorithm 1 Learning CycleGAN

1: for number of training iterations do
2: Sample minibatch of m samples {x(1)x(2), ..., x(m)}, {y(1), y(2), ..., (m)} from domain X,Y .
3: Update the DiscriminatorX,Y by ascendinits stochastic gradient:

∇θdX

1

m

m∑
i=1

[Ladv(GY toX , DX , X, Y )]

∇θdY

1

m

m∑
i=1

[Ladv(GXtoY , DY , X, Y )]

4: Update the GeneratorXtoY, Y toX bdescending its stochastic gradient:

∇θgXtoY

1

m

m∑
i=1

[Ladv(GXtoY , DY , X, Y ) + λLcyc(GXtoY , GY toX , X, Y )]

∇θgY toX

1

m

m∑
i=1

[Ladv(GY toX , DX , X, Y ) + λLcyc(GXtoY , GY toX , X, Y )]

5: end for

Limit of CycleGAN CycleGAN succeeds in the task of translation colors and textures. However, tasks that
require geometric changes do not perform the desired transformations. The performance is inferior to the model
using pair data such as pix2pix. As an example, photo → label task assigns different labels. Jun-Yan Zhu et al
pointed out that it was very difficult and even impossible to bridge the performance difference. As a solution
method, they mentioned that a powerful model could be constructed by giving some form of teaching data.

3 Proposed method

GAN and CycleGAN learn by Unsupervised Learning. On the other hand, pix2pix learns by Supervised Learning.
In general, Supervised Learning performance is superior to Unsupervised Learning performance for the same task.
However, not all tasks have enough teaching data. Also, it may be difficult to add new teaching data. As described
above, Semi-Supervised Learning (SSL) is a method that can learn even when there is little teaching data, and
can fill in the performance difference between Unsupervised Learning and Supervised Learning. As an example
of applying SSL to GAN[6], there is images generation of N classes. This is an extension of the discriminator to
N +1 outputs, including the number of classes N and a term that identifies it as being generated by the generator.
Compared to the conventional GAN, the image generation is clearer.

In the proposed method, SSL is applied to CycleGAN, that is, learning of pair data and learning of non-pair
are performed. The loss function Lsv when using pair data is shown below.

Lsv(GXtoY , GY toX)

=Lsv(GXtoY ) + Lsv(GY toX)

=Ex∼pdata(x),y∼pdata(y)[∥GXtoY (x)− x̂∥1 + ∥GY toX(y)− ŷ∥1] (6)

where x̂ and ŷ are pair data of y and x respectively. That is, x̂ = y, ŷ = x. Learning with non-pair data is done
with the conventional loss function. The loss function by the proposed method is shown below.

L(GXtoY , GY toX , DX , Dy)

=

{
κLsv(GXtoY , GY toX), using pair data

Ladv(GXtoY , DY ) + Ladv(GY toX , DX) + λLcyc(GXtoY , GY toX), otherwise
(7)

where κ is the weight of Lsv. Fig. 3 shows a diagram of CycleGAN learning with pair data.
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Fig. 3. A schematic diagram of CycleGAN learning with pair data. Learning with non-pair data is shown in Fig. 1

As mentioned above, there are many cases where SSL is applied by improving Discriminator. However, we think
that improvement of Generator is essential to improve the limit of CycleGAN. Therefore, when using some pair
data, the generator would be improved by incorporating the L1 distance between the output data and the teaching
data into the loss function. This is equivalent to SSL because it uses a small number of supervised data (pair data)
and a large number of unsupervised data (non-pair data). Learning algorithm of CycleGAN using SSL is shown in
Algorithm 2.

Algorithm 2 Learning CycleGAN using SSL

1: for number of training iterations do
2: if number of training iterations less than the specified number then
3: Sample minibatch of m

′
pair samples {{{x(1), x̂(1)}, {{x(2), x̂(2)}, ..., {{x(m

′
), x̂(m

′
)}},

{{{y(1), ŷ(1)}, {{y(2), ŷ(2)}, ..., {{y(m′
), ŷ(m′

)}} from domain X,Y .
4: Update the GeneratorXtoY, Y toX by descending its stochastic gradient:

∇θgXtoY

1

m′

m
′∑

i=1

[κLsv(GXtoY , X, Y )]

∇θgY toX

1

m′

m
′∑

i=1

[κLsv(GY toX , X, Y )]

5: end if
6: Sample minibatch of m non-pair samples {x(1), x(2), ..., x(m)}, {y(1), y(2), ..., y(m)} from domain X,Y .
7: Update the discriminators and generators by using Algorithm 1.
8: end for

4 Experiments

We verify the usefulness of the proposed method using Cityscapes Dataset. Cityscapes Dataset[7] is an image-labeled
dataset that divides vehicle camera images into 30 classes. Each image is a color image of 1024 × 2048 pixels. There
are 2975 for learning and 500 for verification. In this experiment, the image data resized to 128 × 128 pixels is used
as in the experiment conducted by Jun-Yan Zhu et al.

We use FCN-Score[8] which has multiple evaluation indices. In this experiment, pixel accuracy (
∑

i nii∑
i ti

), mean

accuracy ( 1
ncl

∑
i
nii

ti
), and mean IU (Intersection-over-Union) ( 1

ncl

∑
i

nii

(ti+
∑

j nji−nii)
) are used, where nij is the

number of pixels in class i inferred to belong to class j. ncl is the number of classes included in Ground truth. ti
refers to the total number of pixels belonging to the class i in Ground truth. The pixel accuracy is the percentage
of correctly recognized pixels in the whole classes included in Ground truth. The mean accuracy is the average of
the proportion of correctly recognized pixels in each class included in Ground truth. The mean IU is a number
obtained by averaging the proportion of product sets in the union of pixel areas of class i in the Ground truth and
pixel areas recognized as class i.

Jun-Yan Zhu et al preprocessed the transformed image when deriving FCN-Score[9,10]. They assigned each pixel
of the transformed image to the class closest to the 19 major classes of the Cityscapes Dataset. After that, they
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derived FCN-Score by 19 classes. This experiment also derives FCN-Score according to this procedure. The network
architecture and hyperparameters used in this experiment conform to CycleGAN used by Jun-Yan Zhu et al.

4.1 Influences for supervised rate

Learning is performed by changing the rate (i.e. supervised rate) used as pair data in the entire training data. We
set weights λ and κ as 10. Supervised rate of 0% is equivalent to conventional CycleGAN.

Fig. 4. photo ↔ label translation for each rate of pair data

Fig. 4 shows the translation results. The photo → label translation, label swapping occurs in the conventional
CycleGAN. However, CycleGAN with SSL improves it at a very small supervised rate. There is no noticeable
difference in the label → photo translation.

FCN-Score for each supervised rate is shown in Fig. 5. In any evaluation index, it is dramatically improved by
including learning using a few pair data. From the above, CycleGAN improves dramatically the performance by
using very few pair data.

Fig. 5. FCN-Score for each supervised rate

14 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 2



6 Masashi Okada, Hidehiro Nakano, and Arata Miyauchi

4.2 Characteristics for parameters κ and λ

The weight κ of Lsv is varied to learn the photo ↔ label translation. We set the weight λ is 10, and the supervised
rate is 10%. Fig. 6 shows the translation results.

Fig. 6. photo ↔ label translation for each Lsv weight κ value

An improvement can be seen in the photo → label translation as κ increases. In addition, FCN-Score also rises in
Fig. 7. There is no noticeable difference in the label → photo translation. The learning performance is improved by
making κ larger, that is, making the influence of Lsv stronger.

Fig. 7. FCN-Score for each κ

Next, the weight λ of Cycle Consistency Loss is varied to learn the photo ↔ label translation. We set the weight
κ is 10, and the supervised rate is 10%. Fig. 8 and Fig. 9 show the translation results.
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Fig. 8. photo ↔ label translation for each value of λ by CycleGAN

Fig. 9. photo ↔ label translation for each value of λ by CycleGAN using SSL

In the photo → label translation, Mode Collapse occurs when λ is small in CycleGAN. In addition, if λ is large,
label interchange occurs. On the other hand, CycleGAN using SSL suppresses the exchange of labels and Mode
Collapse. In conventional CycleGAN, it is shown in Fig. 10 that FCN-Score fluctuates depending on λ. However, as
shown in Fig. 11, CycleGAN using SSL does not have a noticeable difference with λ at any value. From the above,
the performance difference due to λ is mitigated by applying SSL.
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Fig. 10. FCN-Score for each λ by CycleGAN

Fig. 11. FCN-Score for each λ by CycleGAN using SSL

4.3 Evaluation for other datasets

We validate generalization performance with other datasets to confirm the usefulness of the proposed method. We
use CMP Facade Database[11] and aerial image and map image datasets extracted from Google Maps provided by
Jun-Yan et al. We set the weights κ and λ are 10, and the supervised rate is 10%. Fig. 12 and Fig. 13 show the
translation results. Table 1 shows the FCN-Score by CMP Facade Database.
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Fig. 12. photo ↔ label translation by CMP Facade Database

Fig. 13. photo ↔ label translation by Google Maps
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Table 1. FCN-Score by CMP Facade Database

pixel accuracy mean accuracy mean IU

CycleGAN 0.3888 0.2402 0.1363

Proposed 0.5003 0.2818 0.1863

Both datasets have less training data than the Cityscapes Dataset. Therefore, the number of learnings by pair data
decreases. However, compared with the conventional CycleGAN, we confirmed clear translation close to Ground
truth. We also confirmed the improvement of FCN-Score by CMP Facade Database. From the above, it can be said
that the usefulness and generalization performance of the proposed method can be obtained even with limited pair
data.

5 Conclusion

In this paper, we proposed a Semi-Supervised Learning application method for CycleGAN. In the photo ↔ label
translation experiment using the Cityscapes Dataset, we verified the performance for the rate of using pair data,
the weight of the newly added term to the loss function κ and the relevance between two objects λ and confirmed
the usefulness of the proposed method. We also confirmed the generalization performance of the proposed method
by translation experiments using CMP Facade Database and Google Map. Future works include the development of
Semi-Supervised Learning methods with further genearlization performance, and the verification for image transla-
tion between realistic image datasets.
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Abstract. State-of-the-art deep neural networks have achieved impressive results on many image classi-
fication tasks. However, these neural networks consistently misclassify adversarial examples that humans
can clarify correctly classified, the adversarial examples result in the model outputting an incorrect answer
with high confidence. Therefore, a black box attack method for efficiently generating a large number of
adversarial samples using GAN is proposed. These attack samples are very similar to real images and can
fool deep neural networks. Extensive experimental results show that our approach perform well in the task
of generate samples of adversarial attacks.

Keywords: Adversarial attack · Deep neural networks · Adversarial samples · Generative adversarial
networks.

1 Introduction

Deep Neural Networks (DNN) have recently achieved very good performance on various pattern recognition
tasks, but they are easily fooled[1]. Adversarial attacks are often instantiated by adversarial examples to force
a learned classifier to misclassify the resulting adversarial samples, while remaining correctly classified by a
human observer[2]. This can be used to attack face recognition[3] and autopilot[4], etc.

In this paper, we introduce the black-box attacks against DNN classifiers. We assume the adversary has
no information about the structure or parameters of the DNN, and does not have access to any large training
dataset. The adversary’s only capability is to observe labels assigned by the DNN for chosen inputs.

Our new attack strategy is to use a synthetic training data set, then train the local model to replace the target
DNN, finally GAN (Generative Adversarial Networks) generate adversarial samples. Adversarial examples are
not only misclassified by the substitute model but also by the target DNN, because both models have similar
decision boundaries. Our proposal method generate a large number of adversarial samples in batches at a time,
it generate adversarial samples for targeted attacks and non-targeted attack samples, it is more effective to
previous works[5].

2 Related Research

In this chapter, we present some of the technical terms used for adversarial attacks, and introduce previous
work studies on attacks against neural networks.

2.1 Definitions of Terms

We describe the common technical terms used in the adversarial attacks on deep learning. The remaining article
also follows the same definitions of the terms.

– Adversarial example/image. It is a image that is intentionally perturbed (e.g. by adding noise) or generated
to fool a machine learning technique, such as deep neural networks.

– Black-box attacks. It means that the attacker does not understand the parameter values, architecture,
training methods and training data of the attacked model. Only the output label of the model to the input
can be obtained.

– White-box attacks. We assume that we know the relevant details of the model, including its parameter
values, architecture, training method, and in some cases its training data as well.

– Targeted attacks. The model assigns images to the specified error classification. In contrast to non-target
attacks, the predictive label of the adversarial image is irrelevant as long as it is not the correct label.
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2.2 Related Method

DeepFool Moosavi-Dezfooli et al.[6] proposed to compute a minimal norm adversarial perturbation for a given
image in an iterative manner. The closest decision boundary is found from the normal image in the image space,
and then the boundary is crossed to fool the classifier. It uses a linear approximation to iteratively solve this
problem. More specifically, for each iteration, it surrounds the intermediate linearization classifier and derives
the best update direction on the linearization model. Then update the image in this direction with a small step
size. At each iteration, the algorithm perturbs the image through a small vector, accumulates the perturbation
added to the image by repeating the linearization update process to calculate the final perturbation until the
image crosses the decision boundary.

Single-Pixel Attack In Su et al. [7]’s method, instead of modifying multiple pixels, only one dimension is
modified, but the strength of the modification is not limited, so it is called single-pixel attack. The main core
algorithm of the single-pixel attack method is the differential evolution algorithm (DE), an adversarial example
is calculated by using the concept of differential evolution. For clean images, they randomly modify the RGB
values to create sub-items so that the sub-items compete with their parents for the next iteration, and the
network’s probabilistic predictive labels are used as an adaptive criterion. The last surviving child is used to
change the pixels in the image.

3 Adversarial Attacks Methodology

We consider a weak adversary with access to the DNN output only. The adversary has no knowledge of the DNN.
The difference between us and other methods is that combined with the classic black box attack[8] combined
with the GAN attack, a more practical and powerful attack method is produced. We assume that the target
attack model is O, and the alternative model we produced is F. Because of the transferability property between
F and O, the samples of F are also misclassified by O. This leads us to propose the following strategy in Fig.1:

Fig. 1. GAN generates a adversarial sample algorithm framework

1. Generating a synthetic datasets - We use Jacobian-based dataset augmentation technique to generate
train images.

2. Substitute Model Training - The attacker queries the target attack model with synthetic inputs selected
by a Jacobian-based heuristic to build a model F approximating the oracle model O’s decision boundaries.

3. Adversarial Sample Crafting - The attacker uses substitute network F to craft adversarial samples, which
are then misclassified by oracle O due to the transferability of adversarial samples.

3.1 Generating a Synthetic Dataset

To better understand the need for synthetic data, note that we could potentially make an infinite number of
queries to obtain the oracle’s output O(x) for any input x belonging to the input domain.After a certain number
of random input tests, it is possible to basically determine how many classifications there are.Because the input

ICONIP2019 Proceedings 21

Volume 15, No. 2 Australian Journal of Intelligent Information Processing Systems



GAN Generate Adversarial Examples to Fool Deep Networks 3

image has many dimensions, and the value of each dimension is continuous. Furthermore, it is impossible to
traverse the real input all at once, and making a large number of queries renders the adversarial behavior easy
to detect.

We introduce a heuristic efficiently exploring the input domain and drastically limits the number of oracle
queries. We use this technique named Jacobian-based Dataset Augmentation, first create a batch of random data
and let the attacked model output the corresponding label. Then the heuristic used to generate training inputs
is based on identifying directions in which the model’s output is varying, around an initial set of training points.
based on the previous batch of random data, a new batch of probe data was constructed and tagged. At this time,
the Jacobian matrix was used. Such directions intuitively require more input-output pairs to capture the output
variations of the target network O. These directions are identified with the substitute model’s Jacobian matrix
JF , which is evaluated at several input points x. Precisely, the adversary evaluates the sign of the Jacobian
matrix dimension corresponding to the label assigned to input x by the attacked model: sgn(JF (x) [O(x)]). To
obtain a new synthetic training point, a term λ · sgn(JF (x) [O((x)]) is added to the original point x. We name
this technique Jacobian-based Dataset Augmentation. We base our substitute training algorithm on the idea of
iteratively training the model in directions identified using the Jacobian.

3.2 Training Alternative Model

In the study of Goodfellow et al.[9], it has been experimentally proved that the adversarial samples obtained
from one particular model are still valid on the network trained by another model or even another data set, and
even they will misclassify the adversarial samples. For the same class. This is because the adversarial samples are
highly consistent with the model’s weight vector, and different models learn similar functions in order to train
to perform the same task. In [8], it shows that the type, number, and size of layers used in the substitute DNN
have relatively little impact on the success of the attack. Adversaries can consider performing an architecture
exploration and train several substitute models before selecting the one yielding the highest attack success.
Training a substitute model we need to select an architecture for our substitute targeted network’s architecture,
for instance, a convolutional neural network.

3.3 Deep Convolution Generative Adversarial Networks

Our attacks build on Deep Convolution Generative Adversarial Networks (DCGANs) to create images that
closely resemble real ones (Fig.2).GAN[10] is a deep learning model, in the framework (at least) two modules:
the Generative Model and the Discriminative Model.

Fig. 2. The model framework consists of two modules: the generated model and the discriminant model that produce
good output during the mutual game learning process.

G is a network that generates pictures, it receives a random noise z, generates a picture through this noise,
and records it as G(z). D is a discriminating network that discriminates whether a picture is ”real”. Its input
parameter is x, x represents a picture, and the output D(x) represents the probability that x is a real picture.
In the training process, the goal of generating the network G is to generate a real picture as much as possible
to deceive the discriminant network D. The goal of D is to separate the G generated image from the real image.
Thus, the two models reach equilibrium during the game and generate images that are very similar to the
training data.In practice, GAN’s training proceeds iteratively, and alternates between updating the parameters
of G and D via back-propagation. G is trained to minimize the following function:
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LossG(Z,D) =
∑
z∈Z

lg(1−D(G(z))) (1)

LossG is minimized when G misleads D, D is trained to maximize the following function:

GainD(G,Z, data) =
∑

x∈data

lg(D(x)) +
∑
z∈Z

lg(1−D(G(z)x)) (2)

GainD is maximized when D emits 1 on real samples, and 0 otherwise.
DCGAN is a combination of CNN(convolutional neural networks)[11] and GAN, it simply replaces GAN’s

G and D with two CNN. DCGAN has made some changes to the structure of the convolutional neural network
to improve quality and speed. It cancels all pooling layers, in the G network, the transposed convolutional(also
known as deconvolution) layer is used for upsampling.

3.4 Attack Framework

Our models are trained to generate adversarial outputs that can mislead neural networks in our case. Formally,
three neural networks are involved in training: a generator G; a discriminator D; and a pre-trained DNN that
is substitute classification model of target model O is denoted by F (·). When given an input x to the DNN, G
is trained to generate outputs to fool F (·) and is inconspicuous by minimizing.

Lossadv(k, Z,D) = k · LossG(Z,D) + (1− k) · LossF (G(Z)) (3)

We minimize LossG aims to generate real-looking outputs that mislead D. LossF is a loss function defined
over the DNN’s classification that is maximized when training G, because −LossF is minimized. The definition
of LossF depends on whether the attacker aims to achieve dodging or impersonation. k are parameters that
balances of G and F , For target attack, we use:

LossF (G(Z)) =
∑

(1− Fi(G(Z))) (4)

We set the target class of our attack class is i, we want to cheat the classifier against the sample is i category.

LossF (G(Z)) = −
∑

(1− Ft(G(Z))) (5)

For no-target attack we use Eqn.5, we set t to be the original category of our training data. We want to trick
the classifier against the sample in other categories than t.

We choose the aforementioned definition of LossF because we empirically found that it causes the training
to converge faster or loss functions defined via cross entropy used in prior work. we discuss it further below.

As part of the training process, D is trained to maximize GainD. By doing so, D adjusts its weights to G,
helping G to generate more realistic examples. In contrast to D and G, F (·)’s weights are unaltered during
training.

The algorithm is provided in Alg.1. The algorithm takes as a preinitialized generator and discriminator, a
classification neural network alternative to the target model, a dataset of real examples. G receive random noise
Z, the maximum number of F (·)′s training epochs Nf , the maximum number of G’s training epochs Ne, the
size of mini-batches sb, the target class of the attack t, and k (a value between zero and one). The result of the
training process is an adversarial generator that creates outputs that fool F (·). In each iteration of training,
either D or G are updated using a subset of the data that is randomly chosen. D’s weights are updated via
gradient ascent to increase GainD. G’s weights, in contrast, are updated via gradient descent to minimize the
value of Eqn.2. To balance the generator’s two objectives, the derivatives from GainD and LossF are carefully
joined. We do so by normalizing the two derivatives to have the the lower Euclidean norm of the two and then
add them together while controlling, via setting k, which of the two objectives gets more weight. When k is
closer to zero, more weight is given to fooling F (·), and less weight is given to making the output of G realistic.
Conversely, setting closer to one puts more weight on making G’s output resemble real examples. Training ends
when the maximum number of training epochs is reached, or when F (·) is fooled in the desired manner.

4 Experimental

The following two metrics are used for evaluating the performances of the proposed fooling networks:

– Success Rate - In the case of non-target attacks, it is successful as long as the adversarial sample is assigned
to any misclassification. In the target attack, it is successful that adversarial sample is classified into the
specified label.
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Algorithm 1 :Target Attack,for oracle O

Input: X,G,D, F (·) , dataset, Z,Ne, Nf , sb, t, k ∈ {0, 1}
Output: Adversarial samples gens
1: for ρ← 1 to Nf do
2: Sρ ← {x,O(x) : x ∈ dataset};
3: train F by using Sρ ;
4: dataset← {x+ λ · sgn(JF [O(x)]) : x ∈ Sρ} ∪ dataset;
5: end for
6: for ρ← 1 to Ne do
7: for batch ∈ dataset; do
8: gen← G(Z);
9: batch← concat(gen, batch);

10: if even iteration then
11: // update D
12: update D by back propagating ∂GainD

∂batch
;

13: else
14: // update G
15: d1 ← − ∂LossG∂gen

;
16: compute forward pass F (gen);
17: d2 ← ∂LossF

∂gen
;

18: d1, d2 ← normalize (d1, d2);
19: d← k · d1 + (1− k) · d2;
20: update G via back propagating d;
21: if F (x) == t then
22: gens = gens ∪ gen
23: end if
24: end if
25: end for
26: end for

– Confidence - It indicates accumulate the values of probability label of the target class for each successful
adversarial sample , then divided by the total number of successful adversarial samples. Higher confidence
means it is more confident for the incorrect class.

4.1 Setup

All of our tests performed the Fashion-MNIST and CIFAR10 data sets. We train 3 types of convelution networks:
LeNet,VGG[12], GoogleNet[13] as target image classifiers on CIFAR-10[14] and Fashion-MNIST data set, the
network structure is listed below. Conv refers to convolution, Deconv to de-convolutional, FC to fully-connected
layer, Flatten to vectorization of matrices, LrB to batchnorm followed by a leaky rectified-linear layer, LReLu
to leaky rectified-linear layer, MP to max-pooling layer with 2×2 window size, RB to batch norm followed by a
rectified-linear layer, IC to inception layer,and tanh to hyperbolic tanget. All convolutions and de-convolutions
in G use 3× 3 filters. The detector’s convolutions use 3× 3 filters.

– LeNet: Conv →MP → Conv →MP → FC → RL→ FC → softmax

– VGG16: Conv ∗ 2 → MP → Conv ∗ 2 → MP → Conv ∗ 3 → MP → Conv ∗ 3 → MP → FC → FC →
softmax

– GoogleNet: Conv → MP → Conv → MP → IC → IC ∗ 2 → MP → IC ∗ 5 → MP → IC ∗ 2 → AP →
DP → liner → softmax

– G(generator): FC → RB → Reshape → Deconv → RB → Deconv → RB → Deconv → RB →
Deconv → tanh

– D(discriminator): Conv → LReLu → Conv → LrB → Conv → LrB → Conv → LrB → Flatten →
FC → Sigmoid

– F(detector): Conv → RB →MP → Conv → RB → Conv → RB → FC → softmax

For each of the attacks on the three types of neural networks 500 natural image samples are randomly
selected from the CIFAR-10 test dataset to conduct the attack. For each natural image, nine target attacks are
launched trying to perturb it to the other 9 target classes. Overall, it leads to the total of 36000 adversarial
images created.
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Fig. 3. Sample of adversarial images from Fashion-MNIST. Each column represents input classes 0 to 9,while each row
represents target classes 0 to 9.

5 Results

The comparison of the properties of the different methods is shown in Table 1.The result of the image generation
is Fig.3 and Fig.4. The success rates and adversarial probability labels on three networks are shown in Table
2 and the comparison of different parameters setting is shown in Table 3.Fig.5 shows the average probability
values for different classes of attack samples generated by our algorithm.

Fig. 4. Sample of adversarial images from CIFAR-10. Each column represents input classes 0 to 9, while each row
represents target classes 0 to 9.
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5.1 Generated adversarial sample

Based on the sample input to GAN, we generated a picture similar to the sample but can deceive the neural
network. We used the target attack and non-target attack methods to input the pictures to GAN, and generated
a large number of pictures that can be classified into other categories. Generated images according to CIFAR-10
are also classified into a large number of other categories.Experiment results after training, the generator was
able to generate arbitrarily many adversarial examples that appear comprehensible to human observers, but are
misclassified by the digit recognition DNN(Fig.3,Fig.4).

5.2 Method attribute comparison

The mainstream attack methods are L-BFGS[15], FGSM[12], BIM, DeepFool, JSMA[16], etc, the comparison
of the properties of the different methods is shown in Table 1. our method is based on black box. Such a good
black box attack method is not much, and the real scene is more practical. and can be applied in both specified
target attacks and non-target attacks. Our attack method can specify a picture, copy the attack samples of a
specific picture generated after expanding into the training set of GAN, or generate a large number of different
attack samples according to a large number of different training pictures.

Table 1. Comparison of different methods of adversarial attack

Method Black/White box Targeted/Non-targeted Specific/Universal

L-BFGS White box Targeted Image specific
FGSM White box Targeted Image specific

One-pixel Black box Non Targeted Image specific
DeepFool White box Non targeted Image specific
GAN Attack Black box targeted Universal

5.3 Success Rate and Probability Labels

The success rates on three types of networks show the generalized effectiveness of the proposed attack through
different network structures. Each image can be perturbed to other target classes for each network. By dividing
the adversarial probability labels by the success rates, the confidence values (i.e. probability labels of target
classes) are obtained which are 85.78%, that significantly improve the confidence values.

Table 2. Success Rate and Adversarial Probability Labels

Method Success Rate Confidence

L-BFGS 89.43% 82.21%
FGSM 93.67% 93.67%

One-pixel 66.08% 97.93%
DeepFool 82.03% 78.03%

GAN Attack 96.85% 85.78%

We report in Table 2 the accuracy and average robustness of each classifier computed using different methods.
It should be noted that the images generated by our approach more similar to the real images.

Table 3. Influence of different parameters

parameter number confidence

k=0.1 1854 0.84
k=0.2 110 0.61
k=0.3 236 0.77
k=0.4 267 0.73
k=0.5 928 0.79
k=0.6 3003 0.82
k=0.7 44 0.67
k=0.8 12369 0.88
k=0.9 202 0.65
k=1 60 0.87
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We trained 20,000 epoch for our algorithm, GAN generate 64 images each epoch, and then counted our
statistically generated confrontation samples that could fool the classifier. In the course of the experiment, in
table 3 we found that the different values of k is extremely important for the training of our attack network.
k is the proportion of the true and false similarity between the image generated in the loss function and the
training set, and 1− k is generated. we adjust the two parameters to control the generated sample to be more
similar to our training. The adjustment of the parameters will affect the identification of the generated samples
and the number of counter-samples generated in batches. We found that the number and quality of adversary
samples generated at k = 0.8 is the best.

Fig. 5. Fooling percentage for each target class. It is difficult to make the classifier say that an image is 0 or 1 when it
is not so.

We use all class of images to attack different categories separately. As shown in Fig.5, their confidence is
different because the image is easier to attack in an image similar to their own. For example, in Fashion-MNIST,
T-shirts, coats, dress and pullovers are more similar, so they score higher on each other.

6 Conclusion

In this paper, we provide a method based on the GAN to generate digital images that cause DNN-based
classification systems to misclassify images and has a high attack success rate and confidence. In addition, this
approach makes the construction of false images less conspicuous and powerful than previous methods, and can
produce such antagonistic samples in large quantities. Unlike most attacks that directly adjust benign samples
to create a adversarial example,GAN generate adversary images is optimized by training the neural network to
fool the target DNN. Defending our attacks is a clear priority for future work.
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Abstract: Small unbalanced datasets remain a serious impediment to the implementation of cutting-edge machine 

learning in an industry setting. This paper proposes GAN-SMOTE, a novel approach to synthetic minority class 

oversampling using a generative adversarial network that can be applied to boost the performance of classifiers learning 

from small and imbalanced one-hot encoded datasets. This paper also introduces techniques that are key for ensuring 

the stability and variance of the generative adversarial network in this setting. The proposed method demonstrates 

meaningful improvement on a well-studied petrographical dataset with significant class imbalance. 

Keywords: GAN-SMOTE, synthetic data, minority class oversampling, generative adversarial network, unbalanced 

dataset, small dataset, minibatch discrimination, decreasing random bit-flips 

1 Introduction 

As a general rule, the more data that a machine learning algorithm has access to, the more accurate its predictions will be 

[1]. Small datasets present serious challenges to the effective use of machine learning techniques in real world applications 

because of their propensity to overfit on the available data [1]. The problems associated with small datasets are often 

compounded by class imbalance within the dataset, which can cause machine learning algorithms like Convolutional 

Neural Networks (CNNs) to converge slower during training and generalise poorly on unseen data [2].  

Class imbalance occurs when one or more of the categories in a dataset has significantly more samples than others and 

can have significantly detrimental effects when training CNNs [2]. 

     There are several traditional techniques for handling class imbalance. The first is undersampling, which involves 

removing instances of the majority class so there is an even number of samples in each class [2]. Although undersampling 

balances the number of samples in each class the classifier misses out on valuable data about the majority class [2]. In 

small datasets each datapoint is even more valuable, so removing samples in these cases will further increase the risk of 

sampling error and overfitting [3]. 

     Another method is oversampling, where instances of the minority class are duplicated so that the classes become 

evenly distributed [2]. This technique again balances the number of samples in each class but can cause overfitting instead 

on the minority class as the idiosyncrasies of each minority sample are repeatedly shown to the classifier [4]. In neural 

networks, practitioners can manipulate the loss function to penalise misclassification of the minority class, called cost-

sensitive learning, although in effect this has the same issues as oversampling [2]. 

     Another canonical technique is Synthetic Minority Oversampling Technique (SMOTE) [5]. SMOTE is an over-

sampling technique that creates synthetic samples by interpolating between members of the minority class in “feature 

space” (as opposed to “data space”) [5]. Concretely, the SMOTE algorithm chooses k nearest neighbors for each data 

point based upon the similarities in feature vectors and creates a synthetic sample at a random point on the line between 

each data point and chosen neighbor [5]. See Figure 1 for a visualisation of SMOTE.     

 This technique boosts class membership whilst introducing enough variety to encourage classifier generalisation and 

grow minority class decision regions [5]. Since its release in 2002, SMOTE and its derivatives have had a profound 

impact on the way practitioners preprocess data [6] and is now the considered the “de facto” technique for learning from 

imbalanced datasets [6]. 

    SMOTE has demonstrated meaningful results in many lower-dimensional problems, but class imbalance literature has 

increasingly found that it is a suboptimal choice for synthesis of samples in high-dimensional space [7, 8]. High-

dimensional data types, including natural language and image data, are unable to be modeled by simple linear 

interpolation and require a different approach to create meaningful synthetic samples [7]. In the case of image synthesis, 

success has been found in “data-level” techniques such as image transformation where operations such as image rotations, 

cropping or scaling are used to boost existing datasets [9, 10]. However, there is a need for effective domain-agnostic 

“feature-level” techniques for synthetic oversampling in most high dimensional domains. 
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     Generative Adversarial Networks (GANs) are a potential source of “feature-level” data augmentation for high 

dimensional data [12, 13, 14, 15]. The GAN architecture uses two neural networks in an adversarial set-up [12]. The first 

neural network, the generator, produces synthetic data samples from a random input vector [12]. The second neural 

network, the discriminator, is given both real and synthetic samples and must classify them as either real or synthetic 

[12]. The loss of the discriminator reflects the accuracy of its predictions, and the loss of the generator becomes the 

inverse of the loss of the discriminator [12]. In this way, the two networks compete in a zero-sum “minimax” game where 

one network’s failure becomes the other network’s gain [12]. The end result is that the generator is trained to produce 

realistic samples in order to “fool” the discriminator. 

     There is a growing number of publications demonstrating that a GAN-based approach to synthetic oversampling can 

improve performance in high-dimensional class-imbalance problems. Antinou et al. propose a Data Augmentation GAN 

(DAGAN) which produces augmented face images to increase classifier accuracy [13]. The authors demonstrate that 

adding additional augmented images with the original images during classification can significantly increase classification 

accuracy on a vanilla DenseNet classifier [13]. Variations of augmentation GANs have also been used to boost 

classification accuracy in the medical imaging domain [15] and create additional training images for radiology trainees 

[14]. While there exists a number of implementations of GAN-based synthetic oversampling for images, the literature 

lacks implementations that target other high-dimensional data types. 

To add to this growing body of work, this paper implements a novel GAN-based approach to synthetic minority 

oversampling for sparse one-hot encoded data (GAN-SMOTE). It also introduces a number of techniques to ensure GAN 

performance when using a small dataset of binary values. 

     This technique is tested, as a proof of concept, on a dataset of petrographical descriptions of core samples from the 

North West Shelf in offshore Australia [16]. The class for prediction in this dataset is the sample’s porosity, rated as either 

Very Poor, Poor, Fair or Good. The factors provided to determine the sample’s porosity are detailed lithographical 

descriptions summarised into six characters: grain size, sorting, matrix, roundness, bioturbation and laminae. The data 

was provided in a sparse ‘one-hot’ encoded format, with a 1 in the relevant column when a sample has the associated 

attribute for a character and a 0 otherwise. There is not always one attribute per characteristic, with some samples having 

none or several. 

     The dataset is small, consisting of 140 samples in total. The distribution of the attributes is also quite uneven which 

can make classification difficult for outlier samples. 

     Our experiment demonstrates that the use of GAN-SMOTE leads to meaningful classifier performance increases on a 

vanilla neural network using this data compared to traditional techniques such as SMOTE or random oversampling. 

Fig. 1. SMOTE creates synthetic samples by interpolating between neighbouring minority class samples in “feature space” [11]. 
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2 Method 

2.1 GAN-SMOTE Basic Architecture 

The GAN-SMOTE architecture is based upon the original GAN architecture proposed in Goodfellow’s 2014 paper 

‘Generative Adversarial Networks’ [12].  

     GAN-SMOTE is made up of two neural networks, a generator and a discriminator. The generator is a 2 hidden layer 

neural network utilising leaky ReLU in each hidden layer. It takes 16 neurons of random input and produces one output 

neuron for each attribute of the data (in this case 58) plus an extra neuron to enable mini-batch discrimination. Our 

implementation of mini-batch discrimination is described in ‘2.3 Improving GAN-SMOTE Variance’.  

     The discriminator is a 2 hidden layer neural network utilising dropout and leaky ReLU in each of its hidden layers. It 

has the same number of input neurons as the final layer of the generator. A sigmoid output function creates an output 

between 0 and 1. 

In every epoch, the generator produces synthetic datapoints. The discriminator is shown a set of real datapoints from a 

specific class of the data and predicts if the data points were made by the generator. The correct output in the first round 

should be a score of 1.0 for each data point. The results are used to calculate Mean Squared Error loss, which is 

backpropagated through the discriminator. The discriminator is then shown a set of synthetic datapoints created by the 

generator. In this round the target output is 0.0. The results are again used to calculate loss, which is backpropagated 

through the discriminator. 

     To calculate loss from the generator, the discriminator is given fake data produced by the generator and the loss for 

the generator is calculated based on a target output of 1.0. This decreases the loss for the generator when the discriminator 

does badly and increases it when the discriminator is more accurate. In effect, the two networks are engaged in a ‘minimax 

game’, where each is rewarded for the failure of the other [12]. Over many epochs of training, the discriminator improves 

its ability to recognise the real data samples, and the generator improves its ability to produce realistic synthetic data. 

     The GAN is trained on one class of the dataset at a time, and at the end of training the generator can be used to produce 

an arbitrary number of synthetic data samples for this class. In the case of the one-hot encoded petrographical dataset, 

this data was rounded up to 1 or down to 0 for consistency. 

2.2 Improving GAN-SMOTE Stability 

One of the most difficult tasks when training a GAN is ensuring that the network remains stable [17]. When creating the 

GAN-SMOTE architecture, a number of changes had to be made to ensure that the networks were competitive with one 

another. 

The discriminator often out-performed the generator which caused the generator to stop improving. This is caused by an 

unchanging loss function which reflects the discriminator’s 100% accuracy. 

     The first change that was made was the introduction of random noise to the input data. As a result of the one-hot 

encoding the input data is encoded as either 1.0 or 0.0, so any uncertainty in the generator made it obvious that the sample 

was synthetic. Because a rounding activation function has a gradient of 0, the output of the generator couldn’t be coerced 

to produce only rounded numbers. As an alternative, the real data was altered with a random amount of noise between 

0% and 2%. 

      The GAN-SMOTE architecture also relies on a novel GAN stabilisation technique for one-hot encoded input data 

that we’ve termed “decreasing random bit-flips”. As each sample was an array of binary numbers, random noise alone 

won’t prevent the discriminator from overfitting on the real data (the discriminator quickly learns that 0.97 is the same as 

1.0). A predetermined proportion of the real data had the binary data reversed so that 1s became 0s and vice versa. This  

helps the generator remain competitive with the discriminator at the cost of the synthetic data’s accuracy. The amount of 

random bit-flips were then slowly reduced to zero over the course of many epochs, allowing the generator to produce 

more accurate samples by the end of training. We found that this technique allowed the two networks to remain 

competitive for longer and improved the synthetic samples that were produced. 

     The learning rate was adjusted in line with “SGDR: Stochastic Gradient Descent with Warm Restarts” to prevent the 

networks from settling into local minima [18]. The learning rate was increased by a factor of 10 and degraded back to the 

original learning rate using cosine annealing over the course of 1000 epochs. This is repeated for every 1000 epoch 

interval. This technique was particularly useful for ensuring the generator moved past suboptimal local minima. 
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2.3 Improving GAN-SMOTE Variance 

The GAN-SMOTE architecture had issues with “mode collapse”, where the generator ignores input and produces the 

same output each time. Minibatch discrimination was implemented as described in “Improved Techniques for Training 

GANs” [19]. The Manhattan distance was computed between each sample in a mini-batch and every other sample, and 

then the sum of these distances is appended to the output of the generator. This additional information about the 

distribution of the samples in the batch allows the discriminator to identify and penalise mode collapse and encourages 

the generator to achieve a similar distribution of data to the real samples. Because of the small amount of data, it was 

necessary to add a certain amount of random noise (30%) to each instance where the sum of distances was appended so 

that the generator remained competitive with the discriminator. 

     Optimising the GAN-SMOTE architecture required consideration of many different metrics to ensure the generator 

did not succumb to mode collapse. Deciding on optimal hyperparameters for GAN-SMOTE was possible by visualising 

these metrics over the course of training. Mode collapse could be quickly visualised by plotting the synthetic and real 

data using PCA. In order to adjust the hyperparameters for minibatch discrimination and decreasing random bit-flips we 

plotted the sum of Manhattan distances within synthetic and real data batches, as well as the sum of Manhattan distances 

between the two datasets. These metrics gave us insight into the synthetic data’s variance and its similarity to the real 

data, which allowed us to determine the optimal levels for noise to be added to mini-batch discrimination and the schedule 

required for decreasing random bit-flips. 

2.4 Benchmarking GAN-SMOTE performance 

A simple neural network baseline was implemented. The network had one hidden layer of 100 neurons, a cross entropy 

loss function and a stochastic gradient descent optimiser. A constant weight initialisation seed was used to fix the starting 

point of the network. Early stopping was used to determine the ideal number of epochs. 

10-fold cross-validation was used for the experiment. For each random fold, the training data was used to create GAN-

SMOTE samples for each of the four classes. 

     To assess the performance of GAN-SMOTE, the synthetic data was used to “top up” class imbalances in training data. 

Fig. 2. GAN-SMOTE architecture diagram showing a) discriminator network and b) generator network. The networks are feedforward 
neural networks utilising Leaky ReLU activation functions in the hidden layers and sigmoid output functions. The discriminato r 

network utilises dropout in its hidden layers. The generator concatenates the sum of L1 distances within the batch with a predetermined 

amount of noise to the output to implement minibatch discrimination as described in ‘2.3 Improving GAN-SMOTE Variance’. 

 

32 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 2



Benchmark tests were performed using SMOTE and random oversampling to “top up” class imbalances. Finally, the 

original unbalanced data was used as a baseline. 

     The dataset was somewhat imbalanced. The four classes had 32, 37, 30 and 41 samples respectively. In the each “top 

up” experiment, the class was topped up to the maximum class size seen in that fold. The mean of the maximum accuracy 

scores was taken for each technique, and this set of values was used to compute the standard deviation. 

3 Results and Discussion 

The results of the benchmarking tests are shown in Table 1. 

 GAN-SMOTE “top up” SMOTE “top up” Original training data 
Basic oversampling 

“top up” 

Average accuracy 69.29 ± 12.16 68.57 ± 11.76 68.57 ± 15.13 67.86 ± 12.26 

F1 Score 0.693 0.686 0.686 0.679 

 

 

These results show a meaningful increase in training accuracy and F1 score when using GAN-SMOTE. The small 

decrease in accuracy seen with random oversampling compared to the unaltered data indicates that GAN-SMOTE’s 

improved performance can be attributed to better modelling of the original data’s “feature space”.  

     Both GAN-SMOTE and SMOTE lowered the classifier’s variance when compared to the unaltered data, however only 

GAN-SMOTE was able to improve both the accuracy and F1 score on this dataset. 

4 Conclusion and Future Work 

This paper proposed a novel method for dealing with class imbalance in one-hot encoded datasets, utilising a GAN to 

synthesise data for the purpose of oversampling minority classes. The benchmark tests on the synthesised one-hot encoded 

data suggests that GAN-SMOTE can increase classifier performance, in terms of both raw accuracy and class balanced 

performance metrics. 

     This paper also introduced techniques that are key for ensuring the stability and variance of GAN training with sparse 

one-hot encoded data. Decreasing random bit-flips is a novel approach to encourage GAN stability in a binary context. 

When combined with noising of the real data and stochastic gradient descent with restarts [18], this technique had a 

remarkable effect on GAN stability. Minibatch discrimination [19] was used to combat mode-collapse and allowed the 

generator to produce a realistic array of samples for minority oversampling. 

     There still remains a lot of work to discover the best practices when utilising the techniques applied in this paper. 

GANs are difficult to train, and techniques such as decreasing random bit-flips may apply in different degrees to other 

types of data. Many changes needed to be made to the GAN-SMOTE architecture to account for the one-hot encoded 

dataset, so a robust understanding of the raw data being fed into the GAN will allow data scientists to use this technique 

successfully and repeatably. 

     Although GAN-SMOTE did outperform SMOTE in this experiment, future work should investigate GAN-SMOTE’s 

performance using much higher dimensional data in order to prove that GAN-SMOTE can significantly outperform 

traditional techniques in these classification problems. 

     Another area for investigation is the potential use of this technique to create synthetic data in scenarios with small 

datasets but without class imbalance. The improved training stability and reduced propensity to overfit derived from 

greater sample sizes can be a viable alternative to simply adding noise to training data because the variance produced by 

GAN-SMOTE is contextual. The technique appears to produce ‘acceptable’ variance while retaining key features, which 

is highly beneficial for datasets of high dimensionality such as this one. 

     The main benefit of developing new GAN-based oversampling techniques is to address SMOTE’s weakness working 

with high-dimensional data [7, 8]. GANs have been successfully used to augment high-dimensional structured data such 

as images, so they have the credentials to do so in other similar domains. As GAN-based data augmentation techniques 

Table 1. Average test set accuracy with standard deviation, and F1 score on the original petrographical dataset.  
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are applied to a greater range of problems, they will benefit from the large volume of ongoing research occurring in the 

field of GAN optimisation. 
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Abstract. Synthesizing geometrical shapes from human brain activities is an interesting and meaningful
but very challenging topic. Recently, the advancements of deep generative models like Generative Ad-
versarial Networks (GANs) have supported the object generation from neurological signals. However, the
Electroencephalograph (EEG)-based shape generation still suffer from the low realism problem. In partic-
ular, the generated geometrical shapes lack clear edges and fail to contain necessary details. In light of
this, we propose a novel multi-task generative adversarial network to convert the individual’s EEG signals
evoked by geometrical shapes to the original geometry. First, we adopt a Convolutional Neural Network
(CNN) to learn highly informative latent representation for the raw EEG signals, which is vital for the sub-
sequent shape reconstruction. Next, we build the discriminator based on multi-task learning to distinguish
and classify fake samples simultaneously, where the mutual promotion between different tasks improves
the quality of the recovered shapes. Then, we propose a semantic alignment constraint in order to force
the synthesized samples to approach the real ones in pixel-level, thus producing more compelling shapes.
The proposed approach is evaluated over a local dataset and the results show that our model outperforms
the competitive state-of-the-art baselines.

Keywords: EEG; geometrical shape reconstruction; generative adversarial networks

1 Introduction

Since the advent of neuroscience and brain-computer interface (BCI), numerous studies tried to recover the visual
stimuli based on the informative human brain activities [11,13]. The development of the decoding technologies
of chaotic brain signals is supposed to reveal the mechanism of brain neurons and may implement some fantastic
ambitions such as mind reading [12]. Most of the existing work focused on functional magnetic resonance imaging
(fMRI) monitoring brain activities by detecting changes associated with blood flow in brain areas. However,
fMRI-based image reconstruction faces several major challenges [7,11]. The temporal resolution of fMRI is low
constrained by the blood flow speed; the acquisition of fMRI requires a scanner which is expensive and hard to
afford; the scanner is heavy and has poor portability [13].

Thus, Electroencephalogram (EEG) recently has drawn much attention as its high temporal resolution, low
price, and high portability. EEG is a non-invasive signal measuring the voltage fluctuations generated by an
electrical current within human neurons. Researchers have tried to exploit EEG signals to reconstruct visual
stimuli [4, 9] through Generative Adversarial Networks (GANs). Nevertheless, the previous studies suffer from
the low realism problem of the generated samples, which means that the model can not generate images with
high realism based on the input brain signals. In other words, the current EEG-based synthesis methods can
roughly present the visual stimuli but fail to contain necessary details. For example, as shown in Figure 1, the
clear geometric shapes are present to the individual and reconstruct the shapes based on the collected EEG
data. It is demonstrated that the geometric shapes generated by traditional GAN and CGAN are blurry and
lack of realistic details.

Aiming at the aforementioned issues, in this paper, we conduct experiments to measure the individual’s
EEG oscillation evoked by various geometrical shapes and propose a novel framework in order to precisely
decode the EEG signals and synthesize the geometric shapes. Moreover, we employ a Convolutional Neural
Network (CNNs) to explore the latent representation form the raw EEG signals since CNN is much efficient
than the Recurrent Neural Networks (RNNs) with a similar EEG representation learning ability based on our
empirical experiments. In addition, we adopted a multi-task discriminator with a task-specific classifier which
assigns the geometric shape into the correct class for the aim of improving the quality of the recovered shapes.
Furthermore, we propose a semantic alignment method involving the semantic information of the real shape to
enhance the realism level of the reconstructed shape. The previous works are mainly paid attention to brain
signal based images (e.g., bird and plane) reconstruction which contain too many attributes (e.g., color, shape,
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Fig. 1: Generated samples based on EEG signals evoked by geometric shapes. It is observed that the samples
synthesized by traditional methods (e.g., GAN and CGAN) are blur and lack of realistic details.

size, background, and semantic information), as a result, it is difficult to figure out which attribute the human
brain is more sensitive to and which one contributes more to the object reconstruction. Thus, in this work, we
focus on the EEG-based geometric shape reconstruction and attempt to illustrate that EEG signals are sensitive
to geometries.

In detail, the contributions of this work are listed here:

– We present a novel deep generative model to recover the geometrical shape seen by human beings from the
EEG signals. To our best knowledge, we are the first work investigating the brain signal based geometric
shape reconstruction. The reproducible codes are publicly available here1.

– We propose an effective semantic alignment method to harness the semantic information of the original
geometric shape in order to force the approach to produce more realistic shapes.

– We conducted a local EEG dataset stimulated by various geometric shapes and evaluate the proposed
approach over the collected dataset. The experimental results demonstrated that our model outperforms all
the competitive state-of-the-art baselines.

2 Related Work

Recent years’ research in neuroscience and neuroimaging [3] indicated that human perception of visual stimuli
can be decoded through some techniques in neuroimaging. To be specific, a few works gave evidence about
decoding the brain signals to human activity by using the Functional Magnetic Resonance Imaging (fMRI) and
EEG. There are some works use the fMRI signals to reconstruct the image which is seen by the individual and
get an acceptable performance [6, 7]. The studies show the potential of fMRI-based image reconstruction in
the brain signals decoding area, however, fMRI faces a number of crucial issues such as expensive acquisition
equipment and low portability. Apart from the fMRI based method, there are a few EEG based methods in
image reconstruction as EEG signals are less expensive [4,9]. As a typical investigation, Brain2image [4] encoded
the raw EEG signals into a latent space which contains the distinctive information, and then sent them to a
Conditional Generative Adversarial Networks (CGAN) for image reconstruction. Palazzo et al. [9] applied a
very similar algorithm framework.

Most of the visual object reconstruction methods are based on Generative Adversarial Networks (GANs)
and the variations. GANs [2], as the typical deep learning frameworks, was used widely in image generation.
The standard GANs are composed of a generator network which generates images from the random sampled
noise and a discriminator network which tried to distinguish the generated image correctly. Normally, original
GANs had to suffer from the uncontrollable issue of the generation process. In order to retard it, the conditional
GAN (CGAN) was proposed [5] which involves the conditional information (e.g., labels) in order to control
the generating process. Auxiliary Classifier GAN (ACGAN) [8] improve the performance of GAN for image
synthesis. ACGAN demonstrated that adding more structure to the GAN latent space along with a specialized
cost function results in higher quality samples. A task-specific branch in the discriminator is empowered to
enhance the discriminability.
Summary. Most brain signal based image reconstruction work is based on fMRI. Due to the drawbacks of
fMRI (e.g., low time resolution, expensive, and low portability), we focus on EEG based geometric shape recon-
struction. Compare to the typical EEG-based work like brain2image [4], we have several technical advantages:

1 https://github.com/xiangzhang1015/EEG Shape Reconstruction
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Fig. 2: Demonstration of discriminative EEG representation learning. The last second layer Ē with discriminative
information is selected as learned representation. Each Conv stage contains a convolutional layer followed by a
pooling layer. The basic hyper-parameters are presented.

1) we concentrate on the influence to the EEG signals brought by geometric attribute while [4] focus on images
with a large number of attributes; 2) we adopt CNN instead of RNN to learn the latent EEG features which
cost less training time with a similar accuracy; 3) we add an auxiliary task-specific classifier to improve the
discriminability of the discriminator; 4) we propose a semantic alignment method to generate more realistic
images.

3 Method

In this study, we aim to propose a method to convert the individual’s mental geometry into physical shape. In
particular, we first decode the non-invasive EEG signals into an implicit representation (Section 3.1) and then
propose a modified GAN framework to generate the real shape which evoked the EEG signals (Section 3.2. In
this section, we will introduce the workflow of the whole system in detail.

3.1 EEG Feature Learning

In the EEG feature learning, we adopt a CNN structure to capture the latent distinguishable features from the
collected EEG signals. Some research had demonstrated that CNN is empowered to learn informative features
from noisy EEG data [1,14]. Suppose the EEG sample pairs can be denoted by E = {(Eh,yh), h = 0, 1, · · ·H}
where Eh ∈ RM×N and yh ∈ R5 represent the EEG observations and the corresponding one-hot label. In this
paper, we focused on the decoding of five different visual-stimuli evoked imagination, thus the number of labels
is five. The H denotes the number of EEG segments and M,N denotes the time- and spatial- resolution of each
segment.

Figure 2 shows the workflow of the learning procedure of the discriminative representation. The visual-
stimuli evoked EEG signals, reflecting the imagination in the user’s mind, are feed into a CNN model with
seven layers. The first convolutional layer contains 32 filters with the kernel size of [3, 3] and stride of [1, 1]. The
padding method is ‘SAME’ while the activation function is ReLU. The first pooling layer adopts max pooling
and both the pooling size and strides are [2, 2]. The second convolutional and pooling layers are identical to the
first layers, respectively, except the Conv 2 has 64 filters. The followed fully-connected layer has d nodes, which
is regarded as the learned representation, denoted by Ē, and contains enough information to reconstruct the
visual shape. The learning algorithm iterates for 1,000 epochs with Adam optimizer has a learning rate of 5e−4.

Compared to Brain2Image [4] which employed LSTM for feature learning, CNN is able to achieve a similar
performance but spend much less training time. In particular, LSTM obtained the classification accuracy of
74% with 5,935s while CNN achieved 72% but with only 1, 222s.

3.2 Multi-task Generation Model

Overview In this part, we will describe the framework which is used to reconstruct the shapes that human
seeing. As shown in Figure 3, the proposed geometrical shape generation framework contains two components:
a generator and a discriminator.
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Fig. 3: Workflow of the proposed visual stimuli reconstruction framework. We adopted a semantic classifier
apart from the real/fake classifier in order to exploit the semantic information of the EEG samples. Moreover,
a semantic regularization constraint is proposed to force the generated visual stimuli has similar semantic
information with the real visual stimuli.

The generator receives the learned discriminative EEG representation Ē ∈ Rd along with a random sampled
Gaussian noise z ∈ Rd′

and produces generated shape. The EEG representation is evolved to guarantee the
compelling of the generated shapes while the Gaussian noise is adopted to keep the diversity. On the other hand,
the discriminator receives the real shape which evoked the brain signals (the imagination which presented in
the human brain) and the generated fake shape. Inspired by ACGAN [8], we design a multi-task discriminator
containing two branches while the first branch, like the standard GAN, aims at the recognition of the fake shapes
and the second branch, an auxiliary task-specific classifier, attempts to classify what class the shape belongs to.
The first branch is called real/fake classifier whilst the second one is called task-specific classifier. By adding the
task-specific classifier, the designed discriminator not only is able to distinguish whether the shape is real or not
but also can recognize the category of the shape. As a consequence, the discriminator drives the distribution
of the synthesized shapes not only approximate to the general distribution of the overall real shapes but also
approximate to the distribution of a specific category. In addition, the learned EEG representation is also input
to the discriminator, as proposed in [5], in order to make the discriminator under the same conditional situation
with the generator.

Architecture Next we report the details of the architecture. The generator receives the input vector which
concatenates Ē and z, represented by h0 = {Ē : z} ∈ Rd+d′

, and attempts to map it to a meaningful shape.
The generator is composed of a fully-connected and two deconvolutional layers each followed by a unsampling
layer. The h0 is first fed into the fully-connected layer with 64(M +N) nodes:

h1 = σ(wh0 + b) (1)

where w, b and σ denote the weight, bias vector, and the sigmoid function, respectively. Then h1 is reshaped
into [M,N, 64] where 64 denotes the depth. To this end, h1 has a similar form, but deeper depth, with the
raw EEG segment Eh which is supposed to contain enough information to reconstruct the user’s imagination.
Afterward, h1 is sent to the the first deconvolutional layer with 32 filters, kernel size [5, 5], stride [2, 2], and
’SAME’ padding method. The upsampling operation is the invert operation of pooling and shares the same
parameters with pooling layer. The second deconvolutional with one filter and upsampling layers. We choose
the tanh as activation function since it transforms the signals into the range [−1, 1] which is the same range the
real shape falls into. The synthesized shape F has shape [4M, 4N ]. According to empirical experiments, we set
the shape size 4 times of the EEG raw segment in both width and height in order to have a better generation
quality. The real geometric shape R is in greyscale with format [4M, 4N ]. All the pixels are normalized into the
range [0, 1] by max-min normalization and then transformed to [−1, 1] by:

R̄ = 2R− 1 (2)

In the discriminator, as shown in Figure 3, both R̄ and F are fed into the discriminator which has almost
the same structure and hyper-parameters with the discriminative representation learning model (Section 3.1).
The input shape is flattened to a vector and then concatenates with the learned representation Ē. The fully-
connected layer has 100 nodes. This designed discriminator has two branches corresponding two output layers.
The output layer of the real/fake classifier only has one node which represents the fake probability. As for
the task-specific classifier, the output layer has five nodes corresponding to five different geometrical shape
categories.
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Loss Function We present the loss functions in the proposed framework. For the generator, since we add a
task-specific classifier, the loss function contains two components where one component forces the discriminator
cannot recognize the shape is generated while another component forces the discriminator to recognize which
shape category the shape belongs to. Thus, the log-likelihood loss function for the generator can be defined
as [8]:

Lg = E[logP (C = y|X = F )] + E[log(1−D(G(y, Ē, z)))] (3)

in which,

F = G(y, Ē, z) (4)

describes the generator G, and

P (S|X), P (C|X) = D(X) (5)

describes the real/fake classifier and task-specific classifier of the discriminator D, respectively. As for the
discriminator, the loss function also contains two components separately coming from the two classifiers. The
discriminator is supposed to filter out which shape is generated, meanwhile, to assign the shape into the correct
class. The log-likelihood loss function Ld for the discriminator is:

Ld = E[logP (S = R̄|X = R̄)] + E[logP (S = F |X = F )] + E[logP (C = y|X = R̄)] (6)

In the above formula, the y represents the class label. The C, S denote the predicted class and and source,
which are the classification results of the multi-task generator. X denotes the shape fed into the discriminator.
The P (S|X) denotes the probability distribution over the source S while the P (C|X) denotes the probability
distribution over the class label y.

3.3 Semantic Alignment

To this end, the geometrical shape reconstruction model is able to generate a batch of samples which have
enough diversity but still less discriminability. Furthermore, in order to increase the discriminability of the
generated samples and make the samples more realistic, we propose a semantic alignment method to adopt
the semantic information to make the synthesized shape more realistic and sharper. In particular, we add an
additional constraint on the generator loss function aiming at reducing the distance between the real and the
generated geometric shapes.

The semantic distance can be measured by Sr:

Sr =
1√
N̄

√√√√ N̄∑
i=0

N̄∑
j=0

(R̄i,j − Fi,j)2 (7)

where N̄ denotes the number of pixels in the geometric sample and N̄ = 4M × 4N . The R̄i,j and Fi,j denote
the pixels in the real and generated samples. In order to improve the performance of the generator, the Sr is
considered as a regularization of the generator loss. Thus, we update the Equation 3 as:

Lg = E[logP (C = y|X = F )] + E[log(1−D(G(y, Ē, z)))] + λSr (8)

where λ is a constant coefficient to adjust the weight of semantic regularization. If the alignment constraint too
strong, the generated shapes may have less diversity. In this work, we set λ = 0.01 to make a trade-off between
the diversity and discriminability of the generated samples.

During the training, both Lg and Ld are optimized by the Adam optimizer. The learning rate is set as
0.0002 with the exponential decay rate of 0.5. In each epoch, the Lg and Ld are separately trained in turn. The
proposed framework converges after 120 epochs and trend to overfitting after 160 epochs, thus, we adopt the
early stopping strategy by breaking the iteration at the 150-th epoch.

4 Experiments

In this section, we will describe the experiments and the performance analysis containing qualitative and quan-
titative aspects in detail. The qualitative comparison will conduct the analysis in the quality of the generated
shapes, and the quantitative comparison will be based on the inception score [10] and inception accuracy.
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Fig. 4: Demonstration of the qualitative comparison. Our model can reconstruct all the shapes correctly which
have the highest similarity with the ground truth.

4.1 EEG Signal Acquisition

We conducted a local experiment with 8 healthy participants (6 males and 2 females) aged 25 ± 3, which is
approved by UNSW ethic abroad (HC190315). During the experiments, the participant is required to sit in an
armed comfortable chair in front of a computer monitor. We select five representative and widely-seen geomet-
rical shapes (circle, star, triangle, rhombus, and rectangle) to present to the subject. The whole experiments
contain two sessions and each session has five trials. In each trial, the five geometrical shapes are presented in
random order and each shape lasts for five seconds. There are five seconds relax period among two adjacent
shapes. The relaxing time among trials and sessions are 10s and 30s, respectively. The EEG signals are collected
through a portable Emotiv EPOC+ headset with 14 electrodes and the sampling frequency is set as 128 Hz.
Each EEG segment contains ten continuous instances with 50% overlapping. The dataset is randomly divided
into a training set (80% proportion) and testing set (20% proportion).

Based on the collected EEG data, we report the hyper-parameters settings. The single EEG segment E (
M = 10 and N = 14) is compressed into a latent discriminative representation Ē with dimension d = 40. In the
generator, the stochastically sampled noise z has dimension d′ = 20. The coefficient of semantic regularization
λ is set as 0.001.

4.2 Qualitative Comparison

In this section, we compare the quality of the generated shapes among the proposed method and the state-
of-the-art models. As shown in Figure 4, we choose the most widely used generative models including GAN,
CGAN and ACGAN as the baseline.

GAN achieve a promising result in many areas, especially in shape field [2]. On the top of basic GAN,
CGAN [5] is proposed to add the conditional information as a constraint, which is adopted in [4]. Furthermore,
ACGAN attempt to deeply exploit the informative sample labels to enhance the discriminability of D [8].
Our work, compared to ACGAN, proposed a semantic alignment method to constrain the distance among the
synthesized shapes and the visual geometrical shapes in order to further emphasize the reality.

It’s easy to find that, from Figure 4, our approach have the best shape quality. To be specific, the samples
which generated by GAN are lack of clear edge, which is a typical mode collapse problem, meanwhile, it’s not
hard to figure out that most of the synthesized shapes have miscellaneous features. The CGAN has a better
performance than normal GAN as the shapes have a higher integrity. However, we still can find that some
shapes generated by CGAN have combined features such as a star have the feature from rhombus. The ACGAN
have the best result among the baseline models, which it can learn most of the shapes’ feature and correctly
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Table 1: The quantitative comparison of inception score and inception accuracy

Models GAN C-GAN [4] ACGAN Ours

Inception Score 1.931 1.986 2.061 2.178
Inception Accuracy 0.43 0.67 0.79 0.83

reconstruct the shapes with a trivial acceptable flaw. Our model can reconstruct all the shapes correctly which
have the highest similarity with the ground truth.

4.3 Quantitative Comparison

The qualitative comparison is relatively easy as the shape quality is the assessment criteria. The quantitative
analyses are hard to conduct as the comparison between reconstructed and real shape is not obvious and clearly
defined. The common way we used to do that is using the inception score and the inception accuracy [4]. We
build an inception network used the generated shapes as input in order to calculate the inception score which
measures how realistic the generated shapes are. In detail, we generate 1,000 images for each geometric shape
and calculate the overall inception score. Moreover, our work is supposed to convert the specific EEG signals
into the corresponding geometrical shape belonging to the specific label. Thus, we adopt the performance of the
task-specific classifier when the input data is F as inception accuracy in order to measure how precise can our
model generates shapes.

We conduct the quantitative analyses for the baselines and our proposed model. The results are presented
in Table 1, in which, it is easy to observe that our model achieves the highest inception score and inception
accuracy of 2.178 and 0.83, respectively. The inception score is not good as the public datasets like CIFAR-10
and the most possible reason is that our generated shapes are conditioned by EEG signals which is chaotic and
has a low signal-to-noise ratio. Even though, the proposed approach outperforms all the competitive baselines.

5 Discussion and Future Work

In this section, we discuss the opening challenges and potential future work of our research.
First of all, one major issue faced by brain signal based reconstruction is the recovery of unseen geometrical

shapes. For instance, one future scope is to decode the EEG signals evoked by star while the star never is trained
in the reconstruction model. One possible solution is train a common generative model by a large classes of
basic geometrical shapes (e.g., circle, ellipse, straight line, triangle, rectangle, and rhombus) in order to learn
the latent features of each different shape and then approximate the unseen shape (e.g., star) based on the
learned features.

Second, we only focused on the simple geometrical shapes in this work, as a preliminary study, however, the
real world application demands more complex shapes like a bow. One of our future works is to consider more
complicated geometric shapes in the experiments. In addition, another potential research direction is to increase
the number of geometrical categories since this work only evaluated five basic classes.

Last but not least, more participants should be involved in the experiments in order to provide a general
generative model which is robust for different individuals. The influence of inter-subject divergence should be
taken into account in future research.

6 Conclusion

In this paper, we propose a novel approach to reconstruct the geometrical shape based on the brain signals.
We first develop a framework learning the latent discriminative representation of the raw EEG signals, and
then, based on the learned representation, we propose an adversarial reconstruction framework to recover the
geometric shapes which are visualizing by the human. In particular, we propose a semantic alignment method
to improve the realism of the generated samples and force the framework to generate more realistic geometric
shapes. The proposed approach is evaluated over a local dataset and the experiments show that our model
outperforms the competitive state-of-the-art methods both quantitatively and qualitatively.
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Abstract. Word Spotting of Historical Arabic Documents is a challenging task due to the complexity of
document layouts. This paper proposes a novel word spotting approach that consists of learning feature
representation to describe word images. The objective is to investigate optimal embedding spaces to extract
a discriminative word image representation. The proposed approach consists of two steps: i) construct a
CNN-based embedding space with triplet-loss and then ii) match embedding representations using the
Euclidean distance. For training, the CNN takes as input a set of triplet samples (anchor, positive sample
and negative sample). Then, the triplet loss serves to create a novel space by minimizing intra-classes
distances and maximizing inter-classes distances. The proposed approach is evaluated on the VML-HD
dataset and the experiments show its effectiveness compared to the state of the art.

Keywords: Historical Arabic Documents, Word spotting, Triplet-loss, Feature embedding.

1 Introduction

Historical Arabic Documents (HAD) constitute a treasure of inestimable value and a valuable resource to rep-
resent countries culture and civilization. Hence, it is very important to save them from repeated handling to
prevent further degradation. However, storage conditions are not always adapted to this type of documents. Con-
sequently, by digitizing historical documents, their content can be well-preserved and usable to a wide internet
community. Fast and efficient techniques should be provided to exploit and index their content. Nowadays, the
amount of digital document datasets has dramatically expanded. This calls for automatic documents processing
to understand their content and meet the users various queries such as: i) automatic transcription, ii) documents
segmentation [1], iii) layout analysis, iv) data indexation and retrieval [2, 3] and v) writer identification [4]. The
automatic processing of HAD faces many difficulties related to the poor conservation conditions and complexity
contents. These difficulties include various distortion types such as: i) the transparency effect, ii) the presence
of moisture stains absorbed by the paper, iii) the variations in paper colour, iv) the multi-directional writing,
v) the presence of folds and tears and vi) the noise based deformation due to the natural pages curvature. Fig.1
shows some examples of historical Arabic documents. Word spotting is an important task to understand and
exploit document contents by creating indexes. It is an information retrieval technique that aims to identify all
occurrences of a query word in a set of documents (for example, a book). In fact, the input is a set of unindexed
documents and the output is a ranked list of words according to their similarity to the query word. Given the
complexity of documents (layout, texture, etc.), and the fact that the segmentation of the text into words is
prone to errors, the quality of the segmented words is usually degraded. Consequently, extracting discriminant
hand-crafted features becomes a difficult task. Nowadays, researchers are interested in learning feature repre-
sentations, that facilitate the extraction of useful information and improves images description/classification.
This problem was addressed by [5] to construct an embedding space based on a Siamese network [6]. The latter
consists of two neural networks with identical architectures and sharing the same parameters. Pairs of exam-
ples are presented to the Siamese network during the training to obtain feature representation pairs that are
then compared using Euclidean distance with an empirically threshold. One of the main issue with the Siamese
network is to find a suitable threshold for each pair.

In this paper, we investigate the role of learning feature representation in improving the performance of
word spotting of historical documents. More specifically, we design a word spotting method based on triplet-
loss for representation learning that overcomes the threshold tuning issue in the Siamese network. Triplet-loss
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Fig. 1: Examples of historical Arabic documents.

[7] is a learning algorithm used for learning similarity or embedding. This technique has been successfully
applied to extract the discriminative information from the data in different domains [8, 9]. To the best of our
knowledge, this is the first research paper examining the role of representation learning based on triplet-loss in
HAD applications.

Our paper is different from [5] from the way to construct the embedding space. First, in our work we use the
triplet loss based CNN to learn a novel feature space. The CNN takes as inputs three word images: an anchor, a
positive sample and a negative sample, where anchor is the reference input. Then, it learns an embedding space
by minimizing the distance between the anchor and the positive sample, and maximizing the distance between
the anchor and the negative sample. In [5], the authors used the contrastive loss to learn the embedding space.
Their neural network takes as input a set of pairs of images (positive and negative). Then it learns a novel space
where similar examples are embedded in a representation space where they are close to each other.

In the rest of the paper, a state of the art is presented in section 2. Our approach is described in section
3. Sections 3.1 and 3.2 detail respectively the main steps of our approach: embedding space construction and
word spotting process. The experimental results are shown in section 4. Finally, section 5 provides conclusions
and perspectives.

2 State of the art

Several word spotting approaches are proposed in the literature and they can be roughly classified into two
categories: i) Segmentation-free approaches and ii) Segmentation-based approaches.

2.1 Segmentation-free approaches

The main idea of segmentation-free approaches consists of selecting patches in the input document. This can be
done using: i) a sliding window technique or ii) template matching. Regarding sliding window-based approaches,
in [10], authors formulate the keyword spotting as a search of the parameters of a Generalized Hough Transform
(GHT). It consists of two steps: a) Hash table construction and b) spotting. First, GHT parameters of the
reference dataset words are generated and saved in a Hash table to build a dictionary. Then, in the spotting step,
the GHT parameters of the query and reference images are compared using usual distances. In [11], the authors
proposed the use of Histograms of Oriented Gradients (HOG) to describe a word image. Then, query word
and reference words are compared using a pre-trained SVM (Support Vector Machines) [12] model. Regarding
template matching-based approaches, authors of [13] proposed to use the Normalized Cross Correlation (NCC)
[14] to locate a query image in the input document. The approach consists of two steps: i) image pre-processing
and ii) word images matching. The similarity between query word and reference word image templates is
computed using the NCC algorithm. The proposed method in [15] consists of three steps: i) detection of salient
regions based on Run Length Smoothing Algorithm (RLSA) [16], ii) feature extraction based on pixel density
and iii) block-based template matching is used only on regions of interest for locating words in documents
without segmenting them.

2.2 Segmentation-Based approaches

This category of approaches consists in segmenting the input document into word parts. The latter are com-
pared to the query word image. In [17], the input document is segmented into "sub-words" using the connected
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component algorithm [18]. Then, word images are described by angular lines, concentric circles, and geometric
features. Finally, the query and references images are compared using the Euclidean distance. In [19], the authors
proposed an approach with three major steps: i) first, the input document is segmented using the Run Length
Smoothing Algorithm (RLSA) [16], ii) second, word images are described by their vertical/horizontal histogram
and upper/lower profile and iii) finally, the Levenshtein Edit distance is used in the matching step. Moreover,
the authors of [20] proposed an unsupervised segmentation-based approach founded on line segmenting and
component extraction. From an image word, they extracted the contour of connected component as features.
Then, Dynamic Time Warping (DTW) is used to match features. Kassis et al. [21], [22] proposed an approach
composed of two steps: i) word-parts feature extraction using the radial descriptor and ii) word-parts matching
where the distance between their occurrence probability histograms is computed. In [5], the word spotting task is
formulated as a classification problem. The authors proposed the use of a convolutional Siamese neural network
to learn a novel features representation (embedding). First, the two images (the query and one of the reference
words) are taken as inputs and then projects them onto the pre-learned embedding space. Second, their novel
feature representations are extracted using the Siamese CNN. Finally, the Euclidean distance is computed to
check if the two images are associated with the same word or not.

Our approach is supervised and lies in the segmentation-based category. It is important to mention that
a word spotting algorithm depends on i) the segmentation algorithm performance and ii) the word search
algorithm performance. We recall that the objective of this paper is to assess only the word search algorithm.
This explain our choice of a pre-segmented dataset.

3 Proposed approach

Fig.2 shows the flowchart of our approach. It consists of two steps: i) Embedding space construction based on
triplet-loss and ii) Word spotting based on embedding features. The first step aims to construct an embedding
space for features representation. From a pre-segmented training dataset, a set of triplets is generated. Each
triplet consists of three word images: an anchor, a positive sample and a negative sample. Then, a CNN, taking
as input the generated triplets, is trained using a triplet-loss function. The training phase aims to minimize the
triplet-loss by creating an embedding space that maximizes the distance between word images associated with
different classes and minimizing the distance between word images associated with the same class. In the word
spotting step, inputs (query and reference words) are projected on the previously learned embedding space.
Then, the novel embedding features are matched using the Euclidean distance. Finally, the output is a list of a
retrieved words sorted by their distance to the query word.

Fig. 2: Principal steps the proposed approach.

3.1 Embedding space construction

The embedding space consists of creating a new feature space representation. Two major steps are needed: i)
Triplets generation and ii) Embedding space construction using CNN.
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Triplet CNN architecture A Convolutional Neural Network (CNN) is a particular deep neural network
proposed in [23] to recognize objects. Afterwards, it was applied in several computer vision tasks such as
pedestrian detection and face recognition. CNN is generally composed of several layers of different types such
as convolutional layer, non-linear processing units and sub-sampling layers. In our approach, the architecture
network is comprised of three CNN instances with shared parameters. The input of the network is three images
(an anchor, a positive sample and a negative sample) with size of 60×110 pixels. Each instance takes as input
one sample from the triplet. Our CNN architecture is comprised of five convolutional layers, each of them is
followed by a ReLU activation layer (ReLU for "Rectified Linear Units"), and a pooling layer except the fourth
layer. In addition, the CNN contains a fully-connected (FC) layer with 1024 neurons, followed by a dropout
layer. The output of the fully-connected layer represents the inputs embedding. Fig.3 shows the detailed CNN
architecture.

Fig. 3: CNN architecture.

Triplet CNN Learning To train the CNN, we need to generate a triplet dataset. Each triplet consists of an
anchor, a positive sample and a negative sample, where (anchor, positive) are associated with the same class
and (anchor, negative) are associated with different classes. Regarding triplets generation, given the training
dataset, a set of image triplets (a, p, n) is generated: a is an anchor, p is a positive sample and n is a negative
sample. We define T = (a(i), p(i), n(i)) as the set of all possible combinations of generated triplets (a, p, n). To
train the CNN over the generated triplets, a triplet-loss function is used. The latter was initially proposed in
[24]. During the training stage, the distance between the anchor and a positive sample input is minimized, while
the distance between the anchor and a negative sample is maximized. To do this, a global triplet-loss function
L(T ) should be minimized over all the dataset (Eq.1):

L(T ) =
∑

(a,p,n)∈T

max(0, loss+ α) (1)

where: loss is a triplet-loss calculated on one triplet as following (Eq.2):

loss = ‖Net(a)−Net(n)‖2
2 − ‖Net(a)−Net(p)‖2

2 (2)

where: Net(.) is the neural network function converting an image into its embedding representation and α is a
empirically values, represents the margin enforced between positive and negative pairs.

3.2 Word spotting method

Fig.4 presents our word spotting process. The pre-segmented dataset is presented as a set of reference words.
First, the proposed thechnique takes as input a query word and a set of reference words. Then, it projects them
on the embedding space. Finally, it outputs all reference words that are similar to the query one.
After embedding space construction, a word image is represented by a dense vector corresponding to its pro-
jection on the embedding space. To match two word images, the Euclidean distance is calculated between their
embedding representations (Eq.3):

d = Euclidean(Net(q), Net(r)) (3)

where: q is the query word, r is a reference word. The process outputs a ranked list of reference words according
to their similarity to the query one.
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Fig. 4: Word spotting flowchart.

4 Experimental Results

4.1 Dataset

The Visual Media Lab Historical Documents dataset (VML-HD) is a recent dataset proposed in [25]. It consists
of five books with handwritten Arabic scripts from the years 1088-1451. The total pages number is 680 pages,
consisting of 121,636 sub-words. For each page, the bounding boxes are associated with the different sub-words.
Fig.5 shows examples from the used dataset. A word is identified as an entity having a meaning in a sentence.
It can be composed of one or more sub-words (Fig.5). Each bounding box is annotated with its corresponding
sequence of characters. In this paper, the difference between word and sub-word is not considered, and are
simply called "words".

(a) Example of pages from each book. (b) Example of segmented data.

Fig. 5: Examples of images extracted from the VML-HD database.

4.2 Evaluation Protocol

To have a sound comparison with [5], the same evaluation protocol has been used. Only the first book is used
for training, and all the five books are used for testing. The first book is split into three sets: training, validation
and test where the test set consists of words completely different from words used in training. Table 1 describes
the first book dataset partition. For all stages, words and samples are randomly selected.

Table 1: First book dataset partition.

Dataset #Words #Samples/word
Training 144 10
Validation 80 10

Test 21 100

Triplets are generated from the training dataset that consists of 144 word classes. From each class, 10 samples
are randomly selected. There are C2

10 combinations of possible positive pairs, which only 42 are selected. For
each positive pair, we form 42 triplets by adding to this pairs randomly a negative sample from the other
word class samples and repeating the random addition 42 times. Finally, our training dataset is composed of
(144×42×42) triplets.
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In the training stage, Adam algorithm is used for optimization with learning rate 10−3, a batch size of
dimension 512 and 100 epochs. All parameter values are empirically selected on the training dataset.

Our approach is evaluated according to two performance metrics: Precision at the top-K-retrievals P@K
[26] and the mean Average Precision mAP [27]. (P@K) is defined as the proportion of relevant items in the
top-K. An item is relevant if it is associated with the same word class as the query word (Eq.4).

P@K = |Res[1..K] ∩Rel|
K

(4)

where: Res[1..K] is the top K words returned by the process and Rel is the set of relevant words. The mAP
metric is defined as the mean Average Precision over all queries and all ranks K.

4.3 Results

Table 2 and Fig.6 present our results in terms of P@K and mAP compared to the Siamese based embedding
space [5]. In our knowledge, [5] is the only work evaluated on the VML-HD dataset.

(a) (b)

Fig. 6: Comparison of the performances of the Siamese and Triplet networks based on two metrics (a) mAP and
(b) P@K.

Table 2 and Fig.6 consist each of two sides. The left side reports the results according to the mAP metric,
while the right side reports the results according to the P@K metric. According to the P@K metric, only the
results related to the first five ranks are shown (from P@1 to P@5). Moreover, we reported the mean of P@K
for all the five books.

Table 2: Results according to mAP and P@K.

mAP P @K

Book Siamese[5] Our approach Siamese[5] Our approach
Book1 0.65 0.77 P@1 0.89 0.90
Book2 0.68 0.72 P@2 0.85 0.89
Book3 0.66 0.69 P@3 0.86 0.89
Book4 0.69 0.69 P@4 0.89 0.88
Book5 0.62 0.79 P@5 0.89 0.89

All 0.66 0.73 mP @K 0.87 0.89

Several observations could be drawn from the obtained results. The first observation concerns the results
according to the mAP metric. Our approach achieves an average improvement of 7% over all the 5 books
compared to [5]. This improvement varies from 0% to 17%. It is significant given the large size of the test
dataset.

The second observation concerns our obtained mAP that varies from one book to another. For example,
mAP for Book1 reaches a rate of 77% that is close to the best obtained mAP (79%). This is explained by the
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fact that our triplet-CNN model is learned only using document images from Book1. Similarly, at Book5, a
mAP of 79% is achieved. This result is explained by the type of book words. They are simple and composed
mostly of only two letters with a clear background. These characteristics can help the triplet-CNN to better
separate the words of this book than the other books.

The third observation is related to the obtained results according to P@K metric (right side of Fig.6). At
rank 1, our approach outperforms that based on the Siamese CNN by 1% over all the test dataset. Moreover,
at ranks 2 and 3, an improvement of 4% and 3% is respectively obtained. However, there is no improvement
at rank 4 and at rank 5. This may be explained by the small number of words used in the training phase. As
mentioned in [28], the triplet architecture performs much better with a large number of words in training, with
a small number of samples per word.

Even though a large number of words is used in our work (144 word classes with 10 samples for each word
class), corresponding to 254016 training triplets, such a number remains insufficient and it cannot be increased
any further since it has been limited by our GPU performance.

5 Conclusions

This paper studied the efficiency of learning feature representations to improve word spotting performance in the
context of Historical Arabic Documents. Building an embedding space has ensured the ability of a more effective
features extraction to describe word images. The proposed approach consists of two major steps. First, based
on a pre-segmented training dataset, we construct an embedding space using the triplet-loss in the context of a
convolutional neural network. Its construction aims to maximize the distance between word images associated
with different classes and minimize the distance between word images associated with the same class. Second,
to spot a query word, images are projected on the previously learned embedding space, and then matched via
the Euclidean distance. Despite the complexity of HAD in terms of backgrounds, writing styles variation, etc,
the experiments, performed on the VML-HD dataset, show that the Triplet CNN provides better results than
its immediate competitor, the Siamese CNN. Our future work includes the optimization of the Triplet CNN
performance by investigating the way to generate triplets. Moreover, we propose to investigate other similarity
functions to match the embedded feature representations. In addition, we will investigate other embedding
spaces like those produced by auto-encoders and we will perform experiments on different HAD datasets.
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Abstract. An intrusion detection system (IDS) plays an important role in information security. However,
large amounts of high-dimensional data and unknown attacks pose severe challenges to traditional IDSs.
Applying commonly used techniques such as traditional machine learning applied to an IDS relies on
complex feature extraction engineering and specific classification algorithms. In this paper, we propose a
novel intrusion detection method based on a temporal convolutional network (TCN-IDS) combined with
character-level data processing. This method can be applied to both a network intrusion detection system
(NIDS) and a host-based intrusion detection system (HIDS), and it achieves a high detection rate without
complicated feature engineering. The model we propose has a small number of parameters and consumes
little storage (as little as 543 KB depending on the model size) and few resources. Our experimental
results on the benchmark dataset NSL-KDD show that the proposed model outperforms previous methods
regarding accuracy. TCN-IDS improves the accuracy of intrusion detection and provides a new and efficient
deep learning method for intrusion detection.

Keywords: Intrusion detection system, Host-based intrusion detection system, Network intrusion detec-
tion system, Convolutional Neural Networks

1 Introduction

The rapid development of the Internet has sparked massive growth in public and private services such as online
shopping, bank transfer, industrial manufacturing, and so on [18]. However, a variety of cyberattacks and threats
pose serious challenges to network security. Although current protective measures such as user authentication,
firewalls, and data encryption evolve constantly, these first-line system defenses still have limited abilities to
detect new attacks. As a second-line system defense, IDSs provide a better solution for network security than
do other traditional defense methods.

IDSs can be divided into two categories based on the detection method: signature-based detection and
anomaly detection. A signature-based detection system detects anomalies primarily by searching for specific
patterns or malicious instruction sequences; its shortcomings are the need for frequent signature updates and
an inability to detect unforeseen attacks. In contrast, anomaly detection systems compares new behaviors with
a model of trustworthy activity, allowing them to distinguish anomalies from normal patterns [1]. Anomaly
detection systems have received much attention due to their ability to detect unknown attacks, which has also
made them popular in applications such as artificial detection, pattern recognition, and machine learning.

However, the current IDSs also faces several problems: first, the traditional machine learning algorithms,
which are widely used in IDSs, are based on feature extraction and feature selection, which requires considerable
time and effort; second, the classification algorithm used involve shallow machine learning. When faced with
massive data detection problems in a real network application environment, shallow machine learning approaches
have difficulty processing and analyzing the high-dimensional data, which reduces the detection rate. Finally,
the data IDS systems face mainly involve network traffic or host call sequences, and these two types of data have
substantial differences [13]. Network traffic data are more discrete, while host call sequences are more similar to
sequencing problems. However, the previous methods are often targeted toward only one type of situation; thus,
the detection algorithms are not adaptable, especially to hybrid data source detection systems or sophisticated
detection systems.

In this paper, we propose TCN-IDS, an end-to-end intrusion detection system that combines a temporal
convolutional neural network with character-level data processing. Character-level data preprocessing does not
require specific prior knowledge and complex feature selection. Additionally, it preserves the original information
of the data intact. The superior feature extraction capabilities of a convolutional neural network (CNN) and its
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ability to handle sequence problems in the form of a temporal convolution neural networks (TCNN) enhance
our model, enabling it to achieve high performance when addressing both network data and host call sequences.
The contributions of our work are summarized as follows:

1) We present the design and implementation of the detection system based on a temporal convolutional neural
network, which achieves an improved detection rate when applied to both HIDS and NIDS.

2) Aiming at the detection system with a mixed data source (network and system calls), we propose some
modifications for processes ranging from data preprocessing to model design that contribute to equipping
hybrid protection systems with efficient collaborative operations. Our proposed model requires less storage
capacity and consumes fewer resources than prior systems, making it suitable for adoption in embedded
systems.

3) We compare the performance of TCN-IDS with other existing detection methods on two widely used bench-
mark datasets, NSL-KDD(NIDS) and ADFA-LD(HIDS). On the two test sets in NSL-KDD, our model
achieves accuracy improvements of 5.4% and 11.5%, respectively compared with the results of the previous
method, and it achieves competitive detection performances on the ADFA-LD dataset.

The remainder of this paper is organized as follows. In Section 2, we review related works concerning intrusion
detection systems. In Section 3, we elaborate on the dataset preprocessing and the model structure. Section 4
reports the performance of our model in NIDS and HIDS detection experiments and discusses the results of
performance comparisons between our model and existing machine learning algorithms. Finally, we provide
conclusions and the future research direction in Section 5.

2 Related Work

In previous studies, a number of supervised and unsupervised learning techniques have been applied to IDS. Most
of these studies adopt shallow machine learning techniques such as SVM, Random Forest, Naive Bayes [5, 10]
to detect intrusions after manual feature selection or data dimension reduction have been conducted. Kuang
et al. [10] proposed a novel support vector machine model combined with kernel principal component analysis,
which achieved high accuracy by reducing the feature dimensions. Eesa et al. [5] proposed a new feature-selection
approach to determine the best feature subsets. They used a decision tree as the classifier and obtained a high
detection rate and a low false alarm rate. Creech et al. [4] proposed an extreme learning machine method
combined with ”semantics” that requires enumerating all phrases consisting of 5 words with gaps: each word
consisted of a subsequence (of any length) extracted from the training data. Although the final experimental
results after such feature extraction demonstrated that the method could be applied to HIDS well, it was
computationally intensive and time-consuming. In other words, the detection results of these prior methods
were mainly based on critical but difficult manual feature selection, which is not conducive to developing a
generalizable detection model.

In recent years, deep learning has achieved substantial successes in many scenarios, and it has the potential
to extract better representations from the data and create better models. Accordingly, the prospects for applying
deep learning to anomaly detection are promising. Al-Qatf et al. [1] proposed a deep learning approach using
self-taught learning in a network intrusion detection system and showed it to be more effective than the methods
proposed in previous studies. However, this approach mainly used deep learning methods for pre-training; it
performed classification using a traditional supervision model, which does not apply the capability of deep
learning to model the data directly and increases system complexity. Yin et al. [18] proposed an approach for
intrusion detection using a recurrent neural network (RNN) model that fully utilized the ability of RNNs to deal
with sequential information. However, RNNs still suffer from some limitations, such as the gradient vanishing
problem. In addition, they are difficult to train and parallelize. These limitations inhibit the practical application
of RNNs in intrusion detection.

CNNs are well-known deep learning models that have achieved great success in computer vision and speech
recognition [9]. In addition, a CNN has advantages such as parameter sharing, efficient distributed training,
and easy embedded deployment [7]. CNNs have been widely used in face recognition and target detection
and have mature industrial application scenarios. Therefore, it is practical to use a CNN for IDS. However,
CNNs have some problems in intrusion detection scenarios. CNNs are primarily used for image processing;
modifying them to process intrusion detection data types directly is difficult. Although a recent work proposed
a method for converting network data into an image [11], this approach loses some of the original information;
consequently, the model detection effect is still worth improving. To enable a CNN to be applied to intrusion
detection and achieve better performance, we perform character-level processing on network traffic and call
sequence data, combine NLP processing technology, and use a temporal convolutional network to improve the
CNN’s performance in anomaly detection. Our experimental results show that the proposed method achieves
state-of-the-art detection results, and the entire system has end-to-end operational simplicity.
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3 Proposed Method

3.1 Data Preprocessing

Character-level processing does not require specific prior knowledge and simplifies data preprocessing. The
overall processing is briefly described as follows: we first generate the corresponding alphabet (including the
necessary n characters) based on the data source of the detection system and define the maximum data length
l. Then, we vectorize the data according to the alphabet to form a matrix x ∈ Rl×n which functions as the
model input. In the following section, we describe this process in detail.

NSL-KDD The NSL-KDD dataset was generated by Tavallaee et al. [16] from the KDD’99 dataset. NSL-KDD
overcomes some of the widely criticized problem [14] of the KDD’99 dataset; therefore, it has been widely used as
a benchmark dataset in NIDS. Each record in the NSL-KDD dataset maintains the same abstract network traffic
data format used in KDD’99. There are 38 numeric features and 3 symbol features for each record, totalling 41
features and 1 tag. These features also represent the data composition in general NIDS problems—a mixture
of numeric and non-numeric features. The abnormal attack classes of NSL-KDD are subdivided into numerous
subcategories. To force the data distribution to be more similar to a real environment, some subcategories of
anomaly attacks in the test set are not included in the training set: we show these in bold text in Table 1. The
NSL-KDD dataset consists of a training set KDDTrain+ and two testing sets, KDDTest+ and KDDTest-21.
KDDTest-21 is a subset of KDDTest+ that is more difficult to classify. The specific data are described in Table
2.

Table 1: Types and categories in NSL-KDD

Category Subcategory

Normal normal

DoS
back, land, Neptune, pod, smurf, teardrop (6)

apache2, mailbomb, processtable, udpstorm (4)

U2R
buffer overflow, loadmodule, perl, rootkit (5)

httptunnel, ps, sqlattack, xterm (4)

R2L
fip write, guess passwd, imap, multihop, phf, spy,
warezclient,warezmaster (8) named, sendmail,

snmpgetattack, snmpguess, worm, xlock, xsnoop (7)

Probe ipsweep, nmap, portsweep, satan (4) mscan, saint (2)

Table 2: Distribution of data in the NSL-KDD

Total Normal Dos Probe R2L U2R

KDDTrain+ 125973 67343 45927 11656 995 52

KDDTest+ 22544 9711 7458 2421 2754 200

KDDTest−21 11850 2152 4342 2402 2754 200

The specific character-level processing performed on the NSL-KDD dataset is as follows: First, we convert
all the uppercase letters in a data sequence into lowercase letters and then vectorize sequences of length l0
according to the alphabet, which consists of n characters. Specifically, the alphabet is composed of all the types
of characters that appear in the raw data. If the sequence length is less than l0, we add zero padding to maintain
a consistent length. According to the alphabet, each character will be encoded into a one-hot vector of the n
with a dimension of x ∈ R1×n. In this vector, the position of the character in the alphabet is denoted as a 1,

and the remainder are 0s. Therefore, the data sequence of length l0 are converted into a matrix x ∈ Rl0×n,
forming the data input. In this experiment, the alphabet consists of the 26 English letters, 10 digit characters
and 3 punctuation characters, and the maximum length of a data sequence is set to 200(l0 = 200). Thus, the
data input to the model is a matrix x ∈ R200×39. Fig. 1 shows an example of the data processing on NSL-KDD.
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Fig. 1: Sample of NSL-KDD process Fig. 2: Sample of ADFA-LD process

ADFA-LD ADFA-LD is a benchmark data set designed by the Australian Centre Of Cyber-Security for HIDS
assessment on Linux operating systems. Each trace is collected during normal host operation, and the included
activities range from web browsing to LATEX document preparation. The system is attacked by a certified
penetration tester using current best-practice methodology [3]. The training set for ADFA-LD consists of 833
normal sequences, while the test set includes 4373 normal sequences and 746 attack sequences. Each sequence
in the ADFA-LD dataset contains only system call numbers, and each number represents a system call function.

To preprocess the data of the ADFA-LD dataset, we take an approach similar to the method adopted for
the NSL-LD dataset except that the character alphabet is replaced by the system call alphabet, in which each
character represents a unique system call. In addition, the data sequence length is significantly different. When a
large amount of data exists and the variance in data length is large, we recommend that the data be grouped into
similar lengths, using zero padding to achieve the specified length, and that batch training should be applied.
In this experiment, we adopted a stochastic learning method is adopted to train the model, initialized the size
of the system call alphabet to 175, and set the maximum length of the system call sequence to 4,500. The data
input to the model is a matrix x ∈ R4500×175. For other situations, the corresponding parameters should be
initialized according to the specific characteristics of the operating system. Fig. 2 shows an example of data
processing on the ADFA-LD dataset.

3.2 Model

The proposed TCN-IDS model is based on a temporal convolutional neural network, whose core components are
causal convolution and dilated convolution. The application of causal convolution enables the CNN to consider
the sequence problem while extracting features. The dilated convolution increases the receptive field of the
network so that the model can process long sequence data. In addition, in this paper, residual connections
are employed to ensure that the model is well trained and classified when it has deep layers. The network
architecture of the proposed model is shown in Figure.3. Below, we describe the model in detail.

causal convolution It is difficult for traditional convolutional neural networks to handle data with sequential
characteristics. The HIDS data consists of a sequence of host calls arranged in system call order. It is worth noting
that an anomalous behavior may contain normal call sequence subsequences. Thus, when performing intrusion
detection, the sequential characteristics of the system call must be considered [13]. In other words, the input data
classification must be judged based on the current data, but the previous data and its temporal characteristics
must also be maintained. To enable the convolutional neural network to satisfy the above conditions, we apply
causal convolution in TCN-IDS. The output at time t in the causal convolution is convolved only with the
elements from time t and earlier in the previous layer [15]. This process is similar to the way an RNN tracks
history to ensure that no leakage occurs from a future state to a past state. To address long data sequences, we
need either a deep network or large filters, which is why dilated convolution and residual connections are used.

dilated convolution Dilated convolution increases the convolutional field of view by changing the value spacing
in the convolution kernel; for example, for a one-dimensional input sequence x ∈ Rn, the convolution kernel is
f : {0, 1, 2..., k−1} → R. The dilated convolution operation F on element s of the sequence is defined as follows:

F (s) = (x ∗ d f)(s) =

k−1∑
i=0

f(i) · xs−d·i, (1)

where d is the dilation factor, k is the convolution kernel size, and s− d · i represents the past direction. When
d = 1, dilated convolution is equivalent to regular convolution. The receptive field size of the dilated convolution
can be calculated as (k−1)d. It is evident that we can increase the receptive field by choosing larger filter sizes k
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(a) (b) (c)

Fig. 3: TCN-IDS architecture. (a) Example of dilated causal convolution with a filter size of k = 2 and dilation
factors of d = 1, 2, 4; (b) TCN-IDS basic module; (c) the details of the network architecture used in NSL-KDD:
the numbers in the TCN block from left to right are the filter size, filter number and dilation factor.

or increasing the dilation factor d. To construct a more structured and concise model, we increase d exponentially
with the depth of the network (d = O(2i), where i represents the network layer). The combination of the causal
convolution and the dilated convolution enables TCN- IDS to extract features from both network data and host
call sequence data.

residual connections A residual connection performs transformations f , whose outputs are added to input x
of the block, enabling the layer to learn a modification of an identity map rather than the entire transformation.

o = Activation(x + f(x)) (2)

Residual connections have been widely used in deep neural networks and have been shown to be effective.
Because the TCN-IDS model requires a wide range of receptive fields in the face of long-sequence input, it can
achieve better detection ability by increasing the network layers while ensuring a large convolution factor for
the dilated convolution. Therefore, we apply a residual block to the model to enhance its convergence ability.
In the residual block, to guarantee the uniformity of the input and output width, we added a 1× 1 convolution
as the final activation operation.

The structure of the TCN-IDS model is illustrated in Figure.3. The TCN block forms the basic model com-
ponent; it includes two layers of dilated causal convolution and uses the rectified linear activation unit (ReLU).
In addition, batch normalization is adopted to speed up the training, and dropout is added for regularization
after each dilated causal convolutional layer.

Note that in most CNN network structures, the final classification layer is often composed of several fully
connected layers, and due to the excessive parameters of fully connected layers, the network parameters are
huge [6]. Due to the dilated causal convolution method of the TCN-IDS, the unit at the top of the network
possesses a receptive field covering all input sequences. Therefore, for the final classification layer, our model
does not need a redundant fully connected layer; we only need to connect the last node or a few nodes of the
top layer to obtain excellent classification results. This is another notable feature of our structure in addition to
the convolutional neural network parameter sharing. Thus, the number of parameters is significantly reduced
in our model.

4 Experiments and Results

In these experiments, we used the popular deep learning framework PyTorch. We implemented and evaluated
the proposed model on a Linux PC with an Intel i7-7820X processor @ 3.6 GHz and an NVIDIA GTX 1080Ti
GPU.
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4.1 Performance metrics

While accuracy is the overall indicator reflecting the performance of an IDS, we also employ the precision
rate, the recall rate, and the F-value to comprehensively assess our IDS. Precision is an indicator that shows
the sensitivity of a classifier. Recall is measured to reflect the classification’s coverage capacity. The F-value
is a comprehensive measure of the precision and recall rate. In addition, to compare our approach with other
methods that conduct experiments on the ADFA-LD dataset, we use the receiver operating characteristic (ROC)
curve as an assessment metric.

4.2 NIDS

The NSL-KDD dataset is used to verify the effectiveness of our proposed method in NIDS, and we compare
the results with existing methods from the related research. In this experiment, we trained our model for 100
epochs with a batch size of 64, and the kernel size of the dilated casual convolution layer was set to 5 using 6
TCN blocks. The number of hidden nodes per layer is 32, and the dropout ratio was set to 0.25. We used the
Adam optimizer and adopted cross entropy as the cost function. The learning rate was initialized to 1e-5.

Table 3: compare with other approaches

Model
NSL-KDDTest+ NSL-KDDTest-21

P R F1 ACC P R F1 ACC

J48 0.971 0.696 0.811 0.815 0.957 0.598 0.736 0.649
Näıve Bayes 0.924 0.633 0.751 0.761 0.883 0.517 0.652 0.549

NB Tree 0.915 0.709 0.799 0.797 0.882 0.615 0.725 0.618
Random Forest 0.971 0.677 0.798 0.805 0.955 0.573 0.716 0.628
Random Tree 0.924 0.733 0.817 0.814 0.892 0.648 0.751 0.648

MLP 0.924 0.663 0.772 0.777 0.885 0.554 0.681 0.576
SVM 0.969 0.531 0.686 0.724 0.945 0.381 0.543 0.475
CNN 0.916 0.812 0.812 0.851 0.903 0.694 0.785 0.723
RNN 0.961 0.730 0.830 0.833 0.932 0.660 0.774 0.647

TCN-IDS 0.894 0.945 0.919 0.905 0.881 0.928 0.904 0.838

We tested our proposed method both on the NSL-KDDTest+ and NSL-KDDTest-21 test sets, and report the
results of a detailed comparison with existing methods including J48, Näıve Bayes, Random Forest, Multi-layer
Perceptron, SVM, CNN [12], RNN [18] in Table 3. It is evident that despite some loss in precision, our method
has large advantages with regard to recall, F1-score, and accuracy metrics. It is particularly noteworthy that the
test set contains unknown types of attacks that do not appear in the training set and that detecting anomalies
of unknown types is difficult, which is why the other methods achieve only low recall indicators. In contrast,
our method’s high performance demonstrates its high detection capabilities. The high F1-score indicates that
that the model achieves a good balance between precision and recall, which is essential for the unbalanced
data distributions that occur in intrusion detection. For the overall test results, our accuracy scores on the
NSL-KDDTest+ and NSL-KDDTest-21 are 5.4% and 11.5% higher than the previous methods, respectively,
indicating that our method is appropriate for use in intrusion detection applications.

4.3 HIDS

The ADFA-LD, as discussed in Section 3.1, provides a modern challenge for the HIDS algorithms. In this
experiment, our model used the SGD optimizer, the cross-entropy loss function was adopted, and the network
was trained for 100 stochastic training epochs. The network architecture includes 8 TCN blocks (with the batch
normalization layer removed) with 48 hidden units in each layer and a kernel size of 7. We chose a dropout ratio
of 0.2, and the learning rate was initialized to 1e-4.

Through experimental verification, our proposed method achieved an accuracy of 89.63%, a false positive
rate of 10.49% and a detection rate of 90.85%. Figure. 4 shows the ROC curves for this TCN-IDS model, which
achieved an AUC value of 0.938. To compare our method with other methods tested on the ADFA-LD dataset,
we report results we found in recent literature below.

In [3], the authors proposed semantic model combined with extreme learning machine, they have prepared
the dictionary of word and phrase from the dataset and achieved an accuracy of 90% and an FPR of 15%. In [17],
the authors used a one-class SVM and processed the data into an n-gram eigenvector of length 5. Their model
achieved an accuracy of 70% and an FPR of approximately 20%. In [8], the authors evaluated a method that
integrated an LSTM and achieved an AUC of 0.928. In [2], the authors used an ’enhanced’ vector space model
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Fig. 4: ROC of ADFA-LD

Model Params Model Size

CNN [12]
(NIDS)

5,449,729 50.27 M

LSTM [8]
(HIDS)

3,671,501 42.06 M

TCN-IDS
(NIDS)

128,002 0.54 M

TCN-IDS
(HIDS)

309,207 1.20 M

Table 4: Params comparison

with n-grams (n=2, 3 ,4 , and 5) and obtained the best model (K-NN, K=3) through a 10-fold cross-validation
experiment; they reported an AUC of 0.93.

Our proposed method clearly achieves better accuracy and a low false positive rate on the ADFA-LD
dataset. In addition, considering the large amount of network data with high-dimensional features that are
common today, it is difficult to solve such challenges using manual feature selection and traditional machine
learning classification. Fixed feature selection has difficulty coping with changing network environments, and
the additional data processing increases the operational complexity of the detection. Our simple method, which
operates directly from raw data to the detection output, provides a workable solution.

As mentioned in Section 3.2, another advantage of our proposed model is that it reduces the number of
parameters. We employ two deep learning models [8, 12] that achieve high performance for NIDS and HIDS
to compare the number of parameters and the model size; the results are shown in Table 4. Benefiting from
the sharing of the convolutional neural network parameters and the redundant eliminated fully connected layer
in the TCN-IDS, our proposed model requires relatively few parameters for calculation and has low storage
requirements. For NIDS, our model size is 93x smaller compared to the previous method, and for HIDS, our
model is 35x smaller. We believe that with as the number of Internet of Things (IoT) devices continues to
increase, applying deep learning methods suitable for IoT devices and considering their resource consumptions
will become a trend in future intrusion detection research.

5 Conclusion and Future Work

In this paper, we proposed a new intrusion detection model based on a temporal convolutional network that
exhibits excellent detection capabilities for high-dimensional and massive data. In addition, the proposed model
has broad applicability because it can be applied to both network and host-based intrusion detection systems.
In the presented experiments, our proposed method outperformed other related detection methods in terms of
accuracy and had a low false positive rate. Especially on the NSL-KDD dataset, our model achieved an accuracy
of 90.5% while requiring only 543 KB of storage. This result constitutes a new method that can be studied in
the field of intrusion detection systems. In addition, we proposed similar recommendations for performing data
preprocessing for these two systems that reduce system complexity and improve the efficiency of mixed-use
systems.

Considering the rapid growth of IoT devices, the number of resource-constrained devices will continue to
increase. Therefore, in future work, we plan to apply our proposed model to embedded devices and further
compare it with other detection methods to make corresponding improvements. In our opinion, this makes
sense for our research direction.
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Abstract. Personal sensitive data are frequently obtained with the help of malicious web sites. In this paper,
we present a way to detect such malicious URL addresses with high accuracy using convolutional neural
networks by analysing only the URL text. The text is encoded with one-hot character-level encoding. The
dataset is composed from publicly available datasets. The network is compared with similar methods and is
more accurate. Moreover, it converges faster than than the LSTM network.

Keywords: phishing, security, recurrent neural networks, convolutional neural networks

1 Introduction

Phishing is fraudulent obtaining sensitive information by mimicking a reputable sender in a communication channel.
Usually, a message contains malicious software or links. It is relatively easier to prepare a counterfeit message than
to break system security. Moreover, phishing campaigns can be launched relatively cheaply from anywhere in the
world due to openness and anonymity of the Internet. The message contains logotypes and texts that are intended
to mimic legitimate ones. Some sources claim that more than 90 % of data breaches are performed with some sort
of phishing. Moreover, most ransomware is delivered by phishing. Attackers change domain and subdomains names
to make URLs look like legitimate ones. Very often, even experienced users do not check URLs they click. These
attacks relate mainly to pages that present a specific value to the offender. First of all, the parties that process
the data needed for bank transfers are exposed. Thus, financial institutions are primarily concerned with phishing.
Another example is the theft of e-mail credentials what is easier because there is no multi-stage authorisation as in
the case of bank transactions. Moreover, attacks on social media accounts and theft of Internet identity are more
and more common. Many users believe that the HTTPS protocol and “green padlock” in the browser guarantees
security. One of the last reports by Phishlabs [24] shows that in the third quarter of 2018 as much as 49 % of
phishing websites used SSL certificates.

In this work, we are mainly interested in the following attack methods. The most commonly used method is
the registration of domains with a slightly changed structure (typosquatting) [17]. This involves omitting or adding
one character in the address, domain registration without a dot after www (wwwdomainname), adding the dash
(www-domainname, domainname-anyname). There is a similar bitsquatting technique [20], which involves changing
one bit, i.e. different one keypress, in the URL to cause a network error or error in the computer hardware. If the
error causes one bit to be flipped the user is moved to the undesired page. In this case, the only way to avoid the
attack is an additional system to check if the given string belongs to the page we expect. Another method is a
homograph attack [8]. It aims to convert characters into a similar graphics look, for example, capital ‘i’ and small
‘l’ (I l), zero and O, etc. The user does not notice the difference in a link consisting of this kind of conversion. In
this technique, we can also exchange one character into two (‘m’ changed to ‘rn’, ‘ci’ to ‘G’, ‘cl’ to ‘d’ and vice
versa). In this type of attacks, the visually impaired are particularly vulnerable. Another method is the punycode
representation [4]. It consists in representing Unicode characters with a set of allowed characters in the name, i.e.
ASCII letters, numbers and dashes.

Antiphishing systems can be generally divided into list-based and machine learning-based ones. Blacklists seem,
at first sight, an easy way to solve the problem. Yet, phishing sites are active for a very short period, making
blacklisting usually useless. Blacklist-based systems are not able to detect new and so-called zero-day attacks and
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require frequent updates. As we have already mentioned, the number of phishing attacks do not stop to grow every
month; neither do the blacklist sizes. That requires substantial system resources to compare URL strings.

Thus, we believe that machine learning approaches are better suited to the task than plain blacklisting. Most
of the proposed so far machine learning systems are based on engineered (hand-crafted) features. In URL-based
approaches, the features describe the URL addresses or their statistics. In content-based approaches, the content of
the linked website is analysed.

All the methods discussed above are aimed at deceiving the user by impersonating a different page using an
address very similar to the original one. That is why, in our research, we focus on analysing only URLs using
our experience of analysing this type of data using convolutional networks. Usually, word-level encoding or some
word-embedding are used to present text data to neural networks. In the paper, we use one-hot character-level
encoding to input URLs to the neural network. The rationale behind this choice is that URLs are composed of
words in various languages or strings, not constituting words. Then, the encoded string is treated as an image by a
convolutional neural network. We compare the presented method with [1] by implementing their recurrent LSTM
network and training on the same dataset. Our method gives slightly better accuracy and is much faster to train.

The remainder of the paper is organised as follows. In Section 2, we discuss selected previous works on phishing
prevention. The method proposed in the paper is presented in Section 3. Experiments on URLs taken from Phish-
Tank and Common Crawl websites are shown in Section 4. Finally, conclusions and discussions of the paper are
presented in Section 5.

2 Related Works

The identification of phishing attacks was addressed many times in the literature. As we aforementioned, the easiest
method of protection is a blacklist of URL addresses, which is later analysed by a browser, antivirus system or
firewall [6][15][19]. Counteracting an attack, in this case, is very simple and effective as long as the address is on
the blacklist. The address has to be already identified and added to this list. Another disadvantage is the need to
search the list of suspicious addresses whenever we refer to a new URL.

Most of the proposed so far machine learning systems are based on engineered (so-called hand-crafted) features.
One of the most cited antiphishing system is CANTINA [27] which uses the most frequent words on the page to check
the page in a search engine. The system uses the term frequency–inverse document frequency weighting scheme to
compute word frequency on the page. The five terms with the highest scores constitute the page descriptor used to
query the search engine. If the domain name is within the top N search results, then the web page is legitimate. The
newer version, CANTINA+ [25] used additionally fifteen attributes extracted from the page HTML. This system
was a breakthrough at the time. The disadvantage of the two solutions is the use of a search engine to find out
whether the address certainly matches the desired page causing additional network load. Moreover, the attacker
could promote the phishing website in the search engine to make it seem legitimate.

The authors of [28] analyse pages using the support vector machine algorithm (SVM). They use six hand-made
features of the URL and achieved 95.80 % accuracy. In [9] association rule mining algorithm is used with the term
frequency–inverse document frequency weighting to generate detection rules. They achieved 93 % accuracy and very
good detection speed. Other solutions analyse the whole page with DOM trees [13]. This solution is efficient if the
offender makes a mistake in the design of the webpage. If he knows exactly how the system works, he can modify
the code of the page so that the system identifies the website as legitimate.

Neural networks were used so far to detect phishing only on the base of some attributes of the URL. In [23]
multilayer perceptron (MLP) is used to detect phishing from engineered features with 96 % accuracy. In [14] deep
belief networks are used to intrusion detection, and in [5] to spoofing detection. In [16] a neural network classifies
addresses using 17 URL features such as the length of the URL address, the occurrence of the IP address etc. The
authors called the system “based on Self-Structuring Neural Network”, whereas it is a plain multilayer perceptron
which size is incremented to reach the minimal error. They achieved 94 % accuracy on relatively small URL dataset.
Authors of [7] achieved 97.71 % accuracy using a modified MLP with a novel learning scheme. They used 30 features
from publicly available URL dataset. All the aforementioned URL-based works utilised hand-crafted features. The
idea is similar to the proposed in the current paper only that the URL is analysed without relying on other web page
features, such as HTML, and external databases. The above papers used statistics regarding the URL (extracted
features), whereas in [1] the URL text is directly analysed by recurrent neural networks (RNN) what coincides with
our approach. RNNs are suitable to model, inter alia, temporal phenomena, and in [1] they are used to analyse
URL characters sequentially. The authors used a modern version of RNNs called Long Term Short Term memory
(LSTM). They obtained 98.76 % accuracy, and in the approach presented in this paper, we employ similar data.
We also analyse the URL text but using convolutional neural networks with embeddings and one-hot encoding.
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Although this solution does not use all the available data from the suspected website, it offers excellent results what
will be shown in Section 4.

3 Phishing Detection by Convolutional Neural Networks

In this section we describe the collected data, text encoding and the neural network used in experiments.

3.1 Phishing Dataset

Our experiments are based on publicly available PhishTank phishing sites database [21] set. The database down-
loaded during the article writing contained 10,604 records. To obtain legitimate websites, the second part of the
training dataset was downloaded from the Common Crawl Foundation (http://commoncrawl.org/). The initial
experiments were performed with The Moz Top 500 [18] and the Alexa datasets. As they contain top-level domains
only, it caused a strong bias towards short, top-domain URLs. Then, we downloaded 10,604 random unique URLs
from the Common Crawl database. We wanted the legitimate set not to dominate addresses from the second class.
In this case, we have an ideal situation for the classification and a balanced set of 50 % of phishing addresses and
50 % of the top URL addresses used every day by the Internet users. In order to leave as much space as possible
to encode characters, each URL from the database was deprived of the http:// or https:// protocol designation.
Thus, we did not have to encode 7 or 8 characters that do not contribute to the classification decision. Some exam-
ples of the URLs used in the experiments are presented in Table 1. We can see that the legitimacy of a URL is not
straightforward and it is tough for humans to distinguish the two classes. We also believe that using only statistics
is also insufficient to detect phishing accurately.

Table 1. Examples of URLs from the dataset used in the experiments.

https://pages-officialsupport.ga/check.php Phishing
https://pages-officialsupport.ga/site-verification.html

https://pages-officialsupport.ga/

http://www.dalmer.hu/images/jquery/autoatendimento/bb/

pontossmiles/regularizar.php

http://www.atualizacao-cadastral-bb.com

http://sysbbclientonlines.tk/

http://smilesgol-premiado2019.cloudaccess.host/areadocliente/

b1/index1.php

http://portalbb99mobi.cloudaccess.host/1/pagina-inicial/

http://ocasiao.com.br/pbb/pagina-inicial/

https://apsceses.000webhostapp.com/FB/R/

mobile-facebook-verification.htm

http://14-85.com/stories-captured/love-takes-flight/ Legitimate
http://1499934.com/a/20190315/421291.html

http://15.onemp3.co/08-caliber-fuse-box.html

http://akaiwapara.blog64.fc2.com/

https://zone-fitness.fr/categorie/food/recette-sucree/

https://zwemmeninwaalwijk.nl/aquasporten/aquavaria

https://www.tampabayhousehunting.com/homes/

5750-oak-hollow-lane/oviedo/fl/32765/89637685/

https://www.tanio.co/alechrzest

https://www.schusterman.org/user/login?destination=blog/

jewish-environmentalists-go-virtual-new-%e2%80%9cjewcology%

e2%80%9d-site-fosters-worldwide-collaboration-and-education

3.2 Text Coding

A URL is an address that allows locating a website on the Internet. The user encounters it mainly when using
a web browser. However, URLs can be requested by applications running in the background, such as antiviruses,
system updates, etc. Each computer uses different applications and at a different time, which allows to even better
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distinguish them. Dictionaries containing predefined words are not an optimal solution in the case of URLs because
each minimal change in the letter in the address can refer to an impersonation attempt. The construction of the
URL has been repeatedly addressed in several papers, e.g. in [2], [28]. In our experiment, we encode the entire
address without dividing its subsequent parts. The condition is that the characters that make up the URL should
be in the previously defined set containing 70 unique characters. We were inspired here by Zhang et al. [26] to
present text data in the form of a one-hot vector at the character level. The dictionary consisted of 70 characters:
abcdefghijklmnopqrstuvwxvyz_0123456789

-;.!?:/\|#$%&̂~’+=<>()[],"’|^
We removed characters that were not from the above alphabet. We present the statistics concerning the data in
Table 2. In the case of convolutional neural networks with one-hot encoding, we must assume the maximal length of

Table 2. Statistics of the URL dataset used in the experiments.

Number of all URLs 21,208
Number of phishing URLs 10,604 (50 %)
Number of legitimate URLs 10,604 (50 %)
Number of characters in the CNN input vector 256
Dictionary size for one-hot encoding 70
The longest URL 1149 characters
The shortest URL 5 characters
Average URL size 186

the URL. The average address length was 186 characters, and the longest address was 1149 characters. To optimize
the network at this stage, we used 256 characters to encode the URLs. Because while designing the network we have
to take care of the appropriate dimensions of the convolutional layers, and only 9 % of addresses were longer than
256 characters, we decided to shorten the longest addresses to 256 characters. The one-hot character-level encoding
scheme with the first neural network layers are shown in Figure 1.

Fig. 1. One-hot character-level encoding for the convolutional neural network used in the paper.

3.3 Convolutional Neural Network

We analyze URLs using convolutional neural networks (CNN) [10]. The architecture we use is very good at ana-
lyzing the natural language (NLP); however, the analysis of URL addresses in terms of the occurrence of phishing
attacks seems to be novel. Convolutional networks are well suited for the classification of images [12]. Due to their
construction, they are very resistant to distortions in the image. In our case, we want to sensitize the network
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so that it can detect the address distortions used in the previously described technique. We want to optimize the
architecture presented by us so that the network can be implemented in mobile devices with limited memory and
computing power. We use an embedding layer in the network to change the representation of the input data from a
one-hot vector to a real-valued vector from the input element. This technique has perfect effects in natural language
processing [11] where by changing the representation of words, we obtain better results for a given classifier. In our
case, embedding is mainly designed to speed up the network performance through another mapping of 70 characters
from the dictionary using a smaller vector. Our experience shows that the embedding layer of size 16 can easily
represent 70 characters. We present our convolutional network in Figure 2.
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Fig. 2. Convolutional neural network used in the paper.

4 Experiments

We compare the CNN-based method proposed in the paper with other approaches, especially with the LSTM
network proposed in [1] by recreating their experiment. We implemented both, CNN and LSTM networks using the
CNTK library (https://github.com/Microsoft/CNTK). Learning and testing has been carried out on the GeForce
GTX 1080 Ti GPU with 11GB of RAM installed in an Intel i7-7800X 3.50 GHz 32GB RAM machine. We trained
the networks with Stochastic Gradient Descent [3] with minibatch size 45, momentum 0.5. Learning coefficient was
gradually lowered, from 0.1 in the first epoch, 0.01 in the second one, 0.001 in the next four epochs and in the rest
of training it was set to 0.0005. Dropout rate was set to 0.5. Both networks were trained through 15 epochs, and
it took 3.50 min. for CNN and 5.18 min. for LSTM. The dataset described in Section 3.1 was divided into 80 %
training set and 20 % testing set and 5-fold cross-validation was applied. The training error for both networks is
shown in Figure 3. Memory requirements and computation times for both neural networks are shown in Table 3. In
the case of calculating the memory demand during the training, the given values also contain the loaded training
data in similar configurations. The last column in Table 3 includes the time to load both data and the neural
network parameters (weights). Testing has been done using the aforementioned GPU. As we did not have the same
set of data as used in [1], we compared their approach on the dataset collected at the time of the experiments
(Section 3.1). Table 4 shows the numbers (results) taken from [1] in the first two rows and the results obtained on
the current dataset (rows 3 and 4). We compare the accuracy obtained by the approaches using similar datasets
and the CNN network proposed in the paper in Table 5. Moreover, we tried various sizes of CNNs (Table 6). We
chose the network with the smallest testing error (i.e. smallest overfitting) for all the comparisons.
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Table 3. Comparison of the LSTM network from [1] and the CNN network proposed in the paper.

NN type GPU memory require-
ments

Parameter set
size

Number of URLs
per sec.

LSTM 352MB 880KB 460/s
CNN 473MB 502KB 480/s

Fig. 3. Training error (accuracy) of the LSTM network from [1] and the CNN network proposed in the paper. In fact, apart
from the faster convergence, CNN’s epoch is almost 50 % faster.

Table 4. Comparison of the LSTM network and random forest from [1] on their dataset (two first rows) and LSTM (3rd
row) and the CNN network proposed in the paper (4th row). Rows 3 and 4 show results on the dataset described in Section
3.1.

Method AUC Accuracy Recall Precision F1-score

Random Forest and data from [1] 0.984 0.934 0.932 0.932 0.934
LSTM and data from [1] 0.999 0.987 0.989 0.986 0.987
LSTM (CNTK and current data) 0.984 0.985 0.992 0.978 0.985
Proposed CNN 0.997 0.997 0.999 0.995 0.997

Table 5. Comparison of the accuracy obtained by the approaches using similar datasets and the CNN network proposed in
the paper.

Method Accuracy

SVM [28] 95.80 %
CANTINA+ [25] 92.00 %
SVM [13] 99.00 %
td-idf [22] 99.62 %
CNN proposed in the paper 99.98 %

Table 6. Testing error comparison for various sizes of the CNN network proposed in the paper. We changed the number of
feature maps in relation to the base value x from Fig. 2.

Number of feature maps

Number of conv. layers 0.25x 0.5x x 2x 4x 8x

2 layers 30.6 % 29.8 % 12.0 % 12.4 % 12.3 % 12.3 %
3 layers 5.0 % 4.0 % 0.02 % 0.02 % 1.04 % 0.03 %
4 layers 4.0 % 0.4 % 0.02 % 0.02 % 0.03 % 0.03 %
5 layers 1.0 % 0.5 % 0.04 % 0.05 % 1.12 % 1.12 %
6 layers 1.5 % 1.2 % 0.89 % 3.3 % 3.0 % 1.4 %
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5 Conclusion

We proposed the method of identifying phishing websites based solely on the URL address text by a deep neural
network with convolutional layers. To this end, we encoded URLs as one-hot character-level vectors and presented
them as inputs to a convolutional neural network. The results were compared mainly with the LSTM network
presented in [1] because we analysed the entire URL text similarly. We implemented the LSTM network from [1]
and trained it with a newer version of the phishing dataset (PhishTank and Common Crawl) to compare LSTM
with the proposed method. We also checked many variants of CNNs against testing error to achieve the best data
generalisation. Moreover, we found out that the use of the embedding layer improved the results. The results
presented show that the CNN network dealt with the classification better than LSTM. In our experiments, we can
observe the minimal advantage of CNN over LSTM in terms of accuracy. A significant difference can be seen in the
training of both solutions. The CNN network is much easier to train than LSTM, as shown in Figure 3. It converges
faster than LSTM and the time needed for one training epoch is nearly 50 % shorter. It is essential in the case the
phishing detector is fine-tuned with new data periodically.
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Abstract. We propose a method of predicting dislocation regions, which are crystallographic defects in photo-
luminescence (PL) images of multicrystalline silicon wafers, by convolutional neural network transfer learning.
We adopted AlexNet as the neural network and utilized it as an image feature extractor. The network outputs
a category that either includes dislocation regions or does not. The learning process was performed on a fully
connected layer for classification only. We compared sample data extracted from a one-wafer condition with a
three depth-adjacent-wafer condition. We experimented by changing epochs and mini-batch size for training,
and achieved high accuracies of more than 0.94 using the Youden index to evaluate the results. The best results
showed improvement of about 0.2 points of the Youden index values for the three depth-adjacent wafers over
the one wafer, outperforming the bag of features clustering method (visual words) in accuracy and the Youden
index.

Keywords: Convolutional neural network · Transfer learning · Multicrystalline silicon · Photoluminescence
image · Dislocation.

1 Introduction

There has been recent growth in development technologies for manufacturing high-quality silicon wafers for solar
cells. Developing high-quality multicrystalline silicon wafers requires controlling the grain structures of the materials.
Our aim is to further the research of the designs for theoretical multicrystalline structures using information science
technologies.

We established 3D visualization of the structures of dislocation clusters in a silicon ingot[1] by specifying the
dislocation regions in a wafer recorded as a photoluminescence (PL) image, which reveals the inside structure of the
silicon wafer, and by tracing the dislocation regions between adjacent wafers. The photoluminescence image records
the luminescence of photo carriers transitioning from an excited state to the base state by a laser. Dislocation regions
are crystalline defects and cause non-radiant decoupling of carriers; they therefore appear dark. The non-radiant
decoupling that occurs in the dislocation regions affects the electric properties of the wafers and degrades solar cell
performance. Therefore, specifying the location of dislocations and analyzing the occurrence mechanism is crucial
for developing a more accurate detection method[2].

We implemented 3D visualization based on image processing to specify the dislocations’ constructions in [1].
We also applied other approach methods to specify the regions to machine learning. After training positive and
negative samples, the system predicts the category (positive or negative) for the untrained samples. Under this
framework, we tried the non-negative matrix factorization (NMF) method[3] for the machine learning. This achieves
matrix decomposition that consists of the intensities of each pixel in the sample images for the image features and
their coefficients. This implies that the image can be reconstructed with some base features and their coefficients.
NMF is a familiar method in image processing and audio signal processing research. It decomposes features and
coefficients that have non-negative values. These constraints fit with the physical measurements for identification,
classification, or separation tasks in physical phenomena. The pixel values or power spectrum take non-negative
values. Non-negative coefficients naturally present as amounts of each feature. This has been applied to tasks of
identification of parts (for examples, eyes) in a face image[4] or separation of speech[5], for example. In our task, we
adopted the assumption that dislocation regions in a PL image are different from the features trained by samples.
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Fig. 1. Structure of AlexNet.

Since most of the sample image does not include dislocation regions, we presume that reconstructed images with
dislocation image features will have large reconstructed pixel errors.

In this paper1, we attempt to apply the supervised method to predict with and without dislocation regions
in a sub-segmented region in the PL image of a silicon wafer. We adopted transfer learning with a pre-trained
convolutional neural network and used as an image features extractor.

2 Method

We used AlexNet[7] as our pre-trained convolutional neural network. AlexNet receives input of color images (227
× 227 pixels, RGB-3 channels) and outputs one category from 1,000 general image categories. Figure 1 shows
AlexNet’s schematic structure. AlexNet is composed of five convolution layers and three fully connected layers. The
convolution layer is structured with two-dimensional array elements and kernels (or channels; for example, three
channels in the input layer). The network weights are fixed by pre-trained values from the ImageNet Large Scale
Visual Recognition Challenge’s (ILSVRC) image classification task. The 1st, 2nd, and 5th convolution layers consist
of convolution, activation function (Rectified Linear Unit; ReLU), normalization, and max pooling operations. The
3rd and 4th layers consist of convolution, activation function (ReLU), and normalization operations. The 1st and
2nd fully connected layers are composed of full connection, activation function (ReLU), and dropout operations.
The last fully connected layer performs full connection and softmax operations to output one category from the 1000
categories. The 1st convolution layer operates with an 11 × 11-strides 4 × 4-size filter. 96 kernels were obtained.
One kernel is a 2-dimensional array of 55 × 55 elements. After this, max pooling by a 3 × 3-size strides 2 × 2
strides-sized filter was performed, from which we obtained 96 kernels composed in a 2-dimensional array of 27 × 27
elements. The remaining convolution layers underwent the same operation. The 1st and 2nd fully connected layers
have a weighted connection and dropout to connect randomly by 50%. These layers play a role in the image feature
extractor of the input image for our transfer learning. We replaced the last full connections and set to learn the
connection weights to classify the two with- and without-dislocation categories for the segmented sub-images of the
PL images of a silicon wafer. Loss function was defined by cross-entropies.

3 Experiment

3.1 Experimental setup

Materials We prepared PL images of sliced wafers from one multicrystalline silicon block. The wafer dimensions
were 156 × 156 mm and thickness was 180µm. We assigned numbers to each wafer from the bottom to the top of
1 We added further experiments and discussions to an unreviewed article[6].
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Fig. 2. PL image (#611 wafer) (left: raw image, right: image after processing for contrast enhancement and trimming)[8].

Fig. 3. Examples of images with and without dislocations (left: with dislocations, right: without dislocations).

the silicon block up to #868. We set the exposure duration to 2 sec under a laser output condition of 80 W (λ =
940nm). Training sample images were extracted from wafers #611, #610, and #609.

Figure 2 shows an example of a PL image (#611)[8]. The left image is the raw PL image. Lines extend in the
horizontal direction. These lines correspond to slice marks that are caused by cutting the wafers out of the silicon
block. We can see a clear line around the center; however, similar, finer lines are visible in most of the PL images for
each wafer. We cropped the region of a wafer from a raw image to exclude the black-colored background. Unsharp
Mask processing was performed to obtain an enhanced contrast image [1]. The image after these processes is shown
in the right image in Fig. 2. These processes were performed on a Windows PC. Python programs and OpenCV
libraries were used for implementation.

Image and ground truth We segmented the enhanced PL image (500 × 500 pixels) into sub-regions of 16 × 16
pixels and obtained sample images of 31 × 31 regions. Four pixel regions at the right end and bottom were excluded.
The network receives a 16 × 16-pixel gray image as the input image, but converts it to a scaled color image for an
acceptable format via internal software.

To create the ground truth, we specified the dislocations regions in the PL image via a visual check. For each
segmented region, we defined whether the region includes or does not include dislocations. We performed this
specification on wafers #611, #740, and #868. The number of regions that include dislocations were 23, 22, and
77, respectively.

Examples of images that include (left two images) and do not include (right two images) dislocations in wafer
#611 are shown in Fig. 3. Each image has 16 × 16 pixels.

Images for training and testing We evaluated conditions using one wafer and three wafers as training data.
For the 1-wafer condition, we used segmented regions of wafer #611. For the 3-wafers condition, we used regions of
wafers #611, #610, and #609. We presumed that dislocation regions in #610 and #609 were located at the same
coordinates in wafer #611. We extracted test images from wafers #740 and #868. The images were augmented for
image-shift or flip via internal software.

Transfer learning was performed with a Windows PC (Windows 10 Pro, Intel Core i9-7900X, 32Gbyte, GPU:
NVIDIA Quadro P5000) and the MATLAB R2018b program was used for implementation.

3.2 Results

We set the experimental condition for a mini-batch size of 20 or 40. We updated the last fully connected layers’
weights each time the number of input sample values reached these numbers. Setting a small mini-batch size required
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Fig. 4. Example of dislocation region prediction (#740 of the 3-wafers training sample) (Red: True Positive 17, Yellow: False
Positive 33, Blue: False Negative 5, No-mark: True Negative 906).

Table 1. Accuracy of predictions by transfer learning.

(a) samples from 1 wafer

epoch/mini-batch size #611 #740 #868

18/40 0.997 0.978 0.931
18/20 1.000 0.978 0.934
36/40 1.000 0.979 0.936
36/20 1.000 0.979 0.938
54/40 1.000 0.981 0.940
54/20 1.000 0.981 0.940
72/40 1.000 0.981 0.939
72/20 1.000 0.980 0.938

(b) samples from 3 wafers

epoch/mini-batch size #611 #740 #868

6/40 0.981 0.969 0.941
6/20 0.983 0.970 0.947
12/40 0.988 0.979 0.938
12/20 0.989 0.982 0.937
18/40 0.995 0.975 0.950
18/20 0.993 0.964 0.940
24/40 1.000 0.976 0.949
24/20 1.000 0.972 0.948

frequent weight updates. Each epoch represents the numbers of displayed turns of all data. We tested the training
data from wafer #611 at 18, 36, 54, and 72 epochs and 6, 12, 18, and 24 epochs for the three wafers (#611, #610,
and #609). We tested each condition with five trials.

Figure 4 shows an example of the dislocation region prediction results in wafer #740’s image. These results are
for an 18 epochs/20 mini-batch size for the 3-wafers training samples. The red squares indicate 17 true positive
regions, the yellow squares indicate 33 false positive regions, and the blue ones represent five false negative regions.
The unmarked regions represent 906 true negative regions.

To evaluate, we first calculated the accuracy of the predictions.

Accuracy =
TruePositive+ TrueNegative

Total

Table 1 shows the accuracy in each condition for the (a) 1-wafer and (b) 3-wafers training samples. The 1-wafer
sample achieved a perfect classification level; that is, 1, except for the smallest weight update condition (18 epochs/40
mini batch size) for the training data. For the test data, the best accuracy values are almost the same at about
0.98 for wafer #740 and 0.94 for wafer #868. As we assigned the numbers of wafers in the silicon ingot from the
bottom to the top, we believe that the wafers’ physical properties would be more similar when the numbers were
closer. We used the data from wafer #611 as the training data, which is why the values for #868 are lower than
those of #740.

The three wafers reached a perfect classification level for the training data with many more weight updates
than for the one wafer. The weight update times are the same for each row of (a) and (b). For the test data, the
best accuracy values are almost the same at about 0.98 for wafer #740 and 0.95 for wafer #868. We obtained
improvement of 0.01 points for wafer #868 over the 1-wafer condition. However, the difference in these values is
very small, with #868 lower than #740 being similar to the 1-wafer condition.

Table 2 shows a confusion matrix of the properties for classification. We calculated sensitivity (True Positive
Rate; TPR) and specificity (True Negative Rate; TNR). The values of both TPR and TNR are high, with 1 being the
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Table 2. TPR, TNR, and YI of the predictions by transfer learning.

(a) samples from 1 wafer

epoch/ #611 #740 #868
mini-batch size TPR TNR YI TPR TNR YI TPR TNR YI

18/40 0.887 1.000 0.887 0.273 0.994 0.267 0.138 1.000 0.137
18/20 1.000 1.000 1.000 0.355 0.992 0.347 0.182 1.000 0.182
36/40 1.000 1.000 1.000 0.373 0.993 0.366 0.205 0.999 0.205
36/20 1.000 1.000 1.000 0.436 0.991 0.428 0.226 0.999 0.225
54/40 1.000 1.000 1.000 0.527 0.991 0.519 0.268 0.999 0.267
54/20 1.000 1.000 1.000 0.473 0.993 0.466 0.249 1.000 0.249
72/40 1.000 1.000 1.000 0.427 0.994 0.421 0.242 1.000 0.241
72/20 1.000 1.000 1.000 0.364 0.994 0.358 0.226 1.000 0.226

(b) samples from 3 wafers

epoch/ #611 #740 #868
mini-batch size TPR TNR YI TPR TNR YI TPR TNR YI

6/40 0.652 0.989 0.641 0.536 0.979 0.515 0.314 0.995 0.310
6/20 0.730 0.989 0.719 0.664 0.978 0.641 0.465 0.989 0.454
12/40 0.487 1.000 0.487 0.373 0.994 0.366 0.255 0.998 0.252
12/20 0.522 1.000 0.522 0.291 0.998 0.289 0.242 0.998 0.240
18/40 0.887 0.997 0.884 0.691 0.982 0.673 0.499 0.990 0.489
18/20 1.000 0.993 0.993 0.773 0.960 0.733 0.595 0.970 0.565
24/40 0.983 1.000 0.983 0.609 0.985 0.594 0.491 0.989 0.480
24/20 1.000 1.000 1.000 0.718 0.978 0.696 0.507 0.986 0.492

best. However, both values also often do not reach 1; therefore, we use the Youden index (YI) as their performance
index, calculated by the following equation:

Y I = TPR− (1− TNR) = TPR+ TNR− 1.

If we take the axes of a plot to (1-TNR) and TPR, it is equivalent to the ROC (receiver operating characteristic)
curve. The Youden index is used as an optimal cut-off value on the ROC curve. Table 2 shows the TPR, TNR, and
YI for the training data from the (a) 1 wafer or (b) 3 wafers. The best values of YI are shown in red for the training
of the (a) 1-wafer/(b) 3-wafers data and #740/#868 test data conditions.

Comparing the (a) 1-wafer condition with the (b) 3-wafers one shows that the training samples from the three
wafers achieves better results (up 0.2 points for #740 and 0.3 points for #868). Nevertheless, we did not check
whether the samples for the true positive of #610 and #609 actually include dislocation regions, but assumed
that dislocation regions existed at the same coordinates as those in wafer #611 as a ground truth. Performance
did improve. Although there were only slight differences between the adjacent wafers, we still obtained useful
information from the image features for predicting dislocations. The best YI values were obtained with the 54
epochs/40 mini-batch size for the 1-wafer samples and both test data (#740 and #868). High accuracy values were
also obtained under that condition.

The samples from the three wafers had a similar tendency. The best YI values were obtained with the 18
epochs/20 mini-batch size. The highest accuracy value for #740 was not the same under this condition, but was
close.

For both the (a) and (b) conditions, the highest weight updates did not give the best performance. They are,
however, reasonable results under the concept of an existing cut-off value in the plot of an ROC curve. This may
mean that over-fitting occurred in the higher update conditions (72 epochs/20 size for (a) or 24 epochs/20 size for
(b)). In particular, (a) may be correct as the TPR is degraded to compare closed lower frequent update conditions
(54 epochs/20 size or 72 epochs/40 size).

3.3 Comparison with clustering method

We performed with/without dislocation region predictions using a method based on image features to compare
with the transfer learning. We applied bag of features (visual words) clustering and used the MATLAB program
for implementation. The training images were extracted from the one wafer (#611) or three wafers (#611, #610,
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Table 3. Accuracy of predictions by bag of features.

(a) samples from 1 wafer

#611 #740 #868

0.893 0.829 0.840

(b) samples from 3 wafers

#611 #740 #868

0.863 0.812 0.821

Table 4. TPR, TNR, and YI of predictions by bag of features.

1 wafer

#611 #740 #868

TPR TNR YI TPR TNR YI TPR TNR YI

1.000 0.891 0.891 0.482 0.837 0.319 0.270 0.889 0.160

3 wafers

#611 #740 #868

TPR TNR YI TPR TNR YI TPR TNR YI

1.000 0.860 0.860 0.455 0.820 0.275 0.356 0.861 0.217

and #609), as with the transfer learning. We obtained 294 words from the 1-wafer condition and 500 words from
the 3-wafers condition. Each word is composed from a clustering processing of the image features. We used #740
and #868 for the test images and performed five trials.

Table 3 shows the accuracies of each test wafer. The results for (a) 1 wafer are higher than (b) 3 wafers by
about 0.18 points. However, when compared with the results of the transfer learning (Table 1), the transfer learning
method outperformed the clustering method by more than 0.1 points.

Table 4 shows the TPR, TNR, and YI for each condition. The YI values are notably low as compared to the
results of the transfer learning (Table 2). The TPR for the training data (#611) is 1. This could be due to over-
fitting of small numbers of the positive samples. In the clustering method, the number of features is selected by the
smallest numbers among the number of strong features calculated for each category. Features of the same number
are selected from other categories. To check this process, the regions with dislocations class for both conditions
was selected as the smallest. This implies that features are sufficient for a class that includes dislocations, but not
sufficient for a class that does not.

4 Discussion

Our results demonstrate that the transfer learning worked well. Since we obtained accuracies from the training data
for the one wafer that reached 1, more training epochs will not result in improvement. However, results for the test
images of the 54 epochs/40 mini-batch-size condition are better than the 18/20 condition. Therefore, more training
epochs may lead to outperforming the 3-wafers condition. As the YI values did not smoothly change in the 3-wafers
condition, we will seek more detailed examination. Improving performance will require increasing the sample data.

To focus on the best condition of YI, at 18/20 for the 3 wafers, we show one result of five trials in Figure 4.
False negative regions (blue) tend to be smaller in size or have a larger darker area in the square as compared with
the true positive region (red). Changing the method of segmenting in the PL image can decrease false negative
regions. False positive regions appear likely to occur because the gray level difference is not regarded as important
for prediction. They are similar to true positive regions in shape, but the contrast is comparatively low. We think
that additional features must be added as input, for example, an edge image.

5 Conclusions

We proposed a method of predicting dislocation regions, which are crystallographic defects in a PL image, by
applying transfer learning via a convolutional neural network. We compared cases using training data from one
wafer and three wafers. Changing epochs and mini-batch size, we evaluated the best results under the Youden
index. The 3-wafers condition led to better results for the test data than the 1-wafer condition, and the transfer
learning method outperformed the bag of features clustering method (visual words). In the future, we will seek to
locate smaller dislocation regions.

ICONIP2019 Proceedings 73

Volume 15, No. 2 Australian Journal of Intelligent Information Processing Systems



Prediction of Regions including Dislocations in PL Image by Transfer Learning of CNN 7

Acknowledgements This research was supported in part by JST/CREST (JPMJCR17J1).

References

1. Hayama, Y., Matsumoto, T., Muramatsu, T., Kutsukake, K., Kudo, H., Usami, N.: 3D visualization and analysis of
dislocation clusters in multicrystalline silicon ingot by approach of data science, Solar Energy Materials and Solar Cells,
189, 239–244 (2019)

2. Tajima, K., Kutsukake, K., Matsumoto, T., Kudo, H., Usami, N.: The relationship between detection of dislocation
clusters in multicrystalline silicon through image processing of macro PL images and carrier recombination, The 79th
JSAP Autumn Meeting, 20a-133-2 (2018) (in Japanese)

3. Kudo, H., Hayama, Y., Matsumoto, T., Kutsukake, K., Usami, N.: Estimation by non-negative matrix factorization of
dislocation regions in photoluminescence image of multicrystalline silicon, IEICE Tech. Rep., 117, 356, 13–18 (2017) (in
Japanese)

4. Lee, D. D., Seung, H.S. : Learning the parts of objects by non-negative matrix factorization, Nature, 401, 788–791 (1999)
5. Schmidt,M. N., Olsson, R. K.: Single-channel speech separation using sparse non-negative matrix factorization, In

INTERSPEECH-2006, paper 1652-Thu2FoP.10 (2006)
6. Kudo, H., Matsumoto, T., Kutsukake, K., Usami, N. : Estimation of dislocation regions in multicrystalline silicon photo-

luminescence image by transfer learning with convolutional neural network, IEICE Tech. Rep., 118, 500, 257–262 (2019)
(in Japanese)

7. Krizhevsky, A., Sutskever, I., Hinton, G.E.: ImageNet Classification with Deep Convolutional Neural Networks, Advances
in Neural Information Processing Systems, 25, 1097–1105 (2012)

8. Kudo, H., Hayama, Y., Matsumoto, T., Kutsukake, K., Usami, N.: A study of estimation by sparse coding of dislocation
regions in photoluminescence image of multicrystalline silicon, IEICE Tech. Rep., 117, 229, 29–34 (2017) (in Japanese)

74 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 2



 GRU based Convolutional Neural Network with Initialized Filters for Text 

Classification 

Linhong Weng 1[0000-0001-7182-331X] ,Qing Li 2[0000-0001-7002-7127] and Xuehai Ding 3[0000-0001-6258-007X] 

School of Computer Engineering and Science, Shanghai University, Shanghai, China 

{wenglinhong, qli, dinghai}@shu.edu.cn 

Abstract. Text classification is a classical task of natural language processing, which can quickly find corresponding 

categories from massive amount of data. The method based on Neural Network is currently the most concerned by 

researchers, such as convolutional neural networks(CNNs). However, convolutional operation in CNNs which extracts 

features is regional. It fails to consider about the contextual information of text. Besides, inappropriate parameter 

setting will greatly limit the performance of CNNs. It is noteworthy that contextual information plays an important role 

in the task of text classification. In order to make full use of context information to improve classification performance, 

we propose a new neural network-based method-GRU based convolutional neural network with initialized filters 

(IF-CGNN), which fully combines CNN and multi-layers GRU. In our method, convolutional layer extracts features 

from the text and then the k-max pooling chooses the k features. Multi-GRU layers access the preceding and succeeding 

contextual features by combining hidden layers. It can help to understand the sentence semantics. Besides, for reducing 

the time of parameter adjustment in convolutional layer, training data is used to initialize filters. Finally, experimental 

results on three open datasets and one medical dataset validate the effectiveness of the proposed method. 

Keywords: Text classification, Neural network, Contextual information, Weight initialization 

1 Introduction  

With the rapid development of Internet, massive amount of electronic texts is generated. How to extract useful 

information from massive data quickly and effectively is a big challenge. As a classic task of natural language processing, 

text classification can quickly find the corresponding categories from massive data and realize automatic classification. 

Therefore, text classification plays an essential role in text data retrieval and mining [1]. 

The traditional text classification mainly uses machine learning methods. Text is first represented as a vector by use of 

the feature engineering, and then through the machine learning algorithm to realize the classification process [2][3]. In the 

past, the most classical feature engineering is bag-of-words [4]. Although this representation is simple and convenient, it 

is based on the assumption that each word in the document is independent. Therefore, text is regarded as a set of several 

words. It focuses on the frequency of words in the text and fails to consider the word order, grammar, syntax in the 

sentence [21]. Because of this, more and more researchers pay attention to deep learning methods. 

Deep learning is a huge scientific and technological revolution [5]. It has made outstanding achievements in image 

processing, speech recognition and other fields, which makes it become a noted method in the field of computer. With the 

perfect performance of deep learning in the field of image, researchers begin to apply deep learning to the field of natural 

language processing. For example, Kim [7] in 2014 converts the text to the 4-dimensional vector, which is taken as input 

to the convolutional neural network (CNN) for training like image process. Compared with the traditional machine 

learning method, the method has some improvements on classification result. However, it fails to consider the contextual 

information since the convolutional operation is regional [8][9]. Different from CNNs, recurrent neural networks (RNNs) 

is the other type of method in deep learning [10], whose structure is a form of sequence. Since the text is composed of a 

sequence of words [11], RNNs are naturally suitable for natural language processing. However, when the sequence is too 
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long, RNNs are prone to gradient disappearance or gradient explosion. What’s more, it is well known that inappropriate 

parameter setting will greatly limit the performance of NNs. The neural network tuning process takes a lot of time. In 

order to improve the accuracy of classification and reduce the time of model tuning, we propose a new model in this paper 

– GRU based convolutional neural network with initialized filters (IF-CGNN). In IF-CGNN, convolutional layer extracts 

features from the text. Then the k-maxpooling chooses the k features. Multi-GRU layers accesses the preceding and 

succeeding contextual features by combining hidden layers. It can help to understand the sentence semantics. Finally, the 

features are fed into the softmax classifier. With the combination of CNN and multi-GRU layers, the model fully takes 

contextual information into consideration. Besides, for reducing the time of model tuning, we use training data to 

initialize filters which is used in convolutional layer. 

The main contributions of the paper are as follows:  

1 In order to make full use of the contextual information in the sentence, we propose a new model which combines 

CNN with multi-layers GRU. 

2 As compared to existing NN-based text classification method, our model reduces the time of parameter tuning in 

convolutional layer. 

3 The experimental results show that our model outperforms the state-of-the-art methods on three commonly used 

datasets and a medical dataset. 

The remainder of this paper is organized as follows. Section 2 introduces GRU and gives a short literature review on 

text classification. Section 3 describes our work of initializing filters and the proposed model IF-CGNN in details. In 

Section 4, we evaluate and analyze the proposed model through experiments on open datasets, which provide 

experimental settings, performance indicators and results. At last in Section 5, we make a conclusion for the whole text 

and future work. 

2 Gated recurrent unit and Related Work 

2.1  Gated recurrent unit 

RNNs are a kind of feedforward neural networks which have a recurrent hidden state and the hidden state is activated by 

the previous states at a certain time. Therefore, RNNs can model the contextual information dynamically and can handle 

the variable length sequences. GRU is a kind of RNNs architecture and has become the mainstream structure of RNNs at 

present[31]. GRU addresses the problem of vanishing gradient by using a gating mechanism which tracks the state of 

sequences without using separate memory cells. There are two types of gates in GRU: the reset gate 𝑟𝑡  and the update gate 

𝑧𝑡. They control how information is updated to the state together. A GRU unit consists of the four components and it is as 

illustrated in Fig. 1.  

 

Fig. 1. Gated recurrent unit 

The mathematical form of GRU shown in Fig. 1 is given below. The hidden state ℎ𝑡 given input 𝑥𝑡  is computed as 

follows: 

𝑟𝑡 = 𝜎(𝑊𝑟𝑥𝑟 + 𝑈𝑟ℎ𝑡−1 + 𝑏𝑟)                            (1) 

𝑧𝑡 = 𝜎(𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1 + 𝑏𝑧)                           (2) 

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊ℎ𝑥𝑡 + 𝑟𝑡 ⊗ (𝑈ℎℎ𝑡−1) + 𝑏ℎ)                      (3) 
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ℎ𝑡 = (1 − 𝑧𝑡) ⊗ ℎ𝑡−1 + 𝑧𝑡 ⊗ ℎ̃𝑡                        (4) 

where, 𝑧𝑡  is the update gate. r𝑡 is the reset gate. h𝑡−1 is the previous state. ℎ̃𝑡  is the candidate state at time t. 𝑥𝑡 is the 

sequence vector at time t. σ(. ) and tanh (. ) is sigmoid and hyperbolic tangent function respectively. b𝑧 , 𝑏ℎ, 𝑏𝑟is a bias 

term respectively. The operator ⊗ denotes element-wise multiplication. 

2.2 Related work 

In recent years, neural networks have been used to text classification and the breadth of applications for CNN has 

expanded rapidly. In order to further improve the performance of CNN to handle the variable-length sequential 

information, many researchers have proposed many methods to improve CNN. In order to capture the relation between 

words, Kalchbrenner[12] proposes a novel CNN model with a dynamic k-max pooling. Johnson [8] add word order to 

CNN, demonstrating the state-of-art effectiveness. Johnson[13] find that shallow-level CNNs are more accurate and faster 

than the most advanced deep networks. Zhang[30] offers an empirical exploration on the use of character-level 

convolutional networks (ConvNets) for text classification. It takes a sequence of encoded characters as input and doesn’t 

consider of language of text. However, convolutional operation used in these CNNs is regional, whose filters is random 

initialization. After repeated training of the convolutional neural network, the parameters of the filter are determined. It is 

known that inappropriate parameter setting will greatly limit the performance of CNN. The results caused by the weight of 

random initialization will greatly reduce accuracy.  

RNNs can extremely calculate and maintain context information by utilizing sequence structure and maintaining such 

information through the middle layer, which makes it have special advantages in processing sequence data. Based on this, 

[Liu][14] used the multitask learning framework to jointly learn across multiple related tasks. He proposed three different 

mechanisms of sharing information to model text with task-specific and shared layers based on recurrent neural network. 

What’s more, Yang [15] proposed hierarchical attention model which incorporates attention mechanism into hierarchical 

GRU model so that the model can better capture the important information of a document. Wang [16] incorporated 

position-invariance into RNN by limiting the distance of information flow in RNN, named as disconnected recurrent 

neural network. However, when the sequence of input is too long, the model tends to gradient explosion. In view of this 

problem, some researchers try to combine RNN with CNN. Lai [17] applied a recurrent structure to capture contextual 

information and employed a max-pooling layer that automatically judges which words play key roles in text 

classification to capture the key components in text. Zhou [18] uses convolution operation to extract a sequence of 

higher-level phrase representations, and then feed the sequence to LSTM for text classification.  

It can be seen that much research has been done in the basic structure of CNN and RNN to enhance its performance 

and CNN has also achieved outstanding results in text classification. These methods are the basis of IF-CGNN and 

therefore they are elaborated. 

3 Our Work 

Convolutional neural network is good at extracting features quickly. However, convolutional operation used in CNN is 

regional and convolutional neural network is greatly affected by parameter adjustment. These problems affect the text 

classification accuracy of CNN. In order to improve the performance of text classification, this paper attempts to design 

the novel architecture which helps to address the drawbacks mentioned above by initializing filters and combining CNN 

with GRU. The proposed architecture is named GRU based convolutional neural network with initialized filters 

(IF-CGNN).  

3.1 Initializing Filters 

Learning from that the embedding layers could be initialized by pre-trained word vectors, we consider that filters in CNNs 

could be initialized as well. The process of convolutional operation is the inner product result of filters and data from 

different windows. In natural language processing, convolutional operation can be understood as a process in which a 

sliding window continuously captures semantic features in finite length sentences. The result of each capture can be equal 
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to the feature of extracting n-grams at a time. Inspired of this, we replace the process with the n-grams feature to initialize 

the filters. The whole implementation is shown in Algorithm 1: 

 

Algorithm 1 Initializing filters 

Input: a sentence set S 

Output: initialized filters w̃ 

1: build a set 𝑁𝑦 , 𝐿𝑦, 𝑊𝑦 for each class y, which are initialized to be empty 

2: for each sentence s in S, obtain n-grams from s and then, add n-grams to N𝑦 , where y is the label of s  

3: for each class y, calculate r in 𝑁𝑦 by (5) 

4: based on r select the first 20% n-grams in 𝑁𝑦 and then, add it to 𝐿𝑦 

5: conduct K-means function on 𝐿𝑦 for each class y, add centroids to 𝑊𝑦 

6: obtain �̃� = ⋃ 𝑊𝑦𝑦  

 

First, we extract the n-grams from training data and judge the importance of each n-gram by weighting technique in 

each class y. the weight r calculation formula is as following:  

                                r = log
(𝑝𝑡+𝑏)/||𝑝||1

(𝑞𝑡+𝑏)/||𝑞||1
                              (5) 

where, where 𝑝𝑡 is the number of texts that contain n-gram t in one class, ||𝑝||1 is the number of texts in one 

class, 𝑞𝑡  is the number of texts that contain n-gram t  in other classes, ||𝑞||1 is the number of texts in other classes, b 

is a smoothing parameter. 

Then, n-grams of the top 20% is selected according to the weight r in each class y. After that, k-means clustering 

method is used to cluster the selected n-grams.  

The cluster centroid vectors obtained after clustering feeds to the center of filters. The rest position of filters is 

random initialization. Therefore, the initialized filters are obtained. Once an important feature is found during the 

training process, the weight of the feature is increased, thereby simplifying the method of random initialization. 

After this process, semantic features are encoded into the filters. 

3.2 IF-CGNN 

The structure of our model IF-CGNN is shown in the Fig.2. The model consists of word embedding, convolutional Layer, 

k-max pooling Layer, multi-layers GRU and a softmax classifier. 

 

Fig. 2. The structure of proposed model: IF-CGNN. 
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Word embedding 

Traditional word representations, such as one-hot vectors, face the two main problems: losing word order and oversize of 

dimensionality. Compared to one-hot representations of word embedding, distributed representations of word embedding 

is more suitable and more powerful. Assume that a text has N words, 𝑤𝑟𝑛  with n ∈ [1, N] represents the vector of the 

nth words in the text. Given a text with words wr𝑛, IF-CGNN embeds the words to vectors through an embedding matrix 

𝑊𝑒. The 𝑥𝑛 is the vector representation of wr𝑛, which is formulated by Eq. (6) 

𝑥𝑛 = 𝑊𝑒𝑤𝑟𝑛                                    (6) 

Convolutional layer  

In IF-CGNN, the convolutional layer is used to capture the sequence information with initialized filters and reduce the 

dimensions of the input data. The convolutional operation in the convolutional layer is conducted. In the convolutional 

layer, 100 filters with windows size of 3 move on the textual representation to extract the features. As the filter moves on, 

many sequences, which capture the syntactic and semantic features, are generated. The illustration of the convolutional 

layer is shown as Fig. 3. When the sequence of “the weather is not bad” do the operation with initialized filters, the filters 

find “not bad” is important feature, the weight of “not bad” increases. 

 

Fig. 3. The convolutional operation in IF-CGNN. 

The convolutional layer, which is between k filters �̃� and a word embedding vector 𝑥𝑛, is used to obtain the features 

for the window of words in the corresponding feature sequences. In our model, the number of k is 100. A feature c is 

generated from a window of words 𝑥ℎ by  

𝑐 = 𝑓(�̃� ⋅ 𝑥ℎ + 𝑏)                                                                    (7) 

where �̃� is the weights of initialized filter, b is a bias term. f(.) represent the nonlinear activation function of the 

convolutional operation, rectified linear units (ReLU). In IF-CGNN, ReLU is used as the nonlinear activation function 

because it can improve the learning dynamics of the networks and significantly reduce the number of iterations required 

for convergence in deep networks. 

As filters do convolutional operation from top to bottom in text, we can obtain a feature map 𝑐 = [𝑐1, 𝑐2, ⋯ , 𝑐𝑛−ℎ+1]. 

k-max pooling layer 

In natural language processing, pooling layer can convert a variable-length tensor into a fixed length. The pooling layer 

obtains more important information by subsampling. Average pooling layer and max-pooling layer are two types of 

pooling layers. In order to keep the order of features, the k-max pooling layer is applied in the network after the 

convolutional layer. It selects the subsequence 𝑝𝑚𝑎𝑥
𝑘 of the k highest values of p, where k is a value and 𝑝 is feature map 

(𝑝 > 𝑘) in IF-CGNN. The k-max pooling operation makes it possible to pool the k most active features in 𝑝 that may be 

a number of positions apart. it preserves the order of the features, but is insensitive to their specific positions. This 

guarantees that the input to the next layers is independent of the length of the input sentence. By adjusting k values, the 

more important map in each feature sequences are extracted, generating a maximum pooling sampling result matrix. 

Multi-layers GRU 

Text classification is the processing of sequential information. However, the feature sequences obtained in a parallel way 

from the k-max pooling layer do not fully use sequence information. GRU is specialized for sequential modelling and can 

extract the contextual information from the feature sequences. The original GRU is comprised of a single hidden GRU 

layer followed by a standard feedforward output layer. Multi-layers GRU where each layer contains multiple memory 

ICONIP2019 Proceedings 79

Volume 15, No. 2 Australian Journal of Intelligent Information Processing Systems



cells makes the model deeper, more accurately earning the description. The illustration of the multi-layers GRU is shown 

as Fig. 4. 

 

Fig. 4. Multi-layers GRU in IF-CGNN. 

The effect of multi-layers GRU is to build the text-level word vector representation. Hence, GRU can improve 

classification efficiency. GRU obtains the annotations of words by summarizing information for words, and the 

annotations incorporate the contextual information. 𝐺𝑅𝑈⃗⃗⃗⃗⃗⃗ ⃗⃗  ⃗ reads the feature sequences from 𝑐1 to 𝑐100 in one layer. The 

outputs of multi-layers GRU are stated as follows: 

ℎ⃗ = {𝐺𝑅𝑈⃗⃗⃗⃗⃗⃗ ⃗⃗  ⃗(𝑐𝑝)}𝑛 , 𝑝 ∈ (1,100)                           (8) 

Where, n is the number of layers, an annotation for a given feature sequence 𝑐𝑝 is obtained by the hidden state ℎ⃗ . This 

state summarizes the information of the entire text centered around 𝑐𝑝. In this way, the context representations are 

obtained for text classification.  

In IF-CGNN, the dropout layer and the softmax layer are used to generate the conditional probabilities over the class 

space to achieve classification. Dropout has a probability to be temporarily removed from the network during the process 

of training, thus dropout layer can avoid overfitting. 

The cross entropy is a commonly used loss function to evaluate the classification performance of the models. It is often 

better than the classification error rate or the mean square error. In our approach, Adam optimizer [27] is chosen to 

optimize the loss function of the network. The model parameters are finetuned by Adam optimizer which has been shown 

as an effective and efficient backpropagation algorithm. The cross entropy as the loss function can reduce the risk of a 

gradient disappearance during the process of stochastic gradient descent. The loss function can be denoted as follows in 

Eq. (9) 

L = −
1

𝑛
∑ [𝑦 log 𝑜 + (1 − 𝑦) log(1 − 𝑜)]𝑡𝑠                    (9) 

where n is the number of training samples, 𝑡𝑠 represents the training sample, y is the label of the sample, o is the output of 

the model. 

4 Experiment 

Experiments are conducted to evaluate the performance of the proposed approach for text classification on various 

benchmarking datasets. In this section, the experimental setup and baseline methods followed by the discussion of results 

are described. 

4.1 Experimental Setup 

All the experiments are tested with the computer with configuration described as follows: 

OS system: Ubuntu 14.04 LTS; GPU Memory:16GB; Python: 3.5.2; Tensorflow:1.7.0.  

Datasets 

Our model is evaluated on text classification task (including three general text classification and a clinical text 

classification) using the following datasets. Statistics of these datasets are demonstrated in Table 1. 
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MR: Movie review sentence polarity dataset is about movie reviews and it contains positive snippets and negative 

snippets extracted from Rotten Tomatoes web site pages. The classification involves positive reviews and negative 

reviews [24].  

Subj: The subjectivity dataset consists of subjective reviews and objective plot summaries. The task of subjectivity 

dataset is to classify the text as being subjective or objective [25].  

CR: This dataset is a customer reviews dataset about various products (cameras, MP3setc). Task is to predict positive 

reviews and negative reviews [26].  

TCM: Traditional Chinese medicine clinical records from Classified Medical Records of Distinguished Physicians 

Continued Two (Er Xu Ming Yt Lei An in Chinese, ISBN 7-5381-2372-5). The datasets involves five categories (Internal 

Medicine, Surgery, Gynaecology, Ear-Nose-Throat & Stomatology and Paediatrics)[28]. 

Table 1. Dataset statistics. 

Dataset Dataset size Vocabulary size 

MR 10662 18765 

CR 3775 5340 

Subj 10000 21323 

TCM 7037 69530 

 

Experimental Parameters 

Our experiments use accuracy as the evaluation metric to measure the overall classification performance. Publicly 

available word vectors trained on the 100 billion words from Google News are used as pre-trained word embeddings. The 

vectors have dimensionality of 300 and were trained using the continuous bag-of-words architecture. Word not present in 

the set of pre-trained words are initialized randomly. The number of filters of length 3 is set to be 100 in the convolutional 

layer. The memory dimension of GRU is set to be 64. The training batch size for all datasets is set as 50. The dropout rate 

is 0.5. A backpropagation algorithm with Adam stochastic optimization method is used to train the network through time 

with the learning rate of 0.001. After each training epoch, the network is tested on validation data. The log-likelihood of 

validation data is computed for convergence detection. 

4.2 Baseline methods 

This paper benchmarks the following baseline methods for text classification, they are effective methods and have 

achieved some good results in text classification: 

CNN: Convolutional neural network with pre-trained word embedding vector from word2vec. It is a classical 

convolutional neural network in text classification which is proposed by Kim [4]. 

LSTM: Long Short Term Memory. It is a classical recurrent neural network[29]. 

IFCNN: The model uses the n-grams to initializing the filter, then apply this filter to the shallow convolutional neural 

network. The method is improved on the basis of CNN by Kim [23]. 

NBSVM: SVM variant using naive Bayes log-count ratios as feature values proposed by Wang and Manning [22]. It is 

a traditional machine learning method. 

PV: The method is about an unsupervised method that learns fixed-length feature representations from variable-length 

pieces of texts [21]. 

Combined-skip: The method through an encoder-decoder model tries to reconstruct the surrounding sentences of an 

encoded passage [20]. 

CNN-Rule: The method applies declarative first-order logic rules to the convolution neural network [19]. 

The comparisons of our method against the six baselines are demonstrated in Table 2. 
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Table 2. The classification accuracy of proposed method against other models on three datasets (%). 

Methods CR MR Subj 

CNN (Kim, 2014) 84.3 81.5 93.4 

IFCNN (Li, 2017) 86.0 82.1 93.7 

CNN-Rule (Hu et al., 2016) 81.7 85.3 - 

NBSVM(Wang et al., 2012) 81.8 79.4 93.2 

PV(Le et al., 2014) 78.1 74.8 90.5 

Combine-skip(Kiros et al., 2015) - 76.5 93.6 

LSTM 80.0 80.1 91.3 

IF-CGNN 92.1 82.7 94.5 

 

4.3 Results 

The comparison results for datasets (MR, CR and Subj) are presented in Table 2. The experimental results are evaluated 

by the classification accuracy. The best results are shown in boldface. From Table 2, IF-CGNN achieves better results 

than other methods on the majority of the benchmark datasets. Among the seven approaches mentioned above, our 

approach outperforms other baselines on all datasets except MR. The results of IF-CGNN are 92.1%, 82.7%, 94.5% for 

CR, MR, Subj. IF- CGNN gives the relative improvements of 6.1% compared to IF- CGNN on CR dataset, respectively.  

Firstly, compared with three baselines (CNN, IF-CNN, LSTM), it is observed that the accuracy of our proposed model 

IF-CGNN increases significantly. The reason is that we fully combine the advantages of CNN and RNN. With passing the 

important features extracted by CNN through the sequence structure, we take the contextual information of text into 

consideration. In addition, we use the centroid vectors of the n-grams cluster to initialize the filters. This method allows 

the text to derive important features directly from the training data, reducing the impact of random initialization.  

Secondly, compared with the method CNN-Rule that considers the structure of the word in the text and takes the 

contextual information into account. The experimental results show that our model IF- CGNN is superior to it in the CR 

dataset, but CNN-Rule gets the best on the MR data set. It is fully proved that the contextual information of the sentence 

has a great influence on the classification performance.  

Finally, comparing the unsupervised text classification method PV, our method is supervised. A comparison of the 

three data sets reveals that our methods are all superior to PV, thus confirming the widespread view that supervised 

machine learning algorithms are generally superior to unsupervised machine learning algorithms. 

4.4 Results on medical datasets 

 

Fig. 5. classification accuracy of different method on TCM dataset (%). 

From Fig.5. we know that the results of TCM dataset are 72.5%, 71.4%, 70.7% ,62.6% for IF-CGNN, LSTM, IFCNN, 

CNN. Compared with two classical neural networks and one recent model, it is observed that the accuracy of our proposed 

model IF-CGNN increases significantly. Therefore, we can know that this method can be used in the medical field. 
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4.5 Further analysis 

  

Fig. 6. Different filter size for text classification. 

 

Fig. 7. (a) Left: different n-grams for text classification. (b) right: layers of multi-layers GRU for text classification. 

The Fig.6 shows that the classification accuracy difference between different filter sizes (3, 4, 5) is less than 1% on 

three datasets (MR, CR, Subj). However, for general convolutional neural networks, different filter sizes have a large 

impact on the classification results. Compare with the general convolutional neural networks, it shows that the model 

with initialized filters is less affected by filter sizes adjustment. Thus, we can know that our model is less affected by 

parameter tuning of convolutional layer. 

From Fig.7 (a) comparison on different n in n-grams for text classification, we find that the performance of text 

classification is best in MR, CR, Subj datasets when n=3, but the accuracy in n=2, n=4 and n=3 are basically equal. It 

shows that the different n values in n-grams have little effect on the classification, and the n values in the n-grams are 

freely selectable during text pre-training. 

In the Fig.7 (b), we find that the accuracy of text classification is best when the number of GRU layers is 3. At the 

beginning, with the increase of the number of GRU layers, the classification accuracy of the model increases, but when 

the number of GRU layers exceeds 3, the classification accuracy decreases as the number of layers increases. This result 

shows that the number of layers of the GRU has a great influence on the model. Although the information of network 

learning is deeper as the number of layers increases, when the number of layers is too large, the result of classification will 

be reduced.   

5 Conclusion and Future Work 

In this paper, we propose a new model IF- CGNN, which combines the advantages of CNNs and RNNs.  The model 

consists of convolutional layer, k-max pooling layer, multi-layers GRU and a softmax classifier. With inputting the 

important features to GRU of sequence structure, the model can make full use of contextual information in the sentence. 

Besides, the model uses the initialized filters in order to reduce the time caused by the parameter tuning in convolutional 

layer. During the process of initializing filters, we cluster the important features with K-means and use the centroid 

vectors of clusters to initialize the filters. After that, semantic features are encoded into filters. In experiments, we 
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evaluate our model on three sentiment datasets and one medical dataset. The experimental results show that our model 

significantly and consistently outperforms state-of-the-art feature-based methods and neural networks-based models. 

In the future, we will do the following work: our model use the standard convolutional structure. It can be replaced with 

tree-structured convolutions or other variants of convolutions.  

 

Acknowledgments 

This work is supported by the National Key Research and Development Program of China (No.2017YFE0117500) 

and Science and Technology Committee of Shanghai Municipality (No. 16010500400). 

 

References 

1. Sebastiani, Fabrizio. “Machine learning in automated text categorization.” ACM Comput. Surv. 34 (2002): 1-47. 

2. Aggarwal, Charu C. and ChengXiang Zhai. “A Survey of Text Clustering Algorithms.” Mining Text Data (2012). 

3. Wang, Sida I. and Christopher D. Manning. “Baselines and Bigrams: Simple, Good Sentiment and Topic Classification.” ACL 

(2012). 

4. Wallach, Hanna M.. “Topic modeling: beyond bag-of-words.” ICML (2006). 

5. Collobert, Ronan et al. “Natural Language Processing (almost) from Scratch.” Journal of Machine Learning Research 12 (2011): 

2493-2537. 

6. Hinton, Geoffrey E. et al. “Improving neural networks by preventing co-adaptation of feature detectors.” CoRR abs/1207.0580 

(2012): n. pag.  

7. Kim, Yoon. “Convolutional Neural Networks for Sentence Classification.” EMNLP (2014).  

8. Johnson, Rie and Tong Zhang. “Effective Use of Word Order for Text Categorization with Convolutional Neural Networks.” 

HLT-NAACL (2015). 

9. Zhang, Yingjie et al. “MGNC-CNN: A Simple Approach to Exploiting Multiple Word Embeddings for Sentence Classification.” 

HLT-NAACL (2016). 

10. Schuster, Mike and Kuldip K. Paliwal. “Bidirectional recurrent neural networks.” IEEE Trans. Signal Processing 45 (1997): 

2673-2681. 

11. Chung, Junyoung et al. “Empirical Evaluation of Gated Recurrent Neural Networks on Sequence Modeling.” CoRR 

abs/1412.3555 (2014): n. pag. 

12. Kalchbrenner, Nal, E. Grefenstette, and P. Blunsom. "A Convolutional Neural Network for Modelling Sentences." Eprint Arxiv 

1(2014). 

13. Johnson, Rie and Tong Zhang. “Deep Pyramid Convolutional Neural Networks for Text Categorization.” ACL (2017). 

14. Liu, Pengfei et al. “Recurrent Neural Network for Text Classification with Multi-Task Learning.” IJCAI (2016). 

15. Yang, Zichao et al. “Hierarchical Attention Networks for Document Classification.” HLT-NAACL (2016). 

16. Wang, Baoxin. “Disconnected Recurrent Neural Networks for Text Categorization.” ACL 2018 (2018). 

17. Lai, Siwei et al. “Recurrent Convolutional Neural Networks for Text Classification.” AAAI (2015) 

18. Zhou, Chunting et al. “A C-LSTM Neural Network for Text Classification.” CoRR abs/1511.08630 (2015): n. pag. 

19. Hu, Zhiting et al. “Harnessing Deep Neural Networks with Logic Rules.” CoRRabs/1603.06318 (2016): n. pag.  

20. Kiros, Ryan et al. “Skip-Thought Vectors.” NIPS (2015). 

21. Le, Quoc V. and Tomas Mikolov. “Distributed Representations of Sentences and Documents.” ICML (2014). 

22. Wang, Sida I. and Christopher D. Manning. “Baselines and Bigrams: Simple, Good Sentiment and Topic Classification.” ACL 

(2012).  

23. Li, Shen et al. “Initializing Convolutional Filters with Semantic Features for Text Classification.” EMNLP (2017). 

24. Pang, Bo and Lillian Lee. “Seeing Stars: Exploiting Class Relationships for Sentiment Categorization with Respect to Rating 

Scales.” ACL (2005). 

84 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 2



25. Pang, L. Lee. “A sentimental education:Sentiment analysis using subjectivity summarization based on minimum cuts.”ACL 

(2004) 

26. Hu, B. Liu. Mining and Summarizing Customer Reviews. ACM SIGKDD (2004). 

27. D.P. Kingma, J. Ba, Adam: A method for stochastic optimization, in: Proceedings of the 3rd International Conference for Learning 

Representations, Springer Verlag, San Diego, CA, United states, 2015, pp. 1–15 

28. Yao, Liang et al. “Traditional Chinese medicine clinical records classification using knowledge-powered document embedding.” 

2016 IEEE International Conference on Bioinformatics and Biomedicine (BIBM) (2016): 1926-1928. 

29. S. Hochreiter, J. Schmidhuber, Long short-term memory, Neural Comput. 9 (8) (1997) 1735–1780. 

30. Zhang, Xiang et al. “Character-level Convolutional Networks for Text Classification.” NIPS (2015). 

31. J. Chung, Ç. Gülçehre, K. Cho, and Y. Bengio, “Empirical evaluation of gated recurrent neural networks on sequence modeling,” 

CoRR, vol. abs/1412.3555, 2014. [Online]. Available: http://arxiv.org/abs/ 1412.3555 

 

ICONIP2019 Proceedings 85

Volume 15, No. 2 Australian Journal of Intelligent Information Processing Systems



UA-DRN: Unbiased Aggregation of Deep Neural Networks for
Regression Ensemble ?

Jiawei Li1, Yiming Li2, Jiacheng Yang1,3, Taian Guo1, and Shu-Tao Xia1,3

1 Tsinghua Shenzhen International Graduate School, Tsinghua University, China
2 Tsinghua-Berkeley Shenzhen Institute, Tsinghua University, China

3 PCL Research Centerof Networks and Communications, Shenzhen, China
li-jw15@mails.tsinghua.edu.cn, xiast@sz.tsinghua.edu.cn

Abstract. Current research has managed to train multiple Deep Neural Networks (DNNs) in affordable com-
puting time. Then, finding a practical method to aggregate these DNNs becomes a fundamental problem. To
address this, we present an unbiased combination scheme to guide the aggregation of the diverse DNNs models,
by leveraging the Negative Correlation Learning (NCL) and the James-Stein’s Estimator (JSE). The proposed
framework, called the Unbiased Aggregation of Deep Regression Network (UA-DRN), contributes both in the
training phase and the deploy phase. To fast diversify every individual DNNs, we improve the NCL technique
with a cyclic annealing learning rate strategy, instead of training them from scratch. In addition, we adopt the
JSE for model aggregation at the test time. Specifically, the James-Stein’s Estimator (JSE) is non-iteration
and can make an unbiased estimate of regression ensemble, especially the input data corrupted by noise. We
evaluate the proposed UA-DRN framework on several regression tasks and the image denoising benchmarks.
The extensive experiments demonstrate that UA-DRN can consistently improve the regression performance in
term of different quantitative metrics.

Keywords: Deep Neural Networks · Regression Ensemble · Negative Correlation Learning · James-Stein’s
Unbiased Estimator.

1 Introduction

The ensemble of Deep Neural Networks (DNNs) ?? can achieve a significant performance [16] on various machine
learning and computer vision tasks, such as the image classification [18], image denoising [3], crowd counting [33]
and the person re-identification [21]. The most common ensemble strategy on DNNs is the bagging approach [4,
34], which repeatedly trains many DNNs models from scratch and simply averages their outputs at the test stage.
However, training many DNNs is a cumbersome work, which largely limits its practical application.

To improve the ensemble strategy for deep models, recently, the Snapshot Ensemble (SE) [11]proposes to quickly
obtain several local optima CNNs models in one round of training. It is significantly faster than the training time
of the bagging strategy [4]. On the other hand, the curves connecting properties in the landscapes of the CNNs
local optima has been explored [5] for better aggregation. The Fast Geometric Ensembling (FGE) [8] and the
Stochastic Weight Averaging (SWA) [13] strategies try to aggregate different local optima models. They use a one-
bend polygonal chain function or the Bezier curve to be the pathways. All of these methods have managed to train
multiple deep models in affordable computing time. Technically, they design different procedures for the training
and aggregating phases individually.

In this paper, we further consider the diversity among individual DNNs, which is known to be one key point for
better ensemble performance [16]. To date, some studies try to improve the accuracy of bagging CNNs by diversifying
every CNN models. The Diversity Encouraging Ensemble (DEE) [30] method proposes to set different dropout [26]
rates in different training cycles. By this way, it can diversify the model architecture and enhance the diversity of
obtained deep models to some extent. Another study [23] regards diversity as a form of inverse regularization and
using the Negative Correlation Learning (NCL) [19] algorithm for training. They apply some constraints for the

? This work is supported in part by the National Key Research and Development Program of China under Grant
2018YFB1800204, the National Natural Science Foundation of China under Grant 61771273, the RD Program of Shenzhen
under Grant JCYJ20180508152204044, and the research fund of PCL Future Regional Network Facilities for Large-scale
Experiments and Applications (PCL2018KP001). We also gratefully acknowledge the support of NVIDIA Corporation
with the donation of Titan X GPUs for this research.

?? In this paper, we discuss two kinds of DNNs: the Multilayer Perceptron (MLPs) and Convolutional Neural Networks
(CNNs).
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DNNs loss function and use the Monte-Carlo sampling to perturb the data in the feature space. The NCL approach
contributes to bridging the degree of diversity and ensemble performance in an explicit formulation.

Another critical issue for bagging DNNs lies in the accuracy of the ensemble output. When current proposed
ensemble methods [4, 11] usually take the simple averaging as the aggregation operation, they can not ensure the
unbiased property of the final estimation. Some recent approaches [17, 25] are proposed to make a more accurate
aggregation, but they adopt an EM-based optimization, which needs many iterations to converge the DNNs. Another
research [3] try to make an optimal combination of DNNs for the image denoising problem. The optimal weighting
parameters of this approach is from Stein’s Unbiased Risk Estimator (SURE) [2], which also requires a repeated
training of DNNs. Considering the high training cost, we propose an iteration-free aggregation approach, by using
the James-Steins Estimator (JSE) [6, 14]. The JSE is close related to the SURE. Both of them can make an unbiased
estimation of regression ensemble, but JSE makes better use of the prior assumption of the noise distribution.

Specifically, we embed the efficient cyclic annealing training (CAT) [17] method to the NCL to fast train the
diverse DNNs. Except considering the ensemble training, we also leverage the JSE method to make an unbiased
ensemble output. We name the proposed framework with The Unbiased Aggregation of Deep Regression Network
(UA-DRN). Figure 1 illustrated the high-level view. It is worthwhile to highlight several key contributions:

– The proposed UA-DRN treats the diversity of individual DNNs as an explicit regularization term. Thus we can
obtain a highly diversified ensemble, by setting the regularization parameter.

– When the deep models usually have high computing cost, the UA-DRN utilize a cyclic annealing learning
rate for training. Besides, the James-Steins’ Estimator makes a non-iteration aggregation. These two designs
significantly speed up the training and deploy phases.

Unbiased

Aggregation

With

James 

Stein’s

Estimator

Input

Data

Regression

Output

Cycle Annealing Training DNNs

Define

Diversity 

Loss

With

Negative 

Correlation 

Learning

UA-DRN Framework

Fig. 1. The Unbiased Aggregation of Deep Regression Network (UA-DRN).

2 Model Diversity

How to define and understand the model diversity is still a holy grail problem in the machine learning research.
Although the measurement of model diversity is unsolved yet, the motivation of generating diverse individual learners
is well-accepted [34]. In this paper, we encourage diversity by defining the ensemble loss with the Negative Correlation
Learning (NCL). In this section, we will describe the diversity-related topics, such as the error decomposition and
the NCL for the training of DNNs.

2.1 Diversity and Error Decomposition

There are two popular formulations for the error decomposition of the ensemble models in the machine learning
research [34]. They are the bias-variance decomposition and the error-ambiguity decomposition. In the bias-variance
decomposition, the variance term directly reflects the model diversity. When the variance of the ensemble error is
high, we say the diversity among these individual models is high.
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The error-ambiguity decomposition is different from the bias-variance decomposition. Specifically, the ambiguity
of the individual model fm is defined as ambi(fm|x) = (fm(x)−F (x))2. Then, the ambiguity of the ensemble model

F is: ambi(F |x) =
∑M
m=1 wm·ambi(fm|x) =

∑M
m=1 wm(fm(x)− F (x))2.

If we adopt the mean squared error to measure the regression performance, we can have a standard error
function of individual models and the ensemble model. They are defined with error(fm|x) = (fm(x) − y)2 and
error(F |x) = (F (x) − y)2, where the (x, y) is the dataset of a regression problem, in which x is the input feature
and y is the output value. Then we can have the plug-in expression of ambiguity, which is:

ambi(F |x) =
M∑
m=1

wm·error(fm|x)− error(F |x) = error(f |x)− error(F |x), (1)

Intuitively, we can say that the ambiguity measures the disagreement among all the individual models.

2.2 Diversity and NCL

As a training method, the Negative Correlation Learning (NCL) [19] is closely related to the error-ambiguity
decomposition. Rewrite formulation (1) we can find the ensemble error is:

(F (x)− y)2 =
1

M

M∑
m=1

(fm(x)− y)2 − 1

M

M∑
m=1

(fm(x)− F (x))2, (2)

The first term pushes the output of individual models to the direction of the regression target value y, which makes
the model more accurate for the input feature x. The second term pushes the individual models away from the
ensemble output, which encouraging the diversity.

Due to the explicit representation on the model diversity, NCL method propose to treat the diversity term as a
regularization and train the neural networks with the following loss function:

Lλ(F, x, y) =
1

M

M∑
m=1

(fm(x)− y)2 − λ· 1

M

M∑
m=1

(fm(x)− F (x))2, (3)

Recently, an important observation [23] of the NCL method is found by plugging in the diversity term of the
equation 2 to the equation 3. Then it will be:

Lλ(F, x, y) = (1− λ)· 1

M

M∑
m=1

(fm(x)− y)2 + λ·(F (x)− y)2, (4)

From this new formulation, we can have a better observation on the trade-off between the individual accuracy and
the ensemble accuracy, which is controlled by the diversity weighting parameter λ.

3 Unbiased Aggregation for Regression

3.1 SURE and JSE

The image denoising is a typical regression problem. Due to the reference image (clean image) is often not available,
we usually use the Stein’s Unbiased Risk Estimator (SURE) to calculate the expected mean square error (MSE)
between denoised image and its reference image [29].

In a recent study [23], the Monte-Carlo based SURE [2] is used for approximate the degree of freedom and
then calculate the diversity of DNNs models. However, the approximation of Monte-Carlo usually relays on more
training iterations of the DNNs, which is not applicable for current deep models. To improve this, in this paper, we
do not use the Monte-Carlo method to perturbs the data feature for the unbiased estimation. Instead, due to the
shrinkage effect of JSE, we only need to make one-time unbiased estimation at the test time.
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3.2 James-Stein’s Estimator

In a traditional ensemble procedure among DNNs [4], it is common to aggregate all the individual outputs with
simple averaging. Specifically, assume we need to aggregate n many DNNs to generate an output with total T entry
values. The quantity of interest is every true mean µi of every entry i, (i = 1, ..., T ). The simple averaging method
estimates this true means with the sample mean ȳi, which is obtained from n DNNs:

µ̂AVGi = ȳi =
1

n

n∑
j=1

yij , (5)

where yij(j = 1, ..., n) is the i-th predicted value of the j-th DNNs.
James-Stein’s Estimator (JSE) [14] is proposed to be a shrinkage estimator of the simple averaging, which

estimates the true mean of each entry i with:

µ̂JSi = f + (1− γ)+ · (ȳi − f), (6)

where f = 1
T

∑T
i=1ȳi is the global mean, the shrinkage factor is defined with γ = (T − 3)(

∑T
i=1

n
δ2
i

(ȳi − f)2)−1, δ2i
is the variance on entry i, and (1− γ)+ = max(0, 1− γ).

Assume all the outputs of n DNNs on each entry i follows the independent and identically distributed (iid)
Gaussian distribution, such as yij∼N (µi, δ

2
i ). The sample averaging can be regarded as a maximum likelihood

estimation [27]. When shrinking the sample means ȳi towards the global mean f . JSE is proved [7] to be a maximum
posterior estimation with one more i.i.d. assumption µi∼N (f,A), where A is the variance of the prior and can be
computed from the data. When the number of entry is more than two (i.e., T ≥ 3), JSE is usually better than the
simple averaging in terms of MSE [14].

Empirically, the output of DNNs is high bias and low variance [34]. Therefore it is an ideal model for the
bagging strategy and the simple averaging operation. In addition, when the output and the noise follow Gaussian
distribution, JSE is also an alternative aggregation method for the ensemble of DNNs.
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Fig. 2. A calculating example of the simple averaging (AVG) and the JSE.

ICONIP2019 Proceedings 89

Volume 15, No. 2 Australian Journal of Intelligent Information Processing Systems



Unbiased Aggregation of Deep Regression Network (UA-DRN) 5

To make a better introduction, we give a calculating example in Figure 2. If we want to predictor a 4x4 matrix
µ from 4 outputs, we can alternatively aggregate them with the simple averaging or James Stein’s Estimator. To
compare the effect of the two ways, we can set µ = [1, 2, 3, 4; 5, 6, 7, 8; 8, 7, 6, 5; 4, 3, 2, 1] and generate 4 matrix by
adding a Gaussian noise N (0, 1) on every entries. Then the JSE will achieve a lower expectation of MSE than the
simple averaging.

4 Unbiased Aggregation of Deep Regression Network

In this section, we will analyze and describe the proposed UA-DRN framework. At first, We will introduce the
Cyclic Annealing Training (CAT) method. Then we show the combination of the CAT and the NCL from the loss
function and the optimization.

4.1 Cyclic Annealing Training

The model architectures of the state-of-the-art CNNs such as ResNet [10] and DenseNet [12] usually have millions
of parameters. A study [15] demonstrated that the more model parameters, the more possible local minima could be
visited in the training process. As the corresponding CNNs models of those local minima make different mistakes,
the ensemble can reduce the error rates significantly. The state-of-art ensemble strategy Snapshot Ensemble (SE)
[11] adopts a cycle annealing training schedule to generate many local minima models.

The Cyclic Annealing Training (CAT) method [20] will generate many local optima CNNs models from a single
training process. Specifically, it abruptly raises the learning rate α and then quickly decreases it with a cosine
function as shown below:

α(t) =
α0

2
(cos(

πmod(t− 1, dT/Ce)
dT/Ce

) + 1), (7)

where t is current epoch number, T is the total epoch number, α0 is the initial learning rate, and the total training
epochs are divided to equal C cycles.

4.2 CAT and NCL in UA-DRN

The time cost of the CAT procedure is identical to the time required for training a single DNNs, no matter how
large the ensemble size. This advantage is a significant improvement on the practicability of bagging CNNs. To
further improve the diversity of the obtained local minima of deep models, the UA-DRN embeds CAT to train
DNNs with the diversity-encouraging loss function from NCL.

Assume we have an ensemble F = {fm}Mm=1 with the individual model fm chosen from the homogenous DNNs
architecture Fm, which has the parameters θm. Then, each training sample (xn, yn) will be optimized using the
SGD on the loss function of equation 3. For each iteration, the parameter of current model will be updated as:

θm ← θm − αt ·
∂fm
∂θm

· ((fm(xn)− yn)− λ · (fm(xn)− F (xn))), (8)

where the definition of learning rate αt is in the equation 7.
To accelerate the convergence, we can update the learning rate at every iteration rather than at each epoch

[20]. Therefore, when the step size of annealing is every iteration, it is convenient to obtain more local optima deep
models for the ensemble.

4.3 UA-DRN

In this section, we give a detailed description of the proposed Unbiased Aggregation of Deep Regression Network
(UA-DRN) ensemble method.

Algorithm 1 UA-DRN ensemble method

1: Set the ensemble: We choose an individual model from the model zoo (which
includes many different DNNs architectures) and set the model size value M .

2: Train the ensemble: Train the DNNs models with the method described in section
4.2 and we may obtain more than M different local optimal models.

3: Deploy the ensemble: At the test time, we choose M models and make the
unbiased aggregation with the JSE method.
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Theoretically, the proposed UA-DRN method is a plug-in estimator for the Bayes unbiased estimator of the
mean value, which makes the output guaranteed accurate. Empirically, to measure the regression performance
of the proposed UA-DRN framework, we make extensive experiments on several regression tasks and the image
denoising benchmarks.

5 Experiments

In this section, we compare the proposed UA-DRN framework with other recent ensemble approaches, such as the
MC [4] and the SE [11] methods. We also show the diversity analysis, when the diversity parameter λ is different.

5.1 Datasets

We conduct the experiments on several regression and image denoising benchmarks. For the regression tasks, we
use three different UCL regression datasets. The Boston Housing dataset has 506 samples and 13 features; The
Ailerons dataset has 13750 samples and 40 features; and the Wisconsin dataset has 198 samples and 34 features.

For the image denoising, 400 natural images are used to be a training dataset, Set12 and BSD68 are two test
dataset. The Set12 dataset is a collection of widely used 12 images, e.g., Lena, Monarch, and so on. The BSD68
[24] is a dataset which contains 68 natural images from the Berkeley segmentation dataset. The DLD [1] dataset is
a rendering Monte Carlo denoising dataset. It contains 25 pairs of noisy rendering and references rendered images.
All the scenes are from the Disney animation, such as the Finding Dory and Car 3. We also extend the proposed
method on the NYUMR medical image denoising dataset [9].

5.2 Setup and metrics

We design a 5-layer MLPs (with 28-14-14-14-1 neurons for different layers) for the regression experiments. Two
state-of-art image denoising CNNs architectures (DnCNN [31] and FFDNet [32]) are used for the image denoising
tasks. Based on these DNNs models, different ensemble strategies, such as the Multi-Column (MC) ensemble, the
Snapshot Ensemble (SE), and the proposed UA-DRN ensemble, are compared.

To evaluate the performance of regression, we adopt the MSE, PSNR as the quantitative metrics. The PSNR is
defined as 10·log10( 1

MSE ) if the pixel values are normalized in 0 to 1. We run all of the experiments with Scikit-Learn
[22], and Matconvnet [28].

5.3 Regression Analysis

When the diversity parameter is fixed to λ = 0.5, we conduct the regression experiments for three times, and the
average MSE performance is shown in Table 1. Specifically, to collect 20 MLPs models, in the MC method, we train
MLPs from scratch for 20 times. For the SE and the proposed UA-DRN, we set the CAT parameters C = 5 and
reinitialize the learning rate for 4 times.

Table 1. The MSE values among different ensemble strategy with λ = 0.5.

Ensemble Models Ensemble Strategy Housing Ailerons Wisconsin

20×MLPs
Multi-Column (MC) 85.96 5.81×10−8 1982.11

Snapshot Ensemble (SE) 87.66 7.93×10−8 2217.68

UA-DRN Ensemble 82.48 3.25×10−8 1820.32

To further explore the influence of the regularizing diversity parameter λ in the UA-DRN framework. For three
different regression datasets, we conduct the experiments with the same 20 MLPs. The regression performance
is shown in Figure 4, from which we find that encouraging diversity (big λ value) does make a better regression
ensemble.
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Fig. 3. The MSE error value of UA-DRN with λ ranges from 0.1 to 0.9.

5.4 Image Denoising Experiments

Since the aggregation method has an essential influence on leveraging the model diversity to decrease the general-
ization error, we compare the effect of simple averaging and the JSE, with the training procedure unchanged.

The DnCNN and FFDNet are two state-of-art CNNs architectures for image denoising. We train 50 CNNs
models to make the image denoising task. Table 2 shows the denoising results with the additive Gaussian noise
on Set12 and BSD68. We can find the denoising result of JSE is consistently better than the traditional simple
averaging aggregation method. According to the derivation in section 3.2, we can say that these estimated values
are unbiased, and the improvement is from the shrinkage effects of the JSE.

Table 2. Average PSNR(dB) of different aggregation methods.

Ensemble Aggregate Noise: µ=2, σ=25 µ=0, σ=25
Models Method Set12 BSD68 DLD Set12 BSD68 NYUMR

1×DnCNN No 28.553 28.072 27.031 30.436 29.228 29.767

50×DnCNNs
AVG 28.581 28.086 27.053 30.483 29.301 30.213

JSE 28.645 28.154 27.097 30.503 29.342 30.247

1×FFDNet No 28.559 28.078 27.037 30.443 29.187 29.821

50×FFDNet
AVG 28.582 28.096 27.058 30.482 29.273 29.971

JSE 28.639 28.156 27.102 30.498 29.304 30.014

6 Conclusion

In this paper, we proposed a novel ensemble framework for the unbiased regression with two techniques: the NCL and
the JSE. Using the NCL technique, we can train DNNs by explicitly encouraging the diversity of individual DNNs
models. The JSE method is proposed to be the aggregation method. Theoretically, if the noise follows a Gaussian
distribution, the JSE is a plug-in version for the Bayes unbias estimator of the mean value. The adopted NCL and
JSE are compatible with the existing efficient training methods, such as the CAT method. Our experiments show
that the proposed UA-DRN ensemble is effective and applicable.
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Abstract. The use of deep learning techniques to solve problems in the art world has become a challenge for research-

ers. This paper uses deep learning technology to study and analyze the generation of ancient Chinese poetry as an art 

form. The results of early methods have the following problems: the poems are not clear, the sentences are inconsistent, 

and the readability is not smooth. This paper proposes a method incorporating image features to automatically generate 

ancient Chinese poems. First, ResNet and long short-term memory are used to obtain the Chinese description from the 

given image feature. Then, the keywords from the Chinese description are extracted from the sentence containing the 

creative intent and combined into the keyword sequence and the pregeneration sequence. Finally, these sequences are 

used to constrain the length and duration of the memory network to generate ancient Chinese poetry. The proposed 

method is evaluated using a manual evaluation method. The poetry generated by our proposed method achieves good 

coherency, fluency, and meaning, resulting in a high average score, which indicates that our method is effective. Thus, 

the task of generating ancient Chinese poetry is accomplished. 

Keywords: Deep Learning, Poem Generation, Multimodel. 

1 Introduction 

The creation of Chinese poetry is not simple, and this task is even more difficult for machines than it is for people. 

Although machines have some innate advantages over people (e.g., machines have powerful computing ability that can 

be applied to the many languages that exist worldwide), true poetry has soul and conveys the poet's thoughts and wishes. 

In addition, the automatic creation of machine poetry is very weak in terms of the control of the theme, i.e., it is difficult 

to generate a poem around a unified theme [1]. 

The self-action poetry method was proposed by He et al. [2] based on statistical machine translation (SMT). This 

method of poetry generation first selects phrases related to keywords from the database under a given definition of key-

words and combines these phrases to generate the first sentence of the poem. The second sentence is generated by means 

of machine translation, as are the third and fourth sentences. The generated poems are all translated from previous poems. 

Subsequently, many methods of generating poetry based on recurrent neural networks were proposed. Among them, the 

most popular one is based on the generation method of the recurrent neural network language model (RNNLM) [3]. In 

addition, the recurrent neural network-based poem generator (RNNPG) is also famous [4]. In RNNLM, the whole poem 

is first regarded as a complete sequence, and then the neural network language model is used for parameter training and 

generation. After all, because the RNNLM is designed for generalization, it is very suitable for the processing of long 

context information [5]. 

Although the traditional method of poetry generation has achieved certain results, this method still has many problems: 

(1) With the generation of poetry, the meaning of verses gradually deviates from the keyword framework [1]; only 

the first sentence reflects the intended meaning, while the other sentences may be meaningless and unrecognizable. 

(2) Due to the limitations of the method, only certain keywords can be provided to generate verses, and the process 

of a human writing poetry cannot be realistically simulated. 

(3) Some sentences lack coherent transitions, and the expression of the latter sentence may contradict the expression 

of the previous sentence. 

In short, the traditional method of poetry generation raises many questions worth considering and provides a compa-

rable object for our proposed generation method, CharNIC. 

2 Methods 

2.1 Overview 

This paper, in view of the existing problems of the traditional method, proposes a new method called CharNIC, which 

generates poetry based on image features. CharNIC uses the structure of deep neural networks combined with image 

features to generate poetry. The greatest advantages of the proposed method over the traditional method are the use of 
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image-to-Chinese description modules, the use of pregeneration methods for feature information, the use of regular pre-

generation templates, and the use of keyword sequences. Due to the influence of the experimental training set, our method 

can be divided into three parts: the image-to-Chinese description module, the keyword sequence and pregeneration se-

quence generation module, and the poetry generation module. The whole process is shown in Fig. 1. 
Image

NIC Chinese discription

Key word sequence
Pre-training sequence

Cycle 
processing

CharRNN LSTM

Chinese poem：

花下坐吹箫，
Sitting under the flowers and playing

夜半不见家。
Not at home in the middle of the night

美人一顾尊，
Looking back at the beauty face

清风吹上葩。
The breeze is blowing flowers

The sky is pale and 
the white dew is 
frost. The so-

called Iraqi people 
are on the water 

side.

 

Fig. 1. An illustration of CharNIC. 

2.2 The Image-to-Chinese Description Module 

In the image-to-Chinese description module, this article uses pretrained ResNet to extract the feature vector of the image. 

 𝑥′ = 𝑊𝑅[𝑅𝑒𝑠𝑁𝑒𝑡(𝐼)]                                                      (1) 

𝑅𝑒𝑠𝑁𝑒𝑡(𝐼) is a 2048-dimensional image feature vector, 𝑊𝑅  is the weight coefficient of the fully connected layer, and 

𝑥′is a 256-dimensional feature vector over a fully connected network. The Chinese description of the image is also mapped 

to a vector of the same dimension. 

 𝑥𝑡 = 𝑊𝐸𝑉ｄ𝑡    𝑡 ∈ (1, … , 𝑁)                                                          (2) 

𝑊𝐸  is the embedding layer weight coefficient, 𝑉ｄ𝑡  is the 𝑡-th word in the Chinese description, the sentence consists of 

𝑁 words, and 𝑥𝑡 is a 256-dimensional semantic feature vector. 

After obtaining the feature vector 𝑋 = {𝑥0 = 𝑥′, 𝑥1, 𝑥2, … , 𝑥𝑡 , … , 𝑥𝑁} of the image and the sentence with the Chinese 

description, we use the long short-term memory (LSTM) network to obtain the dependencies between them. 

 𝑦𝑡 = 𝐿𝑆𝑇𝑀𝜃(𝑥𝑡 , ℎ𝑡 , 𝑐𝑡)   𝑡 ∈ (0, … , 𝑁)                                                      (3) 

𝐿𝑆𝑇𝑀𝜃(𝑥𝑡 , ℎ𝑡 , 𝑐𝑡) indicates that LSTM is used to obtain the hidden state relationship between 𝑋, and 𝜃 indicates the 

training parameters of LSTM. When 𝑡 = 0, 𝑥0 = 𝑥′ and ℎ0 represents the initial hidden state of the network, while 𝑐0 

indicates the initial memory unit status of the network. 𝑦𝑡  is the probability distribution of the resulting prediction. 

𝑙𝑜𝑠𝑠(𝑦𝑡 , 𝑥𝑡+1) = − log (
exp(𝑥𝑡+1)

∑ exp(𝑦𝑡)𝑁
0

) 

                                                                                          = −𝑥𝑡+1 + log(∑ exp(𝑦𝑡)𝑁
0 )                                                        (4) 

We use cross-entropy loss to update the LSTM parameters. The process shown in Fig. 2. 𝑥𝑡+1 is “</EOS>”. 
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Fig. 2. An illustration of the image-to-Chinese description module. 

2.3 The Keyword Sequence and Pregeneration Sequence Generation Module 

The steps of synthesizing the keyword sequence are shown in Fig. 3: 

(1) First, we delete the Chinese characters that have not appeared in the poetry dataset. 

(2) Then, keyword extraction based on the TextRank algorithm [6, 7] and keyword selection based on the term 

frequency inverse document frequency (TF-IDF) algorithm are performed, and only noun keywords are filtered 

this time. 

(3) Finally, the keywords extracted by the two algorithms are serialized into a sequence, and the repeated word 

selection and the stop word removal are performed on the sequence to obtain the keyword sequence required by 

the subsequent steps. The stop word list used in this experiment was compiled by the Colleges and Universities 

in Yunnan Minority Language Information Processing Research Center. This list mainly includes vocabulary 

words such as "了", "着", and "在", modal particles such as "呢", "啊", and "呐" and Chinese characters that are 

not commonly used. 

The synthesis process of the pregeneration sequence is complicated. This article uses two methods of generating a 

pregeneration sequence: 

(1) The first method is simple. It is a way of generating loops. The process is as follows. First, we use the TextRank 

algorithm to extract the noun and verb keywords. Next, we use the TF-IDF algorithm to select keywords for the 

nouns and verbs. Then, the keywords extracted by the two algorithms are spliced according to part of speech, i.e., 

the noun extracted by the TextRank algorithm is combined with the noun extracted by the TF-IDF algorithm, and 

the verb extracted by the TextRank algorithm is combined with the verb extracted by the TF-IDF algorithm. In 

this way, we obtain a noun sequence and a verb sequence. Finally, if the noun sequence is in front, the verb 

sequence is spliced together in the same order, and several cycles are performed. Clearly, the final pregeneration 

sequence must match the length of the verse. The specific process is shown in Fig. 4.  
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Fig. 3. Keyword sequence extraction. 

 

Fig. 4. Cycle generation method of the pre-generation sequence. 
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(2) The second method is much more complicated than the first method. However, the first step of the second 

method, i.e., the beginning of the synthesis of the noun sequence and the verb sequence, is the same as the first 

step of the previously described method. The subsequent steps are not the same. Instead, we arrange and combine 

the obtained noun and verb sequences according to the poetry structures of five-character and seven-character 

poems. The specific arrangement and combination law are shown in Fig. 5. After all, in ancient Chinese literature, 

every Chinese character is a word. 

 

Fig. 5. Regular cycle generation template for pregeneration sequence. 

2.4 The Chinese Poetry Generation Module 

In the generation module of the defined sequence, we generate the keyword sequence 𝑐𝑘 and the pregeneration sequence 

𝑐𝑚 as needed. Then, we use these sequences to generate poetry. The generation process is as follows: 

 𝑥𝑡′
′ = 𝑊𝐸

′𝑉
𝑝𝑡′

  𝑡′ ∈ (1, … , 𝑀)                                         (5) 

𝑊𝐸 ′ is the embedding layer weight coefficient, 𝑉𝑝𝑡′ is the 𝑡′-th word in the Chinese description, the sentence consists 

of  𝑀 words, and 𝑥𝑡′
′  is the 128-dimensional semantic feature vector. 

              𝑦𝑡′
′ = 𝐿𝑆𝑇𝑀𝜑(𝑥𝑡′

′ , ℎ𝑡′
′ , 𝑐𝑡′

′ )     𝑡′ ∈ (0, … , 𝑀)            (6) 

𝐿𝑆𝑇𝑀𝜑(𝑥𝑡′
′ , ℎ𝑡′

′ , 𝑐𝑡′
′ ) indicates that LSTM is used to obtain the hidden state relationship between 𝑥𝑡′

′  and ℎ𝑡′
′ , and 𝜑 

and represents the training parameters for poetry generation with LSTM. When generating a poem with a pregeneration 

sequence, 𝑥0
′  is provided by the pregeneration sequence, and ℎ0

′  and 𝑐0
′  are the hidden layer state and memory unit state 

after the network is pregenerated; when both the pregeneration sequence and the keyword sequence are used, 𝑥𝑡′
′  required 

for the text at the beginning of the verse is provided by the keyword sequence. The training method of the LSTM model 

5-char poem：

Noun noun verb noun noun.

Noun noun verb verb verb.
Verb verb verb noun noun,
Noun noun verb noun noun.

7-char poem：

Noun noun noun noun verb noun noun,
Noun noun verb verb noun noun verb.
Noun noun verb noun noun verb verb,
Noun noun verb verb verb noun noun.
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that generates poetry still uses the cross-entropy function. The process of pregeneration is shown in Fig. 6. As shown in 

Fig. 7, we use keyword sequences to focus the poem-generating process. 

Hidden state

花
flower

人
beauty

下
under

吹
play

Hidden state

...
...

... 花
flower

下
under

坐
sit

坐
sit

 

Fig. 6. An illustration of pregeneration processing. 

 

花下坐吹箫
Sitting under the flowers and playing

夜半不见家
Not at home in the middle of the night

美人一顾尊
Looking back at the beauty face

清风吹上葩
The breeze is blowing flowersy

花
flower

夜
night

人
beauty

风
breeze

Key words sequence：
花；

flower,

夜；
night,

人；
beauty,

风。
breeze.

 

Fig. 7. Poetry generation under keyword sequence constraints. 
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3 Experiments 

3.1 Dataset 

The dataset used for image description is usually MS COCO, but this dataset uses the English corpus and does not meet 

the requirements of the Chinese task. Therefore, in this article, we will use the dataset [8] of the "Image Chinese Descrip-

tion" task used in the AI Challenger competition held from September to December 2017 to implement a neural network 

that can be described. Each picture given in these dataset will have five Chinese descriptions. Compared with the English 

datasets common to similar scientific research tasks, Chinese descriptions are usually more flexible in syntax and lexicon. 

The dataset contains 210,000 pictures and 1.05 million sentences in Chinese. Of course, in these descriptions, the length 

of each sentence description is different and thus requires preprocessing 

(1) First, the Chinese description data must be segmented. Unlike English words, Chinese words are not distin-

guished by spaces. In Chinese sentences, there are no obvious boundaries between words. If the Chinese corpus 

is not processed and the word-based data is directly processed, the effect of the experiment will be greatly re-

duced. Therefore, we need to complete the task of Chinese word segmentation. 

(2) Filtering low-frequency words is relatively simple. Filtering refers to counting the number of occurrences of 

each word and then deleting words with frequencies that are too low. 

(3) It is necessary to pad sentences of different lengths to the same length during training. 

The poetry data used are from more than 50,000 Tang poems collected by Chinese poetry enthusiasts on GitHub [9]. 

We first deal with the data in the simplified Chinese context  and then truncate or complete the data of each poem so that 

they have the same length and can be processed to the same length. 

3.2 Training 

In the image-to-Chinese description module, we use cross-entropy loss as our error function. We used the Adam optimi-

zation algorithm to optimize our error function during training. We use a learning rate of 1e−3. After we finish training, 

we use this module to convert the picture to a Chinese text description. To avoid falling into a local optimum, this article 

uses the dynamic method of beam search. 

In the poetry generation module, because of the classification problem, we can use the cross-entropy loss as the error 

function. However, in the language model, we usually use a relatively new indicator to evaluate the result. This indicator 

is called perplexity, and it can be simplified as an exponent for cross entropy; the range is [1, +∞], and the smaller the 

value, the better. The model optimization algorithm uses the Adam optimization algorithm, and the learning rate is 1e−3. 

We continually input the text in the dataset into the network and circulate recursively so that the LSTM network we want 

to use is well converged and ready to generate the poetry we want. 

3.3 Evaluation 

Evaluation Metrics. It is not easy to accurately evaluate a work of art, especially when evaluating traditional poetry; 

furthermore, mathematical tools cannot be easily used to evaluate art. Many studies have shown that evaluation indicators 

applied to image annotation, such as BLEU [10] and METERO [11], cannot effectively evaluate the quality of poetry 

automatically generated by a machine [12]. Therefore, this article refers to the manual evaluation method used by Baidu 

in 2016 [1]. The specific standards are shown in Table 1. 

Table 1. Evaluation standards of human judgement [1]. 

Dimension Explanation 

Coherency Is the poem coherent across lines? 

Fluency Does the poem read smoothly and fluently? 

Meaning Does the poem have a certain meaning and artistic 

conception? 
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(Source: 2016 COLIN Conference Papers (Chinese Poetry Generation with Planning-based Neural Network) [1]) 

Specifically, 20 generated poems are selected following the standards and evaluated in terms of coherency, fluency, 

and meaning. The indicators for each dimension are manually evaluated by five people, and an integer score of 1 to 5 

points is given. Then, the scores of the five people are averaged to obtain the scores of each poem in each dimension, and 

finally, the scores of the 20 poems are averaged to obtain the dimension score of the generation method. The calculation 

process is as shown in equation (7): 

 𝑠�̅� =
1

𝑛
∑

∑ 𝑠𝑖𝑚
𝑚
1

𝑚

𝑛
1                                                                              (7) 

𝑛 represents the number of poems that need to be evaluated. According to the Baidu paper, the default value is 20. 𝑚 

stands for the number of people who participate in the scoring. According to the regulations, the default value is 5. 𝑖 
represents the dimension indicator that needs to be scored, 𝑠𝑖𝑚 represents the score of each person in each indicator di-

mension as an integer from 1 to 5. 𝑠�̅� represents the final score of the generation method in the indicator dimension. 

In this paper, to further evaluate the quality of poetry generated by CharNIC in the implementation with image feature 

poetry generation, a new evaluation method is used after referring to the above performance evaluation criteria. The 

method also uses manual evaluation to evaluate the quality of the generated poems. Poetry is generated in a pair: a poem 

is generated by one of the combined image features (without five-character poems and seven-character poems) and is 

compared to an original historical poem. These poems are shared with five people. If the identified difference is correct, 

one point is obtained. If no difference is detected, then 0 points are obtained. The result requires an average, denoting the 

degree of acceptance of the machine-generated poetry. If the scores are worse than this average, it means that the quality 

of the machine-generated poetry is high, i.e., we cannot determine the "author" of the poetry. A total of 20 pairs of poems 

for comparison were used in this paper. Table 2 shows this evaluation index. 

Table 2. Evaluation standards of a pair of ancient poems. 

correct judgment incorrect judgment 

1 0 

Results. As shown in Fig. 8, in the naming scheme, there are three parameter variables, N, M, and L. N represents the 

number of layers of the LSTM in our generated module (either 1 layer or 2 layers); M represents the method with which 

the LSTM generates poetry (1: keyword sequences and pregeneration sequences are used to generate poems; or 2: only 

pregeneration sequences are used to generate poems); and L represents the way in which pregeneration sequences are 

generated (c: cycle, the pregeneration sequence is "loop-generated" by the combination of the noun sequence and the verb 

sequence; or rc: regular cycle, the pregeneration sequence is a combination of the noun sequence and the verb sequence 

using a certain regularity and then "looping"). For example, Char1NIC2-c means that the generation module uses a single 

layer of LSTM, using only the pregeneration sequence to generate our poems, and the pregeneration sequence is "loop-

generated" by the combination of noun sequences and verb sequences; for Char2NIC1-rc, the generation module uses 

two layers of LSTM, using keyword sequences and pregeneration sequences to generate our poems, and the pregeneration 

sequence is a combination of noun sequences and verb sequences using a certain pattern, "circular generation". To facil-

itate the discussion of the experimental results, this naming scheme is used to distinguish the methods used. 

 

Fig. 8. Naming rules. 

This paper uses three traditional methods to compare the generation methods of our generated poetry. In addition, the 

proposed CharNIC generation method is also compared and discussed according to the number of layers of LSTM, the 

method of pregeneration sequence selection, and the way in which LSTM generates poetry. Each value in the table is the 

result of scoring 20 poems generated by 5 individuals according to the evaluation standards. 

From the statistical analysis and collation of the scoring results, the results of the assessment are shown in Table 3. In 

Table 3, SMT, RNNLM, and RNNPG in the first column represent an automatic poetry generation method based on 

Char N NIC M - L
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statistical machine translation, a generation method based on a cyclic neural network language model, and an ancient 

poetry generator based on a cyclic neural network. Char1NIC-1c is a cyclic neural network generation method that uses 

keyword sequences generated by image features and "loop-generated" pregenerated sequences, while Char1NIC-2c is a 

cyclic neural network generation method in which we use only pregenerated sequences generated by image features. For 

Char2NIC-1c, the poetry generation network uses two layers of LSTM and uses keyword sequences and "loop generation" 

pregeneration sequences. Char1NIC-1rc uses regular "loop generation" to generate pregeneration sequences, unlike 

Char1NIC-1c. Each column of the table evaluates the quality of the five-character poems and seven-character poems of 

each generation method in terms of coherency, fluency, and meaning. At the end of Table 3, the evaluation values of the 

three indicators were averaged. The results in Table 3 suggest the following conclusions: 

Table 3. Human evaluation results. 

Method 
Coherency Fluency Meaning Average 

5-char 7-char 5-char 7-char 5-char 7-char 5-char 7-char 

SMT 3.46 3.63 3.63 3.72 3.60 3.56 3.56 3.64 

RNNLM 3.73 3.75 3.81 3.82 3.68 3.76 3.74 3.78 

RNNPG 3.90 3.86 4.06 4.02 3.94 3.92 3.97 3.93 

Char1NIC-1c 3.81 3.77 3.81 3.90 3.80 3.77 3.81 3.81 

Char1NIC-2c 3.77 3.78 3.80 3.91 3.79 3.79 3.79 3.83 

Char2NIC-1c 3.88 3.85 3.96 3.96 3.94 3.93 3.93 3.91 

Char2NIC-2c 3.84 3.83 3.92 3.94 3.92 3.90 3.89 3.89 

Char1NIC-1rc 3.86 3.77 4.00 3.98 3.96 3.88 3.94 3.88 

Char1NIC-2rc 3.85 3.78 3.90 3.98 3.87 3.90 3.87 3.89 

Char2NIC-1rc 3.92 3.86 4.02 4.06 4.02 3.98 3.99 3.97 

Char2NIC-2rc 3.94 3.85 4.04 4.05 3.98 3.92 3.99 3.94 

(1) The recurrent neural network generation method of the limited sequence generated by the image features we 

designed achieved good evaluation results. Although the method of RNNPG has the same performance in terms 

of the continuity of the seven-character poetry and the fluency of the five-character poetry, the generation method 

proposed in this paper is superior in the three dimensions of consistency, fluency, and meaning and in the final 

average. Compared with the results of traditional methods, Char2NIC-1rc and Char2NIC-2rc have extremely 

high evaluation values for many indicators and are among the best in the final total average, which fully demon-

strates the effectiveness of our generation method. 

(2) In our proposed generation method, there are three influencing factors: the number of layers of LSTM in the 

generation module, the generation method of the pregeneration sequence, and the way in which LSTM generates 

poetry. These influencing factors are also reflected in Table 3. First, the generation module is more likely to 

achieve good results using two layers of LSTM. In terms of various indicators, the Char2NIC series is much 

better than the Char1NIC series, which proves that the generalizability of the two-layer network is better for the 

problem studied in this paper. Then, the pregeneration sequence generated according to the regular loop can 

result in better generating effects than the pregeneration sequence generated by the normal loop. The CharNIC-

rc series results are more striking than those of the CharNIC-c series. Finally, although the experimental results 

of the keyword sequence and the pregeneration sequence are almost the same as those of the pregeneration 

sequence alone, the keyword sequence can be used to improve the result, especially in the generation of the 

seven-character poem. Due to the use of keyword training, the CharNIC1 series slightly outperformed the Char-

NIC2 series in terms of meaning. However, the CharNIC1 series had weaker coherency and fluency among the 

generated poetry, resulting in the final average evaluation of the two series being almost the same. This is also 

shown in Figs. 9 and 10. 
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Fig. 9. Results of 5-char. 

 

Fig. 10. Results of 7-char. 

(3) In the horizontal direction, the quality of the seven-character poems generated by our model is lower than the 

quality of the five-character poems, indicating that the model is better at generating five-character poems. After 

all, the connotation of seven-character poems is richer than that of five-character poem, and the model cannot 

easy grasp the actual relationships among the words. 

The results of the classification of poetry pairs using Char2NIC-2rc are shown in Table 4. The results of the classifi-

cation of poetry pairs using Char2NIC-1rc are shown in Table 5. We combine each poem generated with image features 

with an original historical poem, and there are 20 pairs of such poems. These poems are then evaluated by five people. 

Table 4. Char2NIC-2rc result of pairs of ancient poetry. 

correct judgment incorrect judgment 

0.57 0.43 

Table 5. Char2NIC-1rc result of pairs of ancient poetry. 

correct judgment incorrect judgment 

0.59 0.41 

According to the statistical results in Table 4 and Fig. 11, we can estimate that the probability of identifying the ancient 

poem generated by the Char2NIC-2rc generation method is 57%, and the probability of misidentification is 43%. Accord-

ing to Table 5 and the statistical results of Fig. 12, we can estimate that the probability of identifying the ancient poem 

generated by the Char2NIC-1rc generation method is 59%, and the probability of misidentification is 41%. The results of 

3
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the two methods did not reach the 60% pass rate, i.e., nearly half of all average people may not recognize that the author 

of the poem is a machine, which also proves that our production method of "created" poetry is similar to that of poetry 

created by real poets. This result also further demonstrates the effectiveness of our method of generating poetry in com-

bination with image features. In addition, the results show that Char2NIC-2rc produces a higher degree of ancient poetry 

misidentification than Char2NIC-1rc. It is speculated that this acceptance is closely related to the fluency of the machine-

generated ancient poems. 

Based on the above experimental results, the poetry generation methods combined with image features used in this 

paper, especially Char2NIC-1rc, a two-layer cyclic neural network using the keyword sequence and the "regular loop 

generation" pregeneration sequence, and Char2NIC-2rc, a two-layered cyclic neural network that cyclically generates a 

pregeneration sequence, obtained more effective evaluation results than the traditional method and produced poetry that 

is nearly equivalent to that of humans. This result also implies that this method can successfully execute multimodal 

processing for image conversion into ancient Chinese poetry. 

 

Fig. 11. Char2NIC-2rc result of pairs of ancient poetry. 

 

Fig. 12. Char2NIC-1rc result of pairs of ancient poetry. 

4 Conclusion and Future Work 

To better solve the problem of poetry generation in the field of natural language, this paper proposes a method of poetry 

generation combined with images. This proposed method better fulfills the task of poetry generation in the form of inte-

grated innovation. At the same time, we use the manual evaluation method to evaluate the CharNIC poetry generation 

method and compare it with the traditional generation methods SMT, RNNLM and RNNPG to show that CharNIC 

achieves excellent results in terms of consistency, fluency and meaning. The traditional method achieved certain results. 

In addition, we found through the experiments that the quality of poetry generation is greatly influenced by the number 

of layers of LSTM and the method of creating pregeneration sequences in the generation module and that the seven-

character poems are greatly influenced by the way in which LSTM generates poetry. Our method makes machine-gener-

ated poetry that more closely adheres to a theme and is more aligned with keywords, providing a good creative model for 

poetry creation and greatly reducing the creative time required by writers. The discriminant results of the poetry pairs 

also suggest that we can combine images to generate Chinese ancient poems to better carry out the task of text generation. 

Result of pairs of ancient poetry

correct judgment incorrect judgment

Result of pairs of ancient poetry

correct judgment incorrect judgment
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However, due to the limitations of working hours and experimental conditions, there are still some areas for improve-

ment, which are mainly reflected in the following: 

(1) This thesis is based on the description of image features, the generation of qualified sequences and the generation 

of poems based on defined sequences. However, certain pictures cannot be used unless they are in the corre-

sponding poetry dataset. In addition, the task of generating poetry is asymmetrical in terms of scene and expres-

sion, and so this method cannot achieve "end-to-end" realization. We hope to obtain a more suitable dataset for 

training. 

(2) In the module based on the description of image features, we can train the feature extraction network and the 

generator network and utilize model fusion in the feature extraction network. In addition, we can improve the 

training process by describing the focusing mechanism of poetry generation. 

(3) The steps involved in the word vector can be initialized with pregenerated word vectors, such as BERT and 

GPT2, so that the convergence speed can be improved. 
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