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We propose a novel multi-texture synthesis model based on generative adversarial networks (GANs) with a

user-controllable mechanism. The user control ability allows to explicitly specify the texture which should be
generated by the model. This property follows from using an encoder part which learns a latent representation
for each texture from the dataset. To ensure a dataset coverage, we use an adversarial loss function that
penalizes for incorrect reproductions of a given texture. In experiments, we show that our model can learn
descriptive texture manifolds for large datasets and from raw data such as a collection of high-resolution
photos. We show our unsupervised learning pipeline may help segmentation models. Moreover, we apply our
method to produce 3D textures and show that it outperforms existing baselines.

1 INTRODUCTION

Textures are essential and crucial perceptual elements
in computer graphics. They can be defined as im-
ages with repetitive or periodic local patterns. Texture
synthesis models based on deep neural networks have
recently drawn a great interest to a computer vision
community. Gatys et al.(Gatys et al., 2015; Gatys
et al., 2016b) proposed to use a convolutional neu-
ral network as an effective texture feature extractor.
They proposed to use a Gram matrix of hidden layers
of a pre-trained VGG network as a descriptor of a tex-

ture. Follow-up papers (Johnson et al., 2016; Ulyanov
et al., 2016) significantly speed up a synthesis of tex-
ture by substituting an expensive optimization process
in (Gatys et al., 2015; Gatys et al., 2016b) to a fast for-
ward pass of a feed-forward convolutional network.
However, these methods suffer from many problems
such as generality inefficiency (i.e., train one network
per texture) and poor diversity (i.e., synthesize visu-
ally indistinguishable textures).

Recently, Periodic Spatial GAN (PSGAN)
(Bergmann et al., 2017) and Diversified Texture Syn-
thesis (DTS) (Li et al., 2017) models were proposed

Figure 1: One can take 1) New Guinea 3264 x 4928 landscape photo, learn 2) a manifold of 2D texture embeddings for this
photo, visualize 3) texture map for the image and perform 4) texture detection for a patch using distances between learned

embeddings.

First two authors have equal contribution.
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Figure 2: Training pipeline of the proposed method.

as an attempt to partly solve these issues. PSGAN
and DTS are multi-texture synthesis models, i.e.,
they train one network for generating many textures.
However, each model has its own limitations (see
Table 1). PSGAN has incomplete dataset coverage,
and a user control mechanism is absent. Lack of
dataset coverage means that it can miss some textures
from the training dataset. The absence of a user
control does not allow to explicitly specify the texture
which should be generated by the model in PSGAN.
DTS is not scalable with respect to dataset size,
cannot be applied to learn textures from raw data and
to synthesize 3D textures. It is not scalable because
the number of parameters of the DTS model linearly
depends on the number of textures in the dataset. The
learning from raw data means that the input for the
model is a high-resolution image as in Figure 1 and
the method should extract textures in an unsupervised
way. DTS does not support such training mode
(which we call fully unsupervised) because for this
model input textures should be specified explicitly.
The shortage of generality to 3D textures in DTS
model comes from inapplicability of VGG network
to 3D images.

We propose a novel multi-texture synthesis model
which does not have limitations of PSGAN and DTS.

Table 1: Comparison of multi-texture synthesis methods.

PSGAN DTS Ours

multi-texture v v
user control v
dataset coverage v
scalability with respect v

to dataset size

ability to learn textures v’

from raw data

unsupervised texture

detection

applicability to 3D v

S N N N NEN

Our model allows for generating a user-specified tex-
ture from the training dataset. This is achieved by
using an encoder network which learns a latent repre-
sentation for each texture from the dataset. To ensure
the complete dataset coverage of our method we use
a loss function that penalizes for incorrect reproduc-
tions of a given texture. Thus, the generator is forced
to learn the ability to synthesize each texture seen dur-
ing the training phase. Our method is more scalable
with respect to dataset size compared to DTS and is
able to learn textures in a fully unsupervised way from
raw data as a collection of high-resolution photos. We
show that our model learns a descriptive texture mani-
fold in latent space. Such low dimensional representa-
tions can be applied as useful texture descriptors, for
example, for an unsupervised texture detection (see
Figure 1) or improving segmentation models. Also,
we can apply our approach to 3D texture synthesis be-
cause we use fully adversarial losses and do not utilize
VGG network descriptors.

We experimentally show that our model can learn
large datasets of textures. We check that our generator
learns all textures from the training dataset by condi-
tionally synthesizing each of them. We demonstrate
that our model can learn meaningful texture mani-
folds as opposed to PSGAN (see Figure 6). We com-
pare the efficiency of our approach and DTS in terms
of memory consumption and show that our model is
much more scalable than DTS for large datasets. We
also provide proof of concept experiments showing
that embeddings learned in an unsupervized way may
help segmentation models.

We apply our method to 3D texture-like porous
media structures which is a real-world problem from
Digital Rock Physics. Synthesis of porous structures
plays an important role (Volkhonskiy et al., 2019) be-
cause an assessment of the variability in the inherent
material properties is often experimentally not feasi-
ble. Moreover, usually it is necessary to acquire a
number of representative samples of the void-solid
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structure. We show that our method outperforms a
baseline (Mosser et al., 2017) in the porous media
synthesis which trains one network per texture.

Briefly summarize, we can highlight the following
key advantages of our model:

e user control (conditional generation),
o full dataset coverage,
e scalability with respect to dataset size,

e ability to learn descriptive texture manifolds from
raw data in a fully unsupervised way,

e applicability to 3D texture synthesis.

2 PROPOSED METHOD

We look for a multi-texture synthesis pipeline that can
generate textures in a user-controllable manner, en-
sure full dataset coverage and be scalable with respect
to dataset size. We use an encoder network Eg(x)
which allows to map textures to a latent space and
gives low dimensional representations. We use a sim-
ilar generator network Gg(z) as in PSGAN.

The generator Gg(z) takes as an input a noise ten-
sor z € R¥h=xwz which has three parts z = [z8,7/,7”].
These parts are the same as in PSGAN:

o 78 € R¥*hxwz ig 3 global part which determines
the type of texture. It consists of only one vec-
tor Z8 of size d¢ which is repeated through spatial
dimensions.

1 .
o 7/ € R¥*hxW: i5 3 local part and each element

z,ld ; is sampled from a standard normal distribu-

tion A(0, 1) independently. This part encourages
the diversity within one texture.

o 27 € R¥"*h-xw: s a periodic part and zgij =
sin(ag(z8) - i + br(z8) - j + &) where a, by are
trainable functions and &; is sampled from
U|0,27] independently. This part helps generat-
ing periodic patterns.

We see that for generating a texture it is sufficient
to put the vector Z¥ as an input to the generator Gg be-
cause 7/ is obtained independently from A((0,1) and
zP is computed from z8. It means that we can consider
7% as a latent representation of a corresponding texture
and we will train our encoder E¢(x) to recover this la-
tent vector z% for an input texture x. Further, we will
assume that the generator Gg(z) takes only the vector
78 as input and builds other parts of the noise tensor
from it. For simplicity, we denote Z8 as z.

The encoder Ey(x) takes an input texture x and
returns the distribution g (z|x) = A (ue(x), G(zp (x)) of
the global vector z (the same as z%) of the texture x.
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Then we can formulate properties of the generator
Go(z) and the encoder Eg(x) we expect in our model:

e samples Gg(z) are real textures if we sample z
from a prior p(z) (in our case it is A((0,1)).

o if zp(x) ~ gg(z|x) then Gg(z¢(x)) has the same
texture type as x.

e an aggregated distribution of the encoder E¢(x)
should be close to the prior p(z), i.e. g¢(z) =
[ q¢(z|x)p*(x)dx ~ p(z) where p*(x) is a true dis-
tribution of textures.

e samples Gy (zq) are real textures if zq is sampled
from aggregated g (z).

To ensure these properties we use three types of
adversarial losses:

e generator matching: L, for matching the distri-
bution of both samples Gg(z) and reproductions
Go(z) to the distribution of real textures p*(x).

e pair matching: L., for matching the distribu-
tion of pairs (x,x’) to the distribution of pairs
(x,Ge(zg(x))) where x and x’ are samples of the
same texture. It will ensure that Gg(z¢(x)) has the
same texture type as x.

e encoder matching: L, for matching the aggre-
gated distribution g¢(z) to the prior p(z).
We consider exact definitions of these adversar-

ial losses in Section 2.1. We demonstrate the whole
pipeline of the training procedure in Figure 2.

2.1 Generator & Encoder Objectives

Generator Matching. For matching both samples
Go(z) and reproductions Gg(ze) to real textures we
use a discriminator Dy (x) as in PSGAN which maps
an input image x to a two-dimensional tensor of spa-
tial size s x 7. Each element Dy (x) of the discrimi-
nator’s output corresponds to a local part x and esti-
mates probability that such receptive field is real ver-
sus synthesized by Gg. Then a value function V,(8,y)
of such adversarial game mein max Ve(8,y) will be the

following:
1 s, l]
0w = —Y [EplosDyx) ()
2Y)
+Ep ) log(1 —D{l{(Ge(Z)))
+ By log(1 = DY (Golzg)))|

As in (Goodfellow et al., 2014) we modify the
value function V,(8,y) for the generator Gg by sub-

stituting the term log(1 fDilf()) to flogD{‘];(~). So,
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Figure 3: The architecture of the discriminator on pairs Dz (x,y).

the adversarial loss £, is

st

Lx(e) = _l

st

[Ep(z>10gD3(Ge<z))+ 2)
iJ

+Eq¢(z> IOgD{l{(Ge (th))} — mein

Pair Matching. The goal is to match fake pairs
(x,Go(zg(x))) to real ones (x,x") where x and x’ are
samples of the same texture (in practice, we can ob-
tain real pairs by taking two different random patches
from one texture). For this purpose we use a discrim-
inator D(x,y) of special architecture which is pro-
vided in Figure 3.
We consider the following distributions:

o pi.(x,y) over real pairs (x,y) where x and y are
examples of the same texture;

® pog(x,y) over fake pairs (x,y) where x is a
real texture and y is its reproduction, i.e., y =
Go (2o (x))-

We denote the dimension of the discriminator’s
output matrix as p x ¢ and D{ (x,y) as the ij-th ele-
ment of this matrix. The value function Vy.(0,9,7)
for this adversarial game %nq,n max Vix(0,9,7) is

1 P4
xx e P, T Z[ IOgD ( )+
+Ep9.¢(x7y) IOg(l _D‘Cj(x7y)) (3)

The discriminator D tries to maximize the value
function V,,(0,9,t) while the generator Gg and the
encoder Ey minimize it.

Then the adversarial loss £y is

1 24
L (0,0) = “ ZEPeq) ’y)logD (x y)%ml(;l
“)

Encoder Matching. We need to use encoder match-
ing because otherwise if we use only one objective
L,(8,¢) for training the encoder Eg(x) then embed-
dings for textures can be very far from samples z that
come from the prior distribution p(z). It will lead

to unstable training of the generator Gg(z) because it
should generate good images both for samples from
the prior p(z) and for embeddings which come from
the encoder E.

Therefore, to regularize the encoder E, we match
the prior distribution p(z) and the aggregated encoder
distribution g¢(z) = [qo(z|x)p*(x)dx using the dis-
criminator D¢(z). It classifies samples z from p(z)
versus ones from g¢(z). The minimax game of E(x)
and Dy is defined as m(gnmé:lez((p, €), where V,(¢,0)

is
Ve(9,8) = Ejp() log D (2) Q)
+Eq¢(z) IOg(l 7D§( ))
To sample from g¢(z) we should at first sample some
texture x then sample z from the encoder distribution

by z = ue(x) + ¢ (x) €, where € ~ A((0,1). The ad-
versarial loss £,(@) is

L(9) = ~Eyy(logDe(z) > min - (6)

Final Objectives. Thus, for both the generator Gg
and the encoder E, we optimize the following objec-
tives:

o the generator Gy loss

L(8) =0 L(8) + 02 Ly (6, 0) — mein 7

e the encoder Eg loss

L(9) = P1L(¢9) + P2Lix(0,9) — m(gn ®)
=B =1

In experiments, we use o] = 0 = P

3 RELATED WORK

Deep learning methods were shown to be an efficient
parametric model for texture synthesis. Papers of
Gatys et al.(Gatys et al., 2015; Gatys et al., 2016b)
are a milestone: they proposed to use Gram matrices
of VGG intermediate layer activations as texture de-
scriptors. This approach allows for generating high-
quality images of textures (Gatys et al., 2015) by
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(¢) Our-2D model reproductions. Columns 1,4,7,10 are real
textures, others are reproductions

Figure 4: Examples of generated/reproduced textures from
PSGAN and our model.

running an expensive optimization process. Subse-
quent works (Ulyanov et al., 2016; Johnson et al.,
2016) significantly accelerate a texture synthesis by
approximating this optimization procedure by fast
feed-forward convolutional networks. Further works
improve this approach either by using optimization
techniques (Frigo et al., 2016; Gatys et al., 2016a;
Li and Wand, 2016), introducing an instance normal-
ization (Ulyanov et al., 2017; Ulyanov et al., ) or ap-
plying GANs-based models for non-stationary texture
synthesis (Zhou et al., 2018). These methods have
significant limitations such as the requirement to train
one network per texture and poor diversity of samples.
Multi-texture Synthesis Methods. DTS (Li et al.,
2017) was introduced by Li et al.as a multi-texture
synthesis model.  Spatial GAN (SGAN) model
(Jetchev et al., 2016) was introduced by Jetchev
et al.as the first method where GANs are applied to
texture synthesis. It showed good results, surpass-
ing the results of (Gatys et al., 2015). Bergmann
et al.(Bergmann et al., 2017) improved SGAN by in-
troducing Periodic Spatial GAN (PSGAN) model.
Our model is based on GANs with an encoder net-
work which allows mapping an input texture to a la-
tent embedding. We use the adversarial loss for this
purpose inspired by (Xian et al., 2018) where it is
used for image synthesis guided by sketch, color, and
texture. The benefit of such loss is that it can be eas-
ily applied to 3D textures. Previous works (Mosser
et al., 2017; Volkhonskiy et al., 2019) on synthesiz-
ing 3D porous material used GANs with 3D convolu-
tional layers inside a generator and a discriminator.

218

4 EXPERIMENTS

In experiments, we train our model on scaly, braided,
honeycomb and striped categories from Oxford De-
scribable Textures Dataset (Cimpoi et al., 2014).
These are datasets with natural textures in the wild.
We use the same fully-convolutional architecture for
Dy(x), Go(z) as in PSGAN (Bergmann et al., 2017).
We used a spectral normalization (Miyato et al., 2018)
for discriminators that significantly improved training
stability.

4.1 Inception Score for Textures

It is a common practice in natural image generation
to evaluate a model that approximates data distri-
bution p*(x) using Inception Score (Szegedy et al.,
2016). For this purpose Inception network is used
to get label distribution p(f|x). Then one calculates
IS = exp {EXNI,*@ KL (p(t|x)[|p(t)) }, where p(r) =
B, (x)P(t]x) is aggregated label distribution. The
straightforward application of Inception network does
not make sense for textures. Therefore, we train a
classifier with an architecture similar® to Dy(x) to
predict texture types for a given texture dataset. To do
that properly, we manually clean our data from dupli-
cates so that every texture example has a distinct label
and use random cropping as data augmentation. Our
trained classifier achieves 100% accuracy on a scaly
dataset. We use this classifier to evaluate Inception
Score for models trained on the same texture dataset.

4.2 Unconditional and Conditional
Generation

For models like PSGAN we are not able to obtain re-
productions, we only have access to texture genera-
tion process. One would ask for the guarantees that a
model is able to generate every texture in the dataset
from only the prior distribution. We evaluate PSGAN
and our model on a scaly dataset with 116 unique tex-
tures. After models are trained, we estimate the In-
ception Score. We observed that Inception Score dif-

Table 2: Inception Scores for conditional and unconditional
generation from PSGAN and our model. Classifier used to
compute IS achieved perfect accuracy on train data.

Model Uncond. IS Cond. IS

PSGAN-5D 73.6840.6 NA
Our-2D 73.74+0.3  103.96+0.1

*The only difference is the number of output logits
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PSGAN-5D, 1S=73.681 + 0.618

(a) PSGAN-5D samples

OURS-2D, 1S=73.734 £ 0.308

(b) Our-2D model samples

OURS-2D, 1S=103.961 + 0.142, matched : 0.98

(c¢) Our-2D model reproductions

Figure 5: Histogram of classifier predictions on 50000 gen-
erated samples from PSGAN (a) and Our model (b) and for
500 reproductions per class for our model (c). Each bin rep-
resents a separate texture class from scaly dataset.

fers with d¢ and thus picked the best d® separately
for both PSGAN and our model obtaining d® = 5
and d® = 2 respectively. Both models were trained
with Adam (Kingma and Ba, 2015) (betas=0.5,0.99)
with batch size 64 on a single GPU. Their best per-
formance was achieved in around 80k iterations. For
both models, we used spectral normalization to im-
prove training stability (Miyato et al., 2018).

Both models can generate high-quality textures
from low dimensional space. Our model additionally
can successfully generate reproductions for every tex-
ture in the dataset. Figure 5 and Table 2 summarise
the results for conditional (reproductions) and uncon-
ditional texture generation. Figure 5a indicates PS-
GAN may have missing textures, our model does not
suffer from this issue. Inception Score suggests that
conditional generation is a far better way to sample
from the model. In Figure 4 we provide samples and
texture reproductions for trained models.

4.3 Texture Manifold

Autoencoding property is a nice to have feature for
generative models. One can treat embeddings as low
dimensional data representations. As shown in sec-
tion 4.2 our model can reconstruct every texture in
the dataset. Moreover, we are able to visualize the
manifold of textures since we trained this model with
d8 =2. To compare this manifold to PSGAN, we train
a separate PSGAN model with d¢ = 2. 2D manifolds

(a) PSGAN 2D manifold

Figure 6: 2D manifold for 116 textures from scaly dataset.
Our model gives paces one texture to a distinct location.
Grid is taken over [—2.25,2.25] x [—2.25,2.25] with step
0.225.

(b) Ours 2D manifold

near prior distribution for both models can be found
in Figure 6. Our model learns visually better 2D man-
ifold and allocates similar textures nearby.

4.4 Spatial Embeddings Structure

As described in sections 4.5 and 4.3, our method can
learn descriptive texture manifold from a collection
of raw data in an unsupervised way. The obtained
texture embeddings may be useful. Consider a large
input image X, e.g.as the first in Figure 1, and the
trained G(z) and E(x) on this image. Note that at
the training stage encoder E(x) is a fully convolu-
tional network, followed by global average pooling.
Applied to X as-is, the encoder’s output would be
“average” texture embedding for the whole image X .
Replacing global average pooling by spatial average
pooling with small kernel allows E(X) to output tex-
ture embeddings for each receptive field in the input
image X. We denote such modified encoder as E(x).

Z = E(X) is a tensor with spatial texture embed-
dings for X. They smoothly change along spatial di-
mensions as visualized by reconstructing them with
generator G(Z) on the third picture in Figure 1.

One can take a reference patch P with a texture
(e.g., grass) and find similar textures in image X. This
is illustrated in the last picture in Figure 1. We picked
a patch P with grass on it and constructed a heatmap
M: M;j = exp(—ad(E(X)ij,E(P))?), where d(-,-) is
Euclidean distance and o0 = 3 in our example. We
then interpolated M to the original size of X.

This example shows that E(x) allows using
learned embeddings for other tasks that have no re-
lation to texture generation. We believe supervised
methods would benefit from adding additional fea-
tures obtained in an unsupervised way.
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Table 3: KL divergence between real, our and the baseline distributions of statistics (permeability, Euler characteristic, and
surface area) for size 1603. The standard deviation was computed using the bootstrap method with 1000 resamples.

Permeability Euler characteristic Surface area
KL(prea[ s Pour.v) KL(preal s pbaseline) KL(preal 5 pourx) KL(preal 5 Pbaseline) KL(Preal > pours) KL(Prea[ ) phaseline)
Ketton 5.06 +£0.35 4.68 +0.56 3.66 £0.73 1.86 + 0.42 1.85 + 0.62 7.73 £0.18
Berea 0.49 £ 0.07 0.50 £0.12 0.34 + 0.08 1.36 £ 0.25 0.33 £ 0.11 591 £0.54
Doddington 0.42 + 0.10 341 + 1.68 2.65 £2.29 335+ 1.13 4.83 £+ 2.06 7.92 +£0.27
Estaillades 0.80 + 0.24 341 £0.46 1.85 £ 0.29 2.05 £ 1.05 4.62 £+ 0.66 6.93 +0.39
Bentheimer 0.47 + 0.08 1.38 £ 0.49 1.24 + 0.41 3.44 £ 191 1.20 £0.73 1.25+£0.12
L i ~. -
(a) Real (b) Ours (c) Baseline

Figure 7: Merrigum House 3872 x 2592 photo and its
learned 2D texture manifold using our model.

4.5 Learning Texture Manifolds from
Raw Data and Texture Detection

The learned manifold in section 4.3 was obtained
from well prepared data and a single image in sec-
tion 4.4. Real cases usually do not have clean data
and require either expensive data preparation or un-
supervised methods. Our model can learn texture
manifolds from raw data such as a collection of high-
resolution photos. To cope with training texture man-
ifolds on raw data, we suggest to construct p*(x,x’) in
equation 3 with two crops from almost the same loca-
tion. In Figure 7 we provide a manifold learned from
House photo.

4.6 Application to 3D Synthesis

In this section, we demonstrate the applicability of our
model to the Digital Rock Physics. We trained our
model on 3D Porous Media structures’ (i.e. see Fig.
8a) of five different types: Ketton, Berea, Dodding-
ton, Estaillades and Bentheimer. Each type of rock
has an initial size 10003 binary voxels. As the base-
line, we considered Porous Media GANs (Mosser
et al., 2017), which is deep convolutional GANs with
3D convolutional layers.

For the comparison of our model with real sam-
ples and the baseline samples, we use permeability
statistics and two so-called Minkowski functionals.

TAIl samples were taken from Imperial College
database
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Figure 8: Real, synthetic (our model) and synthetic (base-
line model) Berea samples of size 150°.

We used the following experimental setup. We
trained our model on random crops of size 160 on
all types of porous structures. We also trained five
baseline models on each type separately. Then we
generated 500 synthetic samples of size 1603 of each
type using our model and the baseline model. We also
cropped 500 samples of size 1603 from the real data.
As a result, for each type of structure, we obtained
three sets of objects: real, synthetic and baseline.

The visual result of the synthesis is presented in
Fig. 8 for Berea. In the figure, there are three sam-
ples: real (i.e., cropped from the original big sample),
ours and a sample of the baseline model. Because our
model is fully convolutional, we can increase the gen-
erated sample size by expanding the spatial dimen-
sions of the latent embedding z. The network struc-
ture allows to produce larger texture sizes.Then, for
each real, synthetic and baseline objects we calculated
three statistics: permeability, Surface Area and Euler
characteristics. To measure the distance between dis-
tributions of statistics for real, our and baseline sam-
ples we approximated these distributions by discrete
ones obtained using the histogram method with 50
bins. Then for each statistic, we calculated KL diver-
gence between the distributions of the statistic of a)
real and our generated samples; b) real and baseline
generated samples.

The comparison of the KL is presented at Tab. 3
for the permeability and for Minkowski functionals.
As we can see, our model performs better accordingly
for most types of porous structures.
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S CONCLUSIONS AND FUTURE
WORK

In this paper, we proposed a novel model for multi-
texture synthesis. We showed it ensures full dataset
coverage and can detect textures on images in the un-
supervised setting. We provided a way to learn a man-
ifold of training textures even from a collection of raw
high-resolution photos. We also demonstrated that the
proposed model applies to the real-world 3D texture
synthesis problem: porous media generation. Our
model outperforms the baseline by better reproduc-
ing physical properties of real data. In future work,
we want to study the texture detection ability of our
model for improving segmentation in an unsupervised
way and seek for its new applications.
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