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背景
• 画像スタイル変換

– ⼊⼒︓コンテント画像とスタイル画像
– 出⼒︓スタイル画像の「スタイルで」描画

されたコンテント画像の「コンテント」
• 古くから研究されていたが近年急速に進展
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is

computed to give the content loss Lcontent (right). The total loss Ltotal is then a linear combination between the content and the style loss.

Its derivative with respect to the pixel values can be computed using error back-propagation (middle). This gradient is used to iteratively

update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
(middle, bottom).

layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then

El =
1

4N2
l M

2
l

∑

i,j

(

Gl
ij −Al

ij

)2
(4)

and the total style loss is

Lstyle(⃗a, x⃗) =
L
∑

l=0

wlEl, (5)

where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
tions in layer l can be computed analytically:

∂El

∂F l
ij

=

{

1
N2

l
M2

l

(

(F l)T
(

Gl −Al
))

ji
if F l

ij > 0

0 if F l
ij < 0 .

(6)

The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is

computed to give the content loss Lcontent (right). The total loss Ltotal is then a linear combination between the content and the style loss.

Its derivative with respect to the pixel values can be computed using error back-propagation (middle). This gradient is used to iteratively

update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
(middle, bottom).

layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then

El =
1

4N2
l M
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)2
(4)

and the total style loss is

Lstyle(⃗a, x⃗) =
L
∑

l=0

wlEl, (5)

where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
tions in layer l can be computed analytically:

∂El
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(6)

The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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Figure 5. The effect of matching the content representation in

different layers of the network. Matching the content on layer

‘conv2 2’ preserves much of the fine structure of the original pho-

tograph and the synthesised image looks as if the texture of the

painting is simply blended over the photograph (middle). When

matching the content on layer ‘conv4 2’ the texture of the paint-

ing and the content of the photograph merge together such that the

content of the photograph is displayed in the style of the painting

(bottom). Both images were generated with the same choice of pa-

rameters (α/β = 1× 10
−3). The painting that served as the style

image is shown in the bottom left corner and is named Jesuiten III

by Lyonel Feininger, 1915.

matching the content features on layer ‘conv2 2’ and in the
other on layer ‘conv4 2’ (Fig 5). When matching the con-
tent on a lower layer of the network, the algorithm matches
much of the detailed pixel information in the photograph
and the generated image appears as if the texture of the art-
work is merely blended over the photograph (Fig 5, mid-
dle). In contrast, when matching the content features on a
higher layer of the network, detailed pixel information of
the photograph is not as strongly constraint and the texture
of the artwork and the content of the photograph are prop-
erly merged. That is, the fine structure of the image, for
example the edges and colour map, is altered such that it
agrees with the style of the artwork while displaying the
content of the photograph (Fig 5, bottom).

A B

C

Figure 6. Initialisation of the gradient descent. A Initialised from

the content image. B Initialised from the style image. C Four

samples of images initialised from different white noise images.

For all images the ratio α/β was equal to 1× 10
−3

3.3. Initialisation of gradient descent

We have initialised all images shown so far with white
noise. However, one could also initialise the image synthe-
sis with either the content image or the style image. We
explored these two alternatives (Fig 6 A, B): although they
bias the final image somewhat towards the spatial structure
of the initialisation, the different initialisations do not seem
to have a strong effect on the outcome of the synthesis pro-
cedure. It should be noted that only initialising with noise
allows to generate an arbitrary number of new images (Fig 6
C). Initialising with a fixed image always deterministically
leads to the same outcome (up to stochasticity in the gradi-
ent descent procedure).

3.4. Photorealistic style transfer

Thus far the focus of this paper was on artistic style trans-
fer. In general though, the algorithm can transfer the style
between arbitrary images. As an example we transfer the
style of a photograph of New York by night onto an image
of London in daytime (Fig 7). Although photorealism is
not fully preserved, the synthesised image resembles much
of the colours and lightning of the style image and to some
extent displays an image of London by night.
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画像は[Gatys, et.al ‘16]より
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⽬的と成果
• 既存⼿法の問題点

– 画像の⽣成、もしくはネットワーク訓練に時間がかかる
• 研究の⽬的

– 任意のコンテント、スタイルに対して即座に
スタイル変換を⾏うことのできる⼿法の確⽴

• 先⾏研究
– VAEをベースとした⼿法を提案[PRMUʼ18]
– 品質はいまひとつ

• 本研究の成果
– WAEをベースとした⼿法を提案
– ⽐較的⾼品質の画像変換が可能であることを確認
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発表の概要

• 背景
– 既存画像変換⼿法
– VAE（変分オートエンコーダ）,WAE

• 提案⼿法
• 評価
• 関連研究
• おわりに

– まとめと今後の課題
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既存画像スタイル変換⼿法

• ノイズから画像を⽣成 [Gatysʼ et.al, ʻ16]
– 時間がかかる
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is

computed to give the content loss Lcontent (right). The total loss Ltotal is then a linear combination between the content and the style loss.

Its derivative with respect to the pixel values can be computed using error back-propagation (middle). This gradient is used to iteratively

update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
(middle, bottom).

layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then

El =
1

4N2
l M

2
l

∑

i,j

(

Gl
ij −Al

ij

)2
(4)

and the total style loss is

Lstyle(⃗a, x⃗) =
L
∑

l=0

wlEl, (5)

where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
tions in layer l can be computed analytically:

∂El

∂F l
ij

=

{

1
N2

l
M2

l

(

(F l)T
(

Gl −Al
))

ji
if F l

ij > 0

0 if F l
ij < 0 .

(6)

The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is

computed to give the content loss Lcontent (right). The total loss Ltotal is then a linear combination between the content and the style loss.

Its derivative with respect to the pixel values can be computed using error back-propagation (middle). This gradient is used to iteratively

update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
(middle, bottom).

layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then

El =
1

4N2
l M
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Gl
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ij

)2
(4)

and the total style loss is

Lstyle(⃗a, x⃗) =
L
∑

l=0

wlEl, (5)

where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
tions in layer l can be computed analytically:

∂El

∂F l
ij

=

{

1
N2

l
M2

l

(

(F l)T
(

Gl −Al
))
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if F l

ij > 0

0 if F l
ij < 0 .

(6)

The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is

computed to give the content loss Lcontent (right). The total loss Ltotal is then a linear combination between the content and the style loss.

Its derivative with respect to the pixel values can be computed using error back-propagation (middle). This gradient is used to iteratively

update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
(middle, bottom).

layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then

El =
1

4N2
l M
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ij −Al

ij

)2
(4)

and the total style loss is

Lstyle(⃗a, x⃗) =
L
∑

l=0

wlEl, (5)

where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
tions in layer l can be computed analytically:

∂El

∂F l
ij
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(F l)T
(
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))
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(6)

The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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既存画像スタイル変換⼿法（２）
• 変換ネットワークをトレーニング [Johnson ʻ17]

– 変換⾃体は⾼速だがトレーニングはコストがかかる
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is

computed to give the content loss Lcontent (right). The total loss Ltotal is then a linear combination between the content and the style loss.

Its derivative with respect to the pixel values can be computed using error back-propagation (middle). This gradient is used to iteratively

update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
(middle, bottom).

layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then

El =
1

4N2
l M
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i,j

(

Gl
ij −Al

ij

)2
(4)

and the total style loss is

Lstyle(⃗a, x⃗) =
L
∑

l=0

wlEl, (5)

where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
tions in layer l can be computed analytically:

∂El

∂F l
ij

=

{

1
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l
M2

l

(

(F l)T
(

Gl −Al
))

ji
if F l

ij > 0

0 if F l
ij < 0 .

(6)

The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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Figure 2. Style transfer algorithm. First content and style features are extracted and stored. The style image a⃗ is passed through the network

and its style representation Al on all layers included are computed and stored (left). The content image p⃗ is passed through the network

and the content representation P l in one layer is stored (right). Then a random white noise image x⃗ is passed through the network and its

style features Gl and content features F l are computed. On each layer included in the style representation, the element-wise mean squared

difference between Gl and Al is computed to give the style loss Lstyle (left). Also the mean squared difference between F l and P l is
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layers of the network by constructing an image that matches
the style representation of a given input image (Fig 1, style
reconstructions). This is done by using gradient descent
from a white noise image to minimise the mean-squared
distance between the entries of the Gram matrices from the
original image and the Gram matrices of the image to be
generated [10, 25].

Let a⃗ and x⃗ be the original image and the image that is
generated, and Al and Gl their respective style representa-
tion in layer l. The contribution of layer l to the total loss is
then
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where wl are weighting factors of the contribution of each
layer to the total loss (see below for specific values of wl in

our results). The derivative of El with respect to the activa-
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The gradients of El with respect to the pixel values x⃗ can
be readily computed using standard error back-propagation
(Fig 2, left).

2.3. Style transfer

To transfer the style of an artwork a⃗ onto a photograph p⃗
we synthesise a new image that simultaneously matches the
content representation of p⃗ and the style representation of a⃗
(Fig 2). Thus we jointly minimise the distance of the fea-
ture representations of a white noise image from the content
representation of the photograph in one layer and the style
representation of the painting defined on a number of layers
of the Convolutional Neural Network. The loss function we
minimise is
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update the image x⃗ until it simultaneously matches the style features of the style image a⃗ and the content features of the content image p⃗
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スタイル⾏列とは

6

ネットワーク

ネットワーク

一列にする

10本

10 ｘ１０

10チャンネル
各ベクトルの内積を
ならべて行列をつくる
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既存⼿法の問題点
• 時間がかかる

– Gatysら︓画像そのものを最適化
• コンテント、スタイルどちらを変更しても最適化を

やりなおし
– Johnsonら︓特定のスタイルにネットワークを

最適化
• 同じスタイルであれば⼀つのネットワークで⾼速に

処理できる
• 別のスタイルにするにはネットワークを訓練し直す

必要がある
à 任意のコンテント、任意のスタイルで即時変換
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Variational AutoEncoder
• 元データXから隠れ変数Zを経由して

Xʻを再現する
– エンコーダとデコーダの組を同時に訓

練する
• 古典的なAutoEncoderとの差異

– 隠れ変数Zが平均0、分散1の正規分布
に近くなるように訓練

– 隠れ変数の分布と画像の分布が対応
• 隠れ変数をサンプリングすることで

ʻ意味ʼのある画像を出⼒
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Wasserstein AutoEncoder

• VAEの亜種

• 隠れ変数zを正規分布に近づけるさいに、
KLダイバージェンス最⼩化ではなく、
Wasserstein距離最⼩化を⽤いる

• 分布全体の性質をよりよく保存する
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発表の概要

• 背景
– 既存画像変換⼿法
– VAE（変分オートエンコーダ）,WAE

• 提案⼿法
• 評価
• 関連研究
• おわりに

– まとめと今後の課題
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提案⼿法
• 隠れ変数を、スタイルとコンテントに分離

– 別の画像から得た隠れ変数を⽤いればスタイ
ル変換が実現できる
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提案ネットワーク
• スタイル隠れ変数は

スタイル⾏列から作る
– ImageNetで訓練したVGG

ネットワークを使⽤
• コンテント隠れ変数は

通常のエンコーダで作る
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スタイル変換画像⽣成時
• スタイルとコンテントを別々

に⼊⼒
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発表の概要

• 背景
– 既存画像変換⼿法
– VAE（変分オートエンコーダ） ,WAE

• 提案⼿法
• 評価
• 関連研究
• おわりに

– まとめと今後の課題
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評価

• 評価⽅法
– 画像再構成

• 基本的なエンコーダ・デコーダの性能を評価
– CelebA画像をスタイル変換

• 評価ポイント
– 訓練時に⽤いるデータセットの多様性の影響
– コンテントとスタイルの寄与⽐率による影響
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データセット

• CelebA
– 顔を中⼼にクロップ、193,800枚

• アニメ顔画像セット
– リサイズ、14,490枚

• ImageNet
– 中⼼部をクロップ、196,371枚

• スタイル画像
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実験設定
• 学習画像多様性の貢献

– CelebAのみで学習
– CelebA＋アニメ＋Imagenetで学習

• コンテント隠れ変数の数でコンテントの
寄与を調整
– 変数の数︓512,256,128,64,32
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再構成 ClebAのみで学習
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再構成
ClebA+Anime+ImageNetで学習
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再構成 ClebAのみで学習
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再構成
ClebA+Anime+ImageNetで学習
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スタイル変換、ClebAのみで学習
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スタイル変換、
ClebA+Anime+ImageNetで学習

23

コンテント

スタイル

コンテント=512

コンテント=256

コンテント=128

コンテント=64

コンテント=32



国⽴研究開発法⼈ 産業技術総合研究所 ⼈⼯知能研究センター

• 混合画像
• 隠れ変数128
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関連研究
• ホワイトニング、カラーリングによる⼿法

– [Li, et.al, NIPS ʼ17, ArXiv 182.0647]
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発表の概要

• 背景
– 既存画像変換⼿法
– VAE（変分オートエンコーダ） ,WAE

• 提案⼿法
• 評価
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おわりに
• まとめ

– WAEをベースとしたスタイル変換⼿法を提案
• 任意のスタイル、コンテントに対して即時に画像

を⽣成可能
– ⼀定の品質が得られた

• 今後の課題
– ⽣成ネットワークの表現⼒

• GANなどの利⽤
• PixelCNNなどのより強⼒なデコーダの利⽤
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