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A B S T R A C T

Human pose transfer, a challenging image generation task, aims to transfer a source
image from one pose to another. Existing methods often struggle to preserve details in
visible regions or predict reasonable pixels for invisible regions due to inaccurate cor-
respondences. In this paper, we design a novel multi-scale information transport gener-
ative adversarial network, composed of Information Transport (IT) blocks to establish
and refine the correspondences progressively. Specifically, we compute a transport ma-
trix to warp the source image features by integrating an optimal transport solver in our
proposed IT block, and use IT blocks to refine the correspondences in different resolu-
tions to preserve rich details of the source image features. The experimental results and
applications demonstrate the effectiveness of our proposed method. We further present
an image-specific optimization using only a single image. The code is available for
research purposes at https://github.com/Zhangjinso/OT-POSE.

1. Introduction

Human pose transfer, i.e., pose-guided person image synthe-

sis, is an active research topic in computer vision and computer

graphics. Human pose transfer aims to generate a new image

of the same person in a new pose, which has many applications

such as video generation [1, 2, 3, 4], virtual try-on [5, 6] and

person re-identification [7, 8, 9, 10].

Previous methods can be categorized into three kinds of

methods: attention-based methods, transformation-based meth-

ods and modulation-based methods. All these methods are

based on Generative Adversarial Network (GAN) to gener-

ate realistic images. The attention-based methods [11, 7, 12,

13, 14] adopt an image branch to extract information and a

pose branch to obtain pose information. Then, taking the pose

information as the guidance, they adopt an attention mech-

anism to transfer the source image features from the source

pose to the target pose. This kind of methods can generate

reasonable results but fails to generate sharp images due to

the soft association in the attention mechanism. Therefore,

many works research on transformation-based methods and

modulation-based methods. The transformation-based methods

[15, 16, 17, 18, 19, 20] adopt affine matrices or optical flow

to model the correspondences between the source image and

the target image. These methods can generate sharper images

that contain more details, but may struggle to predict reason-
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able textures for newly exposed regions that are visible in the

target image but invisible in the source image. The modulation-

based methods [6, 5, 21] transfer the style/texture information

of the source image by modulating the weight and bias of the

generated feature, which is then decoded to produce the results.

These methods adopt many blocks with modulation operations

to transfer the source image information, which helps to recover

the style for the regions invisible in the source image. However,

the style in the output image tends to lose spatial information,

leading to blurry results with little details, especially for com-

plex textures.

The aforementioned methods encounter challenges in syn-

thesizing photo-realistic images with rich details due to the

difficulty of modeling complex correspondences between the

source and target images caused by complex textures and poses,

especially for regions invisible in the source image. Good cor-

respondences should have the following two properties: 1) pre-

serving the source information as much as possible, which helps

to preserve more details from the source image; and 2) ensuring

reliable transformation, which means a point from the source

image can be transferred to the right places of the target image

for both visible and invisible regions.

In this paper, we propose a novel multi-scale information

transport GAN, which deals with human pose transfer by lever-

aging optimal transport theory. The optimal transport problem

is a fundamental problem to transform one distribution into an-

other using the minimal cost [22]. This problem can be solved

by seeking a transport matrix to distribute the mass of each

point in the source distribution to many points of the target dis-

tribution without loss of the mass. Besides, the transport matrix

is available with minimum cost [22], which means that the cor-

respondences are reliable. In this sense, to address the complex

correspondence modeling problem, the key idea of our model is

to treat this problem as a progressive optimal transport problem,

which tries to obtain the correspondences by seeking transport

matrices progressively to transform the feature of the source

image from the source pose to the target pose.

There are several works [23, 24, 25] introducing optimal

transport theory to their GANs, and all of them use the stan-

dard tool, i.e., Sinkhorn algorithm [26], to compute the cost as

the loss function at the feature level to regularize the distribu-

tion of the generated images to be close to the distribution of the

real images, and do not improve the capacity of the generator.

Instead of minimizing the distance of two distributions as a loss

function, the motivation of our work is to establish reliable cor-

respondences to transform the source feature from the source

pose to the target pose. Therefore, we need to explore how to

improve the capacity of our generator using optimal transport

theory. Besides, to achieve realistic and reasonable results, we

need to model the dense correspondences at both the feature

level and image level, and refine the correspondences progres-

sively, which has not been explored before.

In order to achieve our goal, we design a novel Information

Transport (IT) block to improve the capacity of our genera-

tor, which computes the matrix to transport the feature from

the source pose to the target pose by integrating an optimal

transport solver [26]. Besides, to model the dense correspon-

dences at both the feature level and image level, we introduce

a simple loss function to constrain the computed correspon-

dences at the image level. In order to establish more accu-

rate correspondences and retain features from the source im-

age, we adopt multi-scale IT blocks to leverage the source fea-

tures to obtain more accurate correspondences progressively

and capture more details of the source image. Our IT block al-

lows robust many-to-many correspondences between the source

and the target, while taking the manifold structure into ac-

count. Qualitative and quantitative results demonstrate the

effectiveness of our proposed model. Furthermore, differ-

ent from previous methods, there are no tunable parameters

while computing the correspondences, which indicates that

our model has better generalization capability. An image-

specific optimization method is proposed to improve the per-

formance of generalization. We also analyze our model to

show the superiority of deformation and generalization. More-

over, we perform two applications of image-based animation

and exemplar-based face image synthesis to validate the versa-
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tility of our model. The code is available for research purposes

at https://github.com/Zhangjinso/OT-POSE.

Our main contributions can be summarized as follows:

• We propose a novel multi-scale information transport

GAN to establish and refine the correspondences progres-

sively for human pose transfer.

• We design an Information Transport (IT) block to com-

pute a transport matrix by integrating the optimal trans-

port solver, which represents a many-to-many mapping to

assign the features of the source to the target. With a sim-

ple loss, the IT block can model dense correspondences at

both the feature level and image level.

• To leverage the characteristic that the correspondences

computed by our model have better generalization capa-

bility, we present an image-specific optimization using

only a single source image from other datasets, to generate

promising results with good generalization ability.

• Experimental results demonstrate the superior perfor-

mance of our method. The applications on image-

based animation and exemplar-based face image genera-

tion show the scalability of our model.

2. Related work

2.1. Generative adversarial networks (GANs)

Generative Adversarial Networks (GANs) [27] have

achieved great success in image synthesis. A GAN consists

of a generator and a discriminator. The generator tries to

synthesize realistic images to fool the discriminator, while the

discriminator tries to differentiate real images and generated

images. Benefiting from the adversarial training, GANs can

generate realistic images [28, 29, 30, 31]. For the need of

controlling the generated images, conditional GANs [32] take

the inputs as a condition, and try to generate the images that

match the condition. U-Net [33] is a common architecture of

the conditional generator due to its capability of preserving

multi-scale features. Many works [34, 35] adopt conditional

GANs to tackle the image-to-image translation tasks (e.g.,

day to night). Huang et al. [36] propose Adaptive Instance

Normalization (AdaIN) by modulating the weight and bias of

the generated images to tackle the style transfer task. Karras

et al. [28] adopt AdaIN to compose the generator to control

the style of the generated images. Karras et al. [37] improve

their work in many ways, and one of the most important

improvements is that they replace AdaIN with modulated

convolution, which improves the quality of generated images.

To edit the generated image using semantic information, Park

et al. [38] use a semantic segmentation mask as the guidance

to modulate the weight and bias of the generated image, and

achieve flexible control of the generated images. Zhu et al.

[39] adopt group convolution to compose a conditional GAN

to tackle the segmentation-to-image task.

Unlike the task of image-to-image translation, human pose

transfer is an unaligned task, in which the input is unaligned

with the target image. In this paper, we adopt the GAN frame-

work with a multi-scale setting to generate realistic images, and

design a novel block for the generator to tackle this unaligned

task progressively.

2.2. Human pose transfer

Human pose transfer, i.e., pose-guided person image synthe-

sis, is an active topic in computer vision and computer graphics.

Ma et al. [40] propose a two-stage framework to alleviate the

difficulty of synthesizing images from unaligned inputs. They

first generate a coarse result using a U-Net generator and then

predict a difference map to refine the coarse result. Esser et al.

[41] combine the variational auto-encoder [42] and the U-Net

[33] to model the relation of poses and images. The U-Net can

generate reliable results for the aligned tasks, but it is difficult to

synthesize sharp images for the unaligned pose-guided person

image synthesis. Therefore, instead of directly learning a con-

ditional distribution, more researchers focus on how to transfer

the information of the source image from the source pose to the

target pose.

We summarize previous work into three kinds: attention-

based methods, transformation-based methods and modulation-

based methods. The attention-based methods [11, 7, 12, 13, 14]
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adopt a two-branch network with a pose branch and an image

branch, and explore how to use the pose information as guid-

ance to transfer the source image. Zhu et al. [11] propose a

novel network with a progressive pose transfer scheme to model

the change in the manifold of images. However, the local at-

tention mechanism is difficult to capture the long-range depen-

dence. Li et al. [7] propose a pose-guided non-local attention

block to capture the long-range dependence to tackle this prob-

lem. Tang et al. [13] propose bipartite graph reasoning GANs

to reason the pose information. Tang et al. [14] propose an

appearance-guided shape-based generation branch and a shape-

guided appearance-based branch to transfer the source image

from the source pose to the target pose. The images gener-

ated by these attention-based methods are reasonable but often

blurry.

To generate sharper and more realistic images,

transformation-based methods [15, 43, 16, 17, 44] adopt

affine matrices or optical flows as the transformation to warp

the source image to the target pose. Li et al. [43] and Liu et

al. [17] use a parametric human model to estimate the precise

flow. However, these methods based on the parametric human

model rely on accurate estimation of the parametric human

model, which is unstable and difficult to model loose clothing.

Siarohin et al. [15] take each body part as a rectangle region,

and compute the affine matrix of each region according to its

corresponding region. Ren et al. [16] first predict flow fields

according to the poses and the source image to warp the fea-

tures of the source image, and then refine the warped features

using a local attention mechanism. These transformation-based

methods can synthesize realistic pixels for regions visible in

both the source image and the target image, but can struggle to

synthesize reasonable pixels for invisible regions in the source

image.

Inspired by the style transfer task, some researchers focus

on how to transfer the style information using the modulation

operation, which can alleviate the difficulty of invisible region

generation. Men et al. [6] introduce human parsing as inputs

and adopt AdaIN to transfer the style information of each se-

mantic region to the generated images. Zhang et al. [5] and Lv

et al. [21] use a two-stage framework that first synthesizes a

human parsing as an intermediate result and then generates the

final image by adopting Semantic Region-Adaptive Normaliza-

tion (SEAN) [45] to modulate the generated feature of each se-

mantic region. These methods generate more reasonable results

for invisible regions, but fail to preserve rich style information

for complex textures. Some methods [46, 47, 48, 49, 50, 51]

generate realistic images using implicit or explicit representa-

tion of human, but these methods require an image sequence or

multi-view images of a specific person, which fail to generalize

to other identities.

In this paper, we propose a novel multi-scale information

transport GAN to establish and refine the correspondences pro-

gressively. The correspondences is established by computing a

transport matrix of an optimal transport problem, and refined by

the current feature and the source image feature progressively.

This transport matrix is a many-to-many mapping and has the-

oretical support. This characteristic is not only beneficial to

modeling the correspondences for both invisible and visible re-

gions, but it also provides stable gradients for the optimization

of the model [52].

2.3. Optimal transport

Optimal transport theory studies the transmission problem

between two distributions, which has been used in many re-

search areas, such as graph matching [53] and domain adapta-

tion [54]. For more comprehensive reviews, we direct readers

to [55, 56].

Several works adopt optimal transport to learn the cross-

domain alignment. Puy et al. [57] propose a novel framework

based on optimal transport to predict scene flows according to

two sets of point clouds. Inspired by this work, Song et al.

[58] propose a correspondence-refinement network to warp the

points of the parametric model to transfer the pose in 3D. Be-

sides, some works use optimal transport cost as a distance to

regularize their models. Avraham et al. [23] adopt Wasser-

stein distance in a low dimensional latent space to alleviate the

instability issues in GANs [59]. Salimans et al. [24] also im-
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prove GANs by introducing optimal transport as a regulariza-

tion. Geng et al. [25] propose to regularize the model to tackle

the Non-Line-of-Sight imaging problem.

In a word, previous works [23, 24, 25] all adopt the Sinkhorn

algorithm, a standard tool for optimal transport problems, to

construct their losses to optimize GANs for image generation.

However, these methods do not focus on improving the capac-

ity of the generator. Besides, all these methods focus on the

feature level. Other works [53, 57, 58, 60, 61] explore the ef-

fectiveness of the Sinkhorn algorithm at the graph level, feature

level, and point cloud level, respectively, and validate the effi-

cacy of optimal transport theory. However, these works only

use the Sinkhorn algorithm once at a specific level without any

refinement, leading to unstable results. We validate the effec-

tiveness of optimal transport at the image level by constraining

the mapping at the image level. To the best of our knowledge,

our method is the first work that establishes and refines cor-

respondences using optimal transport in both image level and

feature level. Furthermore, unlike previous works [23, 24, 25]

that require elaborate loss functions, we can use simple loss

functions with better capacity brought in by the proposed IT

block.

3. Method

The goal of our work is to generate a new image of the same

person in a new pose. Specifically, given a source image Is

containing a person we first extract 18 human keypoints using a

popular pose estimation method [62], and encode the keypoints

following [63] as its pose representation Ps. We also assume the

target pose Pt is also known, and our method aims to deliver

a generated image Ig with the similar appearance with Is but

in the target pose Pt. The ground truth target image with the

person from the source image in the target pose is denoted as

It, which is only accessible during training. How to model the

correspondences between the source image and the target image

is the fundamental problem. With precise correspondences, we

can leverage the source image to synthesize the target image.

To establish accurate correspondences, we propose a novel

multi-scale information transport GAN to establish and refine

the correspondences progressively. Figure 1 shows the frame-

work of our method. We design an Information Transport (IT)

block by computing an optimal transport matrix, which indi-

cates the correspondences between the source image and the

target image. The characteristic that the optimal transport ma-

trix can model a many-to-many mapping gives our model the

ability to predict reasonable results for invisible regions in the

source image. With the multi-scale setting, our model can refine

the correspondences and transform more details of the source

image from the source pose to the target pose.

3.1. Optimal transport problem

Due to the discreteness of images, we first introduce the

Monge problem [64] between discrete measures. Given two

point sets X={x1, x2, · · · , xn} and Y={y1, y2, · · · , yn}, discrete

measures with weights a of X and b of Y read

α =

n∑
i=1

aiδxi , β =

n∑
j=1

b jδy j (1)

where a, b ∈ Rn
+ with

∑n
i=1 ai = 1,

∑n
i=1 bi = 1, and δx denotes

the Dirac delta function at position x, which means that a unit

of mass is concentrated at location x [22]. Therefore, α and β

are two discrete measures defined on point sets X andY, which

can be served as the masses of these two point sets.

The Monge problem seeks a map that relates each point xi to

a single point yi, and must push the mass of α to the mass of β

[22]. The map T : {x1, x2, · · · , xn} → {y1, y2, · · · , yn}, i.e., the

transport plan, must meet that:

∀ j ∈ {1, 2, · · · , n},b j =
∑

i:T(xi)=y j

ai (2)

where all the elements of b are positive and the transport plan

is surjective. Thus, we can write it in a compact form as T#α =

β. T# is a push-forward measure, which means a measurable

mapping that can transfer measure α to the measure β. Let

C = {ci j} ∈ Rn×n be the cost matrix, where each element Ci j

denotes the transport cost between xi and y j. The transportation

cost can be defined as:

LM(X,Y) = min
n∑

i=1

C(xi,T(xi)) s.t. T#α = β (3)

In Monge problem, the mass of xi with ai units can be as-

signed to a specific point y j, and a single point y j can receive
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Fig. 1. Overview of our framework: (a) overall framework of our model; (b) the architecture of our IT block; (c) the architecture of our TD block. Our IT block can
model and refine the correspondences between the source image and the target image according to the source image and the poses. With the multi-scale setting, our
model preserves the details after changing the pose.

the mass from many points in X. In other words, this formula-

tion leads to a transport plan that is a many-to-one mapping.

However, it is difficult to solve the original Monge prob-

lem. Kantorovich [65] relaxes the constraint in Monge problem

that a source point can only be transported to a single point,

and instead allows that a source point can be assigned to many

points, which means that the transport plan is a many-to-many

mapping. Specifically, the element Ti j of the transport plan

T ∈ Rn×n
+ denotes the amount of the mass of xi transported to y j.

Define the set of transport plans as U(a,b), and the formulation

of U(a,b) can be written as:

U(a,b) def
= {T ∈ R+ : T1n = a,T⊤1n = b} (4)

where 1n is a vector of ones with n elements, and T1n and T⊤1n

are matrix-vector multiplications. The first constraint means

that the mass of each point xi with ai units will be pushed for-

ward to many points inY, and the second constraint means that

each point yi receives the mass with bi units from many points

in X.

Therefore, the Kantorovich’s optimal transport problem can
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be written as:

LK = min
T∈U(a,b)

⟨C,T⟩ (5)

where ⟨·, ·⟩ denotes the inner product operation. It can be seen

that if the cost function is set to Euclidean Distance, LK be-

comes Wasswerstein-2 distance [59]. We can obtain the optimal

transport plan T by solving the problem:

T = arg min
T∈U(a,b)

⟨C,T⟩ (6)

3.2. Information transport GAN

3.2.1. Motivation and contribution

As described in Section 1, the fundamental problem in hu-

man pose transfer is how to model the correspondences between

the source image Is and the target image It for both visible and

invisible regions in the source image according to the pose in-

formation. Good correspondences should have the following

two properties: 1) preserving the source information as much

as possible, and 2) ensuring reliable transformation. The first

property guarantees the integrity of the source image, and the

second property means that the transformation is appropriate,

i.e., a point from the source image is transferred to the right

places of the target image through the correspondences. The op-

timal transport problem seeks a transport plan to make the cost

of transferring the mass of one point set to another minimum

without loss of the mass. Note that the optimal transport plan

is available with minimum cost [22, 66], which means that the

correspondences between the two point sets are reliable. From

this perspective, we take human pose transfer as a progressive

correspondence learning problem to obtain reliable correspon-

dences. Different from previous works [23, 24, 25] that utilize

optimal transport theory to minimize the distance between two

distributions, our goal is to leverage the transport plan to en-

hance the capacity of our generator. We aim to obtain a trans-

port plan T by solving an optimal transport problem between

the image features and the pose features. This allows us to as-

sign the features of the source image to synthesize the target

image, effectively tackling this misalignment problem. Besides,

we present a solution, namely the information transport block to

demonstrate how to leverage optimal transport theory for con-

ditional image generation at both the feature level and image

level. Moreover, different from previous works [60, 58, 57] that

establish the correspondences only once, our framework can

establish and refine the correspondence progressively thanks to

the IT block. The details of our model are given in the follow-

ing.

3.2.2. Encoder

As shown in Figure 1, our generator has two encoders: the

image encoder and the pose encoder. These two encoders have

the same structure with four down-sampling convolution layers.

The pose encoder takes the source pose Ps and the target pose

Pt as input, and outputs the pose feature Fp. The pose feature

Fp not only contains the feature of the target pose but also the

feature of the source pose, which is useful for the correspon-

dence modeling according to the poses. The input of the image

encoder is Is and the output of the image encoder is the image

feature list FI = {Fk
I }, where Fk

I denotes the image feature of the

k-th layer. The image feature Fk
I contains the feature of both the

source image and the source pose, and the features with differ-

ent resolutions help to preserve the details in the source image.

3.2.3. Information transport block

With the image feature list FI and the pose feature Fp, the

Information Transport (IT) block is responsible for seeking a

transport plan/matrix first to deform the features of the source

image. Then, the IT block fuses the original features before

deformation and the warped features to generate richer features

for the generated image. Figure 1 shows the architecture of the

k-th IT block.

Denote the pose feature Fp as the initial current feature F0
c ,

and we give the details for the k-th IT block. Given the cur-

rent feature Fk
c and the image feature Fk

I , we first define a cost

function between Fk
I and Fk

c to compute a transport matrix Tk to

warp Fk
I from the source pose to the target pose. Cosine similar-

ity is a popular choice in optimal transport problems [57, 58].

We also use it as our cost function, which is defined as:

Ck = 1 −
Fk

c Fk⊤
I

||Fk
c ||2||Fk

I ||2
(7)
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In this work, we solve this problem using Sinkhorn-Knopp

algorithm [26] to get an optimal transport plan/matrix. Given

the cost matrix Ck, we adopt an entropic regularization term

[67] to solve the optimal transport problem. The formulation of

optimal transport problem can be revised from Equation 6 as:

Tk = arg min
Tk∈U(a,b)

⟨Ck,Tk⟩ + γ
∑

i j

Tk
i j(log(Tk

i j) − 1) (8)

where γ is the regularization parameter. In our case, taking each

location of the feature grid as a point, the mass of each point can

be regarded as the same with 1
n units, where n is the number of

points in the point set. In other words, the elements of a and b

are all the same and equal to 1
n .

Then the transport matrix T can be solved using Sinkhorn-

Knopp algorithm:

Tk = OTS (Ck, γ, niter) (9)

where OTS denotes the optimal transport solver, i.e., Sinkhorn-

Knopp algorithm [26], γ is the weight of the regularization

term, and niter is the maximum iteration number of the algo-

rithm.

With the transport matrix Tk in the k-th IT block, we can warp

the source image feature from the source pose to the target pose

by matrix multiplication at the feature level, mathematically:

Wk
c = TkFk

I (10)

To aggregate the former feature and the current feature, we

add these two features after convolution layers, which can be

written as:

Fk+1
c = ϕk( fk(Wk

c ) + gk(Fk
c)) (11)

where ϕk is implemented as a convolutional layer, and fk, gk are

implemented as convolutional layers with up-sampling layers.

3.2.4. Decoder

Due to the high computational budget of IT blocks, we only

adopt them at some scales with low resolutions, and we design

Two-branch Decoder (TD) blocks for the scales with high reso-

lutions. The two-branch decoder block has the same input and

output as an IT block, but does not have the process of solving

the optimal transport matrix. For the k-th TD block, the process

can be formulated as:

Fk+1
c = ϕk( fk(Fk

c) + gk(Fk
c)) (12)

this indicates that the new correspondence is solved from the

current feature, which helps to make it more reliable.

The decoder is composed of IT blocks and TD blocks at dif-

ferent scales. We follow the architecture of StyleGAN2 [68]

to design our decoder. The generated images Ig are delivered

by up-sampling and summing all the RGB outputs at different

scales.

3.2.5. Discriminator

In order to produce high-quality and realistic images, we uti-

lize a discriminator D to distinguish between real and generated

images. The discriminator takes as input either the real image It

or the generated image Ig. This input passes through a convolu-

tional layer and multiple residual blocks with down-sampling.

The ultimate score is obtained from a linear layer.

3.3. Loss functions

In this work, we adopt five loss functions including an image

reconstruction loss Limage, a face reconstruction loss L f ace, a

transport matrix constraintLcon, a self-reconstruction lossLsel f

and an adversarial loss Ladv to train our model in an end-to-end

manner. The total loss can be written as:

L f ull = λimageLimage + λ f aceL f ace + λconLcon

+ λsel fLsel f + λadvLadv

(13)

where λimage, λ f ace, λcon, λsel f , λadv are the balancing weights of

different terms, respectively.

Image reconstruction loss. We adopt the perceptual loss [69]

as the image reconstruction loss to encourage the similarity be-

tween the target image It and the generated image Ig, which is

defined as:

Limage =
∑

i

||φi(It) − φi(Ig)||1 (14)

where Ig = G(Is, Ps, Pt) is the generated image and φi denotes

the i-th layer of the pre-trained VGG-19 network [70]. In prac-

tice, we adopt relu1 1, relu2 1, relu3 1, relu4 1, and relu5 1 as

feature extractors.
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Face reconstruction loss. To enhance the details and the sim-

ilarity of the facial region, we compute the distance between

the cropped faces of the target image and the generated image

using perceptual loss. It can be formulated as:

L f ace =
∑

i

||φi(τ(It)) − φi(τ(Ig))||1 (15)

where τ is the crop operation that crops the facial region ac-

cording to the target pose. For φi, we adopt the same layers of

VGG-19 as image reconstruction loss.

Transport matrix constraint. To ensure the reliability of the

transport matrix and facilitate correspondence learning at both

the feature level and image level, we constrain the warped

image obtained by warping the source image using the trans-

port matrix to be similar to the target image at different scales.

Specifically, with the transport matrix Tk, we down-sample the

source image Is and the target image It to obtain Ik
s and Ik

t with

the same resolution as Fk
i . Then, we can warp Ik

s using the

transport matrix Tk by

Ik
w = TkIk

s (16)

In order to ensure reliable correspondences at the image level,

we aim to make the warped image Ik
w similar to the correspond-

ing target image Ik
t . Consequently, we compute the distance

between the warped image Ik
w and the target image Ik

t . Mathe-

matically,

Lcon =
∑

k

||Ik
t − Ik

w||1 (17)

where Tk denotes the transport matrix obtained from the k-th

IT block.

Self-reconstruction loss. Inspired by DUAL [71], we adopt

the dual-task setting to train our model. Different from [71]

with a multi-task setting, we simply replace the target pose with

the source pose to reconstruct the source image and compute the

loss using

Lsel f =
∑

i

||φi(Is) − φi(I
′

g)||1 (18)

where I
′

g = G(Is, Ps, Ps) is the output in the self-reconstruction

task.

Adversarial loss. To generate more realistic images, we adopt

an adversarial loss by training a discriminator D to distinguish

whether the image comes from the generator. The adversarial

loss is defined as:

Ladv = E[log(1 − D(Ig))] + E[log(D(It))] (19)

3.4. Image-specific optimization

Because there are no learnable parameters in the optimal

transport solver of our IT blocks, the correspondence matrix

is computed according to the appearance feature and the pose

feature, which indicates our IT block has better generalization

capability. To get better results by leveraging the single source

image, we present an image-specific optimization and optimize

our generator with a single image, to further improve the perfor-

mance for input images from new datasets. Specifically, given

a source image Is and the source pose Ps, we optimize our gen-

erator G by synthesizing the source image similar to the self-

reconstruction task, mathematically:

Ig = G(Is, Ps, Ps) (20)

We adopt image reconstruction loss, face reconstruction loss,

and transport matrix constraint described in Section 3.3 be-

tween Is and Ig as our loss functions to optimize our generator.

Note that we only have a single image as the input and the out-

put, which is not suitable for adopting adversarial loss. We train

the generator about 200 iterations using Adam solver [72] with

β1 = 0.9 and β2 = 0.999, and the learning rate is set to 0.0001.

3.5. Training details

We train our model with 256 × 176 images in an end-to-

end manner. Due to the computational budget from the optimal

transport solver, we only adopt IT blocks in resolutions 16×16,

32×32, and 64×64 for faster training speed. The transport ma-

trix constraint loss is also computed at these resolutions. Fol-

lowing NTED [63], we adopt the historical average technique

[73] to average the model for better performance. The hyper-

parameters [λimage, λ f ace, λcon, λsel f , λadv] are set to [2, 1, 15,

2, 1.5]. We adopt Adam solver [72] with β1 = 0, β2 = 0.99 to

optimize our model. The learning rates of both the generator

and the discriminator are the same and equal to 2 × 10−3. We

9
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Source Image Target Image PATN ADGAN GFLA PISE DUAL NTED UPGPT VGFlow Ours

Fig. 2. Qualitative comparison on DeepFashion Dataset [74]. From left to right are the results of PATN [11], ADGAN [6], GFLA [16], PISE [5], DUAL [71], NTED
[63], UPGPT [75], VGFlow [20] and ours, respectively.

first train our model without self-reconstruction loss about 120

epochs and then train our model with self-reconstruction loss

about 80 epochs.

4. Experimental results

In this section, we first give the details of the dataset and

metrics in Section 4.1. The comparison results with several

state-of-the-art methods are presented in Section 4.2. Then,

we conduct ablation studies to validate the effectiveness of our

model in Section 4.3. In Section 4.4, we analyze our model

by evaluating and visualizing the transport matrix in our IT

blocks and validate the performance of generalization on Fash-

ionVideo dataset. Finally, we show an application of exemplar-

based face image generation in Section 4.5.

4.1. Dataset and metrics

Dataset. We conduct the evaluation of human pose transfer on

In-shop Clothes Retrieval Benchmark DeepFashion [74]. This

dataset contains images of the same person in the same clothes

with different poses, which is suitable for human pose trans-

fer. We use the high-resolution images, and resize images to

256×176. This indicates that we only use the information of

10
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Table 1. Quantitative comparison with state-of-the-art methods on DeepFashion dataset [74]

PATN [11] ADGAN [6] GFLA [16] PISE [5] DUAL [71] NTED [63] UPGPT [75] VGFlow [20] Ours

FID ↓ 22.20 14.53 9.430 10.84 10.53 8.447 9.293 8.175 8.092
clean-FID ↓ 22.12 14.46 9.449 10.94 10.52 8.566 9.421 8.325 8.219

LPIPS ↓ 0.2516 0.2245 0.1847 0.2070 0.1953 0.1747 0.1817 0.1783 0.1724
PSNR ↑ 16.65 16.78 17.70 16.91 17.54 17.96 17.67 17.98 18.00

Table 2. Quantitative results of ablation study about the
effectiveness of different components of our model.

Baseline IT Full

FID ↓ 8.820 8.315 8.092
clean-FID ↓ 8.934 8.429 8.219

LPIPS ↓ 0.1878 0.1754 0.1724
PSNR ↑ 17.56 17.88 18.00

256×176 pixels. Following the dataset splits in [11], there are

101,966 training pairs and 8,570 test pairs for the training and

evaluation.

Metrics. To evaluate the performance of our model, we adopt

four metrics as our evaluation metrics. Peak Signal to Noise

Ratio (PSNR) and Learned Perceptual Image Patch Similarity

(LPIPS) [76] are used to compute the difference between the

generated image and the target PSNR measures the difference

in pixel level, and LPIPS calculates the distance in perceptual

level. To measure the quality of the generated images, we adopt

Fréchet Inception Distance (FID) [77] to compute the distance

between the distributions of the generated images and the real

images. To decrease the influence of image resizing and com-

pression, we use clean-FID [78] to measure the realism of the

generated images further. Besides, all images are evaluated in

the JPEG format with a resolution of 256×176 pixels.

4.2. Comparison results

We compare our method with eight state-of-the-art meth-

ods to validate the performance of our method: PATN [11],

ADGAN [6], GFLA [16], PISE [5], DUAL [71], NTED [63],

UPGPT [75] and VGFlow [20]. Note that all the results are pro-

duced following the public repositories with the same training

and test splits.

4.2.1. Quantitative comparison

The quantitative comparison results are given in Table 1.

It can be seen that our model outperforms the other state-

of-the-art methods in all evaluation metrics, which indicates

that our method can achieve better performance at pixel level

and perceptual level. Besides, the lower FID and clean-FID

scores denote that our synthesized images are more realistic.

The modulation-based method PISE also encounters difficulty

in synthesizing realistic images. The latest attention-based

method NTED shows competitive results, but it is difficult to

preserve details and leads to higher scores in FID and clean-FID

(i.e., lower quality). The transformation-based method VGFlow

also achieves promising performance, but the quality of the re-

sults is lower than ours.

4.2.2. Qualitative comparison

We give some visual results compared with several state-of-

the-art methods in Figure 2. From the observation of the last

two rows, the transformation-based method VGFlow can con-

tain the details for the visible regions in the source image. How-

ever, it is difficult to predict reasonable pixels for the invisible

regions in the source image. In contrast, the attention-based

method NTED can generate reasonable regions for both visi-

ble and invisible regions, but it struggles to preserve the texture

(in the first, fifth and seventh rows). Similarly, the modulation-

based methods ADGAN and PISE are also difficult to preserve

the complex details. Our model adopts the optimal transport

solver to build reliable correspondences to transform the source

image feature, and adopts a multi-scale setting to preserve de-

tails, which can not only synthesize complex texture (in the

third and fourth rows), but also generate reasonable results for

both visible and invisible regions. More results can be found in

supplementary materials.
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Table 3. Quantitative results of ablation study about the design of
our IT block.

Baseline w/o add. w concat. Full

FID ↓ 8.820 8.172 8.003 8.092

clean-FID ↓ 8.934 8.279 8.152 8.219

LPIPS ↓ 0.1878 0.1890 0.1734 0.1724
PSNR ↑ 17.56 17.45 17.93 18.00

Source Image Target Image Baseline IT MIT Full

Fig. 3. Qualitative results of the ablation study about the effectiveness of differ-
ent parts.

4.3. Ablation study

4.3.1. The effectiveness of different components

To validate the effectiveness of different parts in our model,

we conduct experiments with several variants to compare with

our full model.

Baseline model. The baseline model is trained to show the

effectiveness of our idea that formulates the human pose trans-

fer as an optimal transport problem to build reliable correspon-

dences. We replace the optimal transport solver in our IT block

with the concatenation operation. The model is trained with the

image and face reconstruction losses and the adversarial loss.

The baseline model is with the multi-scale setting.

IT model. The decoder of the IT model has an IT block and

Source Image Target Image Baseline++ w con. Fullw/o add.

Fig. 4. Qualitative results of the ablation study about the design of our IT block.

four TD blocks without the multi-scale setting. We train this

model with the full losses. This model is used to validate the

effectiveness of our multi-scale architecture.

Full model. This model is our full model presented in Section

3, and trained with the full losses.

The quantitative and qualitative results are shown in Table 2

and Figure 3, respectively. From Table 2, by comparing the

results of the full model and baseline model, it can be seen

that adopting the optimal transport theory to tackle the human

pose transfer can boost the quality of the generated images in

terms of all evaluation metrics. Besides, we can also find that

the multi-scale setting can improve the quality of the generated

images, which indicates that the correspondences built by our

IT blocks are beneficial to different resolutions. This means

that we can generate better results by adopting the IT block in

higher resolution. Similar conclusions can be found in Figure

3. The images generated by the baseline model lose structure

details (in the second and the third rows), and have wrong col-

ors (in the fourth row) and artifacts (in the first and the fourth

rows). The IT model can preserve the structure details (in the

12



J. Zhang et al. Displays (2024)

Source Image Target Image w/o adv. w/o face w/o con. w/o self Full

Fig. 5. Qualitative results of ablation study about the different loss functions.

Source Image Target Image NTED_16 Ours_16 NTED_32 Ours_32 NTED_64 Ours_64 NTED Ours

Fig. 6. Visualization of transport matrices at different resolutions by warping
the source image. The first two rows show the source image and the target
image. The following rows show the warped images by warping the source
image with the different resolutions using the corresponding transport matrices
of NTED [63] and ours. The last two rows show the final results of NTED and
ours.

first and the third rows), but still fails to deal with complex tex-

ture (in the second row) and generates artifacts (in the fourth

row). By comparison, the generated images by our full model

can deform complex textures and preserve the structure details,

Which demonstrates that our full model can synthesize more

realistic images.

Ours Ours_FNTED NTED_FSource Image Target Pose

Fig. 7. Qualitative results compared with NTED [63] on FashionVideo dataset
[79]. From left to right are the source image, target poses, and the results of
NTED, NTED optimized using the source image, ours and ours using image-
specific optimization with the source image, respectively.

4.3.2. The design of the IT block

As illustrated in Section 3, we adopt an addition operation to

fuse the features before and after deformation. Therefore, we

conduct several variants to prove the effectiveness of our de-

sign. Note that all the models are trained with the same training

scheme.

Baseline model. This model is the same as the previous

baseline model, which can prove the effectiveness of our key

idea with fairer comparison by directly comparing with our full

model. Due to the lack of the transport matrix, the transport

matrix constraint is not used during the training of this model.

IT block without addition (w/o add.). The IT block in this

model is without the addition operation, which means that the

feature before deformation is not used. This model is trained

with the full losses.

IT block with concatenation (w concat.). The IT block in this

model replaces the addition operation with the concatenation

operation in Equation 11.

The quantitative and qualitative results are shown in Table 3

and Figure 4, respectively. From Table 3, it can be seen that

both addition operation and concatenation operation are useful
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Table 4. Quantitative results of ablation study about the different loss functions.

w/o adv. w/o face w/o con. w/o self. Full

FID ↓ 11.09 8.232 8.490 8.237 8.092
clean-FID ↓ 11.12 8.354 8.620 8.326 8.219

LPIPS ↓ 0.1725 0.1728 0.1759 0.1732 0.1724
PSNR ↑ 18.09 17.96 17.88 17.94 18.00

to generate better results. The results generated by IT block

with concatenation operation have better FID and clean-FID

scores, which shows that the concatenation operation is ben-

eficial to synthesizing more realistic images. However, com-

pared with the full model, the LPIPS and PSNR scores show

that IT block with concatenation generates less similar images.

Besides, the results generated by the model IT block without

addition can obtain good FID and clean-FID scores, but worse

performance on LPIPS and PSNR, which indicates that the ad-

dition operation is important to preserve the original features to

synthesize more similar results. The comparison between the

baseline model and the full model can demonstrate the effec-

tiveness of the new formulation of this task further. The quali-

tative results also lead to similar conclusions. The results of the

baseline model that uses concatenation operation to replace op-

timal transport solver and IT block without addition are blurry

with artifacts, and fail to preserve texture or details of the source

image. This shows the effectiveness of our proposed IT block.

The results of IT block with concatenation are also realistic,

however, some artifacts (in the first row) and dissimilar patterns

(in the second row) exist in the generated images. In contrast,

our full model generates more realistic images with similar tex-

tures and details of the source image.

4.3.3. The effectiveness of different loss functions

To assess the effectiveness of different loss functions, we

conduct experiments using different loss functions. Table 4

presents the quantitative results, comparing our full model with

the full model without the respective loss functions, including

adversarial loss (adv.), face loss (face), constraint loss (con.),

and self-reconstruction loss (self). Comparing the model with-

out adversarial loss and the full model, we can see that the ad-

versarial loss is vital to improving the realism of the generated

images. Interestingly, the model without the adversarial loss

can get better performance in terms of the PSNR metric due to

the blurry results. This observation aligns with previous studies

[76] where blurry results tend to yield higher PSNR. The face

loss, which emphasizes constraint on facial regions, exhibits

improvements comparing the model without face loss and the

full model. The model without constraint loss performs less

effectively than the full model, highlighting the importance of

learning correspondences at both the feature and image levels.

Additionally, the self-reconstruction loss also improves the per-

formance of our model.

The qualitative results are shown in Figure 5. It can be seen

that the results without adversarial loss are blurry and smooth,

while the full model produces more detailed and sharper im-

ages. Furthermore, the results without face loss fail to preserve

the identity of the source image (in the second and the fifth

rows). Moreover, the results without constraint loss may gen-

erate artifacts and lack reasonable clothing style (in the second,

third, and fourth rows). The results without self-reconstruction

loss also have some artifacts (in the second and the fourth rows).

More qualitative results can be found in the supplementary ma-

terials.

4.4. Analysis of our model

4.4.1. Evaluation of transport matrices

We conduct a quantitative comparison to validate the effec-

tiveness of transport matrices compared with NTED. By uti-

lizing the transport matrices and the source image, the com-

putation of the warped images follows the same procedure as

Equation 16. Table 5 presents the comparison results in differ-

ent resolutions. It can be seen that our method yields superior

performance in terms of the warped image compared to NTED

across various resolutions. This indicates that our method is

capable of computing more accurate correspondences.

4.4.2. Visualization of transport matrices

To get an intuitive understanding of the transport matrices

in our model, we visualize the transport matrices in different

resolutions by warping the source image with the correspond-

ing resolutions. As shown in Figure 6, compared with NTED
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.
Table 5. Quantitative results of transport matrices compared with NTED in
different resolutions

16×16 32×32 64×64

NTED Ours NTED Ours NTED Ours

FID ↓ 38.62 35.76 34.63 32.21 27.57 26.94
clean-FID ↓ 46.95 44.91 43.80 42.25 32.57 31.45

LPIPS ↓ 0.5272 0.5180 0.4640 0.4568 0.3667 0.3586
PSNR ↑ 15.08 15.21 16.85 17.12 18.07 18.42

Table 6. Quantitative results of generalization on FashionVideo
dataset.

NTED NTED F Ours Ours F

FID ↓ 31.24 21.74 28.65 19.57

clean-FID ↓ 32.85 22.76 30.09 20.58

LPIPS ↓ 0.1688 0.1252 0.1501 0.1182

PSNR ↑ 18.49 21.13 19.49 21.42

[63], for the source image in different resolutions, the transport

matrices computed by NTED may lose details (in the second

and the third rows) and generate some artifacts (in the first and

the fourth rows), leading to unsatisfactory results. On the con-

trary, the corresponding transport matrix computed in our IT

block can deform that to the target pose properly and preserve

the structure details, which indicates the correspondences are

reliable.

4.4.3. Generalization on FashionVideo dataset

To evaluate the generalization performance on other datasets,

we randomly select 20 images from each test video of Fish-

ionVideo test set [79] as our evaluation data, resulting in a

total of 2000 images. Table 6 gives the quantitative results

compared with the latest work, NTED [63], using the same

image-specific optimization described in Section 3.4, denoted

as NTED F. Comparing NTED and Ours in Table 6, it can

be seen that our model achieves superior performance without

image-specific optimization, indicating its stronger generaliza-

tion ability. Moreover, with the image-specific optimization,

our model still has better performance compared Ours F with

NTED F, and improves the performance of the original model

without image-specific optimization.

Figure 7 shows some visual results compared with NTED.

The first column shows the source image we used as the in-

Fig. 8. Qualitative results of image-based animation. The first row shows the
source image, and the first column presents the target pose. The rest of the
images are generated by our method.

put during optimization. The second column shows the target

poses. Note that the poses are also from FashionVideo dataset,

which are unseen poses of our model. The other columns

present the results generated by different models. The third and

the fifth columns show the results generated by NTED and ours

without optimization. It can be seen that our model can gener-

ate more similar texture and clothes style, which indicates that

our model has better performance on generalization. The fourth

and sixth columns show the results generated by NTED and

ours with optimization. Both the results of NTED F and ours F

have better performance. However, the images generated by

our model have fewer artifacts and more consistent texture and

clothes style. More results can be found in the supplementary

materials.

4.5. Applications

To demonstrate the versatility of our model, we applied our
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model to image-based animation [16] and exemplar-based face

image generation [80].

4.5.1. Image-based animation.

In image-based animation, the objective is to generate a

video that combines the content of an input image with the

movements from a driving sequence. To achieve this, we trans-

fer the content of the input image to the driving sequence by

our proposed IT block. The architecture of our model is simi-

lar to our human pose transfer model. To generate smooth se-

quences, we have made two improvements. Firstly, in addi-

tion to the input image, we also consider the previously gen-

erated frame as a reference, and add their features from the IT

block. Secondly, we introduce an additional temporal discrim-

inator alongside the original discriminator. By doing so, our

model can generate smooth and continuous results. We train

our model using the FashionVideo dataset [79], which consists

of 500 training videos and 100 testing videos as described in

[16]. Figure 8 shows some qualitative results. The first row dis-

plays the input images, and the first column shows the driving

skeleton sequence. Our model is capable of generating plausi-

ble results, demonstrating the effectiveness of our proposed IT

block for animation tasks. Dynamic results can be found in the

supplementary video.

4.5.2. Exemplar-based face image generation.

In this application, an exemplar image is utilized to control

the style of the generated image. Given a source image with its

corresponding edge map Es and an exemplar image Ie, the ob-

jective is to generate a target image that preserves the semantic

structures of Es while adopting the style of similar style ele-

ments present in Ie. Similar to human pose transfer, the core

problem is also how to model the correspondences between the

exemplar image and target image based on the edge condition,

which transforms the style of the exemplar image to the edge

condition. The architecture of the model employed in this task

is the same as our model for human pose transfer. We train and

test our model using the widely-used face dataset, CelebA-HQ

[81], which comprises 30,000 facial photos. Following [80], we

take 27,000 samples for training and the remaining 3,000 sam-

Fig. 9. Qualitative results of exemplar-based face image generation. The first
row displays the exemplar image, while the first column presents the source
image alongside its corresponding edge map. The remaining images are the
results produced by our method.

Source Image Target Image Generated Image 16X16 32X32 64X64

Fig. 10. Failure cases generated by our method.

ples for testing. Figure 9 shows the results of exemplar-based

face image generation. The first row shows the exemplar im-

ages and the first column shows the source images with their

corresponding edges. It can be seen that our model consistently

transfers the style of the exemplar images to the source images.

Additional results can be found in the supplementary materials.
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5. Conclusion and discussion

Conclusion. In this paper, we propose a novel multi-scale in-

formation transport GAN to establish and refine the correspon-

dences between the source image and the target image. Specifi-

cally, we propose the information transport block by leveraging

the optimal transport solver to establish correspondences and

refine the transformed features using the following information

transport blocks, which helps to obtain more accurate corre-

spondences. We also present an image-specific optimization

to improve the performance for the out-of-distribution images.

The quantitative and qualitative comparison results show the

effectiveness of our proposed model. Besides, we conduct ab-

lation studies to validate the effectiveness of our proposed IT

block and our proposed model. Both quantitative and qualita-

tive results show the effectiveness of our new formulation and

the other designs. Furthermore, there are no tunable parameters

in the optimal transport solver, which indicates that our model

has better performance for out-of-distribution images. We also

give two applications of image-based animation and exemplar-

based face image generation to validate the versatility of our

model.

Limitations. Although our model generates promising results

in most cases, there are still some failure cases that are difficult

to deal with. See Figure 10 for some examples. Our model

can build reliable correspondences, but for some specific pat-

terns, our model fails to generate sharp images with specific

patterns. To analyze the reasons behind these cases, we visual-

ize the warped images using correspondences in different res-

olutions of the IT block and the source image. It can be seen

that low resolutions pose difficulties in deforming details with

specific patterns or text. As described in Section 3, we cur-

rently employ IT blocks only in resolutions of 16× 16, 32× 32,

and 64 × 64 due to hardware limitations. In the future, we plan

to explore lightweight structures for IT blocks and investigate

few-shot learning methods to improve these specific cases.
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[66] G. Peyré, M. Cuturi, Computational optimal transport: With applications
to data science, Foundations and Trends in Machine Learning 11 (2019)
355–607.

[67] M. Cuturi, Sinkhorn distances: Lightspeed computation of optimal trans-
port, in: Proc. Adv. Neural Inform. Process. Syst., volume 26, 2013, pp.
1–9.

[68] T. Karras, S. Laine, M. Aittala, J. Hellsten, J. Lehtinen, T. Aila, Analyz-
ing and improving the image quality of stylegan, in: Proc. IEEE Conf.
Comput. Vis. Pattern Recog., 2020, pp. 8110–8119.

[69] J. Johnson, A. Alahi, L. Fei-Fei, Perceptual losses for real-time style
transfer and super-resolution, in: Proc. Eur. Conf. Comput. Vis., 2016,
pp. 694–711.

[70] K. Simonyan, A. Zisserman, Very deep convolutional networks for large-
scale image recognition, in: Proc. Int. Conf. Learn. Represent., 2015, pp.
1–15.

[71] P. Zhang, L. Yang, J.H. Lai, X. Xie, Exploring dual-task correlation for
pose guided person image generation, in: Proc. IEEE Conf. Comput. Vis.
Pattern Recog., 2022, pp. 7713–7722.

[72] D.P. Kingma, J. Ba, Adam: A method for stochastic optimization, in:

18



J. Zhang et al. Displays (2024)

Proc. Int. Conf. Learn. Represent., 2015, pp. 1–15.
[73] T. Salimans, I. Goodfellow, W. Zaremba, V. Cheung, A. Radford,

X. Chen, Improved techniques for training GANs, in: Proc. Adv. Neural
Inform. Process. Syst., volume 29, 2016, pp. 1–9.

[74] Z. Liu, P. Luo, S. Qiu, X. Wang, X. Tang, DeepFashion: Powering robust
clothes recognition and retrieval with rich annotations, in: Proc. IEEE
Conf. Comput. Vis. Pattern Recog., 2016, pp. 1096–1104.

[75] S.Y. Cheong, A. Mustafa, A. Gilbert, UPGPT: Universal diffusion model
for person image generation, editing and pose transfer, arXiv preprint
arXiv:2304.08870 (2023).

[76] R. Zhang, P. Isola, A.A. Efros, E. Shechtman, O. Wang, The unreasonable
effectiveness of deep features as a perceptual metric, in: Proc. IEEE Conf.
Comput. Vis. Pattern Recog., 2018, pp. 586–595.

[77] M. Heusel, H. Ramsauer, T. Unterthiner, B. Nessler, S. Hochreiter, GANs
trained by a two time-scale update rule converge to a local nash equilib-
rium, in: Proc. Adv. Neural Inform. Process. Syst., volume 30, 2017, pp.
1–12.

[78] G. Parmar, R. Zhang, J.Y. Zhu, On aliased resizing and surprising sub-
tleties in GAN evaluation, in: Proc. IEEE Conf. Comput. Vis. Pattern
Recog., 2022, pp. 11410–11420.

[79] P. Zablotskaia, A. Siarohin, B. Zhao, L. Sigal, DwNet: Dense warp-based
network for pose-guided human video generation, in: Proc. Brit. Mach.
Vis. Conf., 2019, pp. 1–13.

[80] C. Jiang, F. Gao, B. Ma, Y. Lin, N. Wang, G. Xu, Masked and adaptive
transformer for exemplar based image translation, in: Proc. IEEE Conf.
Comput. Vis. Pattern Recog., 2023, pp. 22418–22427.

[81] C.H. Lee, Z. Liu, L. Wu, P. Luo, MaskGAN: Towards diverse and in-
teractive facial image manipulation, in: Proc. IEEE Conf. Comput. Vis.
Pattern Recog., 2020, pp. 5549–5558.

19


	Introduction
	Related work
	Generative adversarial networks (GANs) 
	Human pose transfer
	Optimal transport

	Method
	Optimal transport problem
	Information transport GAN
	Motivation and contribution
	Encoder
	Information transport block
	Decoder
	Discriminator

	Loss functions
	Image-specific optimization
	Training details

	Experimental results
	Dataset and metrics
	Comparison results
	Quantitative comparison
	Qualitative comparison

	Ablation study
	The effectiveness of different components
	The design of the IT block
	The effectiveness of different loss functions

	Analysis of our model
	Evaluation of transport matrices
	Visualization of transport matrices
	Generalization on FashionVideo dataset

	Applications
	Image-based animation.
	Exemplar-based face image generation.


	Conclusion and discussion
	Acknowledgments

