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Fig. 1. Detail-preserving pose-guided person image generation. We present a single-image human reposing algorithm guided by arbitrary body shapes
and poses. Our method first transfers local appearance features in the source image to the target pose with a human body symmetry prior. We then leverage a
pose-conditioned StyleGAN2 generator with spatial modulation to produce photo-realistic reposing results. Our work enables applications of posed-guided
synthesis (left) and virtual try-on (right). Thanks to spatial modulation, our result preserves the texture details of the source image better than prior work.

We present an algorithm for re-rendering a person from a single image under
arbitrary poses. Existing methods often have difficulties in hallucinating
occluded contents photo-realistically while preserving the identity and fine
details in the source image. We first learn to inpaint the correspondence
field between the body surface texture and the source image with a human
body symmetry prior. The inpainted correspondence field allows us to trans-
fer/warp local features extracted from the source to the target view even
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under large pose changes. Directly mapping the warped local features to
an RGB image using a simple CNN decoder often leads to visible artifacts.
Thus, we extend the StyleGAN generator so that it takes pose as input (for
controlling poses) and introduces a spatially varying modulation for the
latent space using the warped local features (for controlling appearances).
We show that our method compares favorably against the state-of-the-art
algorithms in both quantitative evaluation and visual comparison.
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1 INTRODUCTION
Controllable, photo-realistic human image synthesis has a wide
range of applications, including virtual avatar creation, reposing,
virtual try-on, motion transfer, and view synthesis. Photo-realistic
rendering of human images is particularly challenging through tradi-
tional computer graphics pipelines because it involves 1) designing
or capturing 3D geometry and appearance of human and garments,
2) controlling poses via skeleton-driven deformation of 3D shape,
and 3) synthesizing complicated wrinkle patterns for loose clothing.
Recent learning-based approaches alleviate these challenges and
have shown promising results. These methods typically take inputs
1) a single source image capturing the human appearance and 2) a
target pose representation (part con�dence maps, skeleton, mesh,
or dense UV coordinates) and synthesize a novel human image with
the appearance from source and the pose from the target.

Image-to-image translationbased methods [Esser et al. 2018; Ma
et al. 2017, 2018; Pumarola et al. 2018; Siarohin et al. 2018], building
upon conditional generative adversarial networks [Isola et al. 2017],
learn to predict the reposed image from the source image and the
target pose. However, as human reposing involves signi�cant spatial
transformations of appearances, such approaches often require per-
subject training using multiple images from the same persons [Chan
et al. 2019; Wang et al. 2018a] or are incapable of preserving the
person's identity and the �ne appearance details of the clothing in
the source image.

Surface-basedapproaches [Grigorev et al. 2019; Lazova et al. 2019;
Neverova et al. 2018; Sarkar et al. 2020] map human pixels in the
source image to the canonical 3D surface of the human body (e.g.,
SMPL model [Loper et al. 2015]) with part segmentation and UV
parameterization. This allows transferring pixel values (or local fea-
tures) of visible human surfaces in the input image to the correspond-
ing spatial location speci�ed by the target pose. These methods thus
retain �ner-grained local details and identity compared to image-to-
image translation models. However, modeling human appearance
as a single UV texture map cannot capture view/pose-dependent
appearance variations and loose clothing.

StyleGAN-basedmethods [Lewis et al.2021; Men et al.2020; Sarkar
et al. 2021] very recently have shown impressive results for control-
lable human image synthesis [Men et al. 2020; Sarkar et al. 2021] or
virtual try-on [Lewis et al. 2021]. The key ingredient is to extend
the unconditioned StyleGAN network [Karras et al. 2020] to apose-
conditionedone. While their generated images are photo-realistic, it
remains challenging to preserve �ne appearance details (e.g., unique
patterns/textures of garments) in the source image due to the global
(spatially-invariant) modulation/demodulation of latent space.

We present a new algorithm for generatingdetail-preservingand
photo-realisticre-rendering of human with novel poses from asingle
source image. Similar to the concurrent work [Lewis et al. 2021;
Sarkar et al. 2021], we use a pose-conditioned StyleGAN network
for generating pose-guided images. To preserve �ne-grained de-
tails in the source image, we learn to inpaint the correspondence
�eld between 3D body surface and the source image using a body
symmetry prior. Using this inpainted correspondence �eld, we trans-
fer local features from the source to the target pose and use the
warped local features to modulate the StyleGAN generator network
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Fig. 2. Limitations of existing methods. Existing human reposing meth-
ods struggle to preserve details in the source image. Common issues include
identity (1st and 2nd columns) and clothing textures (3rd, 4th columns)
changes. Compare these results with ours in Figure 1.

at multiple StyleBlocks in aspatially varyingmanner. As we com-
bine complementary techniques of photo-realistic image synthesis
(from StyleGAN-based methods) and the 3D-aware detail transfers
(from surface-based methods), our method achieves high-quality
human-reposing and garment transfer results (Figure 1) and allevi-
ates visible artifacts compared with the state-of-the-art (Figure 2).
While StylePoseGan [Sarkar et al. 2021] (concurrent work to ours)
also combines pose-conditioned StyleGAN with the use of proxy
geometry, its global modulation/demodulation scheme limits its
ability to preserve �ne appearance details. We evaluate the pro-
posed algorithm visually and quantitatively using the DeepFashion
dataset [Liu et al. 2016] and show favorable results compared to the
current best-performing methods.Our contributionsinclude:

� We integrate the techniques from surface-based and styleGAN-
based methods to producedetail-preservingandphoto-realistic
controllable human image synthesis.

� We propose an explicitsymmetry priorof the human body for
learning to inpaint the correspondence �eld between human
body surface and the source image which facilitates detail
transfer, particularly for drastic pose changes.

� We present aspatially varyingvariant of latent space modu-
lation in the StyleGAN network, allowing us to transfer local
details while preserving photo-realism.
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2 RELATED WORK

2.1 Pose-guided Person Image Synthesis
Pose-guided person image synthesis aims to transfer a person's
appearance from a source image to a target pose. Example appli-
cations include motion transfer [Aberman et al. 2019; Chan et al.
2019; Yoon et al. 2021], human reposing [Ma et al. 2017, 2018; Men
et al. 2020], and virtual try-on [Lewis et al. 2021; Men et al. 2020;
Sarkar et al. 2021]. These approaches typically encode the pose as
either part con�dence maps [Aberman et al. 2019; Ma et al. 2017,
2018] or skeleton [Chan et al. 2019; Esser et al. 2018; Men et al.
2020; Pumarola et al. 2018; Ren et al. 2020; Siarohin et al. 2018;
Zhu et al. 2019] and use a conditional GAN to produce the reposed
images. To handle large pose changes, existing methods leverage
per-subject training [Aberman et al. 2019; Chan et al. 2019; Wang
et al. 2018a], spatial transformation/deformation [Balakrishnan et al.
2018; Ren et al. 2020; Siarohin et al. 2018], and local attention [Ren
et al. 2020]. To retain the source identity and appearance, surface-
based methods �rst establish the correspondence between pixels
from the source/target image to a canonical coordinate system of
the 3D human body (with UV parameterization). These methods
can then transfer pixels [Alldieck et al. 2019; Grigorev et al. 2019;
Lazova et al. 2019; Neverova et al. 2018] or local features [Sarkar
et al. 2020] to the target pose. As the commonly used UV parame-
terization only captures the surface of a tight human body [Loper
et al. 2015], methods either explicitly predict garment labels [Yoon
et al. 2021] or implicitly re-render the warped features [Sarkar et al.
2020]. Very recently, pose-conditioned StyleGAN networks have
been proposed [Lewis et al. 2021; Sarkar et al. 2021]. To control the
target appearance, pose-independent UV texture [Sarkar et al. 2021]
is used to modulate the latent space. Our method builds upon pose-
conditioned StyleGAN but di�ers from prior work in two critical
aspects. First, instead ofgloballatent feature modulation used in
prior work, we propose to use aspatially varyingmodulation for
improved local detail transfer. Second, we train a coordinate inpaint-
ing network for completing partial correspondence �eld (between
the body surface and source image) using a human body symmetry
prior. This allows us to directly transfer local features extracted
from the source to the target pose.

2.2 Neural Rendering
Neural rendering methods �rst render a coarse RGB image or neural
textures that is then mapped to an RGB image using a translation
network [Kim et al. 2018; Liu et al. 2020; Meshry et al. 2019; Raj
et al. 2021; Tewari et al. 2020c; Thies et al. 2019]. Recent research fo-
cuses on learning volumetric neural scene representations for view
synthesis [Lombardi et al. 2019; Mildenhall et al. 2020]. This has
been extended to handle dynamic scenes (e.g., humans) [Gao et al.
2021; Li et al. 2021; Park et al. 2021; Tretschk et al. 2021; Xian et al.
2021]. Recent e�orts further enable controls over viewpoints [Gafni
et al. 2021; Gao et al. 2020], pose [Noguchi et al. 2021; Peng et al.
2021], expressions [Gafni et al. 2021], illumination [Zhang et al.
2021] of human face/body. However, most of these approaches of-
ten require computationally expensiveper-scene/per-person training.
Our method also uses body surface mesh as our geometry proxy for
re-rendering. Instead of using a simple CNN translation network,

we integrate the rendered latent texture with StyleGAN through
spatially varying modulation. In contrast to volumetric neural ren-
dering techniques, our method doesnot require per-subject training.

2.3 Deep Generative Adversarial Networks
Deep generative adversarial networks have shown great potentials
for synthesizing high-quality photo-realistic images [Brock et al.
2019; Goodfellow et al. 2014; Karras et al. 2018, 2020; Zhang et al.
2019]. Using the pre-trained model, several works discover direc-
tions in the latent space that correspond to spatial or semantic
changes [Härkönen et al. 2020; Jahanian et al. 2020; Peebles et al.
2020; Shen and Zhou 2021; Shoshan et al. 2021]. In the context of
portrait images, some recent methods provide 3D control for the
generated samples [Abdal et al. 2021; Tewari et al. 2020b] or real
photographs [Tewari et al. 2020a]. Our work focuses on design-
ing a pose-conditioned GAN with precise control on the localized
appearance (for virtual try-on) and pose (for reposing).

2.4 Image-to-Image Translation
Image-to-image translation provides a general framework for map-
ping an image from one visual domain to another [Isola et al. 2017;
Park et al. 2019; Wang et al. 2018b]. Recent advances include learn-
ing from unpaired dataset [Huang et al. 2018; Lee et al. 2018; Zhu
et al. 2017], extension to videos [Wang et al. 2019, 2018a], and talk-
ing heads [Wang et al. 2021; Zakharov et al. 2019]. Similar to many
existing human reposing methods [Chan et al. 2019; Ma et al. 2017,
2018; Men et al. 2020; Pumarola et al. 2018; Ren et al. 2020; Zhu et al.
2019], our work maps an input target pose to an RGB image with
the appearance from a source image. Our core technical novelties
lie in 1) spatial modulation in StyleGAN for detail transfer and 2) a
body symmetry prior for correspondence �eld inpainting.

2.5 Localized Manipulation
When editing images, Localized manipulation is often preferable
over global changes. Existing work addresses this via structured
noise [Alharbi and Wonka 2020], local semantic latent vector discov-
ery [Chai et al. 2021], latent space regression [Collins et al. 2020],
and explicit masking [Shocher et al. 2020]. Our spatial feature mod-
ulation shares high-level similarity with approaches that add spatial
dimensions to the latent vectors in unconditional StyleGAN [Alharbi
and Wonka 2020; Kim et al. 2021] and conditional GANs [AlBahar
and Huang 2019; Park et al. 2019]. Our work di�ers in that our
spatial modulation parameters are predicted from the warped ap-
pearance features extracted from the source image instead of being
generated from random noise using a mapping network.

2.6 Symmetry Prior
Symmetry prior (in particular re�ective symmetry) has been applied
for learning deformable 3D objects [Wu et al. 2020], 3D reconstruc-
tion of objects [Sinha et al. 2012], and human pose regression [Yeh
et al. 2019]. Our work applies left-right re�ective symmetry to facil-
itate the training of coordinate-based texture inpainting network.
The symmetry prior allows us to reuse local appearance features
from the source and leads to improved results when source and
target poses are drastically di�erent.
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Fig. 3. Method overview. Our human reposing model builds upon a pose-conditioned StyleGAN2 generator [Karras et al. 2020]. We extract the Dense-
Pose [Güler et al. 2018] representation%CA6and use a pose encoder� ?>B4 to encode%CA6into 16� 16� 512pose features� ?>B4 which is used as input to the
StyleGAN2 generator [Karras et al. 2020]. To preserve the source image appearance, we encode the input source image�BA2into multiscale warped appearance
features� 0?? 8 using the source feature generator (Figure 4). To warp the feature from the source pose to the target pose we use the target coordinates) 2>>A3.
We compute these target coordinates) 2>>A3 using 1) the target dense pose%CA6and 2) the completed coordinates in the UV-space inpainted using the
coordinate completion model (Figure 5). We pass the multi-scale warped appearance features� 0?? 8 through the a�ine parameters network to generate scaling
and shi�ing parametersU and V that are used to modulate the StyleGAN2 generator features in aspatially varyingmanner (Figure 7). Our training losses
include adversarial loss, reconstruction losses, and a face identity loss.

3 METHOD
Given an image of a person�BA2and a desired target pose%CA6rep-
resented by Image-space UV coordinate map per body part (shortly
IUV) extracted from DensePose [Güler et al. 2018], our goal is to
generate an image preserving the appearance of the person in�BA2
in the desired pose%CA6. Note that this IUV representation of dense
pose entangles both the pose and shape representation.

We show an overview of our proposed approach in Figure 3. We
use a pose-guided StyleGAN2 generator [Karras et al. 2020] that
takes16� 16� 512pose features� ?>B4as input. The pose features
� ?>B4are encoded from the DensePose representation [Güler et al.
2018] using a pose feature generator� ?>B4that is composed of
several residual blocks. Using the source and target pose, we use
coordinate completion model to produce target coordinate that
establishes the correspondence between target and source image.
To encode the appearance information, we use a feature pyramid
network [Lin et al. 2017]� 0?? to encode the source image into
multiscale features and warp them according to the target pose. We
then use the warped appearance features to generate scaling and
shifting parameters to spatially modulate the latent space of the
StyleGAN generator.

3.1 Coordinate Completion Model
The IUV map of the source pose%BA2allows us to represent the
pose-independentappearance of the person in the UV-space. How-
ever, only the appearance ofvisiblebody surface can be extracted.
This leads to incomplete UV-space appearance representation and
thus may not handle the dis-occluded appearance for the target
pose%CA6. Previous work [Sarkar et al. 2021] encodes the partial
UV-space appearance to aglobal latent vectorfor modulating the
generator. This works well for clothing with uniform colors or ho-
mogeneous textures, but inevitably loses the spatially-distributed
appearance details. We propose to inpaint the UV-space appearance
by a neural network guided by the human body mirror-symmetry
prior. Instead of directly inpainting pixel values in UV-space, we
choose to complete the mapping from image-space to UV-space
established by%BA2and represented by UV-space source image coor-
dinates, in order to avoid generating unwanted appearance artifacts
while best preserving the source appearance. We refer to this net-
work ascoordinate completion model. We show an overview of our
coordinate completion model in Figure 5.

Given a mesh grid and the dense pose of the input source image
%BA2, we use a pre-computed image-space to/from UV-space map-
ping to map coordinates from the mesh grid to appropriate locations
in the UV-space (using bilinear sampling for handling fractional
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