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Figure 1. (a) Our approach inputs a single image of the user and casual captures of garments (both front and back views), and (b) outputs
desired poses of the same user wearing the given garments.

Abstract

We introduce Clothe and Pose, an image generation and

editing task that enables users to try on garments while si-

multaneously adopting any desired pose. Our method takes

a single user image, a set of garment images, and a refer-

ence pose as input, and outputs the user wearing the target

garment in the specified pose. We also propose an evalua-

tion framework for clothing and re-posing tasks. Our study

encompasses a wide variety of garments—including athletic

wear, bottoms, dresses, innerwear, and swimwear—across

diverse poses. Finally, we demonstrate the utility of Clothe

and Pose for human-centric editing on both real-world cap-

tures and synthetic imagery.

1. Introduction
Consider a user, Bob, who wishes to try on a new outfit
that he found online. Is a single, static perspective suffi-
cient for him to evaluate the garment? In a physical retail
environment, a customer naturally moves, turns, and adopts
various poses to observe how a garment drapes and moves
with the body. To bridge this gap in digital fashion, we in-
troduce Clothe and Pose. Our proposed framework for the
task takes a single image of the user, a target pose and gar-
ment images as input, generating high-fidelity outputs of the
user in multiple desired poses, as shown in Figure 1.

The existing virtual try-on technology [5, 18, 37] limits
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Figure 2. Error Propagation in Modular Clothe and Pose. We
demonstrate cumulative error propagation in a two-stage pipeline
using a sleeveless top as the target garment. In Stage-1, CatV-
TON [7] performs virtual try-on (VTON) but hallucinates the bot-
tom garment, inconsistent with the reference image. In Stage-2,
Leffa [66], a SOTA pose transfer model transforms the Stage-1
output into the target pose; however, it fails to preserve the per-
son’s identity, as evidenced by the visual discrepancy between the
Stage-2 output and the ground truth (G.T.).

the user to one perspective. One way to overcome this chal-
lenge is to use the state-of-the-art reposing modules [34, 66]
that can generate arbitrary poses of the user from a given
single image. A modular approach (CatVTON [7] + Leffa
Repose [66]) leads to error propagation, as shown in Fig-
ure 2. We also observe that reposing modules struggle to
preserve the garment and human identity. They hallucinate
garment details that are occluded or not visible in the user
image provided. We posit that clothing and posing are inter-
dependent – the way one poses depends on how they clothe.
We introduce a simple baseline for Clothe and Pose task.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 3. (a) Alice wants to try out a new t-shirt. Ideally, it should look the same irrespective of any garment she is currently wearing.
State-of-the-art CatVTON [7] reveals that the original garment influences the output. This behavior is consistent in most VTON methods [6,
55, 66]. We highlight two popular scenarios — the left is the current academic evaluation setup compared against the other two practical
scenarios; (b) Current VTON benchmarks [5, 37] contain tuples of (GA, PAGA) and the success of a VTON method is evaluated by
masking the region around GA in PAGA and then reconstructing PAGA using GA. This setup doesn’t allow us to quantify the performance
in practical scenarios; (c) We introduce an evaluation setup that allows us to contrast generated output with a ground truth.

In this work, we also observe fundamental limitations
that have restricted the practical and safe deployment of the
technology for try-on. One limitation is the influence of the
original garment worn by a user, as shown in Figure 3(a).
This arises from the current evaluation [5, 37], which con-
tains tuples of (GA, PAGA), where GA is an image capture
of the garment and PAGA is an image of a person wearing
GA. This setup does not allow for proper unpaired eval-
uation due to missing ground truth. Training and evalua-
tion, both are performed by masking pixels as shown in Fig-
ure 3(b) and optimizing on these benchmarks leads to input
dependency bias — enforced during training and optimiza-
tion for benchmark performance. Ideally, we should have an
image of PA wearing another garment GB but it is highly
unlikely that one will obtain a perfect pixel alignment in
PAGA and PAGB . Our setup (of simultaneous clothing and
posing) overcomes this limitation. We introduce an evalua-
tion setup that contains triplets of (PAGA, GB , PAGB) as
shown in Figure 3(c). Our evaluation setup allows us to
contrast the quality of virtual try-on with a physical try-on
and quantify the influence of target poses.

The existing benchmarks [5, 37] focus majorly on tops
and dresses, and only consider the front view of these gar-
ments. In our evaluation, we study a wide range of clothing
including tops, bottoms, dresses, innerwear, athletic wear,
and swimwear, as shown in Figure 5 and Figure 6. Our
goal is to minimize hallucination and thus, we provide front
and back view of the top and bottom garments to maxi-
mize information. The human subjects in our evaluation
set are captured in a controlled setting with minimal acces-
sories and tied hair, with no background distractions. This

allows us to carefully focus on the preservation of human
and garment details under varying clothing and pose condi-
tions. Inadvertently, our evaluation data allows us to study
the problem of Reposing. We observe that explicit garment
information helps to better repose, as shown in Figure 7,
verifying our hypothesis that clothing and pose are indeed
interdependent. Finally, it is non-trivial to generate and cap-
ture images with desired clothing and pose. Our approach
allows us to edit garments and pose of an individual in both
real and generated images.
Contributions: (1) We introduce the Clothe and Pose task,
to try-on garments and pose, (2) we introduce a new com-
prehensive evaluation setup to study the impact of different
factors on clothing and posing tasks; and (3) we demon-
strate the usefulness of our framework in human-centric
editing tasks.

2. A brief history of virtual try-on and reposing
Virtual Try-on. After the initial proposal of image-
based virtual try-on task [5, 23] and exploration of related
tasks [19, 42, 45], several datasets have been proposed to
train and evaluate VTON systems [5, 9, 37]. Initial ap-
proaches adopted a two-stage framework [5, 11, 15, 17,
18, 20, 22, 27–29, 32, 37, 38, 51, 53, 56–58], wherein
the first stage network warps the garment and the second
stage network synthesizes the try-on — earlier methods re-
lied on GANs [16], while later and current methods utilize
LDMs [43] as generative backbones. More recent meth-
ods produce try-ons in a single stage, often exploiting large
pre-trained latent diffusion backbones and their attention
mechanism [2, 6, 6, 7, 24, 30, 55, 59, 62, 66–68]. Liu
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Figure 4. Input: a user image, a spatial concatenation of front
and back views of the top and bottom garments, and a noisy latent
image channel-wise concatenated with the latents of the skeleton
of the target pose. Output: a denoised image latent. The three
inputs are treated as three separate streams in the model without
text conditioning, as described in the text.

et al. [33] use SMPL-based conditioning to simulate try-
ons in different poses. This method is specifically help-
ful for frontal poses, but limits generating try-ons in arbi-
trary poses, whereas our method allows synthesis in arbi-
trary poses as demonstrated in Figure 5. Current Virtual
Try-On limits the pose of the user: the way a user poses in
an image is a function of garment, our goal is to provide
the flexibility to change the pose, as well as a way to edit
clothing and pose in previously captured images.
Pose Transfer or Reposing refers to synthesizing humans
in different poses from a single reference image. Repre-
sentative methods [3, 13, 34–36, 47, 48] propose solving
pose transfer in isolation, while [1, 8, 46, 66] aim to de-
velop frameworks that can be trained for both pose transfer
and virtual try-on, separately. These methods do not support
conditioning on garments, which limits their performance
for non-frontal poses as shown in Figure 7. Our method is
jointly trained for clothing and posing simultaneously, and
supports garment conditions, allowing it to perform pose
transfer to arbitrary poses.

Several recent methods [12, 61, 64, 65] propose pipelines
for trying on garments in arbitrary poses. They lack a uni-
fied approach and a proper evaluation setup — the two crit-
ical aspects we focus on in this work.
Editing Images. InstructPix2Pix [4] demonstrates the uti-
lization of synthetic data and large pre-trained latent diffu-
sion backbones for image editing using text. Proprietary
models [26, 39] allow editing images using text and refer-
ence images, making the editing process more controllable.
Qwen-Image-Edit [52] allows editing images using a mix
of text, multiple reference images with support for condi-
tioning on depth map, pose keypoints, among others. Our
method enables better editing as shown in Figures 6 and 11.

3. Method
Given a user image, the target clothing images of top and
bottoms, our model learns to generate the try-on in a single
target pose. The remainder of this section is organized as
follows: in Section 3.1, we outline our task and notations, in
Section 3.2 we describe our proposed conditional model for
the multi-pose try-on, and finally in Section 3.3 we describe
the training details.

3.1. Overview
Formally, our single training sample for clothe and pose
consists of a reference user image R, a target image T of
the same user and its corresponding pose P , front-view and
back-view of the upper garment worn in the target image
Uf and Ub, respectively and front-view and back-view of
the lower garment worn in the target frame Bf and Bf , re-
spectively. Pose P is represented as an image by creating a
skeleton image of keypoints obtained using ViTPose [54].
We spatially concatenate all the top and bottom garment
conditions and refer to them as G in the rest of the paper.

We adopt the latent diffusion training paradigm [43] for
modeling the problem. Specifically, we build upon the
SDXL [40] to propose a new architecture with improved
conditioning for the generation of the target image condi-
tioned on user image, garment images, and the target pose.
It is worth noting here that we use the SDXL autoencoder to
obtain a latent representation of each of our conditions and
these latent representations are used for training the model.

3.2. Model
Virtual try-on methods have popularized self-attention in
the denoising UNet [44] for garment-conditioned gener-
ation, converging on two architectural choices: (i) spa-
tially concatenating garment latents with noisy target-image
latents along the width [7, 60], and (ii) running a sepa-
rate branch to extract garment features, then spatially con-
catenating them to the generation latents before the self-
attention module [6, 50, 55, 66]. While these designs
have substantially improved generation quality for virtual
try-on, both come with their own caveats to be extended
to multi-condition settings. Maintaining a full, separate,
time-dependent branch per condition multiplies inference
and training cost, as each branch independently performs
cross-attention and self-attention operations. Spatial con-
catenation within a single network avoids this cost, but
forces the model to simultaneously solve two unrelated
tasks—generating the try-on image and reproducing the
garment (or any conditioning image) in the output—which
is suboptimal, since a significant fraction of network capac-
ity goes toward copying the condition to the output rather
than toward generation quality.

To address these limitations, we propose a multi-stream
architecture inspired by recent advances in text-to-image
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Figure 5. Clothe and Pose. We study the performance of different methods for joint clothing and posing We observe that our method
performs better across a wide range of clothing and poses, including extreme pose changes (row 3) from a frontal reference image of the
user to the target back pose, effectively utilizing both the front and back views of the garment, as shown in the second column.

generative modeling [14, 25]. Figure 4 provides an
overview of our architecture and training flow. The remain-
der of this subsection details our key modifications to the
standard SDXL UNet architecture.

Removing Text cross-attention. SDXL integrates text
cross-attention blocks across the architecture that interfaces
the UNet with CLIP [41] text embeddings, adding roughly
0.5 B parameters. Recent VTON systems typically keep this
branch alive, either by injecting a generic template/empty
prompt, by synthesizing garment descriptions with LLMs
(this causes significant additional compute or monetary cost
for unseen garments during inference), or by describing ev-

ery image with a mixture of pose and appearance tokens.
We aim to guide our model explicitly using target pose and
target garment images and thus remove the textual control
from the model.

Multi-stream blocks. We use channel-wise concatenation
for all conditions that demonstrate pixel-alignment with the
target — in our task this is only limited to the pose con-
dition. For conditions that are not pixel-aligned with the
output (in our case, garment conditions and the user refer-
ence image), we propose to process them in parallel to the
noisy latent inside each network block with a separate set
of learnable weights followed by the interaction of repre-
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Figure 6. Innerwear and Swimsuits. We contrast our approach
with the best performing baseline, Qwen-Image-Edit.

sentations of all the conditions, and of the noisy latent in
a joint self-attention module. This ensures each condition
representation and the noisy latents, get their own neural
weights, unlike the spatial concatenation design.

Joint Attention. The joint attention for the interaction of
conditions and noisy latents is inspired by recent successes
in text-to-image modeling [14, 25]. After the initial paral-
lel processing of each condition, we add position embed-
dings to embed spatial positional information, and a learn-
able “stream embedding” vector to each of the conditions
to embed the info of their origin in the self-attention mech-
anism. In our early experiments, these techniques help the
model learn faster. Once position and stream embeddings
are added, the representations for each condition are passed
through QKV projection layers. Following [10, 14], we ap-
ply QK-normalization to stabilize our training. After nor-
malization, the Q, K and V matrices of each stream are con-
catenated along sequence length. Finally, the self-attention
operation [49] is applied to these matrices. This joint atten-
tion mechanism allows the freedom to each condition’s rep-
resentation to interact with other representations, and thus
allows the model to learn their interaction internally. Af-
ter the joint attention operation, the representations for each
condition are separated and processed independently in the
next neural block.

User Leffa Kontext Qwen-ImageOurs Ours
(w/o garment)

G.T.Pose

Figure 7. Reposing. We observe that the front and back views
of garments improve the quality of results, and faithfulness to the
original garment, specifically demonstrated in the last row.

3.3. Training
Training this model requires a paired tuple (R,G, T ) where
R is the reference user image, G represents the garment con-
ditions, and T is the target image of the same user in differ-
ent clothing and pose. However, such paired training data
are not readily available abundantly.

We design a two-stage training strategy that leverages
the complementary strengths of different data sources. In
the first stage, we train on large-scale pose transfer data,
augmented with garment images, to learn robust identity
preservation across different poses. In the second stage, we
fine-tune on a balanced mixture of our multi-pose virtual
try-on data and pose transfer data, enabling the model to
learn both garment transfer and identity preservation simul-
taneously. We provide the details of training data for both
the stages in Appendix C.2.
Stage 1: Identity Preservation Pre-training. In the first
stage, we leverage large-scale pose transfer data augmented
with garment conditions where the same person appears in
different poses but maintains consistent clothing. Given a
reference user image R and target pose P , the model learns
to generate the person in the target pose while preserving
their identity. Crucially, we also supply partial garment in-
formation during this stage — providing either the top gar-
ments (Uf , Ub) or bottom garments (Bf , Bb) but not both,
owing to the nature of the available data.

To enforce robust garment conditioning, we randomly
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Table 1. Quantitative evaluation on Clothe and Pose. Best results in bold.

Front→Back Front→Front Front→Left Front→Right

Method LPIPS→ PSNR↑ SSIM↑ LPIPS→ PSNR↑ SSIM↑ LPIPS→ PSNR↑ SSIM↑ LPIPS→ PSNR↑ SSIM↑

IDM-VTON+Leffa 0.278 16.782 79.963 0.274 16.757 80.390 0.265 17.094 81.375 0.263 16.962 81.673
OOTDiffusion+Leffa 0.287 16.250 79.001 0.280 16.227 79.682 0.272 16.618 80.720 0.269 16.508 81.053
CatVTON+Leffa 0.277 16.995 80.118 0.272 16.903 80.607 0.262 17.233 81.596 0.264 17.072 81.682
Leffa+Leffa 0.278 16.703 79.454 0.276 16.619 79.842 0.264 16.984 81.027 0.264 16.802 81.233
CatVTON+Kontext 0.324 16.265 79.719 0.293 16.949 80.854 0.306 16.644 81.600 0.291 16.947 81.801
Leffa+Kontext 0.317 16.092 79.075 0.290 16.575 80.012 0.302 16.407 80.488 0.283 16.720 81.229
Qwen-Image-Edit 0.340 15.247 74.631 0.187 17.523 83.771 0.207 17.063 83.279 0.186 17.432 84.518

Ours 0.166 18.599 84.380 0.155 18.785 85.296 0.153 18.984 85.999 0.151 19.028 86.191

dropout patches of the garment in user images.This forces
the model to rely on the explicit garment conditions G rather
than copying garment appearance from the reference image.
Stage 2: Multi-Pose Virtual Try-On Fine-tuning. In the
second stage, we fine-tune the pre-trained model on a mix-
ture of our multi-pose virtual try-on data and pose transfer
data. We sample the multi-pose try-on data with a proba-
bility of 0.6. For the multi-pose virtual try-on samples, the
model has access to complete garment conditions — both
top garments (Uf , Ub) and bottom garments (Bf , Bb) — en-
abling the model to learn full outfit transfer.

This mixing serves multiple purposes: (1) the virtual
try-on samples teach the model to perform complete gar-
ment transfer with both top and bottom replacements, (2)
the continued presence of pose transfer samples prevents
catastrophic forgetting of identity preservation capabilities
learned in Stage 1, and (3) the diversity in conditioning
(partial garments for pose transfer, complete garments for
try-on) improves the model’s robustness — this enables our
model to work for reposing as well.

During these stages, we replace each condition image
with a gray pixel image as a null condition with a proba-
bility of 0.15 during training to utilize classifier-free guid-
ance [21] during inference. As a consequence of this
dropout and stage-1 training, our model can operate with
any combination of input garments absent.

4. Experiments
Our evaluation data consists of ethnically diverse users
wearing a total of 360 unique clothing items accompanied
with their image captures in multiple poses for each gar-
ment associated with them. This data allows us to study
the Clothe and Pose effectively. The distribution of the gar-
ments in our evaluation data is visualized in Figure 8.

We evaluate Clothe and Pose in four target pose con-
figurations: Front→Front, Front→Left, Front→Right, and
Front→Back, where the arrow indicates the transformation
from source to target pose. Each of these configurations
contain 600 evaluation pairs — totaling 2400 evaluation
pairs for Clothe and Pose. The performance is measured

Innerwear Top
11.9%

Long Sleeve Top
21.2%

Short Sleeve Top
11.2%
Sleeveless Top
10.0%

Skirt
4.0%

Dress
10.5%

Innerwear Bottom
16.0%

Swimwear
13.8%

Garment Distribution for Evaluation Data

Figure 8. Our evaluation dataset covers a wide range of distribu-
tion of the garments for robust and comprehensive evaluation for
clothing and posing, as well as reposing.

using LPIPS [63], PSNR and SSIM metrics because of the
availability of ground truth data. For all our experiments,
across tasks, the model remains the same.
Baselines for Clothe and Pose. Except for qwen-image-
edit-2509 [52] (also known as Qwen–Image in figures, and
trained on internet-scale data), no other methods support
Clothe and Pose task. We construct baselines as pipelines in
which a virtual try-on model performs the try-on, followed
by its reposing by a pose transfer model. For virtual try-
on, we consider the latest models, namely, IDM-VTON [6],
OOTDiffusion [55], CatVTON [7] and Leffa [66]. For
reposing of these try-ons, we use CFLD [34], Leffa [66] and
text-guided Flux.1-Kontext-dev [26] image editing model
trained using large-scale dataset.
Clothe and Pose Analysis. The main results for Clothe
and Pose reported in Table 1 indicate that our method
achieves substantial improvements over all the baselines.
Our approach also outperforms Qwen-Image model
which is significantly larger in parameter count than
our model (20B vs 5B ours). Figures 5 and 6 highlight
the performance of our model across various garments
and posing scenarios. The performance gain is even
more pronounced in the lateral pose transformations
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Table 2. Quantitative comparison for Reposing. Best results in bold.

Front→Back Front→Front Front→Left Front→Right

Method LPIPS→ PSNR↑ SSIM↑ LPIPS→ PSNR↑ SSIM↑ LPIPS→ PSNR↑ SSIM↑ LPIPS→ PSNR↑ SSIM↑

CFLD 0.258 15.472 81.304 0.243 15.662 82.052 0.249 15.742 82.712 0.236 15.694 83.044
Leffa 0.251 17.769 80.679 0.238 17.795 81.187 0.244 17.928 81.856 0.239 17.960 82.346
Flux.1-Kontext-dev 0.287 17.409 80.588 0.251 18.295 81.538 0.132 20.992 86.699 0.258 18.135 82.261
Qwen-Image 0.279 17.856 77.656 0.129 20.871 86.381 0.117 21.430 87.115 0.119 21.450 87.597

Ours (w/o garment) 0.138 19.972 85.054 0.112 21.207 86.526 0.113 21.183 86.982 0.112 21.348 87.324
Ours 0.125 20.801 86.159 0.108 22.439 86.981 0.110 22.198 87.849 0.108 22.178 88.458

F→F F→L F→R F→B
0.25

0.30

0.35

0.40

Pose Transformation

LP
IP

S

CatVTON + Leffa
Qwen-Image-Edit

Ours

Figure 9. Garment region faithfulness with varying pose transfor-
mations in Clothe and Pose evaluation.

(Front→Left and Front→Right) and the extreme pose
transformations (Front→Back), because of the ability
of our method to condition the try-on image on front
and back views of the target garments. On the other
hand, the table also suggests that pipeline-based meth-
ods, IDM-VTON+Leffa, OOTDiffusion+Leffa,

CatVTON+Leffa, Leffa, CatVTON+Kontext,

Leffa+Kontext struggle. This significant performance
gap highlights the fundamental limitation of sequential
processing: error accumulation from the virtual try-on stage
propagates and amplifies during pose transformation —
which is also evident from their visual results in Figure 5,
where the pipeline-based approaches fail to preserve user
identity and garment details accurately. In the Appendix D,
weprovide more comparisons to include closed-sourced
models in pipeline-based methods.
Setup and Baselines for Reposing. Similar to Clothe and
Pose evaluation, we consider the same four pose configu-
rations for Reposing evaluation, and utilize 600 pairs per
configuration. We use CFLD [34] and Leffa [66] trained on
DeepFashion Pose Transfer dataset, text-guided image edit-
ing model Flux.1 Kontext-dev, and Qwen-Image-Edit (or
simply Qwen Image) that directly injects target pose in form
of keypoints along with a reference image. We contrast
these baselines with two configurations (but same check-
point) of our method: one that utilizes the garment input,
and the one without it.
Reposing. The evaluation of the Reposing task is reported
in Table 2. Our method achieves superior performance
across all metrics. The comparison between our full model

F→F F→L F→R F→B

0.25

0.30

0.35

Pose Transformation

LP
IP

S

Leffa
Qwen-Image-Edit

Ours

Figure 10. Garment region faithfulness with varying pose trans-
formations in evaluation of Reposing.

and the ablated version where no garment is provided at
the inference time, reveals interesting insights about the
role of conditioning the generation on both front and back
views of the garments — which are highly effective for bet-
ter pose transfer performance. The accompanying visuals
in Figure 7 suggest that methods trained and optimized on
the DeepFashion Pose Transfer dataset and benchmark, i.e.
Leffa and CFLD struggle with user identity preservation —
this occurs primarily because the DeepFashion dataset has
overlapping training and test set identities (more analysis
in Appendix B). Thus, optimizing for DeepFashion Pose
Transfer benchmark by excessively training on it makes
these models overfitted in user identity aspect and hence
they fail to generalize, making the benchmark unsuitable to
measure real progress in pose transfer — this is also a ma-
jor failure mode for pipeline-based methods for Clothe and
Pose. Flux.1 Kontext is a text-guided image editing model
and its lower performance as reported in the Table 2 com-
bined with visual results Figure 7, and in conjunction with
try-on methods in Figure 5 indicate that while the model is
good at identity preservation, it struggles to edit pose. In ad-
dition to this standard evaluation, we also evaluate the sim-
ilarity of the garment region of the generated image and the
ground truth image, which is critical in assessing the per-
formance of models for accurate garment transfer. We use a
SCHP-based [31] parser to extract a mask over the garment
regions in the ground truth. This mask is used to capture
the garment regions of the generated image and the ground
truth to measure their LPIPS score. We record this garment
region faithfulness for Clothe and Pose in Figure 9 and in
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Figure 11. Human-Centric Image Editing: Our model is capable of changing clothes and pose in complex surrounding conditions, even
for AI-generated images, outperforming Qwen-Image in garment fidelity and identity preservation.

Figure 10 for reposing, for the top-3 performing models.
The analysis reveals that our method preserves the garment
regions better than the baselines for both tasks.

Editing Images. An interesting direct application of the
proposed system is editing previously captured photos to
re-imagine the person in a new look, new clothing, but the
same old nostalgic place. It could also be helpful in edit-
ing the outputs of image generation models to have better
post-processing control over their pose or attire, since these
things are not as intuitive to express in text prompts. In
Figure 11, we qualitatively demonstrate that our method is
capable of editing clothes and poses in AI generated images
as well. The preservation of complex background, while
trained on a limited amount of such data, is enabled by pre-
serving the background info in the latents at the start of the
generation process (Appendix C.1).

Our method demonstrates substantial improvements over
pipeline-based approaches and Qwen-Image, we recognize
this as an early contribution to unified garment-pose synthe-
sis and discuss limitations of our method in Appendix E.

5. Discussion
Fashion is 50% clothing, and 50% posing – we introduce
a computational framework of Clothe and Pose that allows
a user to change their clothes and/or pose. Our method is
surprisingly simple and outperforms existing methods.

Our work sets a strong foundation for composite clothing
and pose transfer, and opens up new avenues to explore bet-
ter and efficient training schemes. It also lays the ground-
work for the exploration of extreme pose transfers in image
editing, and provides a proper setup for evaluation.
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