©Copyright 2024
Luyang Zhu



Photorealistic Virtual Try-on with Generative Models

Luyang Zhu

A dissertation
submitted in partial fulfillment of the

requirements for the degree of
Doctor of Philosophy

University of Washington

2024

Reading Committee:
Ira Kemelmacher-Shlizerman, Chair
Steven M. Seitz

Brian Curless

Program Authorized to Offer Degree:

Computer Science and Engineering



University of Washington

Abstract
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Computer Science and Engineering

Virtual try-on (VTO) is revolutionizing the online apparel shopping experience, enabling cus-
tomers to see how a particular fashion item would look on them. Despite significant progress,
current VTO methods still encounter challenges such as accurately warping garments under
large pose gap and heavy occlusion, as well as preserving body shape and identity of the
person under the new garment. Additionally, most research focuses on upper-body VTO,
whereas a full-body VTO that allows for garment mix-and-match is more desirable in real-
world scenarios. In my thesis, I address above challenges by developing generative models
tailored for the VTO task.

First, I propose TryOnDiffusion, the first method capable of try-on synthesis at 1024 x
1024 resolution for various body poses and shapes while preserving garment details. Previ-
ous methods either focus on garment detail preservation without effective pose and shape
variation, or allow try-on with the desired shape and pose but lack garment details. In
this project, I show that the underlying reason for this challenge is a widely-used two-stage
pipeline consisting of an explicit warping model and a blending GAN model. To solve this
issue, I propose a diffusion-based architecture that unifies two UNets (referred to as Parallel-
UNet), which can warp the garment implicitly with cross attention, in addition to warping
and blending in a single network pass.

Next, I present M&M VTO, which extends TryOnDiffusion from upper body VTO to full



body VTO, allowing to mix and match multiple garments. To preserve intricate garment
details required by full body VTO, I propose a single-stage diffusion model in the pixel
space that is trained progressively. To solve a common identity loss problem in current VTO
methods, I design a novel architecture named VTO UNet Diffusion Transformer (VTO-
UDiT) to disentangle denoising from person specific features, allowing for a highly effective
finetuning strategy. Furthermore, M&M VTO also supports garment layout editing via text
inputs finetuned on multi-modal foundation models.

Finally, I show how we can train generative models on synthetic datasets for 3D clothed
human reconstruction, which is an important component towards VTO in the 3D world. I
propose reconstructing NBA players, which takes as input a single photo of a clothed player
in any basketball pose and outputs a high resolution mesh and 3D pose for that player. Key
to my approach is a deep neural skinning approach for creating poseable, skinned models
of NBA players, and a large database of meshes derived from the video game. Although
trained only on synthetic data, the proposed pipeline generalizes well to real-world images

even under heavy occlusion.
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Chapter 1
INTRODUCTION

Figure 1.1: Cher’s Closet presented in the 1995 film Clueless [69]. The main character Cher

Horowitz used this digital closet to mix and match her outfits (left), and virtual try-on outfits

(right).

Virtual try-on (VTO) has long been a dream for many people. In the 1995 movie Clue-
less [69], the main character, Cher Horowitz, had a digital closet (Figure 1.1) that let her
browse her clothes on a computer, mix and match outfits, and preview how they would look
on her. At the time, every girl wanted a closet like Cher’s to help pick out their “OOTD”
(outfit of the day) and see how different clothes would look on them. But back then, Cher’s
high-tech closet was just a fantasy seen in the movies, far from reality.

As artificial intelligence advances and large fashion datasets [114] become available, VTO
technology is evolving and increasingly shaping the future of online apparel shopping (Fig-
ure 1.2). For retailers, VTO reduces the chances of returns due to fit or style issues. It also

provides valuable insights into customer preferences and behaviors, helping businesses better



= o)
O @ googlecom/search?g=h < @ i
¢ PSS 00
Everlane Women'’s Super-Soft Short
Sleeve Polo Shirt
- iew in 1 reviews
A7 Typically $28 v
prime try beforeyoubuy
|l cotor: Pink Tint/White Everlal $2800
| Everlane n's Super-Soft Short.
a ) day returns
User reviews

Figure 1.2: Multiple companies released their VTO features. From left to right: Walmart
apparel VTO, Snapchat VTO filter for Farfetch, Amazon shoe VTO and Google apparel
VTO.

tailor their products and marketing approaches. For consumers, VTO offers the convenience
of trying on clothes from home, which saves time and simplifies the shopping process. By
seeing how products look on them, customers can make better-informed decisions, boosting

their confidence in purchases, particularly for items like clothing.

Despite significant progress in this field, current VTO methods still face challenges. Those
include, 1) garment quality rendering in the VTO experience, e.g., photorealism and realistic
warping, 2) person identity preservation, e.g., to make sure that the input person’s body

shape and identity is shown correctly with the new garment.

The first challenge stems from the complex task of non-rigidly warping a garment to fit
a target body shape without distorting its patterns and texture. Related works [31, 105]

addresses this challenge through a two-step pipeline. They first train a warping model to
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Figure 1.3: Problems for explicit warping. Ill-posed one-to-one pixel correspondence when
occlusion exists: For the blue pixel in the input garment, there is no corresponding pixel in
the groundtruth garment due to self-occlusion. Inadequate to supervise flow fields training
with image-space perceptual loss: For the black pixel, both red and green pixels in thr

groundtruth garment can lead to a small perceptual loss.

estimate a dense flow field, and use this field to explicitly warp the source garment. Second,
they train a blending model to blend the warped garment and the target person. As shown
in Figure 1.3, the explicit warping is problematic as it requires an invalid one-to-one pixel
correspondence when occlusion exists. Additionally, obtaining groundtruth flow fields from
real images is challenging. Most methods circumvent this issue by using the perceptual loss
in the image space between the warped and groundtruth garment. However, there exists
multiple flow solutions that can yield small perceptual losses, indicating that supervising the

warping model solely with perceptual loss is also inadequate.

The second challenge arises from the disparity between the training and testing data.



Ideally, training data for the virtual try-on would include a triplet of a person in garment A,
the same person in the same pose wearing garment B, another person in a different pose in
garment A. However, obtaining such data at scale is practically impossible. Consequently,
most methods [65, 177, 195, 82, 194, 47, 40, 68, 193, 8] are trained on paired samples and
tested on unpaired ones. To prevent the leakage of the original garment, most methods em-
ploy a clothing-agnostic representation that completely eliminates the garment information.
Unfortunately, this representation also removes body parts from the person input, causing
issues with person identity preservation.

In addition to the aforementioned main challenges, there are other less explored issues.
Firstly, most research focuses on upper body VTO, but there’s a clear preference for the mix
and match VTO that can try on multiple garments for the full body. Secondly, the current
research typically doesn’t support VTO that allows for different garment layouts, like rolling
sleeves up or down, limiting how users can visualize and adjust their outfits.

In this thesis, I explore methods for photorealistic VIO with generative models. In
particular, my contributions include: 1) The first diffusion models designed for the VTO
task that can achieve realistic garment warping under very large pose differences and heavy
occlusions. 2) A single-stage diffusion model designed for the mix and match VTO that can
synthesize intricate garment details, preserve person identity with minimal space requirement
and edit garment layout with text inputs. 3) A new method for creating poseable, skinned
models of clothed human, and a large database of meshes derived from the NBA2K19 video

game [33]. Below I introduce each of these contributions.

Realistic garment warping. In Chapter 3, I propose TryOnDiffusion, a diffusion-based
architecture that unifies two UNets (referred to as Parallel-UNet), which allows us to preserve
garment details and warp the garment for significant pose and body change in a single
network. Our key observation is that the process of constructing cost volumes in flow-
based models [170] is essentially the same as creating attention maps for scaled dot-product
attention [174]. Moreover, in the context of VTO, our main concern is obtaining the final

warped image rather than getting an accurate intermediate flow field, where the latter is



Person Garment Try-on

Figure 1.4: TryOnDiffusion is able to synthesize realistic garment warping even under heavy

occlusion and extreme pose differences.

more complex. Therefore, I propose to replace the traditional explicit grid sampling with
a learnable weighted sum. This leads to the implicit warping mechanism via the cross-
attention operation. Inspired from the success of perceptual loss and style loss [85, 143],
I further propose to use the same network to perform warping and blending, which allows
the two processes to exchange information at the feature level rather than at the pixel level.
As shown in Figure 1.4, TryOnDiffusion can achieve realistic garment warping even under

extreme body pose differences.

Mix and match VTO. In Chapter 4, I present M&M VTO-a mix and match VTO method .
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Figure 1.5: Task definition for M&M VTO. Given an image of upper body garment, an image
of lower body garment, a text description of garment layout, and an image of a person, M&M
VTO generates a visualization of how those garments (in the desired layout) would look like

on the given person.

As shown in Figure 1.5, M&M VTO takes as input multiple garment images, text description
for garment layout and an image of a person, and output a visualization of the given person
wearing garments in the layout specified by the text description. Compared to upper body
VTO, the mix and match VTO, which includes the full body from head to feet, requires the
model to synthesize more intricate details because garments occupy a smaller portion of the
image. I observe that cascaded diffusion models failed to achieve this task as the groundtruth
in the base diffusion model does not contain intricate details due to excessive downsampling.
Super-res diffusion models can not hallucinate those details if the base diffusion model does
not include them. To overcome this issue, I suggest using a single-stage diffusion model
that is progressively trained from lower to higher resolution data. The training at lower
resolutions is aimed at learning mid-level structures and the warping process, whereas the

training at higher resolutions concentrates on capturing high-frequency details. I also propose



a novel architecture named VTO UNet Diffusion Transformer (VTO-UDiT), to disentangle

denoising from person specific features, allowing for a highly effective finetuning strategy for
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Figure 1.6: The data collection pipeline for the NBA2K dataset. Video game is a good data

source for scaling up 3D clothed human meshes.

Skinned models of clothed human. 3D clothed human reconstruction from a single image
is a crucial element for enhancing the VT'O experience. It enables consumers to visualize
how garments would appear on them from various viewpoints. However, current approaches
in this field are constrained by the availability of large-scale datasets, which are costly to
collect. To address this challenge, I have created techniques that can efficiently collect 3D
clothed human datasets from video game engines. As shown in Figure 1.6, textured triangle
mesh can be extracted from the GBuffer by intercepting calls between the game engine and
GPU using graphics debugging softwares like RenderDoc [146]. Given this dataset, I am
able to train skinned models of clothed human, parametrized as neural networks, that can

capture pose-dependent garment details.



Chapter 2
RELATED WORK

In this chapter, I conduct a survey of literature necessary for creating photorealistic vir-
tual try-on (VTO) with generative models. I begin by examining research on image-based
VTO, detailing the breakthroughs and limitations of milestone papers. Next, I review the lit-
erature of diffusion models, a special family of generative models that I used for my projects.
For this section, I will mainly focus on the application rather than the theory of diffusion

models. Finally, I will briefly introduce methods for 3D clothed human reconstruction.

2.1 Image-Based Virtual Try-on

Image-based VTO methods [65, 177, 195, 82, 194, 31, 47, 40, 68, 193, 105, 8, 120, 197, 145]
aim to create an image of a target individual wearing a source garment, given a pair of
images (target person, source garment). An optimal try-on result should meet the following
requirements: 1) The target person’s identity, including factors like skin tone, body size,
and tattoos, should be maintained. 2) The source garment should be warped properly to
fit the target person’s pose and body shape, even in cases of heavy occlusion. 3) Detailed
texture patterns should be preserved, and garment folds should be realistically recreated to
align with the new poses. 4) The try-on results should be high resolution and include all
the details customers wish to see. A number of studies have been proposed to meet these

criteria.

Thin-Plate-Spline Warping. The seminal work, VITON [65], is a significant contribution
to the literature, paving the way for solutions in image-based VTO. Many subsequent works
have built upon its framework and attempted to enhance it from various perspectives. VI-

TON proposes a coarse-to-fine pipeline, guided by the thin-plate-spline [17] (TPS) warping



of source garments. Specifically, it first trains an encoder-decoder network to predict the
coarse try-on result and the warped garment mask, given the clothing-agnostic representa-
tion and the layflat garment. The network is trained with L1 loss for the warped mask and
perceptual loss for the coarse try-on result. Following this, TPS parameters are estimated
based on shape context matching [11], which is then used to compute the warped garment.
A refinement neural network is then trained to estimate the alpha mask, given the coarse
try-on result and the TPS-warped garment. This alpha mask is used to generate the final
try-on result by blending the two inputs of the refinement network. The refinement network

is trained with perceptual loss between the final try-on result and groundtruth.

Two notable contributions from VITON are worth highlighting. Firstly, VITON found a
way to relax the training data requirements for the try-on task. In theory, we need triplets
of data samples to train a try-on system: person A wearing garment A in pose A, any person
wearing garment B in pose B (or a layflat image of garment B), and person A wearing
garment B in pose A. The first two images serve as input to the try-on system, and the last
one is the groundtruth to supervise the training. However, in practice, it is prohibitively
expensive to collect these desired triplets on a large scale. By introducing clothing-agnostic
representations, VITON bypasses the need for triplets, only requiring a pair of images: a
layflat garment and a person wearing the same garment. This kind of training data is readily
available and easily accessible because many online retailers provide them by default for
their products. Specifically, VITON extracts the following clothing-agnostic representations
from the person input image: 2D human pose heatmaps, a rough body shape mask, and
face/hair regions of the person. These representations prevent the garment information leak
while partially preserving the person’s identity. Secondly, VITON breaks down image-based
virtual try-on into two stages: a warping model and a blending model, a pipeline that has
been adopted by the majority of subsequent works.

One significant challenge for VITON is accurately warping the garment, especially under
heavy occlusion and large pose gaps. VITON employs shape context matching to estimate

TPS warping parameters. However, shape context matching, based on deterministic feature
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descriptors, may not be robust enough under heavy occlusions. CP-VTON [177] seeks to
replace shape context matching with a learnable geometry matching module, where TPS
parameters are directly estimated through a neural network. Specifically, it first extracts
features from clothing-agnostic representations and the garment image using two networks.
Then a correlation tensor is computed from extracted features by dot-product. Finally, a
regression network is used to predict TPS parameters from the correlation tensor. Since
TPS warping is differentiable, CP-VTON can train the geometry matching module using
the L1 loss between the warped garment and the groundtruth garment. Although CP-
VTON improves upon VITON, it still relies on TPS warping, which struggles with large
deformations. This is primarily because the sparse control points used in TPS warping fails

to model complex deformations, leading to over-bending or distortion of the garment.

Apprearance Flow Warping. To overcome the above issue, ClothFlow [64] directly esti-
mates dense flow fields with a neural network. Specifically, ClothFlow utilizes two feature
pyramid networks to refine the estimation of the flow field progressively in a cascaded warp-
ing manner. However, it is almost impossible to get the dense supervision for the flow field
on real images, thus ClothFlow resorts to training the network with a warping loss in the
image space. This is ill-posed due to the infinite solutions of flow fields that exist to warp
one image to another, especially for garment images where repetitive texture pattern is very
common. Consequently, flow network easily falls into the local minima and fails to cap-
ture fine details. SDAFN [8] tries to mitigate the ill-posed problem by predicting multiple
flow fields and combining warped features through deformable attention [204]. However,
occlusions might invalidate the dense correspondence between two images and lead to the

pixel-squeezing artifacts.

High-Resolution VTO. Another significant issue for above methods is that they can only
synthesize try-on results up to a resolution of 256 x256. VITON-HD [31] is the first work that
can generate 1024 x 768 try-on images. The key contribution of VITON-HD is a novel archi-

tecture for the blending model, designed specifically to address the misalignment between the
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warped garment and the desired garment region. Inspired from SPADE [130], VITON-HD
introduces a blending model equipped with ALIgnment-Aware Segment (ALIAS) normal-
ization. ALIAS normalization standardizes activations separately according to the aligned
and misaligned area. These normalized activations are then modulated by affine parameters
conditioned on the warped mask and the predicted human parsing map. The aligned area
introduced in ALIAS normalization is the intersection of the warped mask and predicted hu-
man parsing, while the misaligned area is the subtraction of the aligned area from the warped
mask. HR-VITON [105] further improves VITON-HD by simultaneously predicting human
parsing maps and garment warping flows, which allows for information exchange between
two tasks. To enhance the try-on performance in real-world applications, HR-VITON further

introduces discriminator rejection to filter out incorrect human parsing map predictions.

Parser-free VT O. Human parsing prediction is a critical element of image-based try-on
systems. A realistic try-on result relies heavily on the accuracy of the human parsing results.
However, even the most advanced human parsing algorithms, such as Graphonomy [50], are
susceptible to errors, particularly for garment types that were not present during training.
WUTON [82] attempts to solve this issue by training a parser-based teacher network first,
followed by a parser-free student network. The groundtruth for student network is the fake
try-on results generated by the teacher network, leading to the student network mimicing
the teacher’s behavior. One disadvantage of WUTON is that any imperfections present
in the teacher network are also passed on to the student network due to the nature of
the knowledge distillation. PF-AFN [417] offers a solution to this problem by proposing a
“teacher-tutor-student” knowledge distillation scheme. Rather than using the fake try-on
result produced by the teacher network as the direct supervision, PF-AFN uses it as input
to the student network, and supervises the student training with real person images. By
doing this, PF-AFN can discard the clothing-agnostic representations and ensures that the
supervising information for the student network is free of artifacts. Moreover, PF-AFN
also distills the garment warping flow based on the quality of the teacher’s try-on output.

It’s important to note, however, that PF-AFN struggles to retain the identity of the target
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person. The main reason is that the fake try-on results produced by the parser-based teacher
network (also the input of the student network) can not retain the person identity as it relies

on the clothing-agnostic representations.

Multi-Garment VTO. The aforementioned methods are primarily focused on the upper-
body try-on, which significantly limits their practical applications. DiOr [36] presents the
first try-on system that supports full-body try-on and different garment interactions. The
key innovation of DiOr is a recurrent generation pipeline that can sequentially dress a per-
son with garments. Consequently, trying on the same set of garments in different orders will
result in different garment layerings. However, the try-on quality of DiOr can be limited,
especially in challenging scenarios such as rare body poses, unusual garment shapes, and
complex garment layering. The performance of DiOr should improve with larger scale train-
ing data as well as more advanced warping and blending models. COTTON [28] proposes
a Clothing-Oriented Transformation TryOn Network (COTTON) for multi-garment VTO.
To achieve different garment interactions like tuck-in or tuck-out, COTTON introduces ad-

justable clothing landmarks to provide clothing size information based only on images.

Warping-Free VTO. Another interesting work to mention in the literature is TryOn-
GAN [107]. TryOnGAN does not adopt the two-stage pipeline as proposed in VITON that
requires paired training data. Instead, it trains a pose-conditioned StyleGAN2 [91] on un-
paired fashion images and running optimization in the latent space to achieve try-on. By
optimizing the latent space, however, it loses garment details that are less represented by the
latent space. This becomes evident when garments have a pattern or details like pockets, or

special sleeves.

2.2 Diffusion Models

Diffusion models [165, 167, 73] have recently emerged as the most powerful family of gen-
erative models. They consists of a deterministic forward process and a learnable backward

process. The forward process gradually corrupts data samples by adding random noise, while
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the backward process learns to denoise the data from a pure Gaussian noise step by step.
Unlike GANs [51, 20], diffusion models have better training stability and mode coverage,
allowing them to model the underlying distribution even the size of the training set is in

billions level.

Text-to-image Diffusion Models. Diffusion models have achieved state-of-the-art results
on various image generation tasks, especially for the text-to-image generation [157, 141, 151].
Imagen employs cascaded diffusion models [74] to directly synthesize images in the pixel space
given a text prompt. The key contribution of Imagen is to use a large launguage model [140)]
pretrained on text only to encode the text prompt. Imagen finds that using a larger language
model can boost both sample fidelity and image-text alignment, which is much more effective
than increasing the size of the image diffusion model. latent diffusion model (LDM) [151]
is another popular text-to-image model. Unlike Imagen which directly operates in the pixel
space, LDM first trains a VAE [95] to encode images into a smaller latent space, and then
train a diffusion model in the latent space conditioned on the text prompt. Thus stable

diffusion is more efficient in terms of the model size and the inference time.

ControlNet [198] extends LDM with spatial conditioning controls. ControlNet freeze
the pretrained large diffusion models, and reuses the encoder as a backbone to learn a
diverse set of conditional controls. To ensure that finetuning does not affect the underlying
distribution of pretrained diffusion models, the trainable conditional encoder is initialized to
zeros. Although being successful, ControlNet only works well for image-to-image translation
problems where input and output pixels are perfectly aligned. However, it is not directly
applicable to the VTO task as VTO involves highly non-linear transformations like garment

warping.

Text-to-video Diffusion Models. Recently, several works try to tackle the harder prob-
lem of the text-to-video generation. Following Imagen, Imagen video [72] utilizes cascaded
diffusion models to generate 1280 x 768 24FPS videos. The cascaded diffusion models are

parametrized as 3D UNets, including a base video generation model and several spatial and
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temporal video super-resolution models. Since the total model size is larger than 11B param-
eters, Imagen video also applies progressive distillation for fast and high quality sampling.
Stable Video Diffusion (SVD) [15, 14] inserts temporal layers into a pretrained image LDM
and finetunes it on the video data to generate latent key frames. In addition, it trains a
interpolation LDM and a spatial diffusion model upsampler on the video data to increase
the resolution and frame rates. For the long video generation, SVD also trains a video pre-
diction LDM by conditioning on starting frames. Compared to Imagen video, SVD is much
more resource efficient. Recently, Sora [22] can generate imppressive high-fidelity video of
one minute long. Sora first compress raw videos into spacetime latent patches with a VAE.
Then it trains a diffusion transformer [134] in the latent space conditioned on the text for
video generation. By scaling up the size of model and dataset, Sora can be seen as the first

step for building a simulator of the physical world.

Identity Preservation of Diffusion Models. Despite good generalization, text-to-image
diffusion models often struggle with preserving the identity of a specific subject. The seminal
work DreamBooth [154] finetuned Imagen on a few images of a given subject,such that it
learns to bind a unique identifier with that specific subject. To avoid overfitting to the tar-
get subject, DreamBooth apply a class-specific prior preservation loss, which encourages the
model to generate diverse instances belong to the subject’s class. To get rid of the lengthy
fine-tuning processes of DreamBooth, InstantID [178] proposes to train an IdentityNet con-
ditioned on face landmarks and embeddings, whose features are used to cross attend the
original UNet. In addition, InstantID learns a lightweight adaptor with decoupled cross-
attention, allowing for the conditioning of visual inputs. Thus, InstantID does not require
finetuning for each new subject, and can preserve the identity of the target subject given a

single reference image.

Image Editing with Diffusion Models. The success of text-to-image diffusion models
led to text-based image editing. DiffEdit [34] infers a region mask automatically based on

spatial difference in noise prediction from original and new input prompts. Then DiffEdit
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get the initial latent of the input image using DDIM inversion process [166]. Finally, DiffEdit
per forms image editing during DDIM process by compositing original and new noisy im-
ages using the inferred mask. Prompt-to-Prompt (P2P) [70] finds that the spatial layout
of generated images are based on cross-attention maps. Thus, P2P proposes a mask-free
image editing method by developing different strategies for editing cross-attention maps. In-
structPix2Pix [21] can directly edit images with a diffusion model given the input image and
editing prompt. To achieve this, InstructPix2Pix first builds a dataset consisting of image
editing examples. Specifically, InstructPix2Pix first prompts GPT-3 [23] to generate triplets
of text edits, including a prompt for the original image, an editing prompt and a prompt for
the edited image. Then InstructPix2Pix converts two image prompts into corresponding im-
ages using the P2P technique. Given this dataset, InstructPix2Pix trains a diffusion model
conditioned on the input image and the editing prompt, which can edits images in a matter

of seconds.
2.3 3D Clothed Human Reconstruction

3D clothed human reconstruction can be classified into two categories. The first category
reconstructs clothed human based on parametric human body models like SMPL [115]. The
second category directly estimates the geometry of clothed human in different 3D represen-

tations, without the help of parametric human body models.

Parametric Methods. Parametric human body models like SMPL are trained on human
captures with minimal clothing, thus they are not able to model diverse garment worn by
the people. To tackle this challenge, Weng et al. [182] demonstrate 2D warping of depth and
normal maps from a single photo silhouette. Specifically, Given a photo of a person, Weng et
al. first run off-the-shelf algorithms to extract 2D pose and person segmentation. Then, they
fit a SMPL model to the 2D pose, and render the fitted model into the image space as a SMPL
silhouette, a normal map and a skinning map. After that, they warp the normal/skinning
map to align the SMPL silhouette with the person segmentation. The warped normal map

is used to rebuild a depth map which are combined with warped skinning mas to create
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a clothed human mesh. Alternatively, Xiang et al. [186] propose to model clothed human
with a two-layer mesh representation, where the garment mesh is on top of the body mesh.
To better model the interaction between the two-layer meshes, Xiang et al. propose to use
a temporal convolution network to predict the clothing latent code based on a sequence of

input skeletal poses.

Non-parametric Methods. As we mentioned above, non-parametric methods propose
various 3D representations to model clothed humans by training on representative synthetic
data. PIFu [159] introduce an efficient implicit representation that aligns the pixels of 2D
images with the 3D shape of their corresponding objects. Using this representation, PIFu
trains an end-to-end deep learning model on synthetic dataset for reconstructing highly
detailed clothed humans. PIFuHD [160] extends PIFu to high-resolution images by proposing
a multi-level architecture. The coarse-level model takes as input lower-resolution images and
focuses on global reasoning. The features from the coarse-level model, as well as higher-

resolution images are fed into the fine-level model to estimate highly detailed geometry.
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Chapter 3

TRYONDIFFUSION: A TALE OF TWO UNETS

Figure 3.1: TryOnDiffusion generates apparel try-on results with a significant body shape
and pose modification, while preserving garment details at 1024x1024 resolution. Input
images (target person and garment worn by another person) are shown in the corner of the

results.

This chapter presents the collaborative research project with Dawei Yang, Tyler Zhu,
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Fitsum Reda, William Chan, Chitwan Saharia, Mohammad Norouzi, Ira Kemelmacher-
Shlizerman. The findings from this work were initially published in CVPR 2023 [203]. The
subsequent analysis and comparisons to related studies in this chapter are based on the
prevailing state-of-the-art during that time.

Virtual apparel try-on aims to visualize how a garment might look on a person based on
an image of the person and an image of the garment. Virtual try-on has the potential to
enhance the online shopping experience, but most try-on methods only perform well when
body pose and shape variation is small. A key open problem is the non-rigid warping of a
garment to fit a target body shape, while not introducing distortions in garment patterns
and texture [65, 177, 31].

When pose or body shape vary significantly, garments need to warp in a way that wrinkles
are created or flattened according to the new shape or occlusions. Related works [31, 105, 1706]
have been approaching the warping problem via first estimating pixel displacements, e.g.,
optical flow, followed by pixel warping, and postprocessing with perceptual loss when blend-
ing with the target person. Fundamentally, however, the sequence of finding displacements,
warping, and blending often creates artifacts, since occluded parts and shape deformations
are challenging to model accurately with pixel displacements. It is also challenging to remove
those artifacts later in the blending stage even if it is done with a powerful generative model.
As an alternative, TryOnGAN [107] showed how to warp without estimating displacements,
via a conditional StyleGAN2 [91] network and optimizing in generated latent space. While
the generated results were of impressive quality, outputs often lose details especially for
highly patterned garments due to the low representation power of the latent space.

In this paper, we present TryOnDiffusion that can handle large occlusions, pose changes,
and body shape changes, while preserving garment details at 1024 x1024 resolution. TryOn-
Diffusion takes as input two images: a target person image, and an image of a garment
worn by another person. It synthesizes as output the target person wearing the garment.
The garment might be partially occluded by body parts or other garments, and requires

significant deformation. Our method is trained on 4 Million image pairs. Each pair has the
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same person wearing the same garment but appears in different poses.

TryOnDiffusion is based on our novel architecture called Parallel-UNet consisting of two
sub-UNets communicating through cross attentions [174]. Our two key design elements are
implicit warping and combination of warp and blend (of target person and garment) in a
single pass rather than in a sequential fashion. Implicit warping between the target person
and the source garment is achieved via cross attention over their features at multiple pyra-
mid levels which allows to establish long range correspondence. Long range correspondence
performs well, especially under heavy occlusion and extreme pose differences. Furthermore,
using the same network to perform warping and blending allows the two processes to ex-
change information at the feature level rather than at the color pixel level which proves to
be essential in perceptual loss and style loss [85, 143]. We demonstrate the performance of

these design choices in Sec. 3.5.

To generate high quality results at 1024 x 1024 resolution, we follow Imagen [157] and cre-
ate cascaded diffusion models. Specifically, Parallel-UNet based diffusion is used for 128 x 128
and 256 x256 resolutions. The 256 x256 result is then fed to a super-resolution diffusion net-
work to create the final 1024 x1024 image.

In summary, the main contributions of our work are: 1) try-on synthesis at 1024 x 1024
resolution for a variety of complex body poses, allowing for diverse body shapes, while pre-
serving garment details (including patterns, text, labels, etc.), 2) a novel architecture called
Parallel-UNet, which can warp the garment implicitly with cross attention, in addition to
warping and blending in a single network pass. We evaluated TryOnDiffusion quantitatively
and qualitatively, compared to recent state-of-the-art methods, and performed an extensive
user study. The user study was done by 15 non-experts, ranking more than 2K distinct
random samples. The study showed that our results were chosen as the best 92.72% of the

time compared to three recent state-of-the-art methods.
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Figure 3.2: Overall pipeline (top): During preprocessing step, the target person is segmented

out of the person image creating “clothing agnostic RGB” image, the target garment is

segmented out of the garment image, and pose is computed for both person and garment

images. These inputs are taken into 128 x 128 Parallel-UNet (key contribution) to create the

128 x 128 try-on image which is further sent as input to the 256 x256 Parallel-UNet together

with the try-on conditional inputs. Output from 256 x256 Parallel-UNet is sent to standard

super resolution diffusion to create the 1024x1024 image.

Parallel-UNet is visualized at the bottom, see text for details.

The architecture of 128x128
The 256x256 Parallel-UNet

is similar to the 128 one, and provided in supplementary for completeness.
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3.1 Related Work

Image-Based Virtual Try-On. Given a pair of images (target person, source garment),
image-based virtual try-on methods generate the look of the target person wearing the source
garment. Most of these methods [65, 177, 195, 82, 194, 31, 47, 40, 68, 193, 105, 8, 120,
197, 145] decompose the try-on task into two stages: a warping model and a blending
model. The seminal work VITON [65] proposes a coarse-to-fine pipeline guided by the
thin-plate-spline (TPS) warping of source garments. ClothFlow [64] directly estimates flow
fields with a neural network instead of TPS for better garment warping. VITON-HD [31]
introduces alignment-aware generator to increase the try-on resolution from 256x192 to
1024x768. HR-VITON [105] further improves VITON-HD by predicting segmentation and
flow simultaneously. SDAFN [8] predicts multiple flow fields for both the garment and the
person, and combines warped features through deformable attention [204] to improve quality.

Despite great progress, these methods still suffer from misalignment brought by ex-
plicit flow estimation and warping. TryOnGAN [107] tackles this issue by training a pose-
conditioned StyleGAN2 [91] on unpaired fashion images and running optimization in the
latent space to achieve try-on. By optimizing the latent space, however, it loses garment
details that are less represented by the latent space. This becomes evident when garments
have a pattern or details like pockets, or special sleeves.

We propose a novel architecture which performs implicit warping (without computing
flow) and blending in a single network pass. Experiments show that our method can preserve

details of the garment even under heavy occlusions and various body poses and shapes.

Diffusion Models. Diffusion models [165, 167, 73] have recently emerged as the most pow-
erful family of generative models. Unlike GANs [51, 20], diffusion models have better training
stability and mode coverage. They have achieved state-of-the-art results on various image
generation tasks, such as super-resolution [158], colorization [156], novel-view synthesis [181]
and text-to-image generation [157, 141, 151, 154]. Although being successful, state-of-the-art

diffusion models utilize a traditional UNet architecture [153, 73] with channel-wise concate-
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nation [158, 156] for image conditioning. The channel-wise concatenation works well for
image-to-image translation problems where input and output pixels are perfectly aligned
(e.g., super-resolution, inpainting and colorization). However, it is not directly applicable to
our task as try-on involves highly non-linear transformations like garment warping. To solve
this challenge, we propose Parallel-UNet architecture tailored to try-on, where the garment

is warped implicitly via cross attentions.

3.2 Pipeline Overview

Fig. 3.2 provides an overview of our method for virtual try-on. Given an image I, of person
p and an image I, of a different person in garment g, our approach generates try-on result
I, of person p wearing garment g. Our method is trained on paired data where [, and I,
are images of the same person wearing the same garment but in two different poses. During
inference, I, and I, are set to images of two different people wearing different garments in
different poses. We begin by describing our preprocessing steps, and a brief paragraph on

diffusion models. Then we describe in subsections our contributions and design choices.

Preprocessing of inputs. We first predict human parsing map (S,,5,) and 2D pose
keypoints (J,, J;) for both person and garment images using off-the-shelf methods [50, 129].
For garment image, we further segment out the garment /. using the parsing map. For person
image, we generate clothing-agnostic RGB image I, which removes the original clothing but
retains the person identity. Note that clothing-agnostic RGB described in VITON-HD [31]
leaks information of the original garment for challenging human poses and loose garments.
We thus adopt a more aggressive way to remove the garment information. Specifically, we
first mask out the whole bounding box area of the foreground person, and then copy-paste
the head, hands and lower body part on top of it. We use S, and J, to extract the non-
garment body parts. We also normalize pose keypoints to the range of [0, 1] before inputting

them to our networks. Our try-on conditional inputs are denoted as Cyyon = (L, Jp, Ie, Jy)-

Brief overview of diffusion models. Diffusion models [165, 73] are a class of genera-
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tive models that learn the target distribution through an iterative denoising process. They
consist of a Markovian forward process that gradually corrupts the data sample x into the
Gaussian noise z7, and a learnable reverse process that converts z; back to x iteratively.
Diffusion models can be conditioned on various signals such as class labels, texts or images.
A conditional diffusion model x4y can be trained with a weighted denoising score matching

objective:

Ex c.et{we]|Xo(cux + o1€, €) — x|3] (3.1)

where x is the target data sample, c is the conditional input, € ~ A(0,I) is the noise
term. «y, 0y, wy are functions of the timestep ¢t that affect sample quality. In practice, Xy is
reparameterized as €y to predict the noise that corrupts x into z; := ay;x + 0y€. At inference
time, data samples can be generated from Gaussian noise z7 ~ N(0,I) using samplers like

DDPM [73] or DDIM [166].

Cascaded Diffusion Models for Try-On. Our cascaded diffusion models consist of one
base diffusion model and two super-resolution (SR) diffusion models.

The base diffusion model is parameterized as a 128x128 Parallel-UNet (see Fig. 3.2
bottom). Tt predicts the 128 x128 try-on result I}?® taking in the try-on conditional inputs
Cryon- Oince I, and I. can be noisy due to inaccurate human parsing and pose estimations,
we apply noise conditioning augmentation [74] to them. Specifically, random Gaussian noise
is added to I, and I. before any other processing. The levels of noise augmentation are also
treated as conditional inputs following [74].

The 128x128—256x256 SR diffusion model is parameterized as a 256x256 Parallel-
UNet. It generates the 256x256 try-on result I25¢ by conditioning on both the 128x128
try-on result I}?® and the try-on conditional inputs Cyyen at 256x256 resolution. I12 is
directly downsampled from the ground-truth during training. At test time, it is set to the
prediction from the base diffusion model. Noise conditioning augmentation is applied to all
conditional input images at this stage, including I1%, I, and I..

The 256x256—1024x1024 SR diffusion model is parameterized as Efficient-UNet intro-
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duced by Imagen [157]. This stage is a pure super-resolution model, with no try-on condi-
tioning. For training, random 256 X256 crops, from 1024x1024, serve as the ground-truth,
and the input is set to 64x64 images downsampled from the crops. During inference, the
model takes as input 256x256 try-on result from previous Parallel-UNet model and syn-
thesizes the final try-on result I, at 1024x1024 resolution. To facilitate this setting, we
make the network fully convolutional by removing all attention layers. Like the two previous

models, noise conditioning augmentation is applied to the conditional input image.

3.3 Parallel-UNet

The 128 x128 Parallel-UNet can be represented as

€ = Ge(Zn t, Ctryon; tna) (32)

where ¢ is the diffusion timestep, z; is the noisy image corrupted from the ground-truth at
timestep ¢, Cryon 1s the try-on conditional inputs, t,, is the set of noise augmentation levels
for different conditional images, and €; is predicted noise that can be used to recover the
ground-truth from z;. The 256 x256 Parallel-UNet takes in the try-on result I'* as input,
in addition to the try-on conditional inputs Cgyon at 256256 resolution. Next, we describe

two key design elements of Parallel-UNet.

Implicit warping. The first question is: how can we implement implicit warping in the
neural network? One natural solution is to use a traditional UNet [153, 73] and concatenate
the segmented garment I, and the noisy image z; along the channel dimension. However,
channel-wise concatenation[158, 156] can not handle complex transformations such as gar-
ment warping (see Sec. 3.5). This is because the computational primitives of the traditional
UNet are spatial convolutions and spatial self attention, and these primitives have strong
pixel-wise structural bias. To solve this challenge, we propose to achieve implicit warping
using cross attention mechanism between our streams of information (/. and z;). The cross

attention is based on the scaled dot-product attention introduced by [174]:
T

Vd

Attention(Q, K, V') = softmax( 1% (3.3)



25

where Q € RM*d K ¢ RV*4 V' ¢ RN*? are stacked vectors of query, key and value, M
is the number of query vectors, N is the number of key and value vectors and d is the
dimension of the vector. In our case, the query and key-value pairs come from different
inputs. Specifically, () is the flattened features of z, and K,V are the flattened features of I..
The attention map Q—\/IC%F computed through dot-product tells us the similarity between the
target person and the source garment, providing a learnable way to represent correspondence
for the try-on task. We also make the cross attention multi-head, allowing the model to learn

from different representation subspaces.

Combining warp and blend in a single pass. Instead of warping the garment to the
target body and then blending with the target person as done by prior works, we combine
the two operations into a single pass. As shown in Fig. 3.2, we achieve it via two UNets that

handle the garment and the person respectively.

The person-UNet takes the clothing-agnostic RGB I, and the noisy image z; as input.
Since I, and z; are pixel-wise aligned, we directly concatenate them along the channel di-

mension at the beginning of UNet processing.

The garment-UNet takes the segmented garment image I, as input. The garment features
are fused to the target image via cross attentions defined above. To save model parameters,
we early stop the garment-UNet after the 32x32 upsampling block, where the final cross

attention module in person-UNet is done.

The person and garment poses are necessary for guiding the warp and blend process.
They are first fed into the linear layers to compute pose embeddings separately. The pose
embeddings are then fused to the person-UNet through the attention mechanism, which is
implemented by concatenating pose embeddings to the key-value pairs of each self atten-
tion layer [157]. Besides, pose embeddings are reduced along the keypoints dimension using
CLIP-style 1D attention pooling [139], and summed with the positional encoding of diffu-
sion timestep ¢ and noise augmentation levels t,,. The resulting 1D embedding is used to

modulate features for both UNets using FiLM [41] across all scales.
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3.4 Implementation Details

Training and Inference. All three models are trained with batch size 256 for 500K itera-
tions using the Adam optimizer [94]. The learning rate linearly increases from 0 to 107 for
the first 10K iterations and is kept constant afterwards. We follow classifier-free guidance [75]
and train our models with conditioning dropout: conditional inputs are set to 0 for 10% of
training time. All of our test results are generated with the following schedule: The base
diffusion model is sampled for 256 steps using DDPM; The 128 x128—256x256 SR diffusion
model is sampled for 128 steps using DDPM; The final 256 x256—1024x1024 SR diffusion
model is sampled for 32 steps using DDIM. The guidance weight is set to 2 for all three
stages. During training, levels of noise conditioning augmentation are sampled from uniform
distribution ([0, 1]). At inference time, they are set to constant values based on grid search,
following [157]. TryOnDiffusion was implemented in JAX [19]. All three diffusion models
are trained on 32 TPU-v4 chips for 500K iterations (around 3 days for each diffusion model).
After trained, we run the inference of the whole pipeline on 4 TPU-v4 chips with batch size

4, which takes around 18 seconds for one batch.

Parallel-UNet Architecture. Figure 3.3 provides the architecture of 256x256 Parallel-
UNet. Compared to the 128x128 version, 256x256 Parallel-UNet makes the following
changes: 1) In addition to the try-on conditional inputs Ciyyon, the 256256 Parallel-UNet
takes as input the try-on result [1?®, which is first bilinearly upsampled to 256x256, and
then concatenated to the noisy image z;; 2) the self attention and cross attention modules

only happen at 16x16 resolution; 3) extra UNet blocks at 256x256 resolution are used; 4)
the repeated times of UNet blocks are different as indicated by the Figures.

For both 128x128 and 256x256 Parallel-UNet, normalization layers are parametrized
as Group Normalization [184]. The number of group is set to min(32, |£]), where C is
the number of channels for input features. The non-linear activation is set to swish [42]
across the whole model. The residual blocks used in each scale have a main pathway of

GroupNorm—swish—conv—GroupNorm—swish—conv. The input to the residual block is



27

processed by a separate convolution layer and added to the output of the main pathway as
the skip connection. The number of feature channels for UNet blocks in 128 x 128 Parallel-
UNet is set to 128,256,512, 1024 for resolution 128, 64,32, 16 respectively. The number of
feature channels for UNet blocks in 256 x256 Parallel-UNet is set to 128,128,256, 512, 1024
for resolution 256, 128,64, 32, 16 respectively. The positional encodings of diffusion timstep
t and noise augmentation levels t,, are not shown in the figures for cleaner visualization.
They are used for FILM [41] as described in Sec. 3.3. The 128x128 Parallel-UNet has 1.13B
parameters in total while the 256 x256 Parallel-UNet has 1.06B parameters.

3.5 Experiments

Datasets. We collect a paired training dataset of 4 Million samples. Each sample consists
of two images of the same person wearing the same garment in two different poses. For
test, we collect 6K unpaired samples that are never seen during training. Each test sample
includes two images of different people wearing different garments under different poses.
Both training and test images are cropped and resized to 1024x1024 based on detected
2D human poses. Our dataset includes both men and women captured in different poses,
with different body shapes, skin tones, and wearing a wide variety of garments with diverse

texture patterns. In addition, we also provide results on the VITON-HD dataset [31].

Test datasets Ours VITON-HD
Methods FID|] KID| | FID| KID |
TryOnGAN [107] | 24.577 16.024 | 30.202  18.586
SDAFN [§] 18.466 10.877 | 33.511  20.929
HR-VITON [105] | 18.705 9.200 | 30.458  17.257
Ours 13.447 6.964 | 23.352 10.838

Table 3.1: Quantitative comparison to 3 baselines. We compute FID and KID on our 6K
test set and VITON-HD’s unpaired test set. The KID is scaled by 1000 following [90].
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Methods Random | Challenging
TryOnGAN [107] | 1.75% 0.45%
SDAFN [§] 2.42% 2.20%
HR-VITON [105] | 2.92% 1.30%
Ours 92.72% | 95.80%
Hard to tell 0.18% 0.25%

Table 3.2: Two user studies. “Random”: 2804 random input pairs (out of 6K) were rated by
15 non-experts asked to select the best result or choose “hard to tell”. “Challenging”: 2K
pairs with challenging body poses were selected out of 6K and rated in same fashion. Our

method significantly outperforms others in both studies.

SDAFN [8]| Ours |Hard to tell
Random 5.24% |77.83%| 16.93%
Challenging| 3.96% |93.99%| 2.05%

Table 3.3: User study comparing SDAFN [8] to our method at 256256 resolution.

Comparison with other methods. We compare our approach to three methods: Try-
OnGAN [107], SDAFN [8] and HR-VITON [105]. For fair comparison, we re-train all three
methods on our 4 Million samples until convergence. Without re-training, the results of these
methods are worse. Released checkpoints of SDAFN and HR-VITON also require layflat gar-
ment as input, which is not applicable to our setting. The resolutions of the related methods
vary, and we present each method’s results in their native resolution: SDAFN’s at 256 X256,

TryOnGAN’s at 512 x 512 and HR-VITON at 1024 x 1024.

Quantitative comparison. Table 3.1 provides comparisons with two metrics. Since our
test dataset is unpaired, we compute Frechet Inception Distance (FID) [71] and Kernel

Inception Distance (KID) [13] as evaluation metrics. We computed those metrics on both
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Figure 3.3: Architecture of 256 x256 Parallel-UNet.

test datasets (our 6K, and VITON-HD) and observe a significantly better performance with

our method.

User study. We ran two user studies to objectively evaluate our methods compared to
others at scale. The results are reported in Table 3.2. In first study (named “random”), we
randomly selected 2804 input pairs out of the 6K test set, ran all four methods on those pairs,
and presented to raters. 15 non-expert raters (on crowdsource platform) have been asked to
select the best result out of four or choose “hard to tell” option. Our method was selected as
best for 92.72% of the inputs. In a second study (named “challenging”), we performed the
same setup but chose 2K input pairs (out of 6K) with more challenging poses. The raters
selected our method as best for 95.8% of the inputs. For fair comparison, we also run a
new user study to compare SDAFN [8] vs our method at SDAFN’s 256 x 256 resolution. To
generate a 256 x 256 image with our method, we only run inference on the first two stages of

our cascaded diffusion models and ignore the 256 x256—1024x 1024 SR diffusion. Table 3.3
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shows results consistent with the user study reported in the paper.

Qualitative comparison. In Figures 3.4, 3.5, and 3.6, we provide visual comparisons to
all baselines on our 6K test datasets. In Figures 3.7 and 3.8, we provide visual comparisons
to all baselines on VITON-HD test datasets. Note that many of the chosen input pairs have
quite different body poses, shapes and complex garment materials—all limitations of most
previous methods—thus we don’t expect them to perform well but present here to show the
strength of our method. Specifically, we observe that TryOnGAN struggles to retain the
texture pattern of the garments while SDAFN and HR-VITON introduce warping artifacts
in the try-on results. In contrast, our approach preserves fine details of the source garment
and seamlessly blends the garment with the person even if the poses are hard or materials
are complex (Figure 3.4, row 4). Note also how TryOnDiffusion generates realistic garment
wrinkles corresponding to the new body poses (Figure 3.4, row 1). In Figure 3.9 and 3.10, we
provide qualitative comparison to state-of-the-art methods on simple cases. We select input
pairs from our 6K test dataset with minimum garment warp and simple texture pattern.
Baseline methods perform better for simple cases than for challenging cases. However, our
method is still better at garment detail preservation and blending (of person and garment).
We also compare to HR-VITON [105] using their released checkpoints. Note that original
HR-VITON is trained on frontal garment images, so we select input garments satisfying this
constraint to avoid unfair comparison. Figure 3.11 shows that our method is still better than

HR-~VITON under its optimal cases using its released checkpoints.

Ablation 1: Cross attention vs concatenation for implicit warping. The implemen-
tation of cross attention is detailed in Sec. 3.3. For concatenation, we discard the garment-
UNet, directly concatenate the segmented garment I. to the noisy image z;, and drop cross
attention modules in the person-UNet. We apply these changes to each Parallel-UNet, and
keep the final SR diffusion model same. Figure 3.12 (left) and 3.13 show that cross atten-
tion is better at preserving garment details under significant body pose and shape changes.

Table 3.4 (row 1 and 3) shows that cross attention is better in terms of FID and KID.



Test datasets Ours VITON-HD
Methods FID| KID )| FID] KID|
Ablation 1 15.691  7.956 | 25.093  12.360
Ablation 2 | 14.936  7.235 | 28.330 17.339
Ours 13.447 6.964 | 23.352 10.838
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Table 3.4: Quantitative comparison for ablation studies. We compute FID and KID on our

6K test set and VITON-HD’s unpaired test set. The KID is scaled by 1000 following [90].

Test datasets Ours VITON-HD

Train set size | FID | KID | | FID | KID |
10K 16.287  8.975 | 25.040 11.419
100K 14.667  7.073 | 23.983 10.732
4AM 13.447 6.964 | 23.352 10.838

Table 3.5: Quantitative results for the effects of the training set size. We compute FID and
KID on our 6K test set and VITON-HD’s unpaired test set. The KID is scaled by 1000

following [90].

Ablation 2: Combining warp and blend vs sequencing two tasks. Our method
combines both steps in one network pass as described in Sec. 3.3. For the ablated version,
we train two base diffusion models while SR diffusion models are intact. The first base
diffusion model handles the warping task. It takes as input the segmented garment /., the
person pose J, and the garment pose J,, and predicts the warped garment I,,.. The second
base diffusion model performs the blending task, whose inputs are the warped garment I,..,
clothing-agnostic RGB I,,, person pose J, and garment pose .J,. The output is the try-on
result 712 at 128 x128 resolution. The conditioning for (I, I,, Jp, Jg) is kept unchanged. 1.

in the second base diffusion model is processed by a garment-UNet, which is the same as I..
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Figure 3.12 (right) and 3.14 visualize the results of both methods. We can see that sequencing
warp and blend causes artifacts near the garment boundary, while a single network can blend
the target person and the source garment nicely. Table 3.4 (row 2 and 3) further shows that

using a single network is better in terms of FID and KID.

Ablation 3: Training Dataset Size. We further investigate the effect of the training
dataset size. We retrained our method from scratch on 10K and 100K random pairs from
our 4M set and report quantitative results (FID and KID) on two different test sets in
Table 3.5. Fig. 3.15 also shows visual results for our models trained on different dataset

sizes.

Additional Qualitative Results. Figure 3.16, 3.17 and 3.18 show TryOnDiffusion results
on variety of people and garments for both men and women. Figure 3.19 shows try-on results
for a challenging case, where input person wearing garment with no folds, and input garment
with folds. We can see that our method can generate realistic folds according to the person

pose instead of copying folds from the garment input.

Limitations. First, our method exhibits garment leaking artifacts in case of errors in
segmentation maps and pose estimations during preprocessing. Fortunately, those [129, 50]
became quite accurate in recent years and this does not happen often. Second, representing
identity via clothing-agnostic RGB is not ideal, since sometimes it may preserve only part of
the identity, e.g., tatooes won’t be visible in this representation, or specific muscle structure.
Third, our train and test datasets have mostly clean uniform background so it is unknown
how the method performs with more complex backgrounds. Finally, this work focused on
upper body clothing and we have not experimented with full body try-on, which is left for

future work. Figure 3.20 demonstrates failure cases.

3.6 Summary and Future Work

We presented a method that allows to synthesize try-on given an image of a person and an

image of a garment. Our results are overwhelmingly better than state-of-the-art, both in the
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quality of the warp to new body shapes and poses, and in the preservation of the garment.
Our novel architecture Parallel-UNet, where two UNets are trained in parallel and one UNet
sends information to the other via cross attentions, turned out to create state-of-the-art
results. In addition to the exciting progress for the specific application of virtual try-on, we
believe this architecture is going to be impactful for the general case of image editing, which
we are excited to explore in the future. Finally, we believe that the architecture could also

be extended to videos, which we also plan to pursue in the future.



34

Iy

| | ) )

|

MIC2ION]

{ MISSTON]

q; :|

( SISO ‘ g

Input TryOnGAN HR-VITON Ours

Figure 3.4: Comparison with TryOnGAN [107], SDAFN [8] and HR-VITON [105]. First
column shows the input (person, garment) pairs. TryOnDiffusion warps well garment details

including text and geometric patterns even under extreme body pose and shape changes.
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Figure 3.5: Comparison with TryOnGAN [107], SDAFN [8] and HR-VITON [105] on chal-
lenging cases for women. Compared to baselines, TryOnDiffusion can preserve garment
details for heavy occlusions as well as extreme body pose and shape differences. Please zoom

in to see details.
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Figure 3.6: Comparison with TryOnGAN [107], SDAFN [8] and HR-VITON [105] on chal-
lenging cases for men. Compared to baselines, TryOnDiffusion can preserve garment details
for heavy occlusions as well as extreme body pose and shape differences. Please zoom in to

see details.
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TryOnGAN HR-VITON Ours

Figure 3.7: Comparison with state-of-the-art methods on VITON-HD dataset [31]. All
methods were trained on the same 4M dataset and tested on VITON-HD.
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HR-VITON

TryOnGAN

Figure 3.8: Comparison with state-of-the-art methods on VITON-HD unpaired testing
dataset [31]. All methods were trained on the same 4M dataset and tested on VITON-

HD. Please zoom in to see details
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Input TryOnGAN SDAFN HR-VITON Ours

Figure 3.9: Comparison with TryOnGAN [107], SDAFN [8] and HR-VITON [105] on simple
cases for women. We select input pairs with minimum garment warp and simple texture
pattern. Baseline methods perform better for simple cases than for challenging cases. How-
ever, our method is still better at garment detail preservation and blending (of person and

garment). Please zoom in to see details.



40

TryOnGAN HR-VITON

Figure 3.10: Comparison with TryOnGAN [107], SDAFN [8] and HR-VITON [105] on simple
cases for men. We select input pairs with minimum garment warp and simple texture pattern.
Baseline methods perform better for simple cases than for challenging cases. However, our
method is still better at garment detail preservation and blending (of person and garment).

Please zoom in to see details.
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Person Garment HR-VITON

Figure 3.11: Comparison with HR-VITON released checkpoints for frontal garment (optimal
for HR-VITON). Please zoom in to see details.
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Figure 3.12: Qualitative results for ablation studies. Left: cross attention versus concatena-
tion for implicit warping. Right: One network versus two networks for warping and blending.

Zoom in to see differences highlighted by green boxes.
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Figure 3.13: Cross attention vs concatenation for implicit warping. Green boxes highlight

differences, please zoom in to see details.
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Figure 3.14: Combining warp and blend vs sequencing two tasks. Two networks (column
3) represent sequencing two tasks. One network (column 4) represents combining warp and

blend. Green boxes highlight differences, please zoom in to see details.
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Figure 3.15: Quanlitative results for effects of the training set size. Please zoom in to see

details.
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Figure 3.16: TryOnDiffusion on eight target people (columns) dressed by five garments

(rows). Zoom in to see details.
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Figure 3.17: 4 women trying on 5 garments.
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Figure 3.18: 4 men trying on 5 garments.
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Person Garment Try-on

Figure 3.19: Try-on results for input person wearing garment with no folds, and input

garment with folds.

2 RALNE

Person Garment Artifacts in Input Try-on Person Garment Artifacts in Input Try-on

Figure 3.20: Failures happen due to erroneous garment segmentation (left) or garment leaks

into the Clothing-agnostic RGB image (right).
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Chapter 4

M&M VTO: MULTI-GARMENT VIRTUAL TRY-ON AND
EDITING

Input Person Input Garments Try-On Output Input Person Input aarments Try-On Output ~ Output with Layout

Figure 4.1: Given an input person image, multiple garments, M&M VTO can output a
virtual try-on visualization of how those garments would look on the person. Our model
performs well across various body shapes, poses, and garments. In addition, it allows layout
to be changed, e.g., “roll up the sleeves” (top rightmost column), and “tuck in the shirt and

roll down the sleeves” (bottom rightmost column).
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This chapter presents the collaborative research project with Yingwei Li, Nan Liu, Hao
Peng, Dawei Yang, Ira Kemelmacher-Shlizerman. The findings from this work will be pub-

lished in CVPR 2024 [201].

Person Identity Fine-tuning
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Figure 4.2: Overview of M&M VTO. Left: Given multiple garments (top and bottom in
this case, full-body garment not shown for this example), layout description, and a person
image, our method enables multi-garment virtual try-on. Right: By freezing all the param-
eters, we optimize person feature embeddings extracted from the person encoder to improve
person identity for a specific input image. The fine-tuning process recovers the information

lost via agnostic computation.

Virtual try-on (VTO) is the task of synthesizing how a person would look in various
garments based on provided garment photos and a person photo. Ideally the synthesis
is high resolution, showcasing the intricate details of garments, while at the same time
representing the body shape, pose, and identity of the person accurately. In this paper, we
focus specifically on multiple garment VTO and editing. For example, a user of our method
would provide one or more photos for garments, e.g., shirt, pants, and one photo of a person,

with additional optional text input to request a layout, e.g., “shirt tucked out, rolled sleeves”.
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The garment photos could be either a product photo (layflat) or the garment as worn by a
different person. The person photo would be a full field-of-view photo showing the person
head to toe. Our method, which we named, M&M VTO, outputs a visualization of how the
person looks in those garments. Figure 4.1 shows a couple of examples.

Redefining the VTO problem as multiple-garment VTO, rather than the commonly tar-
geted single garment VTO, allowed us to deeply rethink architecture design and solve several
open problems in multi, as well as single VTO networks, in addition to opening up the new
possibilities for mix and match and editing layouts.

Two of the most challenging VTO problems are (1) how to preserve the small but im-
portant details of garments while warping the garment to match various body shapes, and
(2) how to preserve the identity of the person without leaking the original garments that
the person was wearing to the final result. state-of-the-art methods came close for single
garment VTO by leveraging the power of diffusion, and building networks that denoise while
warping, e.g., Parallel-Unet [203]. To address (1), however, the network requires to max out
the number of parameters and a memory heavy Parallel-UNet to warp a single garment. For
(2) a “clothing-agnostic” representation is typically used for the person image to erase the
current garment to be replaced by VTO, but at same time it removes a significant amount
of identity information, with the network needing to hallucinate the rest, resulting in loss of
characteristics like tattoos, body shape or muscle information.

With more garments, as in multi-garment VTO, the number of pixels needed to go
through the network triples, so the same number of parameters would create a lower quality
VTO. Similarly, showing head to toe person and allowing multiple garments, means ‘clothing-
agnostic’ representation leaves even less of the identity of the person—if just a shirt needs to
be replaced, the network can still see how the bottom part of that person looks like (and
shape of the legs), while if all garments are changing the agnostic would preserve even less
information about the person.

Our solution, M&M VTO, is three-fold as depicted in Figure 4.2. First, we designed a

single-stage diffusion model to directly synthesize 1024x512 images with no need for extra
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super-resolution(SR) stages as commonly done by state-of-the-art image generation tech-
niques. We found that as we expand the scope of VT O, having cascaded design is detrimental
as the base model’s low resolution assumes excessive downsampling of ground truth during
training, thus losing forever garment details; as SR models depend heavily on the base model,
if the details disappear they can not be upsampled effectively. Training a single stage base
model just on higher resolution data, however, does not solve the problem, as the model
doesn’t converge even with ideas proposed in [76, 29]. Instead we designed a progressive
training strategy where model training begins with lower-resolution images and gradually
moves to higher-resolution ones during the single stage training. Such a design naturally
benefits training at higher resolutions by utilizing the prior learned at lower resolutions,

allowing the model to better learn and refine high-frequency details.

Second, to solve the identity loss (and/or clothing leakage) during the ‘clothing-agnostic’
process, we propose a space saving finetuning strategy. Rather than finetuning the entire
model during post processing, as commonly done by techniques like DreamBooth [154], we
choose to finetune person features only. We designed a VTO UNet Diffusion Transformer
(VTO-UDIT) to isolate encoding of person features from the denoising process. In addition
to producing much higher quality results, this design also drastically reduces finetuned model

size per new individual, going from 4GB to 6MB.

Third, we created text based labels representing various garment layout attributes, e.g.,
rolled sleeves, tucked in shirt, and open jacket. We formulated attribute extraction as an
image captioning task and finetuned a PaLl-3 model [30] using only 1.5k labeled images.

This allows us to automatically extract accurate labels for the whole training set.

Above three design choices are critical in producing high quality VTO results for multi-
garment scenarios. We perform detailed ablation studies, and comparisons to state-of-the-art
papers to illustrate each design choice. Our method significantly outperforms others. The
user study shows that our method is chosen as best 78.5% of the time compared to state-of-

the-art on multiple-garment VTO task.
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4.1 Related Work

In this section we will focus on related work relevant to our three key design choices described
above. For a comprehensive list of recent papers in virtual try-on we also invite the reader

to review this list'.

Image-Based Virtual Try-On. The seminal VITON method [65] proposed a warping
model that estimates pixel displacements between the original garment image and target
warp. Based on those displacements, it warped the garment, and then used a blending
model to combine the warped garment with the person image, showing one of the first
promising results for VT'O. Many works followed, to improve pixel displacement estimation.
[177] proposed thin plate splines, [195] predicted target segmentation and parsing for im-
proved warping, student-teacher approach and distillation were proposed by [82, 47]. Other
efforts include adaptive parsing and second order constraint on thin plate splines [194], op-
timization to remove misalignments [31], leveraging dance videos to improve warping [40],
regularizing [193], and using self and cross attention to improve flow computation [8]. With
the rise of StyleGAN, [68] proposed StyleGAN for optical flow, [105] proposed a generator-
discriminator approach, [192, 109, 188] reported improved results for flow compute and in-
painting by utilization of landmarks, and [28] incorporated size information.

While results were improving, there was an inherent difficulty in warping garments
explicitly—pixzel wise, as there is too much variation in folds, logos, texture where a gar-
ment image needs to warp to a new body shape. Rather than estimating flows directly,
[107] proposed to interpolate StyleGAN coefficients to create try-on, still lacking complex
textures, though, due to the averaging nature of StyleGAN. TryOnDiffusion [203] introduced
a diffusion-based [165, 73, 167] Parallel-UNet enabling implicit warping and blending in the
same model via cross-attention, showing significantly better results. Key limitations of that
approach were incomplete garment details due to base model being only 128 x 128 resolution,

and identity preservation. Finally, most of those methods are focused on single garment

Thttps://github.com/minar09/awesome-virtual-try-on
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Figure 4.3: VTO-UDIT architecture. For image inputs, UNet encoders (E,,, E,, E;)
extract features maps (F,, Fp, F; ) from z;, I,, I, respectively, with x € {upper, lower, full }.
Diffusion timestep ¢ and garment attributes yy are embedded with sinusoidal positional
encoding, followed by a linear layer. The embeddings (F; and F,,) are then used to modulate
features with FiLM [41] or concatenated to the key-value feature of self-attention in DiT
similar to [157]. Following [203], spatially aligned features(F,,, F,) are concatenated whereas
JF, are implicitly warped with cross-attention blocks. The final denoised image X, is obtained

with decoder D,,, which is architecturally symmetrical to E,,.

try-on only.

Finetuning Diffusion. As finetuning is a general concept and wasn’t much used for VTO,
we will review recent works for any general finetuning. Sometimes also called personaliza-
tion [44], finetuning is the task of adjusting an existing, say text to image generation model,
to a specific task, e.g., style transfer. Dreambooth [154] showed fantastic results by fine-
tuning on a few images, and accompanying text, to bind a unique identifier with a specific
subject. [45, 108] learned encoders to transfer visual concept into textual embeddings. [1]
created a network that maps noise timestamp and layer to text token space. To improve
multi-concept composition [112], Custom Diffusion [102] optimized concept embeddings along
with key and value projection matrices of cross attention layers in the text-to-image model.
In contrast, our approach is tailored for VIO and requires only 6MB of parameters per

person during the inference phase.

Image Editing with Diffusion Models. Editing of general images with diffusion initially
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utilized image masks [128, 121, 116, 156, 34, 7]. SDEdit [121] added noise to the inputs
and then subsequently denoised them through a stochastic process. Palette [156] trained a
conditional diffusion model for specific edit tasks. BlendedDiffusion [7], inspired by CLIP
guided diffusion [35], utilized CLIP text encoder [139] and spatial masks to edit images
by blending noised input images with locally generated contents. Requiring masks is not
applicable to VTO tasks e.g., tuck this shirt in.

The success of text to image diffusion models [128, 141, 72, 151] led to text-based image
editing [34, 70, 21, 122, 93, 162, 172, 92, 179]. For example, DiffEdit [34] infers a region
mask based on text instructions, and then guides image editing using inverted noise resulted
from DDIM inversion process [166]. Prompt-to-Prompt (P2P) [70] edits images using only
text by manipulating the cross-attention scores conditioned on inverted latents. Null-text
inversion [122] optimized on null-text embeddings by minimizing differences between latent
codes from unconditional inversion process and conditional one. InstructPix2Pix [21] directly
manipulates image in the denoising process by using finetuned Stable Diffusion trained on
paired examples generated using P2P technique with given editing instructions. Generally,
text based editing, while allowing for easier input (compared to masks), often creates the
edit but fails to preserve original image details, e.g., in VT'O case the original garment details
are lost with such techniques. We solve it via VTO specific finetuning on Pal.I-3 and then

using it as condition in the network.
4.2 Generating M&M VTO Data

Given a person image I, an upper-body garment image /;***", a lower-body garment image
I;O‘”er and a full-body garment image I;““, our method synthesizes VTO result I, for person
p. Optionally, a layout attribute is provided as input as well. We begin by describing training
data and its preprocessing.

M&M VTO is trained on pairs-person image I,, and a garment image I,. I, can be
an image of a garment laid out on a flat surface (layflat), or an image of a person wearing

the garment (most often in another pose). As the pair assumes that they share only one
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or two garments rather than all three of upper, lower and full, we do the following simple
process. We compute a garment embedding for each of the three garments (determined by
segmentation) and compare which one appears on the person image. The ones that do not
are set to 0.

Each pair is then processed following [203]. Conditional inputs Cyyon includes clothing-
agnostic RGB 1,, segmented garment [/, 2D pose keypoints .J,, for the person image I, and
2D pose keypoints Ji for garment images I (J; is a vector with all -1’s if [77 is a layflat
garment image). To make sure that background is as tight as possible (allowing for the
model to fully focus on garments) we crop and resize all images to 1024x 512, approximately
resembling aspect ratio of a photograph of a head to toe person.

We also introduce a layout input g, defining desired attributes of the garments. We only
focus on attributes that one can do in real-life, for example: roll up sleeves, tuck in the shirt,
etc. rather than changing texture or garment properties. One way to calculate attributes
of each garment is by training a classifier for each attribute. We chose instead to finetune
a large vision language model (PaLI-3 [30]). Specifically, we convert all attributes into a
formatted text and formulate it as an image captioning task. There are two advantages for
this formulation. First, vision language models have strong priors trained on large datasets
and can utilize the correlation between different garment layout attributes (e.g. the sleeve
can not be rolled up if the sleeve type is sleeveless). Second, using a single model can also
accelerate the training data generation process. Thanks to the strong prior encoded in the
PaLll-3 model, we are able to get very accurate garment attributes by finetuning PaLl-3
with only 1,500 images. To get yy for each training sample, we first extract garment layout
attributes relevant to the garment type s by running finetuned PaLl-3 on I7, and then

concatenate those attributes into a single vector.
4.3 Single Stage Diffusion Model for Garment Details

Cascaded diffusion models, i.e., lower resolution diffusion base model, followed by super

resolution models, have shown great success for text to synthetic image generation [179, 72].
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Similarly, for VTO [203] followed a similar setup where three stages were used. For multi-
garment VTO, however, such design is performing poorly, as the base model doesn’t have
enough capacity to create intricate warps and occlusions based on person’s body shape. We
observed that high-frequency garment details are smoothed and blurred out if images are
downsampled by more than 2 times. Thus, it is impossible for base diffusion models trained

to preserve those garment details as their groundtruth images do not include them.

Ideally we would just synthesize 1024x512 images with the base model directly. This
turned out to be a challenging task, as if the cross-attention is applied at a lower resolution,
the high frequency image details are destroyed by excessive downsampling of feature maps,
and the model tends to learn a global structure for the warping. On the other hand, applying
cross-attention at a higher resolution does not converge under random initialization from our

initial experiments.

To tackle this challenge, we use an effective progressive training paradigm for M&M VTO.
The key idea is to initialize the higher resolution diffusion models using a pre-trained lower
resolution one. Specifically, we first train a base diffusion model to synthesize 512x256 try-
on results I212*?% where the cross-attention happens in 32x16. After that, we continue to
train the ezact same model to synthesize 1024x512 try-on results 119%**52 where the cross-
attention happens in 64x32 with the same architecture. Note that our training algorithm
does not require modifying or adding new components to the architecture, all we need is to

train the model with data in different resolutions, which is easy to implement.

4.4 Efficient Finetuning for Person Identity

A key challenge of current VIO methods is the loss of person identity due to the use of
clothing-agnostic representation. To tackle this problem, we propose a space-efficient fine-

tuning strategy based on our VIT'O-UDiT architecture.
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4.4.1 VTO-UDiT Architecture.

The VTO-UDIT network (Figure 4.3) is represented as

)ACO - X@(Ztu t; ctryon) (41)

where t is the diffusion timestep, z; is the noisy image corrupted from the ground-truth
Xo at timestep ¢, Cyyon 1S the try-on conditional inputs, and X is the predicted clean image
at timestep t. In practice, we follow [72] to set the network output in v-space to avoid
color drift issues in higher resolution diffusion models. Given the predicted v;, we compute
Xg = oz — 0yVy, where oy, 0y € (0,1) control the signal-to-noise ratio.

Inspired by [76], we change the Parallel-UNet architecture [203] into a UDiT architecture
where the transformer block is implemented as DiT [134]. With the combination of UNet
and DiT, the model benefits from light weight UNet as image encoders and the heavy DiT
blocks to process in lower resolution feature maps for attention operations.

Moreover, the design of UDIT fully disentangle the encoding process of Cgyon from the
denoising process, which is critical for person feature finetuning described later in Section 4.4.
More specifically, 1) Different UNet encoders are used to process the input images without
information exchange. 2) Only E,, takes diffusion timestep ¢ embedding as as input, while E,
and E; do not, to fully disentangle conditional features from diffusion denoising. 3)Unlike
Parallel-UNet [203] which updates both conditional features and noisy image features in
parallel, VTO-UDIT fixes the conditional features and only updates diffusion features during
the forward pass of DiT blocks.

Also, note that all UNet encoders are fully convolutional and free of attention operations,

which is preferable for progressive training mentioned in Section 4.3.

Finetuning on Synthetic Data. As described in Sec. 4.4.1, person feature F, is inde-
pendent of diffusion or garment related features, and is kept fixed for DiT blocks where
conditioning happens. Thus, we are able to directly finetune the person features instead of

the whole diffusion model. This greatly reduces the optimizable weights from 4GB to 6MB.
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Furthermore, we found finetuning on person features will not cause the model to overfit on
the particular garments worn by the target person as shown in Section 4.6.

The finetuning process needs to learn how to warp garments from varying sizes and
poses on the target person, however, acquiring pairs of images of same garment and various
shapes and sizes is impractical. Instead we use pretrained M&M VTO to prepare a synthetic
dataset. We segment out garments worn by the target person image, and try-on the garment
on multiple person images across various poses (e.g. different torso orientations and arm
positions) and body shapes (from 2XS to 2XL), resulting in 150 samples. Since our pretrained
M&M VTO can accurately preserve but warp garment details to new pose and shape, the
quality of the synthetic finetuning data is high, and allows us to reconstruct the person

identity when tested on unseen garments.

4.5 Implementation Details

Training and inference. M&M VTO is trained in two stages. For the first stage, the
model is trained on 512x256 images for 600K iterations. In the second stage, the model is
initialized from the pretrained checkpoint of the first stage and trained on 1024 x512 images
for an additional 200K iterations. For both training stages, the batch size is set to 1024,
and the learning rate linearly increases from 0 to 10~* in the first 10K steps and is kept
unchanged afterwards. We parameterize the model output in v-space following [161] while
the L2 loss is computed in e-space. All conditional inputs are set to 0 in 10% of the training
time for classifier-free guidance (CFG) [75]. Test results are generated by sampling M&M
VTO for 256 steps using ancestral sampler [73].

Garment attributes. We summarize as follows the full set of attributes used as layout

conditioning input y.

1. What is the type of the sleeve?

(a) Not applicable



(b) Sleeveless
(c) Short sleeve
(d) Middle sleeve

(e) Long sleeve

2. Is the sleeve rolled up?

(a) Not applicable
(b) Sleeve type is not long
(¢) Yes

(d) No
3. Is the top garment tucked in?

(a) Not applicable

(b) Not wearing top garment
(¢) Can not determine

(d) Yes

(e) No
4. Is the person wearing outer top?

(a) Not applicable
(b) Yes

(c) No
5. Is the outer top closed (e.g. zipper up or button on)?

(a) Not applicable

60
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(b) Not wearing outer top
(c) Can not determine
(d) Yes

(e) No

We selected 1,500 images and asked human labelers to answer all questions for each
image. After that, we converted question-answer pairs into a formatted text, where different
question-answer pairs are separated by semicolon while the question and answer within each
pair are separated by colon. The resulting 1, 500 image-caption samples were used to finetune
Pal.l-3 [30] model. Finally, we ran inference of the finetuned model on our train and test

data, and converted the formatted text back into class labels.

4.6 Experiments

In this section, we describe datasets, comparisons and ablations.

Datasets. Our model is trained on two types of datasets: 1) “garment paired” dataset
of 17 Million samples, where each sample consists of two images of the same garment in
two different poses/body shapes, 2) “layflat paired” dataset of 1.8 Million samples, where
each sample consists of an image with garment laid out on a flat surface and an image of
a person wearing the garment. For testing, we use two sets: 1) we collected 8,300 triplets
(top, bottom, person) that are unseen during training, 2) we use DressCode [125] just for

comparison with other methods that use it.

Comparison of VT O. We compared with three representative state-of-the-art methods:
TryOnDiffusion [203], GP-VTON [188], and LaDI-VTON [124]. Other methods don’t pro-
vide code at the time of submission. Our 8,300 triplets test set was used to compare to
TryonDiffusion, and DressCode triplets unpaired test set was used to compare to GP-VTON,
LaDI-VTON and TryonDiffusion. As TryOnDiffusion was trained only on tops, and person

images, we retrained it on our dataset for upper-body, lower-body, and full-body garments
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Test datasets Ours 8, 300 DressCode
Methods FID|] KID| | FID| KID|]
GP-VTON [188] N/A N/A | 38.392 33.909
LaDI-VTON [124] N/A N/A | 19.346  9.305

TryOnDiffusion [203] | 19.459 17.617 | 15.944 5.363
Ours-DressCode N/A N/A | 18725  8.250
Ours 18.145 15.227 | 14.019 2.772

Table 4.1: Quantitative Comparison of FID [71] and KID [13] . We evaluate on
our 8,300 triplets test set and DressCode triplets test set. GP-VTON [188] and LaDI-
VTON [124] are trained on layflat garments, thus we report only on DressCode test set. All

baselines are run twice sequentially, first for tops then for bottoms try-on (See Section 4.6).

TryOnDiffusion [203] | Ours | Hard to tell
1526 6512 262

Table 4.2: User Study on our 8,300 triplets test set. In the user study, 16 non-experts

were asked to either select the best result or opt for “hard to tell.”

separately. For GP-VTON and LaDI-VTON, we used officially released checkpoints trained
on DressCode. Then we ran inference sequentially first to produce top VTO, and then
bottom VTO. To ensure a fair comparison, we also trained our method exclusively on the
DressCode dataset. In Figure 4.4, 4.5, 4.6 and 4.7, we showcase qualitative results from our
8,300 triplets test set, comparing them against those generated by TryOnDiffusion [203].
Further qualitative comparisons on the DressCode triplets test set against all baselines are
provided in Figure 4.8 and 4.9. These results highlight our method’s superior ability to
retain garment details and layout. Table 4.1 shows that our method outperform baselines in
terms of FID [71] and KID [13] (scaled by 1000 following [90]). We also provide user study
in Table 4.2 for our 8,300 triplets test set. In the user study, 16 non-experts were asked
to either select the best result or opt for “hard to tell.” The findings indicate that users
generally prefer M&M VTO over other methods.

Comparison of Editing. We evaluate our approach by comparing with several text-
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Methods US 1
P2P + NI [122] 0
IP2P [21] 1
Imagen editor [179] 10
DiffEdit [34] 0
SDXL inpainting [135] 4
Ours 169
Hard to tell 16

Table 4.3: User Study for try-on editing. We conducted user study on 200 images. The
users are required to select the best method that can successfully perform the editing task

while maintaining the property of input person and garments.

guided image editing methods. Inpainting mask free: Prompt-to-Prompt (P2P) [70] + Null
inversion [122] (P2P + NI) and InstructPix2Pix (IP2P) [21] using a target text prompt
and an input image that we wish to perform editing on. With inpainting mask: Imagen
editor [179], DiffEdit [34] and SDXL inpainting [135]. To automatically obtain masks for
these two baselines, we use human pose estimations to mask out belly regions for “tuck in
top garment” or “tuck out top garment” or the arm regions for “roll up sleeve” or “roll down
sleeve”. Figure 4.10, 4.11, 4.12 and 4.13 present qualitative comparisons on different layout
editing tasks. These examples demonstrate that our method can interpret garment layout
concepts more effectively, allowing for more precise edits of the targeted part without affecting
other areas. We furtber conducted a user study with 200 images to compare garment layout
editing. The results in Table 4.3 indicate that our method are preferred by users 84.5% of

the time, outperforming the baseline methods.

Finetuning Comparison. We chose 4 person images with challenging body shapes or
poses for our person finetuning comparison. For each person image, we randomly picked

100 top and bottom garment combinations, then generated try-on results using all baseline



64

Methods US 7t
Finetuned full model 19

Finetuned person encoder 20
Ours without finetuning 95

Ours with finetuning 265
Hard to tell 1

Table 4.4: User Study for person finetuning. We carried out a user study involving
400 images across 4 subjects, where we randomly select 100 top + bottom input garments
for each subject. The participants were asked to choose the method that best maintains
the identity of the person (including body pose and shape) as well as the details of input

garments.

methods as well as our own. We compare to three baselines: non-finetuned model, finetun-
ing the full model and finetuning the person encoder. For the latter two baselines, we have
incorporated the class-specific prior preservation loss, as utilized in DreamBooth [154], to
prevent overfitting to the clothing worn by the target person. For our approach, we don’t
apply such regularization technique as we found our method does not suffer from overfit-
ting. Figure 4.14, 4.15, 4.16 and 4.17 provide qualitative results. Without finetuning, the
person’s arms, legs, or torso may appear unnaturally slim or wide, and certain challenging
poses can not be accurately recovered. However, if we finetune the entire model or the per-
son encoder, it tends to overfit to the clothing worn by the target subject. Our finetuning
approach successfully retains both the person’s identity and the intricate details of the in-
put garments. The user study results, detailed in Table 4.4, show our finetuning method

significantly outperforming the baselines.

Ablation for Single Stage Model vs. Cascaded. Our method generates 1024x512 try-
on images in a single stage. For the cascaded variant, we trained a 512x256 base diffusion

model, followed by a 512x256 — 1024x512 SR diffusion model. Both models share the same
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Methods FID | KID |
Cascaded 18.523 15.218
From Scratch | 21.645 15.781
Ours 18.145 15.227

Table 4.5: Quantitative results for ablation studies. We report FID and KID on our
8,300 triplets test set.

architecture as our single-stage model, with the distinction that the SR model concatenates
the low-resolution image to the noisy image. Table 4.5 (1st and 3rd rows) presents the
FID and KID metrics on our 8,300 triplets test set, comparing our single-stage model with
the cascaded variant. Additionally, Figure 4.18 offers more qualitative results. While our
method does not surpass the cascaded variant in terms of FID and KID scores with significant
margin, the qualitative results indicate that it excels at preserving complex garment details,
such as texts and logos. This observation aligns with insights from [135, 97], which suggest
that FID and KID are more effective at capturing overall visual composition rather than the

nuances of fine-grained visual aesthetics.

Ablation for Progressive Training vs. Training from Scratch. We train an identical
model from scratch on 1024x512 data, without leveraging any model pretrained in lower
resolutions. Table 4.5 (2nd and 3rd rows) reveals that our progressive training strategy
yields better results than training from scratch when considering FID and KID scores on
our 8,300 triplets test set. Figure 4.19 highlights that our progressively trained model more
effectively manages garment warping under significant pose variations, whereas the ablated

version struggles with learning implicit garment warping through cross-attention.

TryOnDiffusion [203] | Ours
SSIM 1 0.883 0.908
LPIPS | 0.165 0.096

Table 4.6: SSIM and LPIPS scores on our 1,000 paired test data.
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Comparison on Paired Test Set. We have also collected 1,000 paired test set (not seen
during training. Each pair has same person wearing the garment but under two poses).
Table 4.6 shows that our method achieves better SSIM and LPIPS for the paired data
compared to TryOnDiffusion [203]. Figure 4.20 shows qualitative results, where our method

can better preserve intricate garment details.

Dress VTO Qualitative Results. Figure 4.21 and 4.22 present try-on results for the
dress category (denoted as I™"). Note that our method is able to synthesize realistic folds
and wrinkles in dress, well aligned with the person’s pose, while preserving the intricate

details of the garment.

4.7 Discussion

Limitations. Firstly, our approach isn’t designed for layout editing tasks, such as “Open
the outer top.” As demonstrated in Figure 4.23 (left), a random shirt is generated by the
model, as no specific information is provided from inputs about what should be inpainted
in the open area. Secondly, our method struggles with uncommon garment combinations
found in the real world, like a long coat paired with skirts. As shown in the right example of
Figure 4.23, the model tends to split the long coat in an attempt to show the skirts, because
it learned from examples where both garments are typically visible during training. Thirdly,
our model faces challenges when dealing with upper-body clothing from different images, e.g.
pairing a shirt from one photo with an outer coat from another. This issue mainly stems
from the difficulty in finding training pairs where one image clearly shows a shirt without
any cover, while another displays the same shirt under an outer layer. As a result, the model
struggles to accurately remove the shirt when it’s covered by an outer layer during testing.
Finally, note that our method visualizes how an item might look on a person, accounting for

their body shape, but it doesn’t yet include size information nor solves for exact fit.

Conclusion. We present a method that can synthesize multi-garment try-on results given

an image of person and images of upper-body, lower-body and full-body garments. Our
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novel architecture VIT'O-UDIT as well as progressive training strategy, enabled better than
state-of-the-art results, particularly in preserving fine garment details and person identity.
Furthermore, our method allows for explicit control of garment layout via conditioning the

model with garment attributes obtained from a finetuned vision-language model.
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Input Person Input Garments TryOnDiffusion' Ours

Figure 4.4: Qualitative comparison against TryOnDiffusion [203] on our 8,300
triplets test set part one. Our method can generate better garment details and layouts.

Red boxes highlight errors of TryOnDiffusion. Please zoom in to see details.
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Figure 4.5: Qualitative comparison against TryOnDiffusion [203] on our 8,300
triplets test set part two. Our method can generate better garment details and layouts.

Red boxes highlight errors of TryOnDiffusion. Please zoom in to see details.
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Input Person Input Garments TryOnDiffusion Ours

Figure 4.6: Qualitative comparison against TryOnDiffusion [203] on our 8,300
triplets test set part three. Our method can generate better garment details and layouts.

Red boxes highlight errors of TryOnDiffusion. Please zoom in to see details.



71

e Y @& Yy =

Input Person Input Garments TryOnDiffusion Ours
Figure 4.7: Qualitative comparison against TryOnDiffusion [203] on our 8,300
triplets test set part four. Our method can generate better garment details and layouts.

Red boxes highlight errors of TryOnDiffusion. Please zoom in to see details.
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Input Person Input Garments TryOnDiffusion GP-VTON LaDI-VTON Ours-DressCode Ours

Figure 4.8: Qualitative comparison against GP-VTON [188], LaDI-VTON [124]
and TryOnDiffusion [203] on DressCode[125] triplets test set part one. Ours-
DressCode represents our method trained only on DressCode dataset. Red boxes highlight

errors of baselines. Please zoom in to see details.
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Figure 4.9: Qualitative comparison against GP-VTON [188], LaDI-VTON [124]

4 \

GP-VTON LaDI-VTON Ours-DressCode Ours

Input Garments TryOnDiffusion

and TryOnDiffusion [203] on DressCode[125] triplets test set part two. Ours-
DressCode represents our method trained only on DressCode dataset. Red boxes highlight

errors of baselines. Please zoom in to see details.
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Figure 4.10: Qualitative comparison for editing instruction: “tuck in the shirt®.
Please zoom in to see how our method can perform the desired editing while preserving

garment details. Red boxes highlight errors of baselines.
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Input Person Input Garments Imagen Editor SDXL Inpainting  DiffEdit InstructP2P P2P + NI Ours Editing

Figure 4.11: Qualitative comparison for editing instruction: “tuck out the shirt“.
Please zoom in to see how our method can perform the desired editing while preserving

garment details. Red boxes highlight errors of baselines.
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Figure 4.12: Qualitative comparison for editing instruction: “roll down the sleeve*.
Please zoom in to see how our method can perform the desired editing while preserving

garment details. Red boxes highlight errors of baselines.
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Figure 4.13: Qualitative comparison for editing instruction: “roll up the sleeve®.
Please zoom in to see how our method can perform the desired editing while preserving

garment details. Red boxes highlight errors of baselines.
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Person Garments Full Model Person Encoder without Fine-tuning ~ with Fine-tuning

Figure 4.14: Qualitative comparison for person finetuning of subject 1. Please zoom
in to see how our method can preserve both person identity and garment details. Red boxes

highlight errors of baselines.
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Input Fine-tuned Fine-tuned Ours Ours
Person Garments Full Model Person Encoder without Fine-tuning ~ with Fine-tuning

Figure 4.15: Qualitative comparison for person finetuning of subject 2. Please zoom
in to see how our method can preserve both person identity and garment details. Red boxes

highlight errors of baselines.
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Input Input Fine-tuned Fine-tuned Ours Ours
Person Garments Full Model Person Encoder without Fine-tuning ~ with Fine-tuning

Figure 4.16: Qualitative comparison for person finetuning of subject 3. Please zoom
in to see how our method can preserve both person identity and garment details. Red boxes

highlight errors of baselines.
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Input Input Fine-tuned Fine-tuned Ours Ours
Person Garments Full Model Person Encoder without Fine-tuning ~ with Fine-tuning

Figure 4.17: Qualitative comparison for person finetuning of subject 4. Please zoom
in to see how our method can preserve both person identity and garment details. Red boxes

highlight errors of baselines.
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Input Input Cascaded Ours Input Cascaded Model Ours Single
Person Garments Models Single Stage Zoom-in Zoom-in Stage Zoom-in

Figure 4.18: Qualitative comparison for single stage model vs cascaded. Our pro-
posed single stage model can preserve fine garment details like text and logos under large
pose differences. The last three columns visualize zoom-ins of red boxes for input, cascaded

variant and single stage model respectively. Please zoom in to see details.
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Input Input From Ours Input Input From Ours
Person Garments scratch Progressive Person Garments scratch Progressive

Figure 4.19: Qualitative comparison for progressive training vs training from
scratch. Training from scratch can not handle complicated garment warping. Red boxes

highlight errors of the training from scratch variant. Please zoom in to see details.

Input Garment Input Person TryOnDiffusion Ours

Figure 4.20: Qualitative comparison on our 1,000 paired test data. Red boxes high-

light errors of baselines. Zoom in to see details.
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Figure 4.21: Qualitative results for Dress VTO part one. Our approach effectively
manages complex garment warping and generates realistic wrinkles that align with the per-

son’s pose. Please zoom in to see details.
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Input Person Input Garments Try-on Results Input Person Input Garments Try-on Results

Figure 4.22: Qualitative results for Dress VTO part two. Our approach effectively
manages complex garment warping and generates realistic wrinkles that align with the per-

son’s pose. Please zoom in to see details.
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Figure 4.23: Failure Cases. Our model could generate random clothing given layout in-
formation. As shown in the left example, given “outer top open”, the model generates a
random inner top. In addition, the model could lead to failures when dealing with rare
garment combinations. For example, given a long coat and skirt combination, it creates a

half open coat, shown in the right image.
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Chapter 5
RECONSTRUCTING NBA PLAYERS

Figure 5.1: Single input photo (left), estimated 3D posed model that is viewed from a new

camera position (middle), same model with video game texture for visualization purposes.
The insets show the estimated shape from the input camera viewpoint. (Court and basketball

meshes are extracted from the video game) Photo Credit: [127]

This chapter presents the collaborative research project with Konstantinos Rematas,
Brian Curless, Steven Seitz, Ira Kemelmacher-Shlizerman. The findings from this work were
initially published in ECCV 2020 [202]. The subsequent analysis and comparisons to related
studies in this chapter are based on the prevailing state-of-the-art during that time.

Given regular, broadcast video of an NBA basketball game, we seek a complete 3D
reconstruction of the players, viewable from any camera viewpoint. This reconstruction
problem is challenging for many reasons, including the need to infer hidden and back-facing
surfaces, and the complexity of basketball poses, e.g., reconstructing jumps, dunks, and
dribbles.

Human body modeling from images has advanced dramatically in recent years, due in

large part to availability of 3D human scan datasets, e.g., CAESAR [150]. Based on this
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data, researchers have developed powerful tools that enable recreating realistic humans in
a wide variety of poses and body shapes [115], and estimating 3D body shape from single
images [159, 182]. These models, however, are largely limited to the domains of the source
data — people in underwear [150], or clothed models of people in static, staged poses [147].
Adapting this data to a domain such as basketball is extremely challenging, as we must not
only match the physique of an NBA player, but also their unique basketball poses.

Sports video games, on the other hand, have become extremely realistic, with renderings
that are increasingly difficult to distinguish from reality. The player models in games like
NBA2K [33] are meticulously crafted to capture each player’s physique and appearance
(Figure 5.3). Such models are ideally suited as a training set for 3D reconstruction and
visualization of real basketball games.

In this paper, we present a novel dataset and neural networks that reconstruct high
quality meshes of basketball players and retarget these meshes to fit frames of real NBA
games. Given an image of a player, we are able to reconstruct the action in 3D, and apply
new camera effects such as close-ups, replays, and bullet-time effects (Figure 5.1).

Our new dataset is derived from the video game NBA2K (with approval from the creator,
Visual Concepts), by playing the game for hours and intercepting rendering instructions to
capture thousands of meshes in diverse poses. Each mesh provides detailed shape and texture,
down to the level of wrinkles in clothing, and captures all sides of the player, not just those
visible to the camera. Since the intercepted meshes are not rigged, we learn a mapping from
pose parameters to mesh geometry with a novel deep skinning approach. The result of our
skinning method is a detailed deep net basketball body model that can be retargeted to any
desired player and basketball pose.

We also introduce a system to fit our retargetable player models to real NBA game footage
by solving for 3D player pose and camera parameters for each frame. We demonstrate the
effectiveness of this approach on synthetic and real NBA input images, and compare with
the state-of-the-art in 3D pose and human body model fitting. Our method outperforms the

state-of-the-art methods when reconstructing basketball poses and players even when these



89

methods, to the extent possible, are retrained on our new dataset. This paper focuses on

basketball shape estimation, and leaves texture estimation as future work.

Our biggest contributions are, first, a deep skinning approach that produces high qual-
ity, pose-dependent models of NBA players. A key differentiator is that we leverage thou-
sands of poses and capture detailed geometric variations as a function of pose (e.g., folds
in clothing), rather than a small number of poses which is the norm for datasets like CAE-
SAR (1-3 poses/person) and modeling methods like SMPL (trained on CAESAR and ~45
poses/person). While our approach is applicable to any source of registered 3D scan data, we
apply it to reconstruct models of NBA players from NBA2K19 game play screen captures.
As such, a second key contribution is pose-dependent models of different basketball players,
and raw capture data for the research community. Finally, we present a system that fits these
player models to images, enabling 3D reconstructions from photos of NBA players in real
games. Both our skinning and pose networks are evaluated quantitatively and qualitatively,
and outperform the current state-of-the-art.

One might ask, why spend so much effort reconstructing mesh models that already exist
(within the game)? NBA2K’s rigged models and in-house animation tools are proprietary
[P. By reconstructing a posable model from intercepted meshes (eliminating requirement of
proprietary animation and simulation tools), we can provide these best-in-the-world models
of basketball players to researchers for the first time (with the company’s support). These
models provide a number of advantages beyond existing body models such as SMPL. In
particular, they capture not just static poses, but human body dynamics for running, walk-
ing, and many other challenging activities. Furthermore, the plentiful pose-dependent data
enables robust reconstruction even in the presence of heavy occlusions. In addition to pro-
ducing the first high quality reconstructions of basketball from regular photos, our models
can facilitate synthetic data collection for ML algorithms. Just as simulation provides a crit-
ical source of data for many ML tasks in robotics, self-driving cars, depth estimation, etc.,
our derived models can generate much more simulated content under any desired conditions

(we can render any pose, viewpoint, combination of players, against any background, etc.)
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Figure 5.2: Overview: Given a single basketball image (top left), we begin by detecting the
target player using [25, 163], and create a person-centered crop (bottom left). From this
crop, our PoseNet predicts 2D pose, 3D pose, and jump information. The estimated 3D
pose and the cropped image are then passed to mesh generation networks to predict the full,
clothed 3D mesh of the target player. Finally, to globally position the player on the 3D court
(right), we estimate camera parameters by solving the PnP problem on known court lines
and predict global player position by combining camera, 2D pose, and jump information.

Blue boxes represent novel components of our method.

5.1 Related Work

Video Game Training Data. Recent works [149, 148, 101, 144] have shown that, for
some domains, data derived from video games can significantly reduce manual labor and
labeling, since ground-truth labels can be extracted automatically while playing the game.
E.g., [24, 144] collected depth maps of soccer players by playing the FIFA soccer video game,
showing generalization to images of real games. Those works, however, focused on low level
vision data, e.g., optical flow and depth maps rather than full high quality meshes. In
contrast, we collect data that includes 3D triangle meshes, texture maps, and detailed 3D

body pose, which requires more sophisticated modeling of human body pose and shape.
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Sports 3D reconstruction. Reconstructing 3D models of athletes playing various sports
from images has been explored in both academic research and industrial products. Most pre-
vious methods use multiple camera inputs rather than a single view. Grau et al. [54, 53] and
Guillemaut et al. [60, 59] used multiview stereo methods for free viewpoint navigation. Ger-
mann et al. [48] proposed an articulated billboard presentation for novel view interpolation.
Intel demonstrated 360 degree viewing experiences', with their True View [79] technology
by installing 38 synchronized 5k cameras around the venue and using this multi-view in-
put to build a volumetric reconstruction of each player. This paper aims to achieve similar

reconstruction quality but from a single image.

Rematas et al. [144] reconstructed soccer games from monocular YouTube videos. How-
ever, they predicted only depth maps, thus can not handle occluded body parts and player
visualization from all angles. Additionally, they estimated players’ global position by assum-
ing all players are standing on the ground, which is not a suitable assumption for basketball,
where players are often airborne. The detail of the depth maps is also low. We address all
of these challenges by building a basketball specific player reconstruction algorithm that is
trained on meshes and accounts for complex airborne basketball poses. Our result is a de-
tailed mesh of the player from a single view, but comparable to multi-view reconstructions.

Our reconstructed mesh can be viewed from any camera position.

3D human pose estimation. Large scale body pose estimation datasets [80, 118, 175]
enabled great progress in 3D human pose estimation from single images [119, 117, 171, 63,
123]. We build on [119] but train on our new basketball pose data, use a more detailed
skeleton (35 joints including fingers and face keypoints), and an explicit model of jumping
and camera to predict global position. Accounting for jumping is an important step that

allows our method outperform state-of-the-art pose.

3D human body shape reconstruction. Parametric human body models [5, 115, 136,

152, 87, 131] are commonly fit to images to derive a body skeleton, and provide a framework

https://www.intel.com/content/www/us/en/sports/technology/true-view.html
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to optimize for shape parameters [16, 87, 131, 185, 103, 77, 196]. [182] further 2D warped
the optimized parametric model to approximately account for clothing and create a rigged
animated mesh from a single photo. [88, 133, 89, 100, 132, 61, 200, 99] trained a neural
network to directly regress body shape parameters from images. Most parametric model
based methods reconstruct undressed humans, since clothing is not part of the parametric
model.

Clothing can be modeled to some extent by warping SMPL [115] models, e.g., to silhou-
ettes: Weng et al. [182] demonstrated 2D warping of depth and normal maps from a single
photo silhouette, and Alldeick et al. [3, 2, 4] addressed multi-image fitting. Alternatively,
given predefined garment models [12] estimated a clothing mesh layer on top of SMPL.

Non-parametric methods [173, 126, 159, 138] proposed voxel [173] or implicit func-
tion [159] representations to model clothed humans by training on representative synthetic
data. Xu et al. [190, 191] and Habermann et al. [62] assumed a pre-captured multi-view
model of the clothed human, retargeted based on new poses.

We focus on single-view reconstruction of players in NBA basketball games, producing a
complete 3D model of the player pose and shape, viewable from any camera viewpoint. This
reconstruction problem is challenging for many reasons, including the need to infer hidden
and back-facing surfaces, and the complexity of basketball poses, e.g., reconstructing jumps,
dunks, and dribbles. Unlike prior methods modeling undressed people in various poses or
dressed people in a frontal pose, we focus on modeling clothed people under challenging

basketball poses and provide a rigorous comparison with the state-of-the-art.
5.2 The NBA2K Dataset

Imagine having thousands of 3D body scans of NBA players, in every conceivable pose
during a basketball game. Suppose that these models were extremely detailed and realistic,
down to the level of wrinkles in clothing. Such a dataset would be instrumental for sports
reconstruction, visualization, and analysis. This section describes such a dataset, which

we call NBA2K, after the video game from which these models derive. These models of
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Figure 5.3: Our novel NBA2K dataset examples, extracted from the NBA2K19 video game.
Our NBA2K dataset captures 27,144 basketball poses spanning 27 subjects, extracted from
the NBA2K19 video game.

course are not literally player scans, but are produced by professional modelers for use in the
NBA2K19 video game, based on a variety of data including high resolution player photos,
scanned models and mocap data of some players. While they do not exactly match each

player, they are among the most accurate 3D renditions in existence (Figure 5.3).

Our NBA2K dataset consists of body mesh and texture data for several NBA players,
each in around 1000 widely varying poses. For each mesh (vertices, faces and texture)
we also provide its 3D pose (35 keypoints including face and hand fingers points) and the
corresponding RGB image with its camera parameters. While we used meshes of 27 real
famous players to create many of figures in this paper, we do not have permission to release
models of current NBA players. Instead, we additionally collected the same kind of data
for 28 synthetic players and retrained our pipeline on this data. The synthetic player’s have
the same geometric and visual quality as the NBA models and their data along with trained
models will be shared with the research community upon publication of this paper. Our

released meshes, textures, and models will have the same quality as what’s in the paper, and
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span a similar variety of player types, but not be named individuals. Visual Concepts [33]

has approved our collection and sharing of the data.

The data was collected by playing the NBA2K19 game and intercepting calls between the
game engine and the graphics card using RenderDoc [?]. The program captures all drawing
events per frame, where we locate player rendering events by analyzing the hashing code of
both vertex and pixel shaders. Next, triangle meshes and textures are extracted by reverse-
engineering the compiled code of the vertex shader. The game engine renders players by
body parts, so we perform a nearest neighbor clustering to decide which body part belongs
to which player. Since the game engine optimizes the mesh for real-time rendering, the
extracted meshes have different mesh topologies, making them harder to use in a learning
framework. We register the meshes by resampling vertices in texture space based on a
template mesh. After registration, the processed mesh has 6036 vertices and 11576 faces
with fixed topology across poses and players (point-to-point correspondence), has multiple
connected components (not a watertight manifold), and comes with no skinning information.
We also extract the rest-pose skeleton and per-bone transformation matrix, from which we
can compute forward kinematics to get full 3D pose. One way to decide which frames to
capture is to let the game use its Al where two teams play against each other, however we
found that the variety of poses captured in this manner is rather limited. It captures mostly
walking and running people, while we target more complex basketball moves. Instead, we
have people play the game and proactively capture frames where dunk, dribble, shooting,

and other complex basketball moves occur.

5.3 From Single Images to Meshes

Figure 5.2 shows our full reconstruction system, starting from a single image of a basketball
game, and ending with output of a complete, high quality mesh of the target player with
pose and shape matching the image. Next, we describe the individual steps to achieve the

final results.
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5.3.1 3D Pose in World Coordinates

2D pose, jump, and 3D pose estimation Since our input meshes are not rigged (no
skeletal information or blending weights), we propose a neural network called PoseNet to
estimate the 3D pose and other attributes of a player from a single image. This 3D pose in-
formation will be used later to facilitate shape reconstruction. PoseNet takes a single image
as input and is trained to output 2D body pose, 3D body pose, a binary jump classifica-
tion (is the person airborne or not), and the jump height (vertical height of the feet from
ground). The two jump-related outputs are key for global position estimation and are our
novel addition to existing generic body pose estimation.

From the input image, we first extract ResNet [187] features (from layer 4) and supply
them to four separate network branches. The output of the 2D pose branch is a set of 2D
heatmaps (one for each 2D keypoint) indicating where the particular keypoint is located. The
output of the 3D pose branch is a set of XY Z location maps (one for each keypoint) [119].
The location map indicates the possible 3D location for every pixel. The 2D and 3D pose
branches use the same architecture as [187]. The jump branch estimates a class label, and
the jump height branch regresses the height of the jump. Both networks use a fully connected
layer followed by two linear residual blocks [117] to get the final output.

The PoseNet model is trained using the following loss:

Loose = waalog + w3alsq + wp Lo + WintLjne + WjctsLjcis (5.1)

where Log = |H — H||; is the loss between predicted (H) and ground truth (H) heatmaps,
Lsq = ||L — L||; is the loss between predicted (L) and ground truth (L) 3D location maps,
Ly = |B— B is the loss between predicted (B) and ground truth (B) bone lengths
to penalize unnatural 3D poses (we pre-computed the ground truth bone length over the
training data), £; = ||h — h|; is the loss between predicted (h) and ground truth (k) jump
height, and L4 is the cross-entropy loss for the jump class. For all experiments, we set

Woq = 10, W3gqg = 10, Wp = 05, Wiht = 04, and Wjels = 0.2.
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Global Position To estimate the global position of the player we need the camera parame-
ters of the input image. Since NBA courts have known dimensions, we generate a synthetic
3D field and align it with the input frame. Similar to [144, 26], we use a two-step approach.
First, we provide four manual correspondences between the input image and the 3D bas-
ketball court to initialize the camera parameters by solving PnP [106]. Then, we perform
a line-based camera optimization similar to [144], where the projected lines from the syn-
thetic 3D court should match the lines on the image. Given the camera parameters, we can
estimate a player’s global position on (or above) the 3D court by the lowest keypoint and
the jump height. We cast a ray from the camera center through the image keypoint; the
3D location of that keypoint is where the ray-ground height is equal to the estimated jump
height.

5.3.2 Mesh Generation

Reconstruction of a complete detailed 3D mesh (including deformation due to pose, cloth,
fingers and face) from a single image is a key technical contribution of our method. To achieve
this we introduce two sub-networks (Figure 5.4): IdentityNet and SkinningNet. IdentityNet
takes as input an image of a player whose rest mesh we wish to infer, and outputs the person’s
rest mesh by deforming a template mesh. The template mesh is the average of all training
meshes and is the same starting point for any input. The main benefit of this network is
that it allows us to estimate the body size and arm span of the player according to the input
image. SkinningNet takes the rest pose personalized mesh and the 3D pose as input, and
outputs the posed mesh. To reduce the learning complexity, we pre-segment the mesh into
six parts: head, arms, shirt, pants, legs and shoes. We then train a SkinningNet on each
part separately. Finally, we combine the six reconstructed parts into one, while removing
interpenetration of garments with body parts. Details are described below.

IdentityNet. We propose a variant of 3D-CODED [56] to deform the template mesh. We
first use ResNet [(7] to extract features from input images. Then we concatenate template

mesh vertices with image features and send them into an AtlasNet decoder [57] to predict
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Figure 5.4: Mesh generation contains two sub networks: IdentityNet and SkinningNet. Iden-
tityNet deforms a rest pose template mesh (average rest pose over all players in the database),
into a rest pose personalized mesh given the image. SkinningNet takes the rest pose per-
sonalized mesh and 3D pose as input and outputs the posed mesh. There is a separate

SkinningNet per body part, here we illustrate the arms.

per vertex offsets. Finally, we add this offset to the template mesh to get the predicted
personalized mesh. We use the L1 loss between the prediction and ground truth to train

IdentityNet.

SkinningNet. We propose a TL-embedding network [49] to learn an embedding space with
generative capability. Specifically, the 3D keypoints K,ps. € R**3 are processed by the pose
encoder to produce a latent code Z,,, € R3?. The rest pose personalized mesh vertices
Viest € RY*3(where N is the number of vertices in a mesh part) are processed by the mesh
encoder to produce a latent code Z,.,; € R32. Then Zpose and Z,s are concatenated and
fed into a fully connected layer to get Z,..q € R**. Similarly, the ground truth posed mesh
vertices Vposed € RN>3 are processed by another mesh encoder to produce a latent code
Zgt € R32. Zgt is sent into the mesh decoder during training while Z,,.4 is sent into the mesh

decoder during testing.
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The Pose encoder is comprised of two linear residual blocks [117] followed by a fully con-
nected layer. The mesh encoders and shared decoder are built with spiral convolutions [18].

SkinningNet is trained with the following loss:
Eskin - WZ*CZ + wmeshﬁmesh (52)

where L7 = ||Zprea — Zgi||1 forces the space of Z,..q and Zy to be similar, and L,,eqn =
|Viored — Viposeall1 1s the loss between decoded mesh vertices V,.q and ground truth vertices
Viposed- The weights of different losses are set to wz =5, wiesn = 50.

Combining body part meshes. Direct concatenation of body parts results in interpen-
etration between the garment and the body. Thus, we first detect all body part vertices in
collision with clothing as in [131], and then follow [168, 169] to deform the mesh by mov-
ing collision vertices inside the garment while preserving local rigidity of the mesh. This
detection-deformation process is repeated until there is no collision or the number of itera-

tions is above a threshold (10 in our experiments).

5.4 Implementation Details

In this section, we provide more details of different components in our pipeline.

5.4.1 PoseNet

The input is a single, person-centered image with dimensions 256 x256. We extract ResNet [187]
features from layer 4 and supply them to four separate network branches (2D pose, 3D pose,
jump class, jump height). The 2D and 3D pose branches consist of 3 set of Deconvolution-
BatchNorm-ReLu blocks. For the jump class, we use a fully connected layer followed by two
linear residual blocks [117] to get the final output and we use the same network architecture
for the jump height branch. We estimate both the jump class and the jump height because
the jump class can serve as a threshold to reject the inaccurate jump height prediction in

the global position estimation.



99

The 2D pose branch outputs a set of 2D 64 x 64 heatmaps, one for every keypoint,
indicating where a particular keypoint is located. Similarly, the 3D pose branch outputs a
set of 2D 64 x 64 location maps [119], where each location map indicates the possible 3D
location for every pixel. Each location map has 3 channels that encode the XY Z position of
a keypoint with respect to pelvis. To generate the ground truth heatmaps, we first transform
the 2D pose from its original image resolution (256 x 256) to 64 x 64 resolution, and then
generate a 2D Gaussian map centered at each joint location. For ground truth XYZ location
maps, we put the 3D joint location at the position where the heatmap has non-zero value.
To obtain the final output, we take the location of the maximum value in every keypoint
heatmap to get the 2D pose at 64 x 64 resolution and use it to sample the 3D pose from the
XY Z location maps. After that, the 2d pose is transformed to original 256 x 256 resolution.
The ground truth jump height is directly extracted from the game, and the jump class is set
to 1 if the jump height is greater than 0.1m.

5.4.2  Global Position

Since a basketball court with players typically has more occlusions (and curved lines) than
a soccer field, we found the traditional line detection method used in [144] fails. To get
robust line features, we train a pix2pix [81] network to translate basketball images to court
line masks. For the training data, we use synthetic data from NBA2K, where the predefined
3D court lines are projected to image space using the extracted camera parameters. To
demonstrate the robustness of our line feature extraction method, we provide the results on

synthetic data in Figure 5.5 and real data in Figure 5.6.

After estimating the camera parameters, we place the player mesh in 3D by considering

its 2D pose in the image and the jumping height:
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Figure 5.5: Court line generation on synthetic data. For every example, from left to
right: input image, predicted court lines overlaid on the input image, ground truth court

lines overlaid on the input image.

(zp _pm)z_fc
Ve=|(yp—py)% (5.3)
Yo =R2- (Ve =T) (5.4)

where Rj is the second column of the extrinsic rotation matrix; T is the extrinsic translation;
f is focal length; (ps,p,) is the principle point; V. is the camera coordinates of the lowest
joint (e.g. foot); v, is the world coordinate y-component of the lowest joint, which equals the
predicted jump height; (z,,y,) are the pixel coordinates of the lowest joints. Substituting

Eqn. 5.3 into Eqn. 5.4, we can solve for z, (camera coordinate in z-component for lowest
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Figure 5.6: Court line generation on real data. For every example, left is input image,

right is predicted court lines overlaid on the input image.

joints), from which we can further compute the global position of the player. In Figure 5.7,
we show our results of global position estimation. We can see that our method can accu-
rately place players (both airborne and on the ground) on the court due to accurate jump

estimation.

5.4.3 SkinningNet

The pose encoder is comprised of linear residual block [117] followed by a fully connected
layer. The linear residual block consists of four FC-BatchNorm-ReLu-Dropout blocks with
skip connection from the input to the output. For the mesh part, we denote Spiral Con-
volution [18] as SC, mesh downsampling and upsampling operator [6] as DS and US. The
mesh encoder consists of four SC-ELU [32]-DS blocks, followed by a FC layer. The mesh
decoder consists of a FC layer, four US-SC-ELU blocks, and a SC layer for final processing.
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Figure 5.7: Global position estimation. Please zoom in to see details. From left
to right: input images, two views of the estimated location (middle and right). Note the

location of players with respect to court lines (marked with red boxes).

We follow COMA [6] to perform the mesh sampling operation where vertices are removed by
minimizing quadric errors [46] during down-sampling and added using barycentric interpo-
lation during up-sampling. In table 5.1, we provide detailed settings for the mesh encoders
and decoders of different body parts.

Training details. For training IdentityNet and SkinningNet, we use batch size of 16 for
200 epochs and optimize with the Adam solver [94] with weight decay set to 5 x 107°.
Learning rate for IdentityNet is 0.0002 while learning rate for SkinningNet is 0.001 with a

decay of 0.99 after every epoch. The weights of different losses are set to wz = 5, wWiesn = 50.

5.4.4 Combining body part meshes

We first detect all the body part vertices in collision with clothing as in [131], and then
follow [168, 169] to deform the mesh by moving collision vertices inside the garment while

preserving local rigidity of the mesh. This detection-deformation process is repeated until
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head arm shoes shirt pant leg
NV 348 842 937 2098 1439 372
DS Factor | (2,2,1,1) | (2,2,2,1) | (2,2,2,1) | (4,2,2.2) | (2,2,2.2) | (2,2,1,1)
NZ 32 for all body parts
Filter Size (16,32,64,64) for encoders, (64,32,16,16,3) for decoders
Dilation (2,2,1,1) for encoders, (1,1,2,2,2) for decoders
Step Size (2,2,1,1) for encoders, (1,1,2,2,2) for decoders

Table 5.1: Network architecture for mesh encoders and decoders of different body
parts. NV represents vertices numbers, DS factor represents downsampling factors. NZ
represents the hidden size of latent vector. Filter Size represents the output channel of SC.

Dilation represents dilation ratio for SC. Step size represents hops for SC.

there is no collision or the number of iterations is above a threshold (10 in our experiments).
Before each mesh deformation step, collision vertices are first moved in the direction opposite
their vertex normals by 10mm. Then we optimize the remaining vertex positions of body

parts by minimizing the following loss:
Epen = Wdatacdata + wlap‘clap + welﬁel (55)

Laata = ||V — V*||2 forces optimized vertices V' to stay close to the SkinningNet inferred

vertices V* = V(Zyred), Liap = ||Av — Ay

r is the Frobenius norm of Laplacian difference
between the optimized and inferred meshes, and L, = || — 1|| encourages the optimized
edge length F to be same as the inferred edge length E*. Each of these losses is taken as
a sum over all vertices or edges. We set wgqtqa = 1,wiqp = 0.1,we = 0.1 respectively. We
use an L-BFGS solver [111], running for 20 iterations. Note that detected collision vertices,
after being moved inward, are fixed during the optimization process. This hard constraint
ensures the optimization will not move these vertices outside garments in future iterations.

Figure 5.8 shows results before and after interpenetration optimization for two examples.
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Figure 5.8: Before and after interpenetration optimization. Note the garment in the

red square. Ground truth textures are used to better visualize the intersection.

HMR [88] | CMR [100] | SPIN [99] | Ours(Reg+BL) | Ours(Loc) | Ours(Loc+BL)
MPJPE 115.77 82.28 88.72 81.66 66.12 51.67
MPJPE-PA 78.17 61.22 59.85 63.70 52.73 40.91

Table 5.2: Quantitative comparison of 3D pose estimation to state-of-the-art. The
metric is mean per joint position error with (MPJPE-PA) and without (MPJPE) Procrustes

alignment. Baseline methods are fine-tuned on our NBA2K dataset.

HMR [88] | SPIN [99] | SMPLify-X [131] | PIFu [159] | Ours
CD | 22411 14.793 47720 23.136 | 4.934
EMD | 0.137 0.125 0.187 0.207 | 0.087

Table 5.3: Quantitative comparison of our mesh reconstruction to state-of-the-art.

We use Chamfer distance denoted by CD (scaled by 1000, lower is better), and Earth-mover

distance denoted by EMD (lower is better) for comparison. Both distance metrics show that

our method significantly outperforms state-of-the-art for mesh estimation. All related works

are retrained or fine-tuned on our data, see text.
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5.5 Experiments

Dataset Preparation. We evaluate our method with respect to the state-of-the-art on
our NBA2K dataset. We collected 27,144 meshes spanning 27 subjects performing various
basketball poses (about 1000 poses per player). PoseNet training requires generalization on
real images. Thus, we augment the data to 265,765 training examples, 37,966 validation
examples, and 66,442 testing examples. Augmentation is done by rendering and blending
meshes into various random basketball courts. For IdentityNet and SkinningNet, we select
19,667 examples from 20 subjects as training data and test on 7,477 examples from 7 unseen
players. To further evaluate generalization of our method, we also provide qualitative results
on real images. Note that textures are extracted from the game and not estimated by our

algorithm.

5.5.1 3D Pose, Jump, and Global Position Evaluation

We evaluate pose estimation by comparing to state-of-the-art SMPL-based methods that
released training code. Specifically we compare with HMR [88], CMR [100], and SPIN [99].
For fair comparison, we fine-tuned their models with 3D and 2D ground-truth NBA2K poses.
Since NBA2K and SMPL meshes have different topology we do not use mesh vertices and
SMPL parameters as part of the supervision. Table 5.2 shows comparison results for 3D
pose. The metric is defined as mean per joint position error (MPJPE) with and without
procrustes alignment. The error is computed on 14 joints as defined by the LSP dataset [36].
Our method outperforms all other methods even when they are fine-tuned on our NBA2K
dataset (lower number is better).

To further evaluate our design choices, we compare the location-map-based representation
(used in our network) with direct regression of 3D joints, and also evaluate the effect of bone
length (BL) loss on pose prediction. A direct regression baseline is created by replacing
our deconvolution network with fully connected layers [117]. The effectiveness of BL loss is

evaluated by running the network with and without it. As shown in Table 5.2, both location
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maps and BL loss can boost the performance.

5.5.2 3D Mesh Evaluation

Quantitative Results. Table 5.3 shows results of comparing our mesh reconstruction
method to the state-of-the-art on NBA2K data. We compare to both undressed (HMR [88],
SMPLify-X [131], SPIN [99]) and clothed (PIFu [159]) human reconstruction methods. For
fair comparison, we retrain PIFU on our NBA2K meshes. SPIN and HMR are based on the
SMPL model where we do not have groundtruth meshes, so we fine-tuned with NBA2K 2D
and 3D pose. SMPLify-X is an optimization method, so we directly apply it to our testing
examples. The meshes generated by baseline methods and the NBA2K meshes do not have
one-to-one vertex correspondence, thus we use Chamfer (CD) and Earth-mover (EMD) as
distance metrics. Prior to distance computations, all predictions are aligned to ground-truth
using ICP. We can see that our method outperforms both undressed and clothed human
reconstruction methods even when they are trained on our data.

Qualitative Results. Figure 5.9 and 5.10 qualitatively compare our results with the best
performing SMPL-based methods SPIN [99] and SMPLify-X [131]. These two methods do
not reconstruct clothes, so we focus on the pose accuracy of the body shape. Our method
generates more accurate body shape for basketball poses, especially for hands and fingers.
Figure 5.11 and 5.12 qualitatively compare with PIFu [159], a state-of-the-art clothed human
reconstruction method. Our method generates detailed geometry such as shirt wrinkles under
different poses while PIFu tends to over-smooth faces, hands, and garments. Figure 5.13
further visualizes garment details in our reconstructions. Figure 5.14 and 5.15 show results

of our method on real images, demonstrating robust generalization.

5.5.3  Ablative Study

Comparison with SMPL-NBA. We follow the idea of SMPL [115] to train a skinning
model from NBA2K registered mesh sequences. The trained body model is called SMPL-

NBA. Since we don’t have rest pose meshes for thousands of different subjects, we cannot
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Figure 5.9: Comparison with SMPL-based methods. Column 1 is input, columns 2-5
are reconstructions in the image view, columns 6-9 are visualizations from a novel view. Note

the significant difference in body pose between ours and SMPL-based methods.

learn a meaningful PCA shape basis as SMPL did. Thus, we focus on the pose dependent
part and fit the SMPL-NBA model to 2000 meshes of a single player. We use the same
skeleton rig as SMPL to drive the mesh. Since our mesh is comprised of multiple connected
parts, we initialize the skinning weights using a voxel-based heat diffusion method [39]. The
whole training process of SMPL-NBA is the same as the pose parameter training of SMPL.
We fit the learned model to predicted 2D keypoints and 3D keypoints from PoseNet following
SMPLify [16]. Figure 5.16 compares SkinningNet with SMPL-NBA, showing that SMPL-
NBA has severe artifacts for garment deformation — an inherent difficulty for traditional
skinning methods. It also suffers from twisted joints which is a common problem when
fitting per bone transformation to 3D and 2D keypoints.

Comparison with Other Geometry Learning Methods. Figure 5.17 compares Skin-
ningNet with two state-of-the-art mesh-based shape deformation networks: 3D-CODED [56]
and CMR [100]. The baseline methods are retrained on the same data as SkinningNet for
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Figure 5.10: Comparison with SMPL-based methods on real images. Column 1 is
input, columns 2-4 are reconstructions in the image view, columns 5-7 are visualizations from
a novel viewpoint. Note the significant difference in body pose between ours and SMPL-
based methods; our results are qualitatively much more similar to what is seen in the input

images. In addition, SMPL-based methods do not handle clothing.
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Figure 5.11: Comparison with PIFu [159]. Column 1 is input, columns 2-5 are recon-
structions in the image viewpoint, columns 6-9 are visualizations from a novel view. PIFu
significantly over-smooths shape details and produces lower quality reconstruction even when

trained on our dataset (PIFu-+NBA).

fair comparison. For 3D-CODED, we take 3D pose as input instead of a point cloud to
deform the template mesh. For CMR, we only use their mesh regression network (no SMPL
regression network) and replace images with 3D pose as input. Both methods use the same
3D pose encoder as SkinningNet. The input template mesh is set to the prediction of Iden-
tityNet. Unlike baseline methods, SkinningNet does not suffer from substantial deformation
errors when the target pose is far from the rest pose. Table 5.4 provides further quantita-
tive results based on mean per vertex position error (MPVPE) with and without procrustes

alignment.

5.6 Discussion

We have presented a novel system for state-of-the-art, detailed 3D reconstruction of complete
basketball player models from single photos. Our method includes 3D pose estimation, jump

estimation, an identity network to deform a template mesh to the person in the photo (to
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Figure 5.12: Comparison with PIFu [159] on real images. Column 1 is input (red box
shows the target player), columns 2-4 are reconstructions in the image view, columns 5-7 are
reconstructions in a novel view. PIFu fails to reconstruct high quality human shapes from

real images, even when the players are in nearly standing poses.
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Figure 5.13: Garment details at various poses. For each input image, we show the

predicted shape, close-ups from two viewpoints.

CMR [100] | 3D-CODED [56] | Ours
MPVPE 85.26 84.22 76.41
MPVPE-PA 64.32 63.13 54.71

Table 5.4: Quantitative comparison with 3D-CODED [56] and CMR [100]. The
metric is mean per vertex position error in mm with (MPVPE-PA) and without (MPVPE)

Procrustes alignment. All baseline methods are trained on the NBA2K data.

estimate rest pose shape), and finally a skinning network that retargets the shape from rest
pose to the pose in the photo. We thoroughly evaluated our method compared to prior
art; both quantitative and qualitative results demonstrate substantial improvements over
the state-of-the-art in pose and shape reconstruction from single images. For fairness, we
retrained competing methods to the extent possible on our new data. Our data, models, and

code will be released to the research community.

Limitations and future work In Figure 5.18, we provide examples where our approach
fails to reconstruct a correct 3D shape from single view images. This paper focuses solely
on high quality shape estimation of basketball players, and does not estimate texture — a
topic for future work. Additionally IdentityNet can not model hair and facial identity due to

lack of details in low resolution input images. Finally, the current system operates on single
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Figure 5.14: Results on real images. For each example, column 1 is the input image,

2-3 are reconstructions rendered in different views. 4-5 are corresponding renderings using
texture from the video game, just for visualization. Our technical method is focused only on

shape recovery. Photo Credit: [75]

image input only; a future direction is to generalize to video with temporal dynamics.
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Figure 5.15: Qualitative Results on real images. Please zoom in to see details. For
every example, left is input (red box shows the target player), middle is reconstruction in

the image view, right is reconstruction in a novel view. Our method generalizes well on real

images under a variety of poses.
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Figure 5.16: Comparison with SMPL-NBA. Column 1 is input, columns 2-4 are re-
constructions in the image view, columns 5-7 are visualizations from a novel viewpoint.

SMPL-NBA fails to model clothing and the fitting process is unstable.
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Figure 5.17: Comparison with 3D-CODED [56] and CMR [100]. Column 1 is input,
columns 2-5 are reconstructions in the image view, columns 6-9 are zoomed-in version of the
red boxes. The baseline methods exhibit poor deformations for large deviations from the

rest pose.
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Figure 5.18: Typical failure cases of our approach. Column 1 is input (red box shows
the target player), columns 2-3 are reconstructions in the image view, columns 4-5 are re-
constructions in a novel view, columns 6-7 are zoomed-in versions of main errors. Failures
include erroneous pose due to heavy occlusion in multi-person scenes (first and second ex-

ample), incorrect orientation of head and hands (third and fourth example).
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Chapter 6
CONCLUSION

My thesis presented several methods for reconstructing and synthesizing photorealistic
humans. I explore diffusion-based image synthesis for applications like VTO, as well as 3D
reconstruction of clothed humans, which could aid content creation in augmented or virtual

reality environments. Below I summarize each of my contributions.

6.1 DMain Contributions

Diffusion-based architecture for garment warping. In Chapter 3, I introduced TryOn-
Diffusion, the first diffusion model specifically designed for the VTO task. To handle garment
warping across large pose differences, I proposed a novel architecture named Parallel-UNet,
which employs cross-attention to implicitly warp garments. This approach circumvents the
ill-posed problem of explicitly warping the image using dense flow fields, which can be chal-

lenging for handling large deformations and heavy occlusions.

Single-stage pixel-space diffusion model for garment detail synthesis. TryOnDiffu-
sion employs cascaded diffusion models in pixel space to generate VTO results. In Chapter 4,
I demonstrated that cascaded diffusion models often struggle to accurately synthesize intri-
cate garment details, such as small texts and logos. To address this limitation, I proposed
a progressive training strategy for a single-stage diffusion model in the pixel space. This
strategy involves initially training the model on lower resolution images to capture mid-level
structures, followed by continuing the training on the same model at a higher resolution to

focus on capturing high-frequency details.

Space-efficient finetuning strategy for identity preservation. A common challenge

in current VTO methods is preserving the identity of the person. In Chapter 4, I introduced
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a space-efficient finetuning strategy to address this issue of identity preservation. I proposed
a new architecture called VTO-UDiT, which separates the diffusion denoising process from
the encoding of person features. Using this architecture, I can finetune the person feature
while freezing all other components for a given target subject. This approach significantly
reduces the model size needed for finetuning—from 4GB to 6MB—facilitating large-scale

deployment.

A large dataset of clothed human meshes from video game. Building a large dataset
of 3D clothed humans can be costly and cumbersome, due to the expenses involved in hiring
actors, designing motions, and processing raw captures. In Chapter 5, I presented methods
for collecting a 3D clothed human dataset from video games, which can be scaled up at a low
cost. By intercepting calls between the game engine and the graphics card, I demonstrated
how various pieces of information can be extracted from the rendering buffer, including
triangle meshes, texture maps, skeletal poses, and camera parameters. I further showed that
generative models trained on this synthetic dataset can effectively generalize to real-world

images, even those with heavy occlusion.

Deep neural skinning for clothed humans. Previous skinning approaches are trained
on a limited number of captures per subject with minimal clothing. Thus, they are not
able to model detailed geometric variations of garments as a function of pose—for example,
generating clothing folds that conform to specific human poses. In Chapter 5, I proposed to
model the skinning function implicitly via a deep neural network, and train this network on
thousands of captures per subject. The resulting model is capable of producing high-quality,
pose-dependent garments. Additionally, I introduced a system that fits these skinning models

to 2D images, enabling 3D reconstructions from real-world photos.

6.2 Future Work

In this section, I explore several promising future directions by addressing a practical and

significant question: What are the most desirable features to bring VTO closer to the real
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shopping experience?

Video-based virtual try-on. Although current methods can generate impressive try-on
images, it still can not compete with the real shopping experience. One important reason
is that image-based VTO can only provide a static view of how the garment would look
on a person. On contrary, real shopping experience allows customers to see the garment
from different angles. Furthermore, customers can see the garment dynamics when they
move their body, which is important for loose garments like dresses. Thus, generating try-on
videos is necessary to bring the virtual try-on experience to the next level. Given that the
number of fashion videos is considerably less than that of fashion images, it’s not viable to
train a video-based try-on diffusion model from scratch. Instead, we can begin by introducing
temporal layers into the pre-trained M&M VTO model and finetuning it with video data. To
synthesize high-FPS videos, We can follow a similar progressive training strategy proposed
by M&M VTO, but apply it to the temporal dimension instead. Besides real world videos,
we can also scale up the dataset using synthetic data collected from the game engine and
commercial software. These synthetic data can provide more supervision like normal maps,
which can be used as a regularization loss [84] to better capture the movement of wrinkles
and folds. By scaling up dataset and model size, we should be able to generate temporally

consistent try-on videos capturing garment dynamics.

Virtual try-on anyone. TryOnDiffusion and M&M VTO are trained on data with clean
backgrounds, which limits their ability to generalize well to in-the-wild images. The current
commercial strategy for VTO involves hiring models of various body sizes and skin tones,
capturing their photos in a studio under different poses, and applying VTO algorithms to
these images. As a result, consumers can only view VTO results on models who resemble
them. To allow consumers to upload their own images and see VTO results directly on
themselves, it is essential to collect and curate a more diverse dataset, including in-the-wild
images with extreme lighting, noisy backgrounds, selfie poses with occlusion, and camera

foreshortening. To collect a high-quality in-the-wild dataset, we also need to train better
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off-the-shelf detectors for 2D human pose and human parsing map, and develop more robust
pairing algorithms. A promising solution for pairing is to collect hand-labelled positive and
negative pairs, and finetune a multi-modal foundation model for this task. Additionally, the
finetuning strategy proposed in M&M VTO can be beneficial as a postprocessing step to

further enhance identity preservation.

4D human synthesis and editing. Given a video sequence as input, generating and
editing free-viewpoint videos of dynamic human is very important for applications like VTO,
as it allows consumers to view how they look from different viewpoints under multiple poses.
It is also useful for other applications like VR/AR and game production. HumanNeRF [183]
can achieve the 4D generation by jointly optimizing the appearance field in the canonical
pose and a motion field. However, HumanNeRF is not able to editing the appearance in a
temporal and viewpoint consistent way. One possible solution for the 4D editing is to utilize
the Instruct-NeRF2NeRF [66] pipeline. Specifically, we can gradually updates the dynamic
human reconstruction by iteratively updating training images with edited images given by
image-to-image translation models. Another possible solution is to first apply video-based
editing methods on the input video sequence, and then train a dynamic human rendering

model on the edited video.
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