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The fashion industry is undergoing a rapid digital transformation. With consumers increasingly

shopping for clothes online and brands seeking more engaging, cost-effective tools for showcasing

clothing online, the demand for generative AI tools for garment visualization is growing. Despite

rapid progress in this space, particularly in virtual try-on, existing methods still struggle to accurately

capture physical realism, such as how a garment drapes and flows in motion or how a garment fits

on a real body. In this thesis, I introduce a suite of generative AI-based methods that address five

core dimensions of this challenge – fabric dynamics, multi-view consistency, precise conditioning,

temporal smoothness, and garment fit – advancing the state-of-the-art in realistic digital garment

visualization.

First, I present DreamPose, a diffusion-based method for synthesizing animated fashion videos

from a still image. Given an input image and a driving pose sequence, DreamPose generates a video

depicting realistic human and fabric motion. The novelty of this work is leveraging a pretrained text-

to-image model (Stable Diffusion) for image animation – proposing novel architectural adaptations

to ensure temporal consistency and enable joint image-and-pose conditioning. A key challenge with

this method is maintaining precise input image fidelity. We address this through a subject-specific



finetuning strategy that improves person and garment identity, without sacrificing generalization to

new pose sequences. DreamPose produces state-of-the-art results on the fashion video animation

task across a diverse range of clothing styles and poses.

Next, I introduce Fashion-VDM, a video diffusion model for video virtual try-on. Given a garment

image and a person video, the model synthesizes a temporally consistent try-on video that renders

the target garment onto the person, while preserving the person’s identity and motion. Although

image-based virtual try-on has achieved impressive results, existing video try-on methods rely on

multiple networks and suffer from poor quality due to warping artifacts. Fashion-VDM addresses

these limitations through a unified diffusion transformer architecture augmented with temporal

blocks, split classifier-free guidance, and a progressive temporal training strategy. Fashion-VDM is

the first diffusion-based video virtual try-on method, and qualitative and quantitative experiments

demonstrate that it outperforms existing methods by a wide margin.

I then discuss HoloGarment, a novel view synthesis method for in-the-wild garments. Given one

to three images or a video of a person wearing a garment, HoloGarment generates 360◦ views

of that garment in a canonical pose. This is a challenging task due to the significant occlusions,

body pose variations, and cloth deformations present in real-world imagery. Prior methods fail to

handle these conditions, because existing 3D datasets mostly consist of static, unoccluded, and

rigid objects. Our key insight is to bridge this domain gap through an implicit training paradigm

that jointly leverages large-scale real video data and small-scale synthetic 3D data to optimize a

shared 2D-3D garment embedding space. At inference time, this shared space enables HoloGarment

to transform real-world garments into static, canonical 360◦ spin visualizations. Furthermore,

HoloGarment can leverage this shared space to handle dynamic video-to-360◦ novel view synthesis

via a garment-specific “atlas” finetuning stage that captures garment geometry and texture across all

viewpoints into a single garment embedding. Extensive experiments demonstrate that HoloGarment

achieves state-of-the-art performance on novel view synthesis of in-the-wild garments, robustly

handling wrinkling, pose variation, and occlusion while maintaining photorealism, view consistency,



and geometric accuracy.

Finally, I describe how we take the first steps toward fit-aware virtual try-on – depicting not

just how a garment looks, but how it actually fits a specific person. Despite being crucial to

the shopping experience, fit is largely ignored by existing virtual try-on methods, which instead

default to generating well-fitted results regardless of body or garment size. This limitation is

largely due to the lack of VTO training data that includes both size information and ill-fit scenarios

(where the garment is too tight or too loose on the person). To bridge this gap, we introduce FIT

(Fit-Inclusive Try-on), a large-scale dataset of over one million try-on samples accompanied by

precise body and garment measurements. FIT is constructed with a scalable synthetic pipeline: 3D

garments are programmatically generated and draped using physics simulation, then transformed

into photorealistic images through a novel re-texturing framework that strictly preserves person and

garment geometry. Leveraging FIT, we train Fit-VTO, a baseline fit-aware virtual try-on model that

sets the new state-of-the-art and provides a robust benchmark for future research.
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Chapter 1

INTRODUCTION

The fashion industry is going digital. Nearly half of consumers now purchase clothing online [22]

and fashion designers are increasingly turning to advanced 3D garment design software, such as

CLO [1], Marvelous Designer [30], and Style3D [161], to design their collections. Moreover,

social media platforms have emerged as digital storefronts and powerful advertising channels for

showcasing clothing brands, new products, and trending styles.

Along with this digital transition comes an opportunity for more engaging and informative media

for presenting clothing online. No longer is fashion constrained to still images printed in magazines

or on billboards. What if a traditional fashion campaign were instead a video, where you could

watch the garments come to life? What if you could inspect a garment in 3D before purchasing it

online? What if you could step into a virtual fitting room and be able to see how a garment fits you

from every angle? Realizing this vision requires rethinking the tools and mediums through which

fashion is created, presented, and experienced in the digital age.

Generative AI models are emerging as particularly powerful in enabling such capabilities. Virtual

try-on tools, like Doppl [59], already allow users to visualize how a garment looks on themselves,

without needing to enter a fitting room and while retaining the convenience of online shopping.

In fact, virtual try-on currently represents one of the most sought-after features by online shop-

pers [22]. For advertisers, AI-powered photography platforms such as Botika [19] allow brands to

generate studio-quality on-model imagery and are often more time- and cost-effective for creating

campaigns, compared to organizing a traditional photoshoot. Generative AI is also accelerating

the garment design process. For instance, Refabric [143] turns text prompts and mood boards into

garment concepts, technical patterns, and 3D mockups and AI-powered fashion design tools, like

Style3D [161], accelerate iteration loops and reduce material waste during prototyping.
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The ultimate goal is to accurately visualize and simulate how a garment would actually look in

real life. However, despite recent breakthroughs in virtual try-on, fashion image synthesis, and 3D

garment reconstruction, existing tools often still fall short of capturing physical realism. Several

key challenges towards realizing this goal include synthesizing: (1) realistic fabric dynamics and

motion; (2) consistent multi-view imagery; and (3) geometric and fit accuracy that reflects how a

garment conforms to the wearer’s body shape.

In this thesis, I introduce a set of generative AI-based methods that address these challenges. I begin

with a background on recent generative models and controllability mechanisms for image and video

synthesis in Chapter 2, which forms the technical foundation for the contributions that follow. I

then present my works leveraging generative AI for realistic digital garment visualization: (1) a

method for animating still fashion images given a driving pose sequence (Chapter 3); (2) a video

diffusion model for video virtual try-on (Chapter 4); (3) a framework for generating 360◦ novel

views of in-the-wild garments from images and videos (Chapter 5); and (4) a dataset and model

for fit-aware virtual try-on conditioned on person–garment measurements (Chapter 6). Finally, I

propose future research directions for open problems and remaining challenges in this space.
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Chapter 2

BACKGROUND

In this chapter, I review the fundamental theory and key advances in generative modeling that

underpin the methods and applications explored in this thesis. I begin with an overview of diffusion

models for image and video generation, followed by a discussion of flow matching as a related

generative paradigm. Lastly, I examine conditioning mechanisms that enable controllable generation

with these models.

2.1 Diffusion Models

Diffusion models [37, 76, 160, 162, 164] have recently emerged as a powerful class of generative

models, achieving state-of-the-art results in image synthesis [141, 147, 149], video generation [78,

128], and 3D generation [137, 159]. Diffusion models learn to map samples from a random noise

distribution to a target data distribution through an iterative denoising process. This is achieved via

a forward noising process and a learned reverse denoising process. In the forward process, a data

sample x is gradually corrupted by adding Gaussian noise over T timesteps, producing a sequence

of latent variables {xt}Tt=1 that approaches pure Gaussian noise xT ∼ N (0, I). A forward step is

defined by:

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI) (1)

where βt represents a fixed noise schedule. In the reverse process, a neural network ϵθ is trained to

iteratively invert this corruption:

pθ(xt−1, xt) = N (µθ,Σθ) (2)
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Rather than directly predicting the clean sample, modern diffusion models are commonly trained to

predict the noise component ϵ added to a noisy sample xt at timestep t [76]. Given a conditioning

signal c (e.g., text, images, pose, etc.), the model predicts:

ϵ̂t = ϵθ(xt, t, c) (3)

During training, the model is optimized using a mean squared error objective:

L = Ezt,ϵ∼N (0,I)

[
∥ϵ− ϵθ(xt, t, c)∥22

]
(4)

where ϵ denotes the ground-truth noise at timestep t.

Latent Diffusion Models: Training diffusion models from scratch in pixel space is computationally

expensive. To reduce training cost, Latent Diffusion Models (LDMs) [147] perform the diffusion

process in the latent space of a pretrained VAE [96]. By compressing the data while preserving

semantic structure, LDMs significantly reduces the computational requirements and training time

with only marginal reductions to visual fidelity. As a result, pretrained latent diffusion models have

become a common backbone for a wide range of downstream tasks, including image editing [20],

personalization [148], and guided generation [11].

Diffusion Transformer (DiT): While early diffusion models adopt a UNet backbone to parameter-

ize the denoising network ϵθ [37, 76, 162], the Diffusion Transformer (DiT) [136] has shifted the

paradigm towards Transformer-based diffusion backbones [172]. DiTs split images into patches,

which are treated as tokens in a Transformer [172]. Unlike UNets, which rely on local convolutional

inductive biases, Transformers use attention to model long-range dependencies and dense correspon-

dences between inputs and outputs, thereby improving the model’s ability to reason about spatial

structure and semantic relationships. Transformer-based architectures have become the standard for

modern large-scale generative models, including Flux [16] and Stable Diffusion 3 [43], to achieve

high fidelity, strong conditioning, and improved generalization across diverse generation tasks.
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2.2 Video Diffusion Models

Video diffusion models (VDMs) extend image diffusion models to generate temporally coherent

sequences of frames [17, 18, 62, 64, 71, 75, 78, 88, 158]. However, out-of-the-box image diffusion

models [76, 147, 162] generate frames independently, leading to severe flickering and temporal

artifacts when applied to video. Therefore, synthesizing temporally consistent frames over long

time horizons is a quintessential challenge with video diffusion models.

To learn temporal consistency, early VDM’s adapt traditional text-to-image diffusion models by

injecting temporal blocks, such as 3D convolutions and temporal attention layers, within the

denoising UNet architecture [18, 75, 78]. However, training a VDM from scratch is expensive,

requiring large-scale video datasets and extensive training. To minimize these requirements, some

methods finetune a pretrained image model for video generation [69, 75, 158, 196]. However, these

methods are limited to generating short clips, typically 16-24 frames, per forward pass, due to the

increasing complexity of 3D convolutions and temporal attention over long sequences.

Long Video Generation To generate longer sequences, many VDMs incorporate autoregressive

inference strategies to iteratively generate longer video sequences by conditioning previously-

generated frames. A simple approach conditions future frames on past frames [78, 174]. Other

approaches condition on sparse key-frames [26] or temporally overlapping frames [176, 191].

StreamingT2V [72] proposes dedicated short- and long-term memory modules: a conditional

attention module maintains consistency across chunk transitions, while an appearance preservation

module retains global scene features across the full sequence, enabling generation of videos

exceeding 1200 frames.

Another line of works implement architectural adaptions to enable increasingly longer video

generation. Imagen-Video [75] introduces a cascaded diffusion pipeline to generate low-resolution

videos followed by spatial and temporal super-resolution stages. Other hierarchical generation

approaches introduce nested or multi-scale architectures to progressively refine video outputs [61].
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Another approach, latent video diffusion models (LVDMs) [17, 18, 62, 64, 71, 126, 179], has been

proposed to enable longer sequences and higher resolutions by performing diffusion in a compressed

latent space, significantly improving efficiency while maintaining visual quality.

Transformer-Based VDMs More recently, there has been a shift toward Transformer-based ar-

chitectures for video generation, driven by their strong scalability and ability to model long-range

temporal dependencies. Early works such as Phenaki [174] demonstrated the feasibility of gener-

ating long, temporally coherent videos using autoregressive Transformer-based models operating

over compressed latent representations. More recent large-scale systems, including Sora [132] and

Veo [57], further explore Transformer-centric or hybrid architectures for video generation, achieving

significant improvements in realism, temporal consistency, and prompt adherence at unprecedented

scales.

2.3 Flow Matching Models

Flow matching models [8, 111, 116] have recently emerged as a compelling alternative generative

modeling framework to diffusion models. Rather than modeling a stochastic forward-and-reverse

Markov chain as in diffusion, flow matching models learn a deterministic continuous normalizing

flow parameterized as an ordinary differential equation (ODE) to transport samples from a source

noise distribution π0 to the target data distribution π1. Concretely, a neural network vθ is trained to

predict the velocity field vt along the the transport trajectory at timestep t ∈ [0, 1]:

dZt = vθ(xt, t)dt (5)

which transports noisy latent x0 ∈ π0 towards x1 ∈ π1.

A popular flow matching variant is rectified flow (RF) matching [116], which constrains the

transport trajectories to straight lines. This linearization simultaneously simplifies the training

objective—reducing it to a mean-squared regression against a constant target direction, as well as
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enables faster inference since its trajectories can be accurately integrated with few sampling steps.

The RF training objective is:

L = Ex0∼π0, x1∼π1

[
∥(x1 − x0)− vθ(xt, t)∥22

]
(6)

where xt = (1− t) · x0 + t · x1 is linearly interpolated between x0 and x1. In practice, x0 is drawn

from an isotropic Gaussian N (0, I) and x1 from the training data.

The scalability and inference efficiency of rectified flows have driven their adoption across modern,

state-of-the-art generative models. In image generation, Stable Diffusion 3 [43] and FLUX [16]

combine rectified flow with multimodal transformer (MMDiT) architectures to achieve strong

prompt alignment and visual fidelity, while InstaFlow [117] demonstrates that ReFlow and distilla-

tion can compress Stable Diffusion inference into a one-step evaluation. Rectified flow has since

been extended to video generation, where the straight-trajectory inductive bias proves beneficial

for modeling the higher-dimensional temporal domain: Open-Sora [212], CogVideoX [198], and

Wan [175] all adopt rectified flow backbones and represent the current state-of-the-art in video

synthesis.

2.4 Conditioning Mechanisms

The ability to control the content, style, and structure of generated outputs is critical to the real-

world applicability of generative models and has motivated a rich body of research on conditioning

mechanisms. While text-conditioned models [16, 43, 136, 140, 147, 149, 149] enable high-level

semantic control through natural language, text alone is insufficient for specifying fine-grained

visual attributes such as exact person and garment identity, precise geometry and motion, or spatial

layout. This limitation has spurred significant efforts to develop richer conditioning mechanisms to

incorporate additional modalities, such as images, depth maps, poses, etc.

Classifier & Classifier-Free Guidance: Classifier guidance [37] was among the first general-
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purpose conditioning mechanisms for diffusion models, augmenting the score function with the

log-likelihood gradient of a pretrained classifier, scaled by a constant w to control conditioning

strength. Classifier-free guidance (CFG) [77] has since emerged as the preferred alternative,

eliminating the need for a separate classifier by instead linearly interpolating between conditional

and unconditional score estimates from a single jointly-trained model:

ṽθ(xt, t, c) = vθ(xt, t, ∅) + w · (vθ(xt, t, c)− vθ(xt, t, ∅)) (7)

where c represents the conditioning signal(s), ∅ represents the unconditional (null) signal(s), and

w > 1 amplifies adherence to the condition.

CFG has been extended in several directions: Instruct-Pix2Pix [20] applies dual guidance over

independent text and image conditioning signals, enabling flexible control over each modality

independently. More recently, CFG distillation [16] has been proposed to bake a fixed guidance

scale directly into the model weights during training, removing the need to run two forward passes

at inference time and halving the associated computational overhead.

Subject Finetuning: One family of approaches performs subject-specific finetuning to bind a

concept to the model’s learned representation space. Textual Inversion [44] pioneered this direction

by optimizing a single new text embedding token to represent a subject, leaving all model weights

unchanged. DreamBooth [148] extended this by finetuning the full diffusion model on a small

set of subject images while using a class-preservation loss to prevent catastrophic forgetting,

achieving significantly higher subject fidelity. Related methods extend this idea to video [88, 188]

to achieve high-fidelity image conditioning. However, the requirement for per-subject finetuning

limits practical applicability, as it incurs time and computational overhead during inference.

Lightweight Conditioning Modules: Another paradigm adapts pretrained models to new con-

ditioning signals by training lightweight auxiliary modules while keeping the backbone frozen,

avoiding the per-subject overhead of finetuning approaches. LoRA [81] injects trainable low-rank
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decomposition matrices into the attention layers of a pretrained model, enabling efficient style or

concept adaptation with a small parameter budget. ControlNet [207] attaches a trainable copy of the

U-Net encoder to the frozen backbone via zero initialized convolutions, enabling spatially-aligned

conditioning from signals such as edges, depth maps, and human pose. T2I-Adapter [130] achieves

similar spatial conditioning with a lighter-weight architecture, using a small standalone encoder

rather than a full U-Net copy. IP-Adapter [199] introduces decoupled cross-attention to inject image

prompt features alongside text features, enabling reference-image conditioning without modifying

the backbone. Uni-ControlNet [211] unifies local spatial controls (e.g. edge maps, depth) and global

semantic controls (e.g. CLIP embeddings) within a single two-adapter framework, enabling flexible

composition of multiple conditioning signals simultaneously. The benefit of these approaches is

two-fold: preserving pretrained knowledge of the frozen T2I model and reducing the computational

demands of finetuning.
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Chapter 3

DREAMPOSE: FASHION IMAGE-TO-VIDEO SYNTHESIS VIA
STABLE DIFFUSION

Figure 1: Given an image of a person and a sequence of body poses, DreamPose synthesizes a
photorealistic video.

The project in this chapter was completed in collaboration with Aleksander Holynski, Ting-Chun

Wang, and Ira Kemelmacher-Shlizerman. It was originally published in ICCV 2023 [88]. The

analysis and comparisons in this chapter are based on the existing state-of-the-art during that time.

Introduction

Fashion photography is incredibly prevalent online, from social media platforms to online retail sites.

Unfortunately, these still photographs are limited in the information they convey, and fail to capture

many of the crucial nuances of a garment, such as how it drapes and flows when worn. Fashion

videos, on the other hand, do showcase all these details, and for this reason are highly informative
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for consumer decision-making. Despite this benefit, however, these videos are a relatively rare

commodity.

In this chapter, we introduce DreamPose, a method that turns fashion photographs into realistic,

animated videos, using a driving pose sequence. Our method is a diffusion video synthesis

model based upon Stable Diffusion [147]. Given one or more images of a human and a pose

sequence, DreamPose generates a high-quality video of the input subject following the pose

sequence (Figure 1).

This is a challenging task in several ways. While image diffusion models have shown impressive,

high-quality results [141, 147, 149], video diffusion models have yet to achieve the same quality of

results and are often limited to “textural” motion or cartoon-like appearance [69, 75, 78, 158, 196].

Moreover, existing video diffusion models suffer from poor temporal consistency, motion jitter,

lack of realism, and the inability to control the motion or detailed object appearance in the target

video. This is partly because existing models are primarily conditioned on text, as opposed to other

conditioning signals (e.g., motion) which may offer more fine-grained control. In contrast, our

image-and-pose conditioning scheme allows for greater appearance fidelity and frame-to-frame

consistency.

Our model is finetuned from an existing pretrained image diffusion model, which already effectively

models the distribution of natural images. When using such a model, the task of image animation can

effectively be simplified to finding the subspace of natural images consistent with the conditioning

signals. To accomplish this, we redesign the encoder and conditioning mechanisms of the Stable

Diffusion [147] architecture, in order to enable aligned-image and unaligned-pose conditioning.

Further, we propose a two-stage finetuning scheme that consists of finetuning both UNet and VAE

from one or more input images.

To summarize, our contributions include: (1) DreamPose: an image-and-pose conditioned diffusion

method for still fashion image animation that achieves photorealistic results on a diverse range of

garment patterns and shapes, (2) a simple, yet effective, pose conditioning approach that greatly
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improves temporal consistency across frames, (3) a split CLIP-VAE encoder that increases the

output fidelity to the conditioning image, (4) a finetuning strategy that effectively balances image

fidelity and generalization to new poses.

3.1 Related Works

Still Image Animation. Still image animation refers to the task of generating a video from

one or more input images. Existing, non-diffusion approaches often consist of multiple separate

networks, such as for predicting the background [157, 186, 210], motion representation [79, 155–

157, 180, 210], occlusion maps [156, 157, 186, 210], or depth maps [12]. However, multiple

networks require separate training for each stage and potentially unavailable or imperfect ground-

truth intermediate data, such as motion or depth. Especially with large and complex motion, these

ground-truth estimates are harder to derive and more error-prone. Several more recent papers

explore end-to-end single-network approaches, such as by merging optical flow and warping [142],

replacing motion estimation networks entirely with a cross-attention modules [125], or generating

animatable 3D humans using a NeRF representation [80].

Pose-Guided Human Image Synthesis. Body pose control is essential to many human-centric

applications, including reposing, virtual try-on, image editing, and animation. As such, a large

body of work has explored explicit pose guidance for human image synthesis. Early approaches

based on Generative Adversarial Networks (GANs) rely on dense correspondences, such as optical

flow, to align features between source and target poses [7, 33, 105, 145, 206, 218]. While effective

for moderate pose changes, these methods often struggle with large deformations, occlusions, and

preserving person and garment appearance. More recent methods replace explicit flow with attention-

based mechanisms, leveraging self- and cross-attention to implicitly model correspondences between

source appearance and target pose [27, 115, 145]. These approaches improve robustness to complex

pose variations and enable more flexible feature warping. Relatively few diffusion-based works

exist with pose guidance. Concurrent work PIDM [14] generates pose-conditioned human images,
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but is designed for single-image pose transfer, and therefore not optimized for temporal consistency.

In contrast, our approach uses a unique multi-pose input representation to enhance temporal

smoothness. Moreover, by leveraging pretrained Stable Diffusion [147], our method can be finetuned

in 2 days with 2 A100 GPU’s using a small dataset of 323 videos. In contrast, PIDM [14] is trained

from scratch on 101,966 Deep Fashion [51] image pairs with 4 A100s for 26 days.

Image-Guided Diffusion Models. While text conditioning enables high-level control in diffusion

models [140, 147, 149], it is insufficient for specifying fine-grained information about the exact

person identity and garment appearance. As a result, a large body of work has explored explicit

image guidance for diffusion models. A common paradigm is to adapt pretrained text-to-image

diffusion models, such as Stable Diffusion [147], for image-conditioned generation [11, 20, 45,

128, 148, 183]. Notably, DreamBooth [148] introduced subject-specific finetuning, where a unique

token is learned to represent a specific subject, enabling high-fidelity personalization from a

small set of images. Other works incorporate text to edit the appearance of existing images [20]

and videos [128, 188]. In the fashion domain, DiffFashion [21] aims to edit a clothing item by

transferring the style of a reference image and a semantic mask. PIDM [14] uses a separate

textural encoder to encode image textures. Similar to PIDM, our image conditioning approach

directly incorporates image embeddings in the cross-attention layers of the UNet, but these image

embeddings come from a mixture of two pretrained encoders: CLIP and VAE. Moreover, with our

subject-specific finetuning method, we achieve superior person identity preservation.

Diffusion Models for Video Synthesis. Many text-to-video diffusion models rely on adapting

text-to-image diffusion models for video synthesis [69, 71, 75, 78, 158, 196]. While the results

are promising, these methods still struggle to match the realism of text-to-image models. Quality

is largely hindered due to the new challenges introduced by video synthesis, such as maintaining

temporal consistency across frames and generating realistic motion. Training a video diffusion

methods from scratch requires expensive computational resources, huge training datasets, and

extensive training time. In contrast, an emerging family of works instead finetune pre-trained
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latent image-to-video diffusion models [18, 62, 71, 188]. Concurrently to our work, Tune-A-

Video fine-tunes a text-to-image pretrained diffusion model for text-and-image conditioned video

generation [188]. However, like earlier video diffusion methods, Tune-A-Video’s results exhibit

textural flickering and structural inconsistencies. Our work aims to address these issues in order to

synthesize realistic human and fabric motion.

3.2 Stable Diffusion

Stable Diffusion [147] is a latent diffusion model that operates in the encoded latent space of an

autoencoder (VAE [96]), therefore reducing computational complexity, with only minimal sacrifice

to perceptual quality. Stable Diffusion is composed of two models: a variational autoencoder

and a denoising UNet. The autoencoder consists of an encoder E that distills a frame x into a

compact latent representation, z = E(x), and a decoder D that reconstructs the image from its latent

representation, x′ = D(z). During training, the latent features z are diffused in T timesteps by a

deterministic Gaussian process to produce noisy features z̃T , indistinguishable from random noise.

In order to recover the original image, a time-conditioned UNet is trained to iteratively predict the

noise of the latent features corresponding to each timestep t ∈ {1, ..., T}. The UNet ϵθ objective

function is:

LDM = Ez,ϵ∈N (0,1)[||ϵ− ϵθ(z̃t, t, c)||22] (8)

where c represents the embeddings of conditional information, such as text, image, segmentation

mask, etc. In the case of text-to-image Stable Diffusion, c is obtained using a CLIP text encoder

[138]. Finally, the predicted denoised latents z′ are decoded to recover the predicted image

x′ = D(x′).

Classifier-free guidance is a sampling mechanism that pushes the predicted noise distribution

towards the conditional distribution through an implicit classifier [77]. This is practically achieved

by dropout, a training scheme that, with a random probability, replaces real conditioning inputs
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with null inputs (∅). During inference, the conditional prediction is used to guide the unconditional

prediction towards the conditional, using a guidance scalar weight s:

ϵθ = ϵθ(z̃t, t,∅) + s · (ϵθ(z̃t, t, c)− ϵθ(z̃t, t,∅)) (9)

Since its release, Stable Diffusion and its pretrained checkpoints have been used by many for

various image generation tasks [11, 20, 148]. Like these methods, our work leverages a pretrained

Stable Diffusion model with subject-specific finetuning.

3.3 Method

Our method aims to produce photorealistic animated videos from a single image and a pose sequence.

To achieve this, we finetune a pretrained Stable Diffusion model on a collection of fashion videos.

This involves adapting the architecture of Stable Diffusion (which is a text-to-image model) to

accept additional conditioning signals (image and pose) and to output temporally consistent content

that can be viewed as a video. In the following sections, we begin by describing the architectural

modifications (Section 3.3.2). Then, we describe the two-stage finetuning strategy (Section 3.3.3).

Finally, we describe the inference process of generating an animated video from a still image, which

involves a novel formulation of classifier-free guidance (Section 3.3.4).

3.3.1 Problem Formulation

Given input image x0 and pose sequence {p1, ..., pN}, DreamPose generates a video {x′
1, ..., x

′
N},

where x′
i is the i-th predicted frame corresponding to input pose pi. Our method relies on a pretrained

latent diffusion model [147], which is conditioned on an input image and a sequence of poses.

At inference time, we generate each frame independently through a standard diffusion sampling

procedure: starting with uniformly distributed Gaussian noise, the diffusion model is repeatedly

queried with both conditioning signals to gradually denoise the noisy latent to a plausible estimate.
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Figure 2: Architecture Overview. We modify the original Stable Diffusion architecture in order to
enable image and pose conditioning. First, we replace the CLIP text encoder with a dual CLIP-VAE
image encoder and adapter module (shown in the blue box). The adapter module jointly models
and reshapes the pretrained CLIP and VAE input image embeddings. Then, we concatenate the
target pose representation, consisting of 5 consecutive poses surrounding the target pose, to the
input noise. During training, we finetune the denoising UNet and our Adapter module on the full
dataset and further perform subject-specific finetuning of the UNet, Adapter, and VAE decoder on a
single input image.

Finally, the predicted denoised latent z′i is decoded to produce the predicted video frame x′
i = D(z′i).

3.3.2 Architecture

The DreamPose model is a pose- and image-conditioned image generation model that modifies and

finetunes the original text-to-image Stable Diffusion model for the purpose of image animation.

The objectives of image animation include: (1) faithfulness to the provided input image, (2) visual

quality, and (3) temporal stability across generated frames. As such, DreamPose requires an image

conditioning mechanism that captures the global structure, person identity, and fine-grained details

of the garment, as well as a method to effectively condition the output image on target pose while

also enabling temporal consistency between independently sampled output frames. We describe our

approach to achieving these goals in the sections below. A diagram of our architecture can be found
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Figure 3: Two-Phase Finetuning Scheme. In the first phase, our method finetunes the modified
Stable Diffusion model on the full dataset. In the second phase, the model is further finetuned on a
single subject image.

in Figure 2. Full implementation details are provided in the appendix.

Split CLIP-VAE Encoder. In many prior works, such as InstructPix2Pix [20], image conditioning

signals are often concatenated with the input noise to the denoising U-Net. While this is effective

for conditioning signals that are spatially aligned with the desired output image, in our case, our

network aims specifically to produce images which are not spatially aligned with the input image.

As such, we explore alternative approaches for image conditioning. In particular, we implement

image conditioning by replacing the CLIP text encoder with a custom conditioning adapter that

combines the encoded information from pretrained CLIP image and VAE encoders.

A crucial objective when finetuning from a pretrained network is to make training gradients as

meaningful as possible by making the input signals as similar as possible to those used in the

original network training. This helps avoid regressions in network performance during finetuning,

or loss of learned priors, which can come from noisy gradients (e.g., if the network does not

know how to parse new forms of input signals). For this reason, most diffusion-based finetuning

schemes [20, 207] will retain all original conditioning signals, and will initialize network weights
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that interact with new (previously unseen) conditioning signals to zero.

For our purposes, given that Stable Diffusion is conditioned on CLIP embeddings of text prompts,

and CLIP encodes both text and images to a shared embedding space, it may seem natural to

simply replace the CLIP conditioning with the embedding derived from the conditioning image.

While this would in theory pose a very small change to the original architecture and allow for

image conditioning with minimal finetuning, we find that in practice that CLIP image embeddings

alone are insufficient for capturing fine-grained details in the conditioning image. So, we instead

additionally input the encoded latent embeddings from Stable Diffusion’s VAE. Adding these latent

embeddings as conditioning has the added benefit of coinciding with the output domain of the

diffusion model.

Since the architecture does not support VAE latents as a conditioning signal by default, we add an

adapter module A that combines the CLIP and VAE embeddings to produce one embedding that is

used in the network’s usual cross-attention operations. This adapter blends both the signals together

and transforms the output into the typical shape expected by the cross-attention modules of the

denoising U-Net. Initially, the weights corresponding to the VAE embeddings are set to zero, such

that the network begins training with only the CLIP embeddings (as mentioned before, to mitigate

network “shock” in training). We define the final image conditioning signal cI as:

cI = A(c CLIP, c VAE) (10)

Modified UNet. Unlike the image conditioning, the pose conditioning is image-aligned. As such,

we concatenate the noisy latents z̃i with a target pose representation cp. To account for noise in the

poses (which are estimated from real videos using an off-the-shelf network [65]) and to maximize

temporal consistency in the generated frames, we set cp to consist of five consecutive pose frames:

cp = {pi-2, pi-1, pi, pi+1, pi+2}. We observe that individual poses are prone to frame-to-frame jitter,

but training the network with a set of consecutive poses increases the overall motion smoothness

and temporal consistency. Architecturally, we modify the UNet input layer to take in 10 extra input
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channels, initialized to zero, while the original channels corresponding to the noisy latents are

unmodified from the pretrained weights.

3.3.3 Subject-Specific Finetuning

For initialization, the unmodified Stable Diffusion layers are initialized from a pretrained text-to-

image Stable Diffusion checkpoint, except for the CLIP image encoder which is loaded from a

separate pretrained checkpoint [138, 147]. As mentioned previously, the novel layers are initialized

such that initially the new conditioning signals do not contribute to the network output.

Following initialization, DreamPose is finetuned in two stages (shown in Figure 3). The first phase

finetunes the UNet and adapter module on the full training dataset in order to synthesize frames

consistent with an input image and pose. The second phase refines the base model by finetuning the

UNet and adapter module, then the VAE decoder, on one or more subject-specific input image(s) to

create a subject-specific custom model used for inference.

Similar to other image-conditional diffusion methods [128, 137, 148], we find that sample-specific

finetuning is essential to preserving the identity of the input image’s person and garment, as well as

maintaining a consistent appearance across frames. However, simply training on a single frame and

pose pair quickly leads to artifacts in the output videos, such as texture-sticking. To prevent this, we

augment the image-and-pose pair at each step, such as by adding random cropping.

We also find that finetuning the VAE decoder is crucial for recovering sharper, more photorealistic

details in the synthesized output frames. Refer to Figure 4 for an ablated comparison. Furthermore,

we show in Figure 6 that even single image finetuning of the decoder allows increased pose guidance,

without sacrificing the person identity or appearance.
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Figure 4: Ablation of VAE Finetuning. We find that finetuning the VAE decoder, in addition to the
UNet, during the subject-specific finetuning phase yields more photorealistic details and reduces
high-frequency noise, compared to finetuning the UNet alone.

3.3.4 Pose and Image Classifier-Free Guidance

At inference time, we generate a video frame-by-frame from a single input image and a sequence of

poses using the subject-specific model. We modulate the strength of image conditioning cI and pose

conditioning cp during inference using dual classifier-free guidance [20]. The dual classifier-free

guidance equation is modified from Equation 3.2 to be controlled by two guidance weights, sI and

sp, which rule how similar the output image is to the input image cI and input pose cp, respectively:

ϵθ(zt, cI , cp) = ϵθ(zt,∅,∅)

+ sI(ϵθ(zt, cI ,∅)− ϵθ(zt,∅,∅))

+ sp(ϵθ(zt, cI , cp)− ϵθ(zt, cI ,∅))

(11)

In Figure 6, we show the effect of varying the classifier free guidance weights (sI , sp). A large

sI ensures high appearance fidelity to the input image, while a large sp ensures alignment to the

input pose. In addition to strengthening our pose and image guidance, the decoupled classifier-free

guidance prevents overfitting to the one input pose after subject-specific finetuning.
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Figure 5: Qualitative comparisons of our method versus MRAA [157], TPSMM [210], and
PIDM [14]. Our method produces more photorealistic details aligned with the input frame, such as
garment folds, fine-grain patterns, and face identity. Our method can also better handle challenging
cases, including pattern synthesis in occluded regions.
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Figure 6: a) Pose and Image Classifier-Free Guidance. We demonstrate the effect of the relative
weight between image and pose guidance weights, sI and sP . Results shown are after subject-
specific finetuning. b) VAE decoder finetuning improves the appearance and person identity, even
with larger relative pose guidance.

3.3.5 Dataset

We train and test our method on the UBC Fashion dataset [203]. We follow the provided train/test

split of 339 training and 100 test videos. Each video has a frame rate of 30 frames/second and is

approximately 12 seconds long. During training, we randomly sample pairs of frames from the

training videos. We compute poses with DensePose [65].

3.4 Experiments

DreamPose is capable of generating state-of-the-art fashion videos from still images. In Figure 7,

we showcase frames synthesized by DreamPose from a variety of input images and poses from the

UBC Fashion dataset [203]. DreamPose handles diverse human and clothing appearances well, even
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Figure 7: Qualitative Results. We showcase the results of our method on a variety of input frames
and poses. DreamPose is capable of synthesizing photorealistic video frames consistent with a
diverse range of patterns, fabric types, person identities, clothing shapes, and viewpoints.

from different viewpoints and loose garments. Moreover, for a given subject image, DreamPose can

be conditioned on driving poses derived from a different video, as shown in the appendix Figure 11.

We also show additional results on images from the DeepFashion dataset [51] in the appendix.
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L1 ↓ SSIM ↑ VGG ↓ LPIPS ↓ FID ↓ FVD (16f) ↓ AED ↓
MRAA [157] 0.0857 0.749 0.534 0.212 23.42 253.65 0.0139

TPSMM [210] 0.0858 0.746 0.547 0.213 22.87 247.55 0.0137
PIDM [14] 0.1098 0.713 0.629 0.288 30.279 1197.39 0.0155

Ours 0.0256 0.885 0.235 0.068 13.04 238.75 0.0110

Table 1: Quantitative comparisons of our method with MRAA, TPSMM, PIDM, and our method.
Bolded values indicate best scores in each column.

3.4.1 Comparisons

We compare DreamPose quantitatively and qualitatively to two publicly available state-of-the-art

conditional video synthesis methods, Motion Representations for Articulated Animation (MRAA) [157]

and Thin-Plate Spline Motion Model (TPSMM) [210], and a concurrent diffusion-based pose trans-

fer method, PIDM [14]. We train all methods from scratch on the UBC Fashion Dataset [203], using

the provided training scripts and configurations. For evaluating MRAA [157] and TPSMM [210],

we use the provided test scripts in the “AVD” mode.

Quantitative Analysis. We present our quantitative analysis in Table 1. We test all models on

the UBC Fashion test set, consisting of 100 unique fashion videos, at 256px resolution [203]. For

each video, we extract 50 frames for testing, where they are at least 50 frames away from the

input frame. The full DreamPose model quantitatively outperforms all three methods in all metrics:

L1, SSIM [181], VGG [87], LPIPS [208], FID [73], FVD [171], and Average Euclidean Distance

(AED). Note that while PIDM produces realistic images, it struggles to preserve clothing and person

identity, as indicated by the quantitative results. Moreover, there is poor temporal consistency

frame-to-frame, resulting in a large FVD [171] score.

Qualitative Analysis. We qualitatively compare our method to MRAA, TPSMM, and PIDM in

Figure 5. With these other methods, note that the person identity, fabric folds, and fine patterns

are lost in new poses, whereas DreamPose accurately retains those details. Plus, during large pose

changes, MRAA may produce disjointed or blurry limbs. Compared to PIDM, DreamPose produces

higher-fidelity results, in terms of both face identity and clothing patterns. While PIDM synthesizes
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Figure 8: Qualitative Ablation of Image Conditioning. We compare results of the original text-to-
image Stable Diffusion model, our model with CLIP-only image embeddings without finetuning,
our model with CLIP-VAE image encoder embeddings without VAE finetuning, and our full model.

realistic faces, they do not necessarily align with the identity of the source person. Moreover, we find

that both the identity and the dress appearance vary frame-to-frame. As such, PIDM does not work

well as-is for video synthesis. We provide additional comparisons to PIDM on the DeepFashion

dataset [51] in the appendix. Furthermore, we conduct a user study and provide the results in the

supplementary material.

3.4.2 Ablation Studies

We perform comparisons of ablated versions of our method to verify our design choices. Namely,

we compare five variants:

(1) OursCLIP: We use a pretrained CLIP image encoder, instead of our dual CLIP-VAE encoder

(2) OursNo-VAE-FT: We do subject-specific finetuning of the UNet only, not the VAE decoder

(3) Ours1-pose: We concatenate only one target pose, instead of 5 consecutive poses, to the noise.

(4) Ourssmooth: Like ablation Ours1-pose, but apply temporal smoothing to the output frames.

(5) Oursfull: Our full model, including subject-specific VAE finetuning, CLIP-VAE encoder, and

5-pose input.
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L1 ↓ SSIM ↑ VGG ↓ LPIPS ↓
OursCLIP 0.025 0.882 0.247 0.070

OursNo-VAE-FT 0.025 0.897 0.210 0.057
Ours1-pose 0.019 0.899 0.208 0.056
Ourssmooth 0.767 0.758 0.502 0.202

Oursfull 0.019 0.900 0.207 0.056

Table 2: Quantitative comparison of ablated versions of our method. Note that the single-pose
version of our method, although achieving similar numerical results, fails to achieve the motion
smoothness as the full method.

Quantitative Comparison. For each ablated version, we compute the L1, SSIM, VGG, and

LPIPS for 100 predicted video frames selected from each of the 100 test videos of the UBC Fashion

dataset [203]. As shown in Table 2, our full model outperforms the ablated versions in all four

metrics.

Qualitative Comparison. We visually show the effectiveness of our full method in Figure 8. We

compare results from the original text-conditioned Stable Diffusion model, our method with only a

CLIP image encoder, our method with CLIP-VAE encoder, and our full method with CLIP-VAE

encoder and subject-specific VAE finetuning.

The original Stable Diffusion model with text-only conditioning via CLIP text encoder is unable

to preserve rich details of the garment or person identity. Simply replacing the text encoder with

a CLIP image encoder helps capture most image details, but there is still information loss about

the appearance. Subject-specific finetuning of the UNet, similar to DreamBooth [148], is critical to

preserving photorealistic details in the face and garment. Furthermore, we find that also finetuning

the VAE decoder on the input image greatly improves the sharpness of these details and does

not lead to overfitting to the input pose. Lastly, with only a single input pose, there is noticeable

flickering of the subject’s shape, especially around the feet and hair. Please refer to video qualitative

comparisons of each ablated version on our project page.
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Figure 9: Examples of failure cases of our method. Our method may merge limbs into underlying
fabric textures (left), hallucinate features (middle), or predict front-facing person instead of a
back-facing person (right).

3.5 Limitations and Future Work

In Figure 9, we show failure cases of our method. On rare occasions, we observe limbs disappearing

into the fabric, hallucinated dress features, and directional misalignment when the target pose is

facing backwards. We suspect that some of these failures could be alleviated with improved pose

estimation, a larger dataset, or a segmentation mask. Additionally, while our method produces

realistic results on most plain and simple-patterned fabrics, some of our results present minor

flickering behavior on large and complex patterns. Achieving better temporal consistency on such

patterns, ideally without subject-specific finetuning, is left to future work. Lastly, similar to other
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diffusion models, our finetuning and inference times are slow compared to GAN or VAE methods.

Finetuning the model on a specific subject takes approximately 10 minutes for the UNet and 20

minutes for the VAE decoder, in addition to an 18 second per-frame rendering time.

Conclusion

In this paper, we presented DreamPose, a novel diffusion-based method for still fashion image

animation. Given a single image and pose sequence, we demonstrate how our method generates

photorealistic fashion videos from only a single image – animating a diverse range of fabrics,

patterns, and person identities.
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Appendix

3.5.1 Implementation Details

Our experiments are trained on two NVIDIA A100 GPU’s with resolution 512x512. In our first

phase of training, we finetune our base model UNet on the full training dataset for a total of 5 epochs

at a learning rate of 5e-6. We use an effective batch size of 16 (through 4 gradient accumulation

steps). We implement a dropout scheme where null values replace the pose input 5% of the time,

the input image 5% of the time, and both input pose and input image 5% of the time during training.

We further finetune the UNet on a specific sample frame for another 500 steps with a learning rate

of 1e-5 and no dropout. Lastly, we finetune the VAE decoder only for 1500 steps with a learning

rate of 5e-5. During inference, we use a PNDM sampler for 100 denoising steps [113].

3.5.2 User Studies

We conducted two user studies involving 50 distinct Amazon Mechanical Turk workers to compare

our method with state-of-the art image animation approaches [157] [210] and evaluate the quality

of our videos. In both surveys, workers evaluated results corresponding to 50 unique input images

from the test set of the UBC Fashion dataset [203].

In the first user study, workers were asked their pair-wise preferences between our method and one

of the other methods. For each input image, the workers were shown two videos: one containing the

input image, our resulting video, and the MRAA resulting video and the other containing the input

image, our resulting video, and the TPSMM resulting video. The ordering of our video and other

video (MRAA or TPSMM) was randomized for each question. For each video, workers selected

their preference between the videos. The results are shown in Table 3. Overall, the workers had a

preference for our method over MRAA and TPSMM.

In the second user study, workers were asked to rate our videos and TPSMM videos on a scale of 0
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to 5, where 0 corresponds a video that does not match the input image at all and 5 corresponds to a

realistic animation of the input image. During training, workers were shown a video of a different

dress for as an example of a ”0” rating and a ground-truth video of the input image as an example

of the ”5” rating. The results are shown in Figure 10. Our videos achieved higher scores for image

similarity and quality than TPSMM and 85% of users rated the results of our method a 3 or higher.

# Responses Total Responses (%)
Ours > MRAA [157] 1637 2500 (65%)

Ours > TPSMM [210] 1417 2500 (57%)

Table 3: Results of User Study #1: Workers choose between pairs of videos corresponding to input
images, either our result vs. MRAA result or our result vs. TPSMM result. Overall, participants
preferred our method over both MRAA and TPSMM in terms of quality and similarity to the input
image.

Figure 10: Results of User Study #2: Amazon Mechanical Turk worker ratings of our videos from 0
(video does not match input image) to 5 (video is a realistic animation of the input image). Overall,
85% of workers rated our method a 3 or higher.

3.5.3 Different Videos for Source Person and Driving Pose Sequence

We show in Figure 11 that DreamPose can animate an input image using motion from a video

containing a different person and garment identity. As such, our method is applicable in practice

when ground-truth motion is unavailable.
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Figure 11: Qualitative results for conditioning on subject and pose from different videos.

3.5.4 Multiple Input Frames

While DreamPose demonstrates high-quality results with only a single input image, DreamPose can

also be finetuned with an arbitrary number of input images of a subject. We showcase the results of

training with multiple input images in Figure 12. We find that additional input images of a subject

increase the quality and viewpoint consistency.

3.5.5 Deep Fashion Results

We demonstrate the effectiveness of our method on a popular dataset, DeepFashion, in Figure 13

[14, 51]. Although trained exclusively on the UBC Fashion video dataset, DreamPose performs

well on unseen retail images, even to new backgrounds, model identities, accessories, and patterns.
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Figure 12: Results after training with 1, 3, 5, and 7 input images. Increasing the number of input
frames improves fidelity of pose, facial identity, and color.

3.5.6 Application to Pose Transfer

While adapted for image-to-video synthesis, DreamPose is also an effective pose transfer tool. In

Figure 14, we compare DreamPose to two state-of-the-art pose transfer models: DynaST [115] and

PIDM [14]. Our method is better able to preserve fine-details, such as shoe appearance, hemline,

and face identity, than DynaST or PIDM.
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Figure 13: DreamPose results on unseen samples from the DeepFashion dataset [51]. Despite being
trained exclusively on the UBC Fashion Dataset, our method generalizes to new garments and
model identities after subject-specific finetuning of the base model.
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Figure 14: Comparison of Pose Transfer Results. We compare our method to two state-of-the-art
pose transfer methods, DynaST [115] and PIDM [14].
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Chapter 4

FASHION-VDM: VIDEO DIFFUSION MODEL FOR VIRTUAL
TRY-ON

Figure 15: Fashion-VDM. Given an input garment image and a person video, Fashion-VDM
generates a video of the person virtually trying on the given garment, while preserving their original
identity and motion.

The project in this chapter was completed in collaboration with Yingwei Li, Nan Liu, Luyang Zhu,

Innfarn Yoo, Andreas Lugmayr, Chris Lee, and Ira Kemelmacher-Shlizerman during my internship at

Google. It was originally published in SIGGRAPH Asia 2024 [90]. The analysis and comparisons

in this chapter are based on the existing state-of-the-art during that time.

Introduction

With the popularity of online clothing shopping and social media marketing, there is a strong

demand for virtual try-on methods. Given a garment image and a person image, virtual try-on aims

to show how the person would look wearing the given garment. In this paper, we explore video

virtual try-on, where the input is a garment image and person video. The benefit of a video virtual
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try-on (VVT) experience is that it would depict how a garment looks at different angles and how it

drapes and flows in motion.

VVT is a challenging task, as it requires synthesizing realistic try-on frames from different view-

points, while generating realistic fabric dynamics (e.g. folds and wrinkles) and maintaining temporal

consistency between frames. Additional difficulty arises if the person and garment poses vary sig-

nificantly, as this creates occluded garment and person regions that need to be hallucinated. Another

challenge is the scarcity of try-on video data. Perfect ground truth data (i.e. two videos of different

people wearing the same garment and moving in the exact same way) is difficult and expensive to

acquire. In general, available human video data, such as UBC Fashion [203], are much more scarce

and less diverse than image data, such as LAION 5B [152].

Past approaches to virtual try-on typically leverage dense flow fields to explicitly warp the source

garment pixels onto the target person frames [38, 39, 86, 185, 213]. However, these flow-based

approaches can introduce artifacts due to occlusions in the source frame, large pose deformations,

and inaccurate flow estimates. Moreover, these methods are incapable of producing realistic and

fine-grained fabric dynamics, such as wrinkling, folding, and flowing, as these details are not

captured by appearance flows. A recent breakthrough in image-based virtual try-on uses a diffusion

model [217], which implicitly warps the input garment under large pose gaps and heavy occlusion

using spatial cross-attention. However, directly applying [217] or other image-based try-on methods

for VVT in a frame-by-frame manner creates severe flickering artifacts and temporal inconsistencies.

Diffusion models [37, 76, 160, 162, 164] have shown promising results on various video synthesis

tasks, such as text-to-video generation [78] and image-to-video generation [64, 82, 88]. However, a

key challenge is generating longer videos, while maintaining temporal consistency and adhering

to computational and memory constraints. Previous works use cascaded approaches [75], sliding

windows inference [78, 191], past-frame conditioning [69, 104, 126], and transitions or interpo-

lation [26, 176]. Yet, even with such schemes, longer videos are temporally inconsistent, contain

artifacts, and lack realistic textures and details. We argue that, similar to context modeling for
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LLMs [25], short-video generation models can be naturally extended for long-video generation

by a temporally progressive finetuning scheme, without introducing additional inference passes or

multiple networks.

A potential option for diffusion-based VVT is to apply an animation model to a single try-on image

generated by an image try-on model. However, as this is not an end-to-end trained system, any

image try-on errors will accumulate throughout the video. We argue that a single VVT model would

overcome this issue by 1) injecting explicit person and garment conditioning information into the

model and 2) having an end-to-end training objective.

We present Fashion-VDM, the first VVT method to synthesize temporally consistent, high-quality

try-on videos, even on diverse poses and difficult garments. Fashion-VDM is a single-network,

diffusion-based approach. To maintain temporal smoothness, we inflate the M&M VTO [216]

architecture with 3D-convolution and temporal attention blocks. We maintain temporal consistency

in videos up to 64-frames long with a single network by training in a temporally progressive

manner. To address input person and garment fidelity, we introduce split classifier-free guidance

(split-CFG) that enables increased control over each input signal. In our experiments, we also show

that split-CFG increases realism, temporal consistency, and garment fidelity, compared to ordinary

or dual CFG. Additionally, we increase garment fidelity and realism by training jointly with image

and video data. Our results show that Fashion-VDM surpasses benchmark methods by a large

margin and synthesizes state-of-the-art try-on videos.

4.1 Related Works

Virtual Try-On. Traditional image virtual try-on approaches first warp the target garment onto

the input person, then refine the resulting image [9, 27, 32, 68, 70, 103, 127, 144, 194, 202, 206].

Similarly, for video virtual try-on (VVT), past methods often rely on multiple networks to predict

intermediate values, such as optical flow, background masks, and occlusion masks, to warp the target
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garment to the person in each frame of the video [38, 39, 86, 185, 213]. However, inaccuracies

in these intermediate values lead to artifacts and misalignment. Some image try-on approaches

incorporate optical flow estimation to alleviate this misalignment [9, 67, 103, 105]. For VVT,

MV-TON [213] proposes a memory refinement module to correct inaccurate details in the generated

frames by encoding past frames into latent space, then using this as external memory to generate

new frames. ClothFormer [86] estimates an occlusion mask to correct for flow inaccuracies. Current

state-of-the-art VVT methods achieve improved results by utilizing attention modules in the warping

and fusing phases [86, 185].

In contrast to earlier flow-based methods, TryOnDiffusion [217] leverages a diffusion-based method

conditioned with pose and garment for image virtual try-on. WarpDiffusion [192] tries to reduce

the computational cost and data requirements by bridging warping and diffusion-based virtual

try-on methods. StableVITON [94] avoids warping by finetuning pretrained latent diffusion [147]

encoders for input person and garment conditioning via cross-attention blocks. Mix-and-match

(M&M) VTO [216] extends single tryon task for mixmatch tryon application with a novel person

embedding finetuning strategy.

Image and Video Training. Video datasets are often smaller and less diverse, compared to image

datasets, as images are more abundant online. To alleviate this problem, [75, 78, 191] propose

jointly leveraging image and video data for training. VDM [78] and Imagen Video [75] implement

joint training by applying a temporal mask to image batches. MagicAnimate [191] applies joint

training during the pretraining stage of their appearance encoder and pose ControlNet. We improve

upon existing joint training schemes (see Section 4.2.7), ultimately demonstrating the benefit of

joint image and video training for video try-on.

Subject Identity Preservation in Video. Several existing image-conditioned video diffusion

models require subject-specific finetuning to achieve high-fidelity results aligned to the input

image [17, 64, 88] which limits their applicability in practice. Other existing diffusion models

animate an input image given a conditioning pose sequence [52, 64, 82, 88, 191]. DreamPose
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uses a pre-trained (latent) Stable Diffusion model without temporal layers to generate videos in

a frame-by-frame manner [88]. More recently, Animate Anyone [82] encodes the image using

ReferenceNet and their diffusion model incorporates spatial, cross, and temporal attention layers to

maintain consistency and preserve details, while MagicAnimate [191] introduces an appearance

encoder to maintain the fidelity across the frames and generates a long video using temporally

overlapping segments. In contrast, Fashion-VDM is a non-latent, temporally-aware video diffusion

model, capable of synthesizing up to 64 consecutive frames in a single inference pass without

subject-specific finetuning.

4.2 Method

We propose Fashion-VDM, a unified video diffusion model for synthesizing state-of-the-art virtual

try-on (VTO) videos up to 64 frames long at 512px resolution. Our method introduces an end-to-end

diffusion-based VVT architecture based on [216] (Section 4.2.4), split classifier-free guidance (split-

CFG) for increased garment fidelity (Section 4.2.5), progressive temporal training for long-video

generation (Section 4.2.6), and joint image-video training for improved garment fidelity (Section

4.2.7).

4.2.1 Problem Formulation

In video virtual try-on, the input is a video {I0p , I1p , ..., IN−1
p } of a person p consisting of N frames

and a single garment image Ig of another person wearing garment g. The goal is to synthesize a

video {I0tr, I1tr, ..., IN−1
tr }, where I itr denotes the i-th try-on video frame that preserves the identity

and motion of the person p wearing the garment g.
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4.2.2 Preliminary: M&M VTO

Our VTO-UDiT network architecture is inspired by [216], a state-of-the-art multi-garment image

try-on diffusion model that also enables text-based control of garment layout. VTO-UDiT is

represented by

x̂0 = xθ(zt, t, ctr) (12)

where x̂0 is the predicted try-on image by the network xθ, parameterized by θ, at diffusion timestep

t, zt is the noisy image, and ctr is the conditioning inputs. VTO-UDiT is parameterized in v-space,

following [150]. Each conditioning input is encoded separately by fully convolutional encoders

and processed at the lowest resolution of the main UNet via DiT blocks [136], where conditioning

features are processed with self-attention or cross-attention modules. However, while it shows

impressive results for image try-on, VTO-UDiT cannot reason about temporal consistency when

applied to video inputs.

4.2.3 Input Preprocessing

From the input video frames, we compute the clothing-agnostic frames Ia = {I0a , I1a , ..., IN−1
a },

person poses Jp = {J0
p , J

1
p , ..., J

N−1
p }, and person masks {M0

p ,M
1
p , ...,M

N−1
p }. The clothing-

agnostic frames mask out the entire bounding box area of the person in the frame, except for the

visible body regions (head, hands, legs, and shoes), following TryOnDiffusion [217]. Optionally,

the clothing-agnostic frames can keep the original bottoms, if doing top try-on only. From the

input garment image Ig, we extract the garment segmentation image Sg, garment pose Jg, and

garment mask Mg. The garment pose refers to the pose keypoints of the person wearing the garment

before segmentation. We channel-wise concatenate M i
p to I ia and Mg to Ig. Poses, masks, and

segmentations are computed using an in-house equivalent of Graphonomy [53]. Both person and

garment pose keypoints are preprocessed to be spatially aligned with the person frames and garment

image, respectively.
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Figure 16: Fashion-VDM Architecture. Given a noisy video zt at diffusion timestep t, a forward
pass of Fashion-VDM computes a single denoising step to get the denoised video z′t−1. Noisy video
zt is preprocessed into person poses Jp and clothing-agnostic frames Ia, while the garment image
Ig is preprocessed into the garment segmentation Sg and garment poses Jg (Section 4.2.3). The
architecture follows [216], except the main UNet contains 3D-Conv and temporal attention blocks
to maintain temporal consistency. Additionally, we inject temporal down/upsampling blocks during
64-frame temporal training. Noisy video zt is encoded by the main UNet and the conditioning
signals, Sg and Ia, are encoded by separate UNet encoders. In the 8 DiT blocks at the lowest
resolution of the UNet, the garment conditioning features are cross-attended with the noisy video
features and the spatially-aligned clothing-agnostic features za and noisy video features are directly
concatenated. Jg and Jp are encoded by single linear layers, then concatenated to the noisy features
in all UNet 2D spatial layers.

4.2.4 Architecture

Our overall architecture is depicted in Figure 16. We adapt the VTO-UDiT architecture [217] by

inflating the two lowest-resolution downsampling and upsampling blocks with temporal attention

and 3D-Conv blocks, as shown in Figure 16. To be specific, after the 2D-Conv layers, we add a

3D-Conv block, a temporal attention block, and a temporal mixing block to linearly combine spatial

and temporal features, as proposed in [18]. In the temporal mixing blocks, processed features

after the spatial attention layer zs are linearly combined with processed features after the temporal

attention layer zt via learned weighting parameter α:

z′t = α · zs + (1− α) · zt (13)
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During 64-frame training (see Section 4.2.6), we further inflate the model with temporal downsam-

pling and upsampling blocks with factor 2, to reduce the memory footprint of the model. These

blocks are added before and after the lowest-resolution spatial blocks, respectively.

The person and garment poses are encoded and used to condition all 2D spatial layers in the UNet.

The 8 Diffusion Transformer (DiT) blocks [136] between the UNet encoder and decoder condition

our model on the segmented garment and clothing-agnostic image features, as proposed by [216]. In

each block, the garment images are cross-attended with the noisy target features, while the agnostic

input images are concatenated to the noisy target features.

4.2.5 Split Classifier-Free Guidance

Standard classifier-free guidance (CFG) [77] is a sampling technique that pushes the distribution of

inference results towards the input conditioning signal(s); however, it does not allow for disentangled

guidance towards separate conditioning signals. Instruct-Pix2Pix [20] introduces dual-CFG, which

separates the CFG weights for text and image conditioning signals.

We introduce split-CFG, a generalization of dual-CFG which allows independent control over

multiple conditioning signals. See Algorithm 1. The inputs to Split-CFG are the trained

denoising UNet ϵθ, the list of all conditioning signal sets C, and the respective conditioning weights

W . For each subset of conditioning signals ci ∈ C, containing one or more conditional inputs, the

algorithm computes the conditional result ϵi given ci. Then, the weighted difference between the

conditional result ϵi from the past conditional result ϵi−1 is added to the prediction. In this way, the

prediction is pushed in the direction of ci.

Split-CFG is naturally dependent on the order of the conditioning signals. Intuitively, the first

conditional output will have the largest distance from the null output, thus most affecting the

final result. In our implementation, our conditioning groups C consist of (1) the empty set (un-

conditional inference), (2) the clothing-agnostic images ({I0a , ..., IN−1
a }), (3) all clothing-related
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Algorithm 1: Split Classifier-Free Guidance
Split-CFG(ϵθ, C,W )

c← ∅; // current conditioning signals
ϵ̂θ(zt, C)← w0ϵθ(zt, ∅); // initialize prediction
ϵ̂0 ← ϵ̂θ(zt, C); // store past prediction
for ci in C do

c← c ∪ {ci} ; // update c
ϵ̂i ← ϵθ(zt, c); // store new prediction
ϵ̂θ(zt, C)← ϵ̂θ(zt, C) + wi(ϵ̂i − ϵ̂i−1) ;
ϵ̂i−1 ← ϵ̂i; // update ϵ̂i−1

end
return ϵ̂θ(zt, C)

inputs (Sg, Jg,Mg), and (4) lastly, all remaining conditioning inputs ({J0
p , ..., J

N−1
p }. We denote

the respective weights of each term as (w∅, wp, wg, wfull). Empirically, we find this ordering yields

the best results.

Overall, we find that controlling sampling via split-CFG not only enhances the frame-wise garment

fidelity, but also increases photorealism (FID) the inter-frame consistency of video (FVD), compared

to ordinary CFG.

4.2.6 Progressive Temporal Training

Our novel progressive temporal training enables up to 64-frame video generation in a single

inference run (Figure 17). We first train a base image model from scratch on image data at 512px

resolution and image batches of shape BxTxHxWxC, with batch size B = 8 and length T = 1,

for 1M iterations. Then, we inflate the base architecture with temporal blocks and continue training

the model using our joint image-video training strategy. In these temporal training phases, half

of the batches are from the image dataset and the other half are batches of consecutive video

frames (B = 1) from the video dataset. When training with an image batch, we skip the temporal

blocks entirely in the forward and backward passes. At each successive phase of temporal training,

we initialize the model from the checkpoint of the previous phase and double the training video
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Figure 17: Progressive Training Strategy. Fashion-VDM is trained in multiple phases of increasing
frame length. We first pretrain an image model, by training only the spatial layers on our image
dataset. In subsequent phases, we train temporal and spatial layers on increasingly long batches of
consecutive frames from our video dataset.

length: T = 8 → 16 → 32 → 64. We train each temporal training phase for 150K iterations.

Once the video length becomes prohibitively large in memory at 64-frames, we introduce temporal

downsampling and upsampling layers to the model. At test time, our model generates 512× 384px

videos up to 64-frames in one inference pass with a single network.The benefit of such a progressive

process is a faster training speed and better multi-frame consistency. Additional details are provided

in the appendix.

4.2.7 Joint Image and Video Training

Training the temporal phases solely with video data, which is much more limited in scale compared

to image data, would disregard the image dataset entirely after the pretraining phase. We observe

that video-only training in the temporal phases sacrifices image quality and fidelity for temporal

smoothness. To combat this issue, we train the temporal phases jointly with 50% image batches

and 50% video batches. We implement joint training via conditional network branching [83], i.e.

for image batches, we skip updating the temporal blocks in the network. Unlike temporal masking

strategies[75, 78], using conditional network branching allows us to include other temporal blocks

(Conv-3D, temporal mixing) in addition to temporal attention. Critically, we also train with either

image-only or video-only batches, rather than batches of video with appended images [75, 78].

This improves data diversity and training stability by not constraining the possible batches by the

number of available video batches. We observe that improved garment fidelity and multi-view
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realism, especially for synthesized details in occluded garment regions with joint image-video

training compared to video-only training (see Figure 20).

4.3 Experiments

In this section, we describe our datasets (Section 4.3.1), evaluation metrics (Section 4.3.2), and

results (Section 4.3.3). We provide training and inference details in the appendix.

4.3.1 Datasets

Our image dataset is a collection of publicly-crawled online fashion images, containing 17M paired

images of people wearing the same garment in different poses. We also collect a video dataset of

over 52K publicly-available fashion videos totalling 3.9M frames, which we use for the temporal

training phases. During training, the garment image and person frames are randomly sampled from

the same video. For evaluation, we collect a separate dataset of 5K videos, containing person videos

paired with garment images from a different video. Our custom image and video datasets contain a

diverse range of skin tones, body shapes, garments, genders, and motions. We also evaluate on the

UBC test dataset [203] of 100 videos. For both test datasets, we randomly pair a garment frame

from each video clip with three distinct other video clips to get swapped try-on datasets.

Reproducibility. To promote future work in this area and allow fair comparisons with our method,

we plan to release a benchmark dataset, including sample paired person videos, garment images,

and corresponding preprocessed inputs. We also analyze a version of our model trained and tested

exclusively on publicly-available UBC video data [203] in Section 4.3.3.
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Figure 18: Qualitative Results. We showcase video try-on results generated by Fashion-VDM using
randomly paired person-garment test videos from the UBC dataset [203] and our own collected test
dataset. Note that the input garment image and input person frames come from different videos.
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UBC Test Dataset Our Test Dataset
FID ↓ FVD ↓ CLIP ↑ FID ↓ FVD ↓ CLIP ↑

w/o Split-CFG 145 687 0.745 78 450 0.663
w/o Joint Training 106 579 0.744 96 565 0.651
w/o Prog. Training 102 631 0.736 87 824 0.651
w/o Temporal Blocks 94 1019 0.739 95 565 0.642
Ours (Full) 86 515 0.752 71 377 0.669

Table 4: Quantitative Ablation Studies. For each ablated version of our model, we compute FID,
FVD, and CLIP scores using both UBC and our test videos with randomly paired garments. Bolded
values indicate the best score in each column.

4.3.2 Metrics

We evaluate our method using FID [73], FVD [171], and CLIP [138] scores in Tables 4 and 5. FID

measures the similarity of the distributions of the predicted and ground-truth frames, which gives

a measure of the realism of the generated video frames. FVD measures temporal consistency of

video frames. We compute the CLIP image similarity between the segmented garments of the input

garment image and predicted frames. In this way, the CLIP score gives us a measure of try-on

garment fidelity.

4.3.3 Results

We showcase qualitative results of our full method in Figure 18 and provide more qualitative results

in the appendix. Fashion-VDM is capable of synthesizing smooth, photorealistic try-on videos on a

variety of input garment types, patterns, skin tones, genders, and motions.

UBC-Only Model. In order to provide a fair comparison to other methods [17, 64, 88], we train a

version of Fashion-VDM using video data only from the UBC dataset. Similar to other methods, we

leverage a pretrained image try-on diffusion models and further train using the publicly-available

UBC dataset for the video stages. We show the quantitative results in Table 5 and provide further

details, discussion, and qualitative examples in the appendix.
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Figure 19: Split-CFG Ablation. We compare different split-cfg weights, where (w∅, wp, wg, wfull)
correspond to the unconditional guidance, person-only guidance, person and cloth guidance, and
full guidance terms, respectively.

4.3.4 Ablation Studies

We ablate each of our design choices with respect to garment fidelity, temporal smoothness, and

photorealism. We report quantitative results for each ablated version in Table 4. All components are

essential to improving realism (FID), temporal consistency (FVD), and garment fidelity (CLIP).

Qualitatively, we find that split-CFG and joint training have the largest effect on person/garment

fidelity and overall quality (Figure 21), while progressive training and temporal blocks affect the

temporal smoothness (Figure 22). We discuss these effects in detail in the remainder of this section.

Split Classifier-Free Guidance.

Split-CFG improves per-frame person and garment fidelity, thereby improving overall inter-frame

temporal consistency and photrealism. In Figure 19, we compare results generated with different

split-CFG weights at inference time. By increasing the person guidance weight wp from 0 to 1, the

realism and identity of the input person are improved. Increasing the full-conditional weight wfull

improves the garment fidelity, but not as much as by increasing the garment weight wg alone, as

in the last column. We provide quantitative split-CFG ablation results in the appendix. We also

demonstrate that increasing wg also increases fine-grained garment details when using a version of
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Figure 20: Joint Training Ablation. Joint image and video training improves the realism of occluded
views.

our model trained on limited video data (see appendix). This suggests split-CFG does not require

extensive training to be useful and can be impactful in low-resource settings.

Joint Image-Video Training. We find that training with video data only in the temporal phases

sacrifices garment fidelity compared to the base image model. Training jointly with images and

videos increases the fidelity to garment details, even compared to the image baseline, as shown

by the improved FID and CLIP scores in Table 4. The increased access to diverse data with joint

image-video training also enables the model to synthesize more plausible occluded regions. For

example, as shown in Figure 20, the jointly trained model is able to generate a hood with more

realism than the video-only model.

Temporal Blocks. As seen in prior works [18, 75, 78], interleaving 3D-convolution and temporal

attention blocks into the 2D UNet greatly improves temporal consistency. Removing temporal

blocks entirely causes large temporal inconsistencies. For instance, in the top row of Figure 22, the

ablated model without temporal blocks swaps the pants and body shape in each frame.

Progressive Temporal Training. To ablate our progressive training scheme, we train our image

base model directly with 16-frame video batches for the same total number of iterations, but skipping

the 8-frame training phase entirely. Progressive training enables more temporally smooth results

with the same number of training iterations. This is supported by our quantitative findings in Table 4,
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Figure 21: Garment Fidelity Ablations. We compare our full model with ablated versions without
split-CFG and without joint image-video training in terms of garment fidelity. Both split-CFG and
joint image-video training improve fine-grain garment details (top row) and novel view generation
(bottom row).

which indicates worse FVD when not doing progressive training. Qualitatively, in Figure 22, the

non-progressively trained model in the middle row exhibits temporal artifacts in the pants region

and intermittently merges the pant legs into a skirt. We hypothesize that, given limited training

iterations, it is easier to learn temporal consistency well across a small number of frames. Then, to

transfer that knowledge to larger temporal windows only requires minimal additional training.

4.3.5 Comparisons to State-of-the-Art

We qualitatively and quantitatively compare our method to the state-of-the-art in diffusion-based try-

on and animation, as no previous diffusion-based video try-on baselines with publicly-available code
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Figure 22: Temporal Smoothness Ablations. We compare video frames generated by our ablated
model without temporal blocks (top row) and without progressive training (middle row) to our
full model (bottom row). Both ablated versions exhibit large frame-to-frame inconsistencies and
artifacts.

currently exist: (1) TryOn Diffusion [217] (2) MagicAnimate [191], and (3) Animate Anyone [82].

For (1), we generate try-on results in a frame-by-frame manner for each input frame to generate a

video. For (2) and (3), we first generate a single try-on image from the first input frame and garment

image using TryOn Diffusion, then use the extracted poses from the input frames to animate the

result. In addition, we provide user survey results in the appendix.

Qualitative Results. We qualitatively compare Fashion-VDM to the baseline methods in Figure 23.
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Figure 23: Qualitative Comparisons. Fashion-VDM outperforms past methods in garment fidelity
and realism. Especially in cases of large disocclusion, our method synthesizes more realistic novel
views.
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UBC Test Dataset Our Test Dataset
FID ↓ FVD ↓ CLIP ↑ FID ↓ FVD ↓ CLIP ↑

TryOn Diffusion 94 1019 0.739 95 960 0.663
Magic Animate 155 1861 0.702 97 694 0.642
Animate Anyone 118 819 0.727 112 468 0.629
Ours (Full) 86 515 0.752 71 377 0.669

Ours (UBC-Only) 39 172 0.749 129 949 0.657

Table 5: Quantitative Comparisons. We compare Fashion-VDM to the baseline methods using
the UBC test dataset [203] and our test dataset of internet videos. Fashion-VDM quantitatively
outperforms other methods on all metrics.

In the top and bottom rows, we show how other methods exhibit large artifacts with large pose

changes. In these examples, baseline methods struggle to preserve garment details and hallucinate

plausible occluded views. Plus, both MagicAnimate and Animate Anyone create an overall cartoon-

like appearance.

We observe that frame-by-frame TryOn Diffusion results exhibit lots of flickering and garment

inconsistencies. MagicAnimate fails to preserve the correct background and also does not maintain

a consistent garment appearance throughout the video. Animate Anyone also exhibits garment

temporal inconsistency, especially with large viewpoint changes, and the human motion has an

unrealistic, warping effect. Overall, Fashion-VDM synthesizes more natural-looking garment

motion, such as folding, wrinkling, and flow, and better preserves garment appearance.

Quantitative Results. We compute FID scores on 300 16-frame videos of the UBC dataset and

on 300 16-frame videos of our custom video test dataset. For both datasets, we compute FVD

scores and CLIP on 100 distinct 16-frame videos. The results are displayed in Table 5. In our

experiments, Fashion-VDM surpasses all baselines in both image quality (FID), video quality

(FVD), and garment fidelity (CLIP). Although the UBC-only model excels in terms of all UBC

metrics, we qualitatively observe over-smoothing and worse garment detail preservation, compared

to the full version trained on our larger, more diverse video dataset.
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4.4 Limitations and Future Work

The main limitations of Fashion-VDM include inaccurate body shape, artifacts, and incorrect details

in occluded garment regions. See examples and further discussion in the appendix. Improbable

details may be hallucinated in unseen garment regions, because the input image only shows one

view of the garment. Future work might consider multi-view conditioning and individual person

customization for improved garment and person fidelity. Other errors include minor aliasing for

fine-grained patterns. Finally, our method does not simulate exact physical cloth dynamics, but

rather realistic video try-on visualization. Establishing physics could be a great next step.

Discussion

We present Fashion-VDM, a diffusion-based video try-on model. Given an input garment image

and person video, Fashion-VDM synthesizes a try-on video with the input garment fitted to the

person in motion, maintaining realistic details and fabric dynamics. We show qualitatively and

quantitatively that our method significantly surpasses existing state-of-the-art diffusion-based image

try-on and animation methods.

Ethics Statement

While we believe our research creates a positive contribution to the research community by ad-

vancing the state-of-the-art in generative video diffusion, we also condemn its potential for misuse,

including any spreading misinformation or manipulating human content for malicious purposes.

While our method is trained on public data containing identifiable humans, we will not release

any images or videos containing personally identifiable features, such as faces, tattoos, or logos to

protect the privacy of these individuals.
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Appendix

4.4.1 Additional Qualitative Results

In Figure 24, we provide additional examples of our method on test videos from both the UBC

dataset [203] and our own collected test dataset.

4.4.2 Training and Inference Details

We train our model on 16 TPU-v4’s for approximately 2 weeks, including all training phases. Our

image baseline model is trained for 1M iterations with a batch size of 8 and resolution 512× 384px

using the Adam optimizer with a linearly decaying learning rate of 1e−4 to 1e−5 over 1M steps

and 10K warm-up steps. Each phase of progressive temporal training is initialized from the

previous checkpoint and trained for 150K iterations, following the order of phases described in the

Section 4.2.6. For all phases, we incorporate dropout for each conditional input independently 10%

of the time. We train with an L2 loss on ϵ.

During inference, we use the DDPM sampler [76] with 1000 refinement steps. Each video takes

approximately 8 minutes to synthesize with split-CFG and 5 minutes without split-CFG.

4.4.3 Examples of Failure Cases

We show two examples of failure cases of our method in Figure 25. In row 1, we show artifacts

that appear in the body/garment boundary, due to an imperfect person segmentation in the clothing-

agnostic image. Imperfect segmentation is a common cause of such artifacts, and may also

incorrectly leak regions from the original garment. In our human evaluation (Section 4.4.5), 10/17

videos that were failed had agnostic errors. In general, although our preprocessing methods are

state-of-the-art, other types of preprocessing errors limit the quality of Fashion-VDM. In total, 70%
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Figure 24: Additional Qualitative Results. We showcase video try-on results generated by Fashion-
VDM using swapped test videos from the UBC dataset [203] and our own collected test dataset.
Note that the input garment image and input person frames come from different videos.
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Figure 25: Failure Cases. Errors in the person segmentation may lead to artifacts (top row).
Fashion-VDM may incorrectly represent body shape (bottom row).

of videos not chosen by human raters had errors in one or more inputs. As shown in row 2, body

shape misrepresentation (e.g. slimming) occurs, because the clothing-agnostic images remove all

body parts, besides hands, feet, and head, thus they do not include detailed information about body

size.

4.4.4 Split-CFG Weights Ablations

We quantitatively evaluate our choice of split-CFG weights for both datasets on a held-out validation

set. The results are shown in Table 6. Calibrating these weights correctly is not only beneficial to

preserving garment fidelity, as shown by the FID score, but also increasing temporal consistency, as

shown by the FVD score. Intuitively, by increasing the similarity of the output garment to the input

garment, there is less allowed variability in the appearance of each frame, thus increased temporal

smoothness. Based on these results, we employ weights (1, 1, 3, 1) for UBC and weights (1, 1, 1, 1)
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UBC Test Dataset Our Test Dataset
(w∅, wp, wg, wc) FID ↓ FVD ↓ CLIP ↑ FID ↓ FVD ↓ CLIP ↑

(1, 0, 1, 1) 136 1053 0.712 126 779 0.632
(1, 1, 1, 1) 95 644 0.748 52 242 0.667
(1, 1, 1, 3) 100 653 0.745 84 588 0.664
(1, 1, 3, 3) 99 454 0.756 55 262 0.662
(1, 3, 3, 3) 104 481 0.763 63 284 0.671
(1, 1, 3, 1) 62 253 0.770 76 385 0.661

Table 6: Quantitative Ablation of Split-CFG Weights. We compute FID, FVD, and CLIP scores of
our full model using different split-CFG weights.

for our test dataset.

4.4.5 User Study

In addition to qualitative and quantitative evaluations, we perform user studies for our state-of-the-

art comparisons. The results are shown in Table 7. Our user studies are conducted by 5 human

raters who are unfamiliar with the method. For each sample, the raters were asked to select which

video performs best in each category: temporal smoothness, garment fidelity to the input garment

image, and person fidelity to the input person video. The scores on both UBC test dataset and our

test dataset reported are fraction of total votes divided by the total number of videos. Fashion-VDM

exceeds other methods on all three user preference categories for both datasets.

UBC Test Dataset Our Test Dataset
Video Smoothness ↑ Person Fidelity ↑ Garment Fidelity ↑ Video Smoothness ↑ Person Fidelity ↑ Garment Fidelity ↑

TryOn Diffusion 0.01 0.00 0.00 0.03 0.01 0.00
Magic Animate 0.03 0.00 0.03 0.02 0.01 0.00
Animate Anyone 0.03 0.03 0.03 0.04 0.01 0.05
Ours (Full) 0.93 0.97 0.94 0.91 0.96 0.95

Table 7: User Study. Our study indicates that users overwhelmingly prefer Fashion-VDM to other
baselines in terms of video smoothness, person fidelity, and garment fidelity on both test datasets.
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Figure 26: Split-CFG Ablation with UBC-Only Model. When Fashion-VDM is trained on the
limited UBC dataset only, we observe overfitting to the largely plain garments in the UBC train
dataset. However, we find that increasing garment image guidance (wg) in split-CFG significantly
increases garment details.

4.4.6 UBC-Only Model

We initialize this model from our pretrained image model, which is comparable to an open source

image diffusion model, like Stable Diffusion [147], which are trained on even larger image datasets,

including LAION 5B [152]. We then train progressively using both image data and UBC video

data, following the same progressive training scheme as the full model.

The UBC-only model exceeds all baselines on the UBC test dataset quantitatively, but is qualitatively

worse at preserving intricate garment details and patterns. This is expected, given the limited size

and lack of diversity of UBC training dataset. However, we discovered that increasing the split-CFG

garment weight significantly improves lost garment details, even more so than with the full model.
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Figure 27: Qualitative Results for UBC-Only Model. Our model trained only on UBC data
generates temporally consistent, smooth try-on videos for plain and simple patterned garments, but
struggles to preserve intricate patterns and complex garment shapes.
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We qualitatively show this in Figure 27. This implies that when training with limited data, split-CFG

becomes even more crucial to preserving the conditioning image details.

We provide qualitative examples generated by our model trained only on the UBC dataset [203]

in Figure 27. While the results are still smooth and temporally consistent, the model struggles to

maintain complex patterns and garment shape details. This is likely due to overfitting to the limited

size and scope of the UBC training dataset, consisting of 500 videos of women in dresses.
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Chapter 5

HOLOGARMENT: 360◦ NOVEL VIEW SYNTHESIS OF
IN-THE-WILD GARMENTS
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Figure 28: HoloGarment enables 360◦ novel view synthesis of real-world garments in images and
videos.

The project in this chapter was completed in collaboration with Yingwei Li and Ira Kemelmacher-

Shlizerman during my internship at Google. It was originally published in 2025 [89]. The analysis

and comparisons in this chapter are based on the existing state-of-the-art during that time.

Introduction

The rise in online retail, virtual try-on, and digital fashion design is driving the demand for high-

quality digital garment visualizations. While images and videos offer limited, pose-dependent views

of a garment, they fall short of providing a full 360◦ garment representation – one that is free of

occlusions and wrinkles. Furthermore, manually capturing such 360◦ views is highly impractical

and costly. Therefore, there is strong interest in discovering an automatic method to generate
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high-quality, high-fidelity novel views of garments from images and videos.

This is a challenging task, since real-world garments are inherently complex, containing deforma-

tions, occlusions, and pose variations when worn. Existing methods for novel view synthesis (NVS)

of general objects [47, 189] only handle a fixed number of input views and are constrained to static

and unoccluded objects. As a result, these approaches perform poorly on real-world garments and

do not handle an arbitrary number of input views, such as from a video. While some methods handle

finetuning on video [178, 204], they are prone to overfitting to the shape and appearance of the

subject in the input frames, thus failing to generate unoccluded, static novel views of a standalone

garment in a dynamic video.

Another challenge is the lack of diverse, realistic 3D garment datasets. While 2D garment data (im-

ages and videos) are abundantly available online, they are missing ground-truth 3D representations.

As such, past works [10, 46, 98, 108, 129, 146, 151, 165] often leverage purely synthetic garment

data [107, 129, 215], but tend to overfit to simplistic shapes and patterns and generalize poorly to

diverse garment shapes and textures. To overcome these limitations, we ask: (1) Can we train a

real-world garment NVS model by leveraging abundant real-world 2D data, even in the absence of

paired ground-truth 3D assets? (2) In contrast to sparse-frame conditioning, can we leverage dense

frames from a dynamic video sequence to learn a robust and high-fidelity garment representation

for NVS?

In this paper, we propose HoloGarment, a video diffusion model for garment NVS from images and

videos of in-the-wild dressed humans. Our key insight is a novel implicit training paradigm, where

two or more distinct training tasks indirectly train a model to perform the target task for which ground

truth data is not available. By implicitly training with a combination of real 2D data and synthetic

3D assets, our method learns a shared garment embedding space between both domains that enables

real-world garment novel view synthesis. In doing so, we bypass the limitations of synthetic-only

3D datasets to handle challenging real-world garment images and videos. Furthermore, we introduce

the notion of a garment “atlas”, a finetuned garment embedding optimized on a specific dynamic
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video featuring a person wearing the garment. The “atlas” bridges the gap between finetuning

(2D) and inference (3D) modalities, enabling the novel task of video-to-NVS generation, as well as

eliminates the need for arbitrary input view selection. Our experiments showcase HoloGarment’s

capability to generate high-quality, high-fidelity 360◦ novel views across a variety of garment

types, including tops, dresses, jackets, rompers, and pants, even those containing occlusions, pose

variations, and deformations. We further quantitatively and quantitatively demonstrate that our

method achieves state-of-the-art results compared to related methods.

5.1 Related Works

Novel View Synthesis with Diffusion Models: Novel view synthesis refers to generating novel

object views from limited observations. Many diffusion-based NVS methods use 3D datasets

to finetune a pretrained text-to-image diffusion model [47, 114, 118, 153, 154, 177] or video

diffusion model [101, 182, 214]. However, their reliance on 3D data limits their ability to handle

real-world objects effectively. Several works have explored using 2D diffusion priors to enhance

3D consistency [109, 137, 154], but do not tackle cases where input views contain incomplete

information (i.e. occlusions) or inconsistencies (i.e. deformations, pose changes). Existing NVS

methods therefore struggle with diverse garments in complex, dynamic real-world scenarios. In this

work, we address this challenging case directly by training a video diffusion model implicitly on

real 2D videos and synthetic 3D assets, enabling our method to robustly generate consistent novel

views of real-world garments.

3D Garment Reconstruction: Related to the task of garment NVS is 3D garment reconstruction,

which aims to recover the 3D geometry of a garment in an image. One avenue of methods explores

2D sewing pattern estimation [10, 98, 108, 112, 129], which predicts flat patterns that can be draped

onto the person’s 3D structure, but neglects to preserve texture details. Other recent methods focus

on texture estimation by utilizing template garment meshes to achieve better realism in garment

representation [46, 146, 151, 165].
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A major limitation of both approaches is their reliance on limited synthetic 3D garment datasets,

including DressCode [129] and GarverseLOD [123], which lack ground-truth textures. As a result,

these methods do not generalize well to real-world garment inputs. In contrast, our approach

eliminates the reliance on purely synthetic data, input meshes, and complex templates.

Garment Finetuning: Subject-specific finetuning, like DreamBooth [148] and similar video-

specific methods [178, 204], customize a pretrained generative model to a specific subject. While

this paradigm has been extended for human identity preservation [88, 216], it has not yet been

applied to garment identity specifically, which comes with unique challenges. One specific limitation

is that current subject-finetuning methods tend to overfit to the pose and shape of the target subject.

As such, existing methods will replicate the motion, occlusions, deformations, and wrinkling of

a dynamic garment video that is used for finetuning. This is undesirable for synthesizing a static

video of a dynamic garment in an unoccluded, canonical A-pose. We address this by explicitly

disentangling animation and spin motion via split temporal blocks in our network, while still sharing

the same garment appearance encoder. As a result, we are able to finetune a garment-specific

embedding on a dynamic garment video and still generate novel views of the garment in a static

pose, without overfitting to the original dynamic motion.

5.2 Method

Given 1-3 images Ig of a garment g and a driving pose sequence J = (J2D, J3D) represented in

2D and 3D, HoloGarment generates novel garment views V̂g following the driving poses. In this

section, we introduce our model architecture (5.2.2) and implicit training strategy with real 2D

and synthetic 3D garment data (5.2.3). Then, we describe how this unlocks image(s)-to-360◦ NVS

(5.2.4), as well as video-to-360◦ NVS capabilities via finetuning a garment “atlas” (5.2.5).
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Figure 29: Architecture. Our VDM generates video frames conditioned on a garment image Ig and
driving pose sequence (J2D, J3D). By training separate sets of temporal blocks for each training
task (orange for animation and blue for NVS), our VDM can effectively generate either dynamic or
spin motion. Refer to Section 5.2.2 for details.

5.2.1 Preliminary: Video DiT

While conventional diffusion models often leverage a UNet backbone, the diffusion transformer

(DiT) [136] model replaces this with a Transformer architecture, leading to superior scalability

and performance. Fashion-VDM [90] extends DiT into a video model with temporal blocks (e.g.

3D convolutions and temporal attention layers) and progressive temporal training. Paired with

parallel UNet encoders to disentangle person and garment conditioning signals [217], Fashion-VDM

achieves superior performance for video try-on.

5.2.2 HoloGarment

At its core, HoloGarment consists of an image- and pose-conditioned video diffusion model

(VDM) with trainable parameters θ. Its architecture (Figure 29) builds upon the video transformer
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diffusion model proposed in Fashion-VDM [90]. However, it does not include any person image

representation and the driving poses are encoded in both 2D and 3D. Our VDM additionally

implements two identical sets of temporal blocks to separately handle video motion and 3D

spin motion. We describe these adaptations in further detail below. Additional architecture and

implementation details are provided in the appendix.

Garment and Pose Conditioning: Given a noisy video zt at diffusion timestep t, a UNet encoder

Ez encodes zt into features fz. Similarly, separate UNet encoders encode the input garment Ig

and driving 2D poses J2D into fIg = EIg(Ig), fJ2D = EJ2D(J2D). Meanwhile, the garment pose Jg

and 3D driving pose sequence J3D are encoded into fJg = EJg(Jg), fJ3D = EJ3D(J3D) by a single

linear and 4 dense layers, respectively. Garment and pose features are subsequently concatenated:

fg = fIg ⊕ fJg and fj = fJ2D ⊕ fJ3D . Mathematically, at timestep t, the VDM performs one

denoising step to recover noise ϵ̂t.

ϵ̂t = VDMθ(zt, t, fg, fj) (14)

Inside the VDM, these conditional features are processed in the VDM via transformer blocks

(DiT [136]). Pose features fj are spatially-aligned with fz, so they are concatenated channel-wise

before self-attention. Meanwhile, the non-spatially aligned garment features fg and noisy video

features fz are cross-attended. In this manner, the garment features are implicitly warped to their

target locations according to the driving poses [217].

Disjoint Temporal Blocks: To effectively disentangle dynamic and static spin motions, we im-

plement our VDM with two identical, disjoint sets of temporal blocks. Each set consists of

3D-convolution, temporal attention, and temporal mixing blocks [18]. One set is trained exclusively

on batches of real-world images and videos Dreal, while the other is trained only on batches of static

spin renderings of 3D garment assets Dspin. This architecture allows the VDM to better synthesize

either dynamic or static spin motion, depending on the which set of temporal blocks are activated.
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Figure 30: Implicit Training Paradigm The VDM is trained to generate either a garment animation
given dynamic driving poses (solid orange path) or 360◦ novel views given static spin driving poses
(blue dotted path). By training on both real 2D data and synthetic 3D data, the VDM implicitly
learns canonical 360◦ NVS from real-world garment images, without paired real-world 3D data.

5.2.3 Implicit Training with Real and Synthetic Data

We introduce a novel implicit training paradigm to learn photorealistic garment NVS without

real-world paired data. Implicit training leverages two or more related tasks for jointly training a

model to perform a desired task. In contrast to joint training [78], where ground-truth task-specific

data is supplemented with similar, non-task-specific data, an implicit training strategy leverages

solely non-task-specific data to learn the target task.

In this case, the desired task is 3D-consistent NVS from real-world garment images, and the training

tasks are (1) garment animation using real image and video data Dreal and (2) NVS using synthetic

3D data Dspin. Garment animation with real data trains the model to handle the desired input style

– diverse, real-world garments, even under challenging conditions, like occlusions and wrinkling.

NVS with synthetic 3D data trains the model to generate the desired output style – unoccluded, static

360◦ views (spin videos) of garments. As shown in Figure 30, we train our VDM by alternating
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batches x∗ from both datasets:

xreal = (V real
g , I real

g , Jg, J
real) ∼ Dreal (15)

xspin = (V spin
g , I spin

g , Jg, J
spin) ∼ Dspin (16)

During training, the VDM trains different temporal parameters for handling dynamic motion and

static spin motion. For dynamic batches xreal, the VDM operates with θreal and for spin batches

xspin, the VDM operates with θspin (Section 5.2.2). In this way, disjoint sets of temporal blocks are

separately optimized for the different motion styles. After encoding the conditional inputs,

ϵ̂t =


VDMθreal(zt, t, f

real
g , f real

j ) xreal ∼ Dreal

VDMθspin(zt, t, f
spin
g , f spin

j ) xspin ∼ Dspin

(17)

Recall from Section 5.2.2, f real
g = Eg(I real

g ) and f spin
g = Eg(I spin

g ). Let FG be the garment encoder’s

(Eg) embedding space for all garments g ∼ G. Then,

f real
g , f spin

g ∼ FG (18)

Thus, real and synthetic garment embeddings share an embedding space FG, which is optimized for

both sets of model parameters (θreal or θspin). This implies that both input garment styles (real and

synthetic) are compatible with both output motion styles (dynamic or static spin). Critically, this

property enables HoloGarment to mix and match input garment styles with output motion styles.

5.2.4 Real-World Garment Image(s)-to-360◦ Garment

Our implicit training approach enables us to train a robust garment embedding space FG on diverse,

large-scale garment video data that is also compatible with the NVS task. As a result, we can

accomplish the desired implicit task of real image-to-360◦ NVS. Given a real garment image I real
g
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garment-specific embedding, or “atlas”, on a real-world video. By utilizing this atlas during
inference, HoloGarment generates photorealistic 360◦ novel views of the garment.

(task 1) and static spin pose sequence in a canonical A-pose J spin (task 2), HoloGarment generates

static 360◦ novel views of the input garment. During inference, the VDM operates with parameters

θspin and denoises noisy frames zt via iterative noise prediction:

ϵ̂t = VDMθspin(zt, t, f
real
g , f spin

j ) (19)

Since f real
g ∼ FG (Eq. 18) is compatible with both θreal and θspin, VDMθspin generates consistent

novel views of the real-world input garment style of task 1 in the output motion style of task 2:

static, a-posed, and without occlusions, deformations, or wrinkling.

5.2.5 Video-to-360◦ Garment via Atlas Finetuning

As a result of our implicit training approach (5.2.3), the VDM’s garment embedding space FG

is shared between the 2D video animation and 3D NVS tasks. This enables another capability:

finetuning a single garment embedding fg ∼ FG on a dynamic video (task 1) to run NVS (task 2).

We call this finetuned garment-specific embedding the garment “atlas”, fatlas, which can be leveraged
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Algorithm 2: Garment Atlas Finetuning on a Dynamic Garment Video
Input: V real

g : Input dynamic garment video
Output: fatlas: The finetuned garment embedding.
Initialize:
• Freeze all parameters θ
• fatlas ← random embedding of shape fg

for i = 1 to M do
Sample frames vg ∼ V real

g

Sample timestep t ∼ Uniform(1, T )
Sample noise ϵt ∼ Gaussian(0, I)
Compute poses (J real

2D , J real
3D ) from vg

Compute pose embeddings f real
j

zt ← AddNoise(vg, ϵt, t) ▷ Get noisy frames
ϵ̂t ← VDMθreal(zt, t, fatlas, f

real
j ) ▷ Predict noise using VDM

L = ∥ϵ̂t − ϵt∥22 ▷ Compute MSE loss
fatlas ← Update(fatlas,L) ▷ Update garment atlas

end

for both tasks (Eq. 18). Note that this is in contrast with earlier subject finetuning methods [148],

which finetune a model on the same task (text-to-image) as during inference (text-to-image).

The garment atlas finetuning strategy is shown in Figure 31. Initially, fatlas is randomly initialized

with same the shape as fg. Then, freezing all other model parameters θreal, fatlas is finetuned on a

specific garment video Vg for M iterations. Refer to Algorithm 2 for details. At inference, fatlas

replaces the original garment embeddings fg,

ϵ̂t = VDMθspin(zt, t, fatlas, f
spin
j ) (20)

5.3 Experiments

In this section, we first describe our datasets (5.3.1), training and inference details (5.3.2), and

evaluation metrics (5.3.3). Then, we evaluate our method on image-to-360◦ and video-to-360◦ novel

view synthesis (NVS) (5.3.4), demonstrating quantitative and qualitative improvements over related

methods (5.3.5) and ablated versions of our method (5.3.6). Garment animation results are included
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in the appendix.

5.3.1 Datasets

We train our model on a combination of real-world and synthetic data. Our real-world dataset

includes 17M crawled garment images and 52K garment videos, along with the UBC Fashion

Video dataset [203], containing 500 train and 100 test videos. For synthetic data, we use 8,473

unique garment assets, from turboquid [3], objaverse [34], and other online sources. For each

3D garment, we render 32 views covering one full 360◦ orbit around the object center. Each

image and video frame I is preprocessed using an in-house equivalent of Graphonomy [53] to

compute the corresponding 2D person keypoints J2D, garment segmentation Ig, and 2D pose of the

garment image Jg. Each 2D pose J2D is further preprocessed as a heat-map representation that is

spatially-aligned with I . Mediapipe [122] is used to compute 3D person keypoints J3D. During

evaluation, each input pair consists of 1 or 3 real-world images or frames form a held-out dataset

similar to (1) and a randomly selected pose sequence from (2), covering one full 360◦ spin.

5.3.2 Training and Inference Details

Training: We pretrain our base model without temporal layers on our custom garment image dataset

for 1M iterations with batch size 8 [90]. Then, we train our full model with temporal layers for 589K

iterations, approximately 3 days, on 16 TPU-v4’s. In this stage of training, we train jointly with

33% fashion image data, 33% fashion video data, and 33% novel views rendered from 3D garment

assets, each with frame count 32 and resolution 512 x 384. For task (2) batches, 3D garment assets

are rendered as 360-degree RGB spin videos, similar to [47]. However, different from [47], which

uses camera position as conditioning, we compute J2D and J3D for both garment spins and real

fashion videos, so that the motion representation is shared. Plus, 2D and 3D together encapsulate

camera pose [121]. Finally, we finetune the model for an additional 50K iterations on 3D data only.
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Figure 32: Qualitative Results. Our method generates 360◦ novel views of garments from single
images, multiple images, or videos. Additional qualitative results are shown in the supplementary
material.
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Custom Dataset UBC Dataset

Method FID ↓ CLIP ↑ FVD ↓ SSIM ↑ FID ↓ CLIP ↑ FVD ↓ SSIM ↑

Garment3DGen 320 0.631 2477 0.002 310 0.638 2534 1.72e-5
Gemini 2.5 Flash Image1 156 0.836 – 0.700 137 0.880 – 0.742

SVC 130 0.855 1109 0.767 200 0.835 1144 0.745
CAT3D 152 0.861 1073 0.578 186 0.798 1137 0.625
oursvideo 131 0.890 1088 0.730 128 0.872 1053 0.743
ours3D 144 0.871 968 0.739 147 0.847 880 0.754
ours 128 0.872 875 0.729 127 0.881 880 0.771

Table 8: Quantitative Comparisons. HoloGarment outperforms related and ablated methods on all
metrics. 1Given that the Gemini 2.5 Flash Image model isn’t designed for temporal consistency, we
chose to omit the FVD metric from our evaluation.

For both pretraining and training, we use an Adam optimizer with linearly decaying learning rate of

1e−4 to 1e−5 over a maximum of 1M iterations. We additionally add independent dropout for each

conditional input with 10% probability per batch. After each forward pass, we compute the L2 loss

on predicted noise ϵt at diffusion timestep t.

Inference: During inference, we use the DDPM sampler [76] with 1000 refinement steps to

generate 32-frame videos. For evaluating our full and ablated models, we employ dual classifier-free

guidance [20] with conditioning groups (∅, Ig, [J2D, J3D]) and weights (1, 5, 1).

5.3.3 Evaluation Metrics

We evaluate our method based on garment fidelity, multi-view consistency, and 3D realism. Garment

fidelity is measured using the Fréchet Inception Distance FID [73] and CLIP [138] scores between

the input garment images and the predicted garment images. For multi-view consistency and 3D

realism, we compute the Fréchet Video Distance (FVD) [171] and structural similarity (SSIM)

between our generated frames and ground-truth rendered 360◦ spin videos.
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Figure 33: Qualitative Comparisons. HoloGarment demonstrates superior preservation of garment
appearance, realism, canonical pose, and multiview consistency, as well as robustness to occlusions,
compared to related works and the ablated versions.

5.3.4 360◦ Novel View Synthesis of In-the-Wild Garments

Image-to-360◦: Figure 32 showcases qualitative results from our image-to-360◦ NVS method.

HoloGarment synthesizes consistent and realistic novel views in a canonical target pose from

single-view (top row) or multi-view inputs (middle row), even in the presence of occlusions, pose

changes, and wrinkling in the input images. Moreover, HoloGarment handles a variety of garments,

including tops, dresses, jackets, rompers, and pants.

Video-to-360◦: To synthesize 360◦ novel views of a garment in a dynamic video, we finetune a

garment embedding, which we call a garment “atlas” fatlas, on a 128-frame real-world video for 500

iterations with batch size 32 and constant learning rate of 1e−3. By only optimizing for fatlas, we

prevent undesired overfitting to the input video motion.

We showcase qualitative examples of our video-to-360◦ NVS method in the bottom row of Figure 32

and Figure 34. Our atlas finetuning strategy enables HoloGarment to consolidate an arbitrary

number garment views, poses, and deformations into a unified 360◦ garment representation. We

also show qualitative results of our single-view method on held-out synthetic 3D garment assets in

Figure 35. Given a single view of a synthetic 3D asset, HoloGarment synthesizes plausible novel
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Figure 34: Atlas Finetuning Ablation. In contrast to single-view (top row) and multi-view
conditioning (middle row), atlas finetuning on a video (bottom row) eliminates the dependency on
input view selection by consolidating details from all video frames to improve garment texture
details and multi-view consistency.

views that are consistent and retain high fidelity to the ground truth views.

5.3.5 Comparisons to State-of-the-Art

We compare our method to image-to-3D (Garment3DGen [151] and CAT3D [47]), image editing

(Gemini 2.5 Flash Image [54]), and camera-controlled video generation (Stable Virtual Cam-

era [214], Veo3 [58]) methods. Our results are presented in Figure 33 and Table 1. Qualitatively,

HoloGarment produces superior results compared to Garment3DGen, CAT3D, and Stable Virtual

Camera, and achieves visual quality on par with large, publicly available models like Gemini 2.5

Flash Image and Veo3. This is notable given that our model was trained on a significantly smaller

dataset. Quantitatively, our approach consistently outperforms all compared methods across all

metrics on both evaluation datasets (Table 8). Due to the high computational cost of large-scale

evaluation, a full quantitative comparison with Veo3 is reserved for future work. Further discussion

and implementation details for each method are provided in the appendix.
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5.3.6 Ablations

Implicit Training Paradigm: As shown in Figure 33 and Table 8, our implicit video-and-3D

training approach (ours) outperforms video-only training (oursvideo) and synthetic 3D-only training

(ours3D) methods. Video-only training leads to the great photorealism and garment fidelity, but it

fails to enable 3D-consistent motion generation or realistic novel views. Plus, the synthesized views

contain holes where limbs or hair overlap with the garment in the input views.

3D-only training generates highly consistent and realistic garment spins, but exhibits poor garment

fidelity and over-smoothed textures. Our jointly-trained model balances the benefits of video-only

and 3D-only training, maintaining garment fidelity, photorealism, and multi-view consistency

without holes.

Method FID ↓ CLIP ↑ FVD ↓ SSIM ↑

w/o Atlas 134 0.852 538 0.689

w/ Atlas 103 0.900 474 0.728

Table 9: Atlas Finetuning Ablation. We evaluate
40 results with and without atlas finetuning.

Atlas Finetuning: We evaluate our atlas fine-

tuning strategy quantitatively in Table 9 and

qualitatively in Figure 34. Poorly-chosen input

view(s) can drastically limit novel view realism.

On the other hand, atlas finetuning enables our

model to consolidate information from an arbi-

trary number of images, improving fidelity and

realism. Compared to single-image conditioning, atlas finetuning improves performance across all

metrics.

5.4 Limitations and Future Work

While our method improves over existing methods, it faces several limitations. Due to the limited

diversity of the synthetic 3D garment dataset, HoloGarment struggles with unusual garment shapes

(e.g. asymmetry or cut-outs). In Figure 36, we show two examples of failure cases of our method.
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Input(s) Ground Truth HoloGarment

Figure 35: Qualitative Results on Synthetic 3D Garments. HoloGarment generates consistent
360-degree novel views from a single garment view that retain high-fidelity to their corresponding
ground-truth synthetic 3D assets.

Input Generated Views

Figure 36: Failure Cases. Example failure cases of our method.
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These include hallucinating bottoms for top-only garment inputs (top) and at times misrepresenting

skirts as pants, especially when a slit is present in the input view (bottom). A larger synthetic

garment dataset may remedy such issues. Other future work includes speeding up atlas finetuning

(currently ∼30 minutes on a single TPU) and increasing resolution via super-resolution network.

Conclusion

In this paper, we present HoloGarment, a method for synthesizing state-of-the-art novel views of

garments in real-world images and videos. We introduce an implicit training scheme to optimize a

video diffusion model for real-world garment image-to-360◦ novel-view synthesis (NVS) using a

combination of large-scale 2D garment data and limited synthetic 3D garment assets. We further

propose atlas finetuning, a strategy where a garment embedding, or “atlas”, is finetuned on a

dynamic garment video to enable video-to-NVS capabilities.
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Appendix

5.4.1 Additional Qualitative Results

In Figure 38, we show additional qualitative results from our method on image-to-360◦ few image-

to-360◦ and video-to-360◦ generation.

5.4.2 Garment Animation

In Figure 37, we demonstrate HoloGarment’s ability to realistically animate real-world garments

given an image and driving pose sequence (task 1). Due to the nature of the real-world image and

video data, HoloGarment creates wrinkling and occlusions when operating on video data. Although

the focus of our work is NVS, the ability for HoloGarment to perform well on the image animation

task, is crucial for enabling video-to-NVS finetuning (Section 5.3.4).

5.4.3 Architecture Details

We show our overall video diffusion model (VDM) architecture in Figure 29. Our model is trained

following v-prediction [150], where the model outputs the predicted noise ϵ′t at timestep t, such that

z′t−1 = zt + ϵ′t. The L2-loss is computed in ϵ space.

Input Preprocessing: The conditional inputs to our VDM are 1 or 3 segmented garment images Ig,

their corresponding 2D poses Jg, and a sequence of driving 2D and 3D poses (J2D, J3D). In the

case of multiple input garment images, Ig is channel-wise concatenation of the segmented garment

images. Additionally, Ig and its corresponding spatially-aligned 2D poses J2D
g are concatenated

channel-wise.

Conditioning Inputs: The noisy video zt, garment signals [Ig, Jg], and driving 2D poses J2D are

encoded by separate UNet encoders [217] into features fz, fg, fj2D, respectively. The driving
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Figure 37: Qualitative Animation Results. HoloGarment generates realistic garment animations
given a garment image and dynamic driving pose sequence.

3D poses J3D are separately encoded by 4 dense layers into features fj3D and reshaped to match

fj2D. Garment pose fJg is encoded by a single linear layer. The conditioning input embeddings

fg, fj2D, fj3D are processed by the DiT blocks [136] before the UNet decoder.

We concatenate the driving pose features, fj2D and fj3D, with the noisy video features fz. The

input garment image and pose features fg are cross-attended with noisy video features fz, in order

to implicitly warp the input garment features to their target locations according to the driving

poses [217], getting warped features f ′
z.

UNet: Similarly to Fashion-VDM [90], we add 3D convolution, temporal attention, and temporal

mixing blocks after the two lowest-resolution spatial layers in the UNet encoder and decoder.

However, unlike Fashion-VDM, we duplicate these temporal blocks, such that one set only processes

video batches and the other only processes 3D spin batches. We implement this switch in the network

via conditional network branching. Note that only one branch of temporal blocks is activated at a
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time. Finally, a UNet decoder decodes f ′
z into the predicted noise ϵt.

Additional implementation details of our architecture include:

• The kernel sizes of our Conv2D and Conv3D blocks are (3, 3) and (4, 3, 3), respectively.

• Our 8 DiT blocks are implemented with 8 attention heads each and a hidden size of 2048 at

feature resolution 32x24.

• Our UNet encoders consist of 4 downsampling CNN blocks. Symmetrically, our UNet

decoders consist of 4 upsampling CNN blocks.

5.4.4 Comparisons to State-of-the-Art Details

Gemini 2.5 Flash Image: We compare our method to Gemini 2.5 Flash Image [54] on garment novel

view synthesis. For quantitative evaluation, we generate the front view of each input segmented

garment using the prompt ”Generate a front-facing image of the garment in a-pose and without

occlusions.” As Gemini 2.5 Flash Image is not designed for temporal consistency, we omit FVD in

the quantitative comparison. For qualitative comparisons, we specify the target output angle of the

garment in the prompt. Despite synthesizing high-quality, plausible novel views, Gemini 2.5 Flash

Image is not designed for temporally-consistency, and struggles to generate smooth 360◦ novel

views.

Veo3: We qualitatively compare with Veo3 [58] frame-to-video functionality through the Flow

app of Google labs using the input segmented garment image as the input frame and the prompt

“Generate a 360-degree orbit of this garment in a-pose and without occlusions.” Veo3 generates

high-quality, consistent orbits, but over-saturates the garment colors.

Stable Virtual Camera: We evaluate the official implementation of Stable Virtual Camera

(SVC) [214] provided by the authors. We run SVC in single-image video generation mode on
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the input segmented garment image, following an orbit trajectory for 32 target frames and using

all other default parameters. In Figure 33, SVC fails to inpaint occluded regions (bottom row),

synthesize plausible novel views (top row) or generate the garment in a canonical a-pose.

Garment3DGen: We follow the official Garment3DGen implementation. Garment3DGen does

not provide a texturing tool, so we use a text-to-texture model [36], as suggested by the authors.

We caption each input image using Gemini [167], then use FlashTex [36] to add texture to the 3D

mesh. From the caption, we also determine the garment type and select the closest template mesh

provided by the authors. As shown in Figure 33, the requirement of a template mesh severely limits

Garment3DGen’s ability to generalize to different garment shapes. Plus, the generated textures

show poor fidelity to the input garment image. In contrast, HoloGarment is independent of any

template meshes or third-party texture generation methods, making it robust to diverse garment

shapes and textures.

CAT3D: For comparisons with CAT3D, we follow the original authors’ single-image implemen-

tation. Figure 33 shows that CAT3D generates a flattened appearance in side and back views.

Additionally, as shown in the bottom row, CAT3D is not robust to occlusions or pose variations,

reproducing the input holes and wrinkling. Finally, unlike our method, CAT3D cannot warp the

garment into a desired target pose, replicating the original garment pose.
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Figure 38: Additional Qualitative Results. Demonstrating our method’s capability for 360◦ novel
view synthesis of garments from a 1-3 input image(s) or a video. Results are best viewed in our
supplementary video.
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Chapter 6

FIT: A LARGE-SCALE DATASET FOR FIT-AWARE VIRTUAL
TRY-ON
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Figure 39: The FIT Dataset. We present FIT, a dataset and benchmark designed for fit-aware
virtual try-on, featuring diverse garment fits (e.g., tight, loose) and precise size annotations. Left:
Sample dataset triplets showing the conditioning garment image (top), the conditioning person
image (middle), and the target try-on image (bottom). Right: Visualization of the corresponding
person and garment measurement annotations. Backgrounds are removed for clarity.

The project in this chapter was completed in collaboration with Yuanhao Wang, Yingwei Li, and Ira

Kemelmacher-Shlizerman. It will be published at SIGGRAPH 2026.

Introduction

The rising popularity of online shopping and social media has increased the demand for virtual

try-on (VTO) systems. Driven by advances in generative models, recent VTO works [29, 63, 216]

have achieved remarkable progress in synthesizing photorealistic try-on images. However, they

often merely transfer garment appearance onto a person, neglecting to take into account the person
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or garment sizes. As such, current VTO methods fail to address a fundamental question for any

user: ”How will this garment actually fit me?” This severely limits the accuracy and reliability of

existing VTO tools to simulate a real-life try-on experience. Furthermore, it prevents users from

experimenting with different sizes to achieve a desired fitted or oversized look. Consequently, there

is significant commercial and research interest in developing a fit-aware VTO method.

Fit-aware try-on remains challenging due to the scarcity of real-world data annotated with precise

person and garment measurements. Most existing VTO datasets [13, 27, 32, 50, 68, 112, 119, 129,

135, 215, 219] are curated by scraping catalog images from online retailers, which inherently lack

“ill-fit” examples, i.e. the garment is too large or too small. Moreover, while some retailers provide

size metadata, these annotations are often non structured and difficult to process at scale. Synthetic

3D garments created by artists offer an alternative, but this data suffers from limited scale and

realism.

To fill this gap, we introduce FIT (Fit-Inclusive Try-on), the first large-scale, size-aware VTO

benchmark explicitly designed to capture diverse upper-garment fit scenarios. By pivoting to a

synthetic data generation pipeline (GarmentCode [99]), we overcome the limitations of real-world

data collection. We procedurally create 3D garments with exact ground-truth measurements and

simulate their drape onto a wide range of parametric bodies. This approach ensures not only size

measurements, but also details like wrinkles, stretch, and garment coverage, are physically accurate.

To close the domain gap between synthetic and real images, we employ a novel re-texturing pipeline

designed to generate photorealistic textures for the synthetic renderings, while ensuring that the

garment fit and body shape are preserved. To this end, we finetune a foundational image generation

model, Flux.1-dev[16], to generate realistic person images from the synthetic normal maps and

text-based garment descriptions.

Another critical bottleneck in VTO research is the lack of paired training data (identical subject and

pose, different garments). Consequently, existing methods [29, 93, 95, 190, 216, 217] are forced to

formulate VTO as a self-supervised reconstruction task, which limits real-world applications, or rely
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on synthesized pseudo triplets [40, 63, 209], which suffer from inaccurate masking, identity loss,

and size leakage. In contrast, our synthetic pipeline offers the unique advantage of controllability.

We can simulate the same 3D subject in the same pose wearing multiple distinct garments, thereby

generating ground-truth paired person data. Building on this insight, we further propose a novel

framework for paired person image generation that ensures accurate 3D grounding and identity

preservation.

Our dataset contains 1.13M training and 1K test samples of both men’s and women’s upper-garments.

Each sample consists of a target try-on image, layflat garment image, a paired person image, as well

as person and garment measurements. Our target try-on images cover diverse fit scenarios, including

extreme ill-fits (e.g. a size 3XL draped onto a size XS person). By finetuning Flux.1-dev[16] with

our custom dataset and a custom measurement encoder, we demonstrate a baseline fit-aware VTO

model that accurately showcases garment fit.

To summarize, we present the following contributions:

1. We introduce FIT, the first large-scale dataset and benchmark explicitly designed for fit-aware

virtual try-on, featuring precise metric annotations and diverse fit scenarios.

2. We develop a scalable synthetic data generation pipeline that leverages physics simulation

and generative re-texturing to produce photorealistic try-on triplets with 3D grounding.

3. We demonstrate a novel, fit-aware virtual try-on model (Fit-VTO) that incorporates person

and garment measurements to visualize not only garment appearance, but also accurate

garment fit.

6.1 Related Works

Virtual Try-On Datasets. A primary bottleneck for fit-aware virtual try-on is the lack of datasets

containing explicit size annotations or ill-fitting examples. Standard 2D benchmarks, such as
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ViTON [68], ViTON-HD [27], DressCode [129], StreetTryOn [32], and LAION-Garment [63],

predominantly feature well-fitted garments, lacking the diverse fit conditions required for size-aware

training. While some datasets, including SIZER [170], SV-VTO [193], and Fit4Men [195] collect

real-world samples for this purpose, they remain limited in scale and diversity. See Table 10.

Alternatively, 3D datasets [13, 112, 170, 215, 219] offer 3D models of clothed humans. However,

extracting accurate garment measurements from raw meshes is often infeasible. GarmentCode [99]

addresses this by introducing a domain-specific language for generating sewing patterns with

explicit size parameters, enabling synthetic garment generation across varied garment and body

sizes [97]. However, for extreme ill-fitting garment draping cases, GarmentCode tends to produce

significant and frequent draping errors. Furthermore, raw 3D synthetic datasets [97, 106] generally

suffer from their lack of realistic textures, which leads to poor real-world generalization. Although

Sewformer [112] attempts to enhance realism via texture synthesis and SDEdit refinement, the

results are still cartoonish and lack fit diversity. To bridge these gaps, we adapt GarmentCode

for ill-fit scenarios, as well as introduce a novel pipeline for transforming synthetic GarmentCode

renderings into photorealistic images.

Dataset Realism Ill-Fit Measurements Triplet Scale
SV-VTO ✓ ✓ ✓ ✓ 1,524
SIZER ✓ ✓ ✓ ✗ 2,000
DeepFashion3D ✗ ✗ ✗ ✗ 2,078
ViTON-HD ✓ ✗ ✗ ✗ 11,647
Size4Men ✓ ✓ ✗ ✗ 13,000
LAION-Garment ✓ ✗ ✗ ✓ 60K
SewFactory ✓ ✗ ✓ ✗ 1M
GCD ✗ ✗ ✓ ✗ 115K
Ours ✓ ✓ ✓ ✓ 1.13M

Table 10: Comparison of related datasets. We compare FIT to several related datasets. For scale, we
report the number of training images.

Image-Based Virtual Try-On. Image-based virtual try-on methods are generally categorized into

two paradigms: mask-based, which utilize explicit segmentation maps to localize generation, and

mask-free, which synthesize results directly without segmentation priors.
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Mask-Based Methods These approaches formulate virtual try-on as a conditional inpainting task,

where the target clothing region is masked and filled based on the garment image and human

priors. Early warping-based works [27, 68] established a two-stage paradigm: warping the garment

to the target body followed by refinement. Recent approaches have shifted toward single-stage

diffusion-based architectures, achieving state-of-the-art photorealism [29, 32, 93, 190, 216, 217].

However, because these methods rely on inpainting within a fixed mask, they primarily focus on

texture preservation and body alignment, largely neglecting the physical reality of garment sizing.

Mask-Free Methods. Another line of research [40, 41, 48, 49, 63, 85, 209] focus on mask-free

architectures. Since real-world paired data is unavailable, these methods typically rely on generat-

ing “pseudo-triplets” via generative modeling to enable supervised training. A common strategy

involves a “Teacher-Student” distillation framework, where a mask-based “teacher” model swaps

garments on training images to generate synthetic ground-truth for a mask-free “student”. Similarly,

Any2AnyTryOn [63] leverages a pretrained inpainting model to digitally replace garments in the

try-on region. A fundamental bottleneck is that this training data is itself hallucinated, causing

models to inherit the artifacts and geometric inconsistencies of the teacher. In contrast, our synthetic

pipeline simulates actual draping dynamics on 3D bodies, yielding true ground-truth pairs with pre-

cise geometry and segmentation, effectively bypassing the error accumulation of 2D pseudo-triplet

generation.

Fit and Size Control. While most VTO works ignore size, a few attempts have been made to

incorporate fit information using geometric heuristics [24, 100, 193, 195]. For instance, [24]

leverages clothing landmarks to transform garment size, while [100] uses body-to-clothing ratios

to resize the conditioning segmentation maps. More recently, [193] and [195] introduce coarse

fit conditioning based on descriptors (e.g., “tight” or “loose”). However, by relying on imprecise

intermediate values or coarse labels, past methods struggle to generalize to complex poses and lack

precise control. In contrast, our fit-aware model avoids noisy geometric heuristics by conditioning

on exact metric measurements.
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Figure 40: FIT dataset generation. (a) Overall pipeline: For each sample, we first simulate
garment draping in 3D via GarmentCode, rendering a synthetic try-on image Is (see (b)). Then, we
generate a text prompt p (via VLM) describing the person and garment appearance, as well as a
composite normal map In based on Is. We use p and In to condition our re-texturing model ftexture

to generate the photorealistic try-on image Itry-on. Finally, our model fpaired generates a paired person
image Ip (see (c)) and a VLM synthesizes the corresponding layflat garment Ig. (b) GarmentCode
simulation: Given a garment design template, we compute a sewing pattern with measurements mg

for a specific body size A. Then, we cross-drape the pattern onto a different target body of size B
with person measurements mp, using box-mesh realignment to prevent simulation failures. (c) To
generate a paired person image (same person and pose, different garment), we start with a paired
rendered image I ′s containing a different garment than in Itry-on draped onto the same body. Next,
we derive an identity map Iid by masking out the combined source and paired garment regions in
Itry-on. Conditioned on Iid, the paired normal map I ′n, and a paired prompt p′, fpaired generates Ip.

6.2 Fit-Inclusive Try-on (FIT) Dataset

In this section, we describe the construction of the FIT dataset. We first report the dataset statistics

in Section 6.2.1. We then detail our data generation pipeline, illustrated in Figure 40, which consists

of the following steps: (1) procedurally generating garment assets with measurements mg and

simulating their drape across diverse sizes of bodies with measurements mp via GarmentCode

(Section 6.2.2); (2) transforming the synthetic renderings Is into photorealistic try-on images

Itry-on via a geometry-preserving re-texturing framework (Section 6.2.3); (3) leveraging identity

conditioning to generate a paired person reference image Ip featuring the same person wearing a
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different garment (Section 6.2.4); and (4) synthesizing the corresponding layflat garment image Ig

using an off-the-shelf VLM model [55] (Section 6.2.5).

6.2.1 Dataset Statistics

Our dataset consists of 1,137,282 training and 1000 test samples, each consisting of (Itry-on, Ip, Ig,mp,mg).

Our data covers 168 distinct body shapes (82 men’s, 86 women’s) in sizes XS-3XL, 528 body

poses, as well as 158,483 unique top and garment designs. Our dataset covers a diverse range of fits,

from loose to tight fits. We provide a histogram of each person/garment size combination in the

appendix. The test dataset is balanced to match the overall distribution over gender, body sizes, and

person/garment size combinations. See Figure 39 and the appendix for examples of our dataset.

6.2.2 GarmentCode Simulation

GarmentCode [99] is a parametric programming framework that enables the procedural generation

and draping of 3D garment patterns, allowing for precise control over sizing and design details.

To generate try-on images with diverse fits, we implement a cross-draping strategy. We begin by

sampling various garment templates and human body models with known measurements mp. From a

garment template, we generate sewing patterns fitted to multiple human bodies of varying sizes. We

then simulate draping these sewing patterns onto a single target human model via GarmentCode’s

custom implementation of Warp [124], thereby creating realistic ”tight” and ”loose” fit scenarios.

However, direct cross-draping initially fails because the 3D box-mesh specified by standard sewing

patterns is aligned with its original target body, causing severe misalignments when applied to a new

body. We address this by explicitly realigning the initial box-mesh panels to the target mesh position

before simulation. Please refer to the appendix for details. Furthermore, GarmentCode’s default

implementation stitches top and bottom garments together into a unified mesh, preventing the

appearance of “tucked-out” shirts. We modify this behavior to drape the top and bottom garments
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in two separate steps (typically simulating the bottom garment first) to ensure proper layering and

realistic interactions between items. The draped 3d mesh is then reposed and rendered with different

person poses to form a synthetic rendering image Is.

Our procedural framework allows us to programmatically extract precise ground-truth garment

measurements mg in centimeters directly from the 2D sewing pattern specifications. We focus on

five critical metrics used in standard sizing: garment length (high point shoulder to hem), bust

circumference (width), and sleeve length for tops; and waist and out-seam length for bottoms. We

also derive four key body measurements directly from GarmentCode’s parametric body model:

height, bust, waist, and hips.

6.2.3 Synthetic-to-Photorealistic Retexturing

Our re-texturing pipeline is designed to transform the synthetic rendering Is into a photorealistic

image while strictly preserving the geometry of both the garment and the subject. Due to the lack

of paired synthetic-to-real training data, we utilize surface normal maps as a geometry-preserving

bridge between domains. Specifically, we finetune a diffusion model, ftexture (based on Flux.1-

dev [16]), to synthesize photorealistic textures conditioned on an input normal map In and a text

prompt p. ftexture is trained on real-world images with the following objective:

Îtry-on = ftexture(In, p) (21)

where In = N(Itry-on) represents the normal map extracted from an off-the-shelf estimator N [92].

Despite utilizing normal maps, a significant domain gap persists between real-world and synthetic

data. First, synthetic renderings Is lack anatomical details, featuring bald heads and bare feet. To

address this, we employ a composite refinement strategy: we prompt Nano Banana Pro [56] to

inpaint realistic facial features, hair, and footwear onto Is, estimate the normals of this enhanced

image, and stitch the resulting head and feet regions onto the original synthetic normal map. This

96



ensures realistic semantic cues while leaving the body and garment geometry untouched. Second,

Similarly, synthetic meshes lack intricate surface details, such as pockets, buttons, and seams. We

observe that our model ftexture successfully inpaints these details when guided by appropriate text

prompts. Similarly, due to GarmentCode’s limited controllability of material, the synthetic garments

exhibit uniform, smooth fabric. To increase fabric diversity, we sample from 72 fabric types (e.g.

leather, cotton, silk) and inject it into the text prompt. We further align the domains by augmenting

the training data with random normal map blurring. This simulates the smoothness of synthetic

normal maps and improves generation quality.

6.2.4 Paired Person Reference Image Generation

Our synthetic framework enables the generation of ground-truth paired data by exploiting procedural

controllability. By fixing the subject’s shape and pose while draping two distinct garments, we

obtain pairs of synthetic renderings (Is, I ′s), normal maps (In, I ′n), garment masks (mg,m
′
g), and

prompts (p, p′).

First, we generate the primary try-on image Itry-on = ftexture(In, p) using the re-texturing pipeline

described in Section 6.2.3. Next, to synthesize the paired reference image Ip, we employ a

conditional inpainting model fpaired:

Ip = fpaired(Iid, I
′
n, p

′), (22)

where Iid represents the identity map, defined as Iid = Itry-on ⊙ (¬mg ∩ ¬m′
g). This operation

preserves the skin and background from the try-on image while masking out the regions occupied

by both the source and paired garments. Essentially, fpaired serves as a geometry-guided inpainter.

To train fpaired, we utilize real human images, creates identity maps by estimating garment masks

and applying random dilation to mimic the dual-garment masking seen at inference. Additionally,

we limit our scope to upper-body try-on, hence we enforce identical bottom garment geometry
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Figure 41: Fit-VTO architecture. Our architecture is a flow-based diffusion model based on Flux.1-
dev [16] and finetuned with LoRA [81]. FiT-VTO generates a try-on image Itry-on given a layflat
garment image Ig, paired person image Ip, and person-garment measurements m = [mp,mg]. First,
image inputs Ig and Ip are encoded into latents separately through a pre-trained VAE encoder.
We replace the text embeddings in Flux.1-dev with custom measurement embeddings membed

computed from m. Person latents are channel-concatenated with the noisy target latents, while
layflat latents and membed are sequence-wise concatenated with zt. After processing through the
diffusion transformer, clean latents are decoded by the VAE decoder.

across pairs during simulation. In practice, we train a unified model for ftexture and fpaired following

Eq. 22, but randomly dropping out Iid.

6.2.5 Layflat Image Generation

Motivated by the impressive image synthesis capability of Nano Banana Pro [56], we use it as an

off-the-shelf virtual try-off model to generate a layflat garment image Ig from Itry-on. Please refer to

the appendix for the exact prompts used.

6.3 Fit-Aware Virtual Try-On

Given an image Ip of person p, a garment image Ig of target garment g, target garment measurements

mg, and person measurements mp, our Fit-VTO model fvto synthesizes the predicted try-on result

Îtry-on of person p wearing g according to the measurements mp and mg.

Îtry-on = fvto(Ip, Ig,mp,mg) (23)
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6.3.1 Dataset Preparation

To increase the robustness of our model to diverse, real-world garments and poses, we crawled

330,559 online fashion images and their corresponding layflat garment images Ig, to augment our

FIT training dataset. Since ground-truth measurements are not available for online images, we

set the measurements to null values (−1). For FIT data samples, all measurements mp, mg are

normalized between 0 and 1.

6.3.2 Architecture

Our architecture (Figure 41) is a flow-matching diffusion model xθ represented as:

v̂t = xθ(zt, t, Ip, Ig,mp,mg) (24)

where zt is the noisy ground-truth image x0 at diffusion timestep t and v̂t is the predicted velocity.

The model xθ is trained to satisfy the consistency constraint where v̂t approximates ground-truth

velocity vt = x0 − z0.

Our network xθ is finetuned from the pretrained Flux.1-dev text-to-image model [16]. FLUX.1-dev

is a powerful, 12 billion parameter text-to-image generator that employs a rectified flow formulation

and a Multi-modal Diffusion Transformer (MMDiT) backbone for efficient, high-fidelity image

synthesis. We finetune only the lightweight LoRA parameters, keeping the majority of the original

model weights frozen.

Person and Garment Conditioning. We condition the model on paired person image Ip and

garment image Ig. Since the Ip is pixel-aligned to the noisy target image zt, we concatenate latents

from Ip and zt channel-wise. Since Ig latents need to be warped to zt, we concatenate them along

the sequence dimension after packing.

Measurement Conditioning. To condition on person and garment measurements, we remove the
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CLIP and T5 text conditionings for Flux.1-dev and instead condition with measurement embeddings

from our custom measurement encoder Em. We first concatenate person measurements mp with

garment measurements mg into a measurement vector m = [mp,mg] ∈ R7. Then, we compute

the Fourier Feature Embeddings for each measurement with 8 Fourier frequency bands, mapping

m → membed ∈ R7×16. These embeddings are further processed by an MLP and projected to

the hidden dimension R3072 of the MMDiT. Our model is conditioned on membed with positional

encodings for each measurement via cross-attention, replacing the T5 text conditioning in the

single-stream and double-stream blocks.

6.4 Experiments

We describe details of experiments in this section. We quantitatively and qualitatively evaluate the

quality of our synthetic triplet data and demonstrate the effectiveness of our baseline fit-aware VTO

model against state-of-the-art methods.

6.4.1 Implementation Details

For synthetic data generation, we initialize our re-texturing model from the pretrained Flux.1-

dev [16] checkpoint and only finetune with LoRA layers [81] with rank 64 and alpha 64. The

model is trained on a custom dataset of 50k real person images (see appendix for details). We adopt

Prodigy optimizer with learning rate 1.0 and weight decay factor 0.01. The training is done on 8

H200 GPUs with a total batch size of 64 and 5k training iterations ( 1 day).

Our baseline VTO model initialized from Flux.1-dev checkpoint and finetuned using LoRA lay-

ers [81] with rank 128 and alpha 128. The measurement encoder is zero-initialized for stable early

training. We finetune our model for 2M iterations on a mix of FIT training dataset and real-world

images. The learning rate is 10−4 with 1000 warm-up steps and batch size is 64. All training is done

on 64 TPU-v5’s for 2 days. At inference, we set guidance scale to 1.0 and number of inference
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steps is set to 50. We keep the same inference scheduler as the base Flux.1-dev release.

6.4.2 Evaluation Baselines, Datasets & Metrics

Paired Image Generation Evaluation. In this work, we propose a novel framework for generating

pseudo-ground-truth paired-person images to enable mask-free VTO training. We benchmark

against three baseline strategies: (1) VLM-based, which prompts Large Vision Language Models to

swap garments while preserving context; (2) VTO-based, which utilizes off-the-shelf virtual try-on

models for garment transfer; and (3) Inpainting-based, which replaces masked garment regions via

generative inpainting. We implement these baselines using Nano Banana Pro, CatVTON [29], and

FLUX-Controlnet-Inpainting [31].

To quantify how well the paired image Ip preserves the identity of the original Itry-on in non-garment

regions (i.e., background, head, and limbs), we compute the Masked L1 Distance Lid:

Lid =
1

N

∑
|(Ip − Itry-on)⊙M | , (25)

where M = 1− (mg ∪m′
g) represents the binary mask of the non-garment regions, and N is the

number of valid pixels in M . We randomly sampled 1000 cases from the dataset to compute this

metric. The pixel values are between 0 and 255.

Fit-Aware VTO Evaluation. We compare our method qualitatively and quantitatively to Any2AnyTryon [63],

Nano Banana Pro [56], COTTON [24], IDM-VTON [28], and ablated versions of our method. We

provide implementation details about related methods in the appendix. We evaluate on the VITON-

HD test dataset [27] to measure general try-on accuracy and the FIT test dataset to evaluate fit-aware

try-on accuracy. For VITON-HD, we generate paired-person images according to Section 6.2.4.

We compute common VTO metrics – SSIM [181], FID [73], LPIPS [208], KID [15] – to evaluate

image similarity between ground-truth and synthesized try-on images. We also implement a custom
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Inputs Ours VLM-based VTO-based Inpainting-based

Figure 42: Paired Image Generation Comparison. VLM methods struggle with pose and shape
preservation, while VTO and inpainting baselines introduce artifacts. Our approach yields highly
consistent paired data.

metric (IoU), specifically designed for measuring size fidelity for the FIT dataset. IoU measures the

Intersection-Over-Union of the garment mask in synthesized try-on image and the ground truth. We

do not compute IoU for VITON-HD, as this dataset does not provide any size conditioning.

6.4.3 Paired Image Evaluation Results

We present a qualitative comparison of the generated paired-person images in Figure 42. Despite

their impressive editing capabilities, VLM-based methods fail to guarantee identity preservation

in non-garment regions (e.g., the left arm pose deviation in the top row). Furthermore, they often

disregard the underlying body shape within the garment region (e.g., the inconsistent chest volume

in the bottom row). Similarly, the VTO and Inpainting-based baselines introduce significant visual

artifacts and struggle to maintain geometric consistency. In contrast, our approach achieves near-

perfect identity and body shape preservation by explicitly conditioning on the identity map and

ground-truth normals. Quantitative analysis confirms our visual findings: our method achieves
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an Lid of 1.61, significantly outperforming VLM-based (4.45), VTO-based (2.29), and Inpainting-

based (3.91) baselines. These results demonstrate that our pipeline successfully generates highly

consistent paired data essential for robust VTO training.

VITON-HD FIT Dataset
SSIM ↑ FID ↓ LPIPS ↓ KID ↓ SSIM ↑ FID ↓ LPIPS ↓ KID ↓ IOU ↑

Any2AnyTryon [63] 0.758 14.186 0.152 2.413 0.819 25.059 0.209 3.939 0.783
Nano Banana Pro [55] 0.552 11.344 0.501 0.624 0.785 19.926 0.166 1.676 0.792

COTTON [24] 0.615 39.117 0.349 11.397 0.759 29.716 0.207 6.269 0.739
IDM-VTON [28] 0.849 9.115 0.077 0.471 0.739 31.229 0.246 6.819 0.789

Oursno FIT 0.817 11.499 0.103 0.639 0.852 16.427 0.095 0.849 0.844
Ourstext 0.763 11.367 0.134 0.766 0.911 11.624 0.054 0.576 0.932

OursFIT only 0.732 14.651 0.192 1.061 0.912 11.248 0.052 0.532 0.952
Ours 0.817 11.391 0.102 0.651 0.914 10.381 0.050 0.144 0.955

Oursft vitonhd 0.833 9.320 0.087 0.670 0.846 17.041 0.096 1.724 0.908

Table 11: Quantitative comparisons. We compare Fit-VTO to related methods and ablated versions
of our method. Oursft vitonhd refers to our method finetuned with VITON-HD training data. Bolded
and underlined values indicate the best and second-best scores per column, respectively.

6.4.4 Fit-VTO Qualitative Results

We showcase qualitative results of Fit-VTO on the synthetic FIT test dataset in Figure 43. Our

method synthesizes high-quality try-on images that maintain high fidelity to the person identity

and garment appearance, while accurately reflecting realistic garment fit with respect to the person

and garment measurements. Fit-VTO handles diverse fit cases, including tight fit, perfect fit, and

loose fit. Our Fit-VTO method also generalizes to real-world images (VITON-HD [27]) without

measurements, as shown in the bottom two rows of Figure 44.

To evaluate Fit-VTO’s ability to independently model person and garment size, we showcase

the results of varying the garment size while keeping the person fixed in Figure 45. Fit-VTO

realistically adjusts garment fit with respect to both garment and person sizes, while maintaining

consistent person and garment appearance. In the appendix, we evaluate independent controllability

of individual garment measurements and show that garment size controllability extends to images

of real-world humans.
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In Figure 44, we qualitatively compare our method to related works. Despite accurate texture

warping, Any2AnyTryon [63], Nano Banana Pro [56], COTTON [24], and IDM-VTON [28] fail to

accurately portray accurate garment fit according to the person and garment sizes. Nano Banana

Pro, for example, produces aesthetically pleasing images, but lacks precise measurement grounding,

leading to incorrect fit (e.g., overly loose or tight) relative to ground-truth (last column). COTTON

also suffers from severe boundary artifacts due to errors in its pre-processing pipeline. In contrast,

Fit-VTO respects person and garment measurements and visualizes accurate garment appearance.

6.4.5 Fit-VTO Quantitative Results

We report quantitative metrics against related methods in Table 11. Fit-VTO excels in nearly

all VTO metrics on both real-world VITON-HD and synthetic FIT datasets. On VITON-HD,

IDM-VTON’s attains slightly stronger results, which is partially explained by its training directly

on VITON-HD, whereas our base method (“ours”) is not. However, with additional VITON-HD

finetuning, our method achieves comparable performance to IDM-VTON on VITON-HD. On the

FIT dataset, Fit-VTO achieves superior size-aware IoU score, even compared to size-conditioned

COTTON. These results indicate that our method effectively delivers high appearance fidelity, as

well as incorporates size information for try-on.

6.4.6 Ablations

In our ablations, we evaluate the impact of our FIT dataset, measurements encoder, and real-world

data supervision. As summarized in Table 11, we compare (1) training without FIT data and only

online fashion images (Oursno FIT), (2) replacing our measurement encoder with pretrained T5 [139]

and CLIP [138] text encoders used in the original Flux.1-dev [16] model (Ourstext), and (3) training

with FIT data only (OursFIT only). See Figure 44 for qualitative comparisons.

The FIT-only model performs well on FIT data, but degrades considerably on VITON-HD, as further
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evidenced in the bottom two rows of Figure 44. We attribute this to overfitting to the garments

and poses FIT dataset, highlighting the importance of real-world training data for generalization.

Conversely, the model trained without FIT data performs well on VITON-HD with respect to

SSIM, FID, and LPIPS, but fails to model person-garment size relationships, as indicated by the

significantly lower size-aware IoU. This demonstrates that real-world data with measurements

predicted by VLM alone are insufficient for learning accurate fit. The text-only model performs

moderately well on VITON-HD – likely because it better preserves the pretrained knowledge from

Flux.1-dev – yet, this model fails to encode precise measurement information and exhibits a low

IoU score. This indicates that pretrained text encoders are not well-designed to represent structured

numerical size inputs. Row 1 in Figure 44 corroborates these findings: Oursno FIT and Ourstext only

exhibit significant errors in representing ill-fitting garment size, while our full method accurately

show accurate garment fit.

Our full model achieves the best balance across both benchmarks, performing on par with the

strongest variants on each domain while delivering high size-aware IoU on FIT. These results

confirm that combining FIT supervision, real-world data, and our measurement encoder yield a

model that is both robust to real imagery and sensitive to garment–person size relationships.

6.5 Scope and Limitations

Our work serves as a proof-of-concept demonstrating that synthetic data generation, grounded in

physics-based simulation, is a promising way to overcome the scarcity of size-annotated data in

virtual try-on. However, as an initial exploration, our current scope is intentionally constrained. We

focus exclusively on upper-body garments in standardized front-facing views (full-body or cropped)

and casual poses, thereby avoiding the complicated collision dynamics. Additionally, the structural

diversity of our dataset is bounded by the capabilities of the GarmentCode engine, limiting our study

to simple structural designs rather than complex, multi-layered apparel. Despite these constraints,

our results validate the core hypothesis: that synthetic, physics-informed supervision can teach
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Figure 43: Qualitative results. We show examples of Fit-VTO results on the synthetic FIT test
dataset. Fit-VTO respects person and garment inputs, while also synthesizing realistic garment fit
based on person and garment measurements (zoom in for details). For brevity, we approximate the
full measurements with a size label (XS-3XL). See the appendix for our size categorization chart.
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Figure 44: Qualitative comparisons. We compare Fit-VTO to related and ablated methods using
synthetic FIT test data (top two rows) and real-world VITON-HD data (bottom two rows). Overall,
our method best depicts the most accurate garment appearance and fit.

generative models to respect precise metric sizing. We believe this synthetic-to-real paradigm

establishes a foundation for future research to scale up to complex, in-the-wild scenarios.

We also identify two specific technical limitations. First, accurately representing the degree of

tightness in the data is challenging. While the feeling of wearing a tight garment or a very tight

garment may vastly differ, the simulated appearance is almost identical – fitted to the skin. As such,

our dataset and VTO model do not represent varying degrees of tightness well (see left column of

Figure 43). Furthermore, our Fit-VTO model is sensitive to correlations in measurements, limiting

its ability to independently alter single measurements. For example, an increase in width frequently

leads to a slight increase in length and sleeve length, as well.
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Figure 45: Independent size control. Fit-VTO realistically visualizes garment fit across various
sizes on a fixed person size.

Conclusion

In this paper, we introduce FIT, the first large-scale dataset and benchmark for fit-aware virtual

try-on (VTO) consisting of over 1.13M samples. We also present Fit-VTO, a novel fit-aware

VTO model designed to leverage FIT’s rich person-garment size annotations. Across extensive

comparisons to related and ablated methods, Fit-VTO demonstrates a clear advantage in modeling

accurate garment fit, according to person and garment measurements.

Future Work: Our immediate next steps involve expanding the dataset scope beyond tops to include

lower-body and full-body garments (e.g., pants, dresses). Additionally, while our current dataset

supports basic pose variation, scaling up the diversity of poses and camera viewpoints remains a

key objective to ensure robust performance across complex, real-world inputs.
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Appendix

6.5.1 Additional FIT Dataset Details

In this section, we provide additional details and statistics about the FIT dataset.

Size Categorization. In our figures, we frequently abbreviate the full person-garment measurements

[mp,mg] with coarse size labels for the person and garment such as XS, L, XL. We determine these

size labels based on average measurement ranges as shown in Table 14. Note that the grouping

of size measurements into coarse size labels (e.g. XS, L, XL) are only used for visualization and

grouping purposes, not Fit-VTO training or evaluation.

Garment Fit Distribution. Our FIT dataset covers a diverse range of fit scenarios. In Figure 46, we

plot the distribution of person/garment size pairings as a histogram, showing that every reasonable

fit scenario is represented, from very tight (e.g. size “XL” person wearing a size“M” garment) to

very loose (e.g. size “XS” person wearing a size “2XL” garment). Implausible fit pairings where the

garment is more than 3 sizes smaller than the person (e.g. size “3XL” person wearing a size“XS”

garment) are not included.

Figure 46: Garment fit distribution. We plot the frequency of each (body size, garment size) pairing
in our dataset according to the size classification in Table 14.
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Measurement Statistics. In Table 12 and Table 13, we report the minimum, mean, maximum,

and standard deviations of the measurements for our body and garment meshes in the FIT dataset,

respectively. Our dataset covers a wide range of body shapes and garment sizes.

Men’s Women’s
Measurement (min, mean, max, std) (min, mean, max, std)

Bust (87, 101, 141, 10) (83, 100, 136, 13)
Height (155, 174, 194, 8.0) (151, 170, 196, 9.0)
Hips (88, 101, 125, 6.0) (89, 104, 127, 10)
Waist (70, 86, 141, 13) (61, 85, 130, 17)

Table 12: Body size statistics. We report the min, mean, max, and standard deviation of our garment
measurements in cm.

Men’s Women’s
Measurement (min, mean, max, std) (min, mean, max, std)

Width (77, 112, 169, 16) (75, 110, 169, 16)
Length (29, 53, 76, 8.0) (29, 51, 76, 7.5)

Sleeve Length (0.0, 30, 79, 17) (0, 29, 79, 17)

Table 13: Garment size statistics. We report the min, mean, max, and standard deviation of our
garment measurements in cm.

Bust Waist Hips
Men’s Women’s Men’s Women’s Men’s Women’s

Size (min, max) (min, max) (min, max) (min, max) (min, max) (min, max)
XS (86, 91) (79, 84) (71, 76) (58, 64) (91, 96) (84, 89)
S (91, 96) (86, 89) (76, 81) (66, 67) (96, 101) (91, 94)
M (96, 101) (90, 95) (81, 86) (71, 75) (101, 106) (97, 102)
L (101, 106) (96, 104) (86, 91) (86, 91) (106, 111) (106, 111)

XL (106, 117) (105, 116) (91, 103) (85, 97) (111, 120) (112, 121)
2XL (111, 127) (112, 125) (96, 115) (91, 105) (120, 134) (120, 130)
3XL (127, 147) (117, 135) (115, 137) (107, 127) (134, 145) (125, 137)

Table 14: Body size categorization statistics. We report the min and max for each body measure-
ments and size label in cm.

Additional Dataset Examples. We present additional examples of try-on triplet data in our dataset

in Figure 48.
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Before Realign. After Realign.

Figure 47: During cross-body draping, the initial boxmeshes are often misaligned with the target
human models, causing draping failures (left). We explicitly realign the boxmesh to ensure
successful simulation (right).

6.5.2 Additional Details on Data Generation Pipeline

Cross Draping vs. Linear Size Change. The standard GarmentCode pipeline computes sewing

patterns based on a design template and target body parameters, yielding a 3D garment that is

well-fitted to the wearer. To generate ill-fitting examples (e.g., oversized or undersized), a naive

baseline would be to linearly scale the garment parameters. However, this fails to capture real-world

sizing dynamics, as garment grading rules are non-linear and distinct from simple geometric scaling.

To address this, we propose a cross-draping strategy. Instead of manipulating the mesh directly, we

instantiate a separate “source” body in a different size, generate a pattern fitted to that body, and

then drape the resulting garment onto the original target body. This process simulates the physical

reality of a person wearing a garment designed for someone else, resulting in significantly more

natural and realistic ill-fitting dynamics compared to simple linear scaling.

Boxmesh Realignment. Cross-draping a sewing pattern onto a target body mesh of a different size

creates misalignments between the boxmesh panels and target body parts, which can lead to draping

errors. We implement boxmesh realignment (Section 3.2 in main) as a critical step for successful
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Figure 48: Additional dataset examples. In each example, we show the paired person image (top
left), garment image (lower left), and the target try-on image (right).
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cross-body draping. See Figure 47 for a visual comparison with and without boxmesh alignment.

To align a given sewing pattern ptgt (might be ill-fit to size sp body) with a target body mesh of size

sp, we use a different, well-fitted (i.e. generated on size sp body) sewing pattern pref as a reference.

We then align the panels of the ptgt to the spatial locations of pref. This ensures that ptgt is aligned to

the target body mesh. Additionally, we observed that significant discrepancies between the human

model’s arm angle and the initialized sleeve panel angle can cause arm-sleeve penetrations. To

mitigate this, we adjust the sleeve angle to match the arm angle prior to simulation.

Retexturing Model Training Data. We train our retexturing model on a dataset of 50k real-world

person images. We use the person images in VITON-HD and additionally scraped online images

featuring modeling posing in front of the camera with a studio background. We use Sapiens [92]

to estimate normal and segmentation maps and Gemini [167] to generate prompts describing the

garment textures and designs. We enforce a structured prompt format containing two sentences (one

per garment piece). This facilitates inference for paired generation: since only the top garment is

swapped, we update the first sentence corresponding to the top, while the second sentence remains

frozen to preserve the bottom garment.

Reposing. Since GarmentCode simulation produces results exclusively in a static A-pose, we

employ a customized reposing pipeline to repose the 3D simulated meshes, thereby expanding the

dataset’s diversity and improve model generalization. In total, we sample from 528 distinct target

poses and repose each sample into a randomly chosen pose from the pool, prioritizing casual stances

commonly encountered in real-world try-on scenarios.

6.5.3 Additional Resizing Results

We further evaluate independent controllability of individual garment measurements in Figure 49.

Fit-VTO realistically adjusts specific garment dimensions with respect to measurement changes,

while preserving the non-adjusted garment dimensions, as well as person and garment appearance.
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Figure 49: Qualitative resizing results. Fit-VTO adapts garment fit according to individual garment
measurements. We show results of independently shrinking and growing the length, width, and
sleeve length with respect to the original value. Please zoom in for details.

To show how Fit-VTO generalizes to real-world images, we provide additional resizing results on

real-world person images in Figure 51. In these examples, the person and person measurements are

captured from real human subjects, and the garment layflat image and measurements are randomly

chosen from the FIT test dataset.

6.5.4 Failure Cases

We show qualitative examples of the limitations of our method in Figure 50. These include a limited

ability to represent varying degrees of garment tightness in GarmentCode [99], which we leave to

future work. Another limitation is that garment measurements are often correlated in our FIT data

(e.g. larger width correlates positively with larger length). As a result, with our Fit-VTO model,

changing one measurement may lead to an unintentional change in another dimension.
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Figure 50: Failure cases. (a) GarmentCode [99] simulation does not model varying degrees of
tightness well, leading to similar-looking fit for all garment sizes smaller than the body size. (b)
As a result of (a), it is difficult to tell the level of tightness in FIT try-on images. (c) Due to the
correlations in measurements across sizes, adjustments to individual measurements may also lead to
undesired changes in other dimensions. In this example, increasing garment length also increases
garment width.

6.5.5 Comparisons to State-of-the-Art

VITON-HD Preprocessing. Due to the lack of paired data, we generated pseudo paired-person

images Ip for every image in the VITON-HD [27] using Nano Banana Pro (see Section 6.5.6 for

prompts). When running our Fit-VTO method, we set the each person and garment measurement to

the null value (-1), same as the dropout value used during training.

Implementation Details.

• Any2AnyTryon [63]: We used the model and code released from the official implementation.

For all evaluations, we used the “dev lora any2any multi” checkpoint.

• COTTON [24]: The officially released code and checkpoint trained on COTTON dataset

was used. For evaluation on the VITON-HD test dataset, the default try-on mode was used.

When running on FIT test dataset, the scaling parameter was computed as r = length/bust.

• Nano Banana Pro [56]: For comparisons to Nano Banana Pro [56], we input the paired-
person image Ip, layflat garment image Ig, person-garment measurements m, and the prompt.

Edit image0 so that the person wears garment in image1 with
size of person and garment described as {measurement
description}.
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Figure 51: Real-world resizing results. We show Fit-VTO try-on performance on real-world
person images using varying garment sizes. Fit-VTO realistically shrinks and grows the garment fit
according to uniform adjustments to the garment measurements–length, width, and sleeve length–
with respect to their original values (1.0x). The size label to the left of each example corresponds to
the person’s body size. Since real-world garment images with precise measurements are difficult to
acquire, we use our synthetic garment images and measurements.

• IDM-VTON [28]: We used the model and code released from the official implementation.

For VITON-HD, the agnostic masks from the original data release were used. For FIT

dataset, agnostic masks were computed from IDM-VTON preprocessing code. All hyper-

parameters(e.g. number of diffusion steps) are set to be the recommended value from official

release.

6.5.6 LLM and VLM Prompts

In the follow sections, we provide the exact prompts used for all calls to LLM (Gemini [167]) and

VLM (Nano Banana Pro [56]) models in this paper.

Head & Shoes Generation.
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Change the head to make it look photorealistic. Add realistic
<hair style> hair, but the hair should always be behind the
shoulder and never at the front. Add <shoe type> if feet
are visible. Make sure that everything else stays identical,
including the human pose, garment shape, size, design and position.

Prompt Generation.

Describe the garment in the image in two sentences. The first
sentence should describe the top garment, and the second sentence
should describe the bottom garment. Note that the input image
is an illustration of the garment type, style and size - please
ignore its existing texture. Please come up with some new
description of the texture, logo and design. Add pocket, zipper,
button, and other garment details if appropriate. Keep everything
under 50 words.

Garment Try-Off.

Create an in-shop product image of the top garment only against
a plain white background.

Paired Person Image Generation.

Generate a new image where the upper garment is changed, and
keep everything else exactly the same, including the bottom
garment, face, human pose, position etc.

Quality Assurance (QA).

We leverage our LLM to filter out draping errors in Is that expose either person bust or groin area.

We use the following two prompts to detect such errors:

Does the garment cover the person’s chest? If so, return ’pass’.
If not, return ’fail’.

Does the image contain a bottom garment (skirt, pants, underwear,
boxers, leggings, or shorts) that covers the person’s groin
area? If so, return ’pass’. If not, return ’fail’.
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6.5.7 Usage of LLMs

In addition to using an LLM [167] as described in Sections 6.5.1, 6.5.5, and 6.5.6, we leveraged an

LLM to improve the grammar and clarity of our writing.
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Chapter 7

CONCLUSION AND FUTURE WORK

This thesis addresses the fundamental challenge at the intersection of generative AI and fashion:

accurately depicting how digital garments look, move, and fit in the real world. Through my contri-

butions spanning image animation, video virtual try-on, 360◦ novel view synthesis, and fit-aware

virtual try-on, I have demonstrated that modern diffusion and flow matching models are powerful

and flexible tools for tackling realistic digital garment visualization. In addition, by introducing

a large-scale dataset of over one million virtual try-on samples and detailed measurements, I not

only promote further research in fit-aware virtual try-on, but also demonstrate that synthetic data

generation methods are a scalable and effective solution for data-scarce problems. Together, these

advances bring us closer to bridging the gap between digital and real-world garments.

7.1 Foundation Models for Digital Fashion

Foundation models for generative computer vision have progressed tremendously over the past

several years. State-of-the-art image generation models [56, 102, 133, 187] can produce highly

photorealistic images from text and image inputs across diverse subjects and styles. Recent video

generation models [58, 168, 169, 175] are able to synthesize long, temporally coherent videos with

realistic motion and fine-grain details. In the 3D domain, Seed3D 2.0 [166] and SAM3D 2.0 [197]

achieve state-of-the-art results on single-image object reconstruction, preserving high frequency

geometric details and fine-grain texture.

Most of the works presented in this thesis were developed before general-purpose foundation models

had reached the current level of quality and robustness – necessitating the task-specific architectures

and training strategies described in each chapter. Today, these powerful models offer a compelling
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Change only the 
shirt!

Input Nano Banana Pro

Generate an image of a 
man who is 66 inches tall 
and wearing a shirt that 

is 66 inches long.

a) b)

Nano Banana Pro

Figure 52: Limitations of modern foundation models. Despite remarkable visual quality, recent
foundation models still struggle with precise conditioning and physical reasoning. a) In this example,
Nano Banana Pro [56] inadvertently modifies both arm and hair regions. b) Nano Banana Pro [56]
misrepresents a single length value as two different quantities in the same image.

starting point for future work in this space. In Chapter 6, I describe one such direction, showing

how state-of-the-art VLMs [167] and image models [16, 56] can be leveraged across multiple

stages of the fit-aware virtual try-on pipeline, including data generation (Section 6.2), virtual try-on

(Section 6.3), and quality assurance (Section 6.5.6). As for my earlier works, an open-source

video model, like Kling-OMNI [168] or Wan [175], could serve as a strong backbone for fashion

image animation, video virtual try-on, or garment novel view synthesis, particularly with targeted

task-specific finetuning. Likewise, a pretrained 3D reconstruction model [166, 197] could be a

promising baseline for garment novel view synthesis or even 3D garment reconstruction.

However, despite remarkable visual quality, foundation models face key limitations when directly

applied to digital fashion applications. First, while these models can often generalize to new tasks

outside of their training domains, they often require additional finetuning to achieve a high level

of the desired behavior, such as pose guidance or exact garment conditioning. In general, precise

conditioning is challenging because foundation models’ non-deterministic generation process

frequently introduces undesired changes to the input subjects – altering garment appearance, person

identity, body shape, and body pose. As a result, these models struggle to faithfully preserve fine-

grain person-and-garment details in the inputs which are essential for reliable fashion applications.

See the example in Figure 52a. Compounding this challenge is the lack of fine-grained evaluation

metrics to reliably detect and measure such failures, making it hard to systematically improve
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these models for fashion-specific applications. A second major limitation is foundation models’

lack of understanding of the physics governing garment behavior. This leads to issues including

physically implausible fabric motion in videos, an inability to understand or accurately represent

garment measurements (Figure 52b), failure to respect fabric material properties such as stiffness

and elasticity, and incorrect or inconsistent 3d garment geometry. Third, the computational demands

of state-of-the-art foundation models pose a significant practical barrier for real-world fashion

applications. These models are often far too expensive and time-consuming for everyday scenarios,

such as running in real-time or on consumer devices. Addressing these limitations is the central

challenge for the next generation of generative AI tools in fashion.

7.2 Open Problems and Future Work

The works in this thesis represent progress towards lifelike digital fashion using generative AI.

However, generative AI today still falls short of the ultimate goal of providing consumers, retailers,

and designers with the tools to visualize, design, and interact with garments in a digital setting

that is equivalent to or even exceeds the real-world experience. Several open problems remain,

including:

• Fabric Awareness: True garment fit is not only a function of the person and garment

measurements, but also the material properties of the fabric – stiffness, weight, elasticity, etc.

These properties also govern realistic garment wrinkling, drape, and flow in motion. As such,

accurate fit-aware or video virtual try-on systems should consider both.

• Fashion-Specific Evaluation: A key challenge is the lack of fashion-specific evaluation met-

rics and benchmark datasets that reflect the specific properties of interest to these applications.

As a result, comparing methods and measuring true progress in fashion AI remains difficult.

• Real-Time Video Virtual Try-On: High-quality, real-time video virtual try-on is still

unsolved, even though such an experience would most naturally emulate a real-world try-on
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experience for consumers.

To address these open problems, I propose the following directions for future research.

7.2.1 Fabric-Aware Virtual Try-On

A fundamental limitation of existing virtual try-on methods, including Fashion-VDM and Fit-VTO,

is their inability to model physically accurate garment fabric. In reality, a garment’s drape, wrinkling,

dynamics, and fit are governed not only by its geometry, but also by its material properties such as

thickness, bending stiffness, stretching resistance, and friction. For example, a silk shirt will exhibit

smooth, flowing drape; whereas, a leather garment of identical geometry will retain a rigid structure

with sharp folds. Incorporating fabric material awareness into virtual try is therefore a natural and

important direction for future work.

A key challenge is the lack of datasets with fabric property annotations. Existing VTO datasets, such

as VITON-HD [27] and FIT [91], contain diverse garment imagery but do not provide information

about underlying material properties, making supervised learning of fabric-aware models infeasible.

Curating such a fabric-aware dataset for virtual try-on would be a valuable next step.

One potential direction is to estimate material properties directly from the images in existing datasets.

Material Palette [120] generates PBR materials from real-world images. FabricDiffusion [205]

transfers fabric textures from clothing images by extracting distortion-free, tileable materials that

are subsequently mapped onto the UV space of a 3D garment as well as a PBR material. However,

while these approaches capture surface appearance, they do not contain fabric-specific properties,

such as garment weight, stretch, bending stiffness, friction, or thickness, which are essential for

fabric-aware VTO. Moreover, inverse estimation is inherently ill-posed and error-prone, and existing

datasets may lack sufficient diversity to robustly infer material behavior.

An alternative and promising direction is the collection of either real-world or synthetic fabric-aware

datasets. Coarse fabric labels (e.g. “silk”, “cotton”, “denim”), which implicitly encode material
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properties, could be scraped alongside garment images from online retailer metadata, though this

data could be noisy and incomplete. Alternatively, more controlled data could be obtained through

simulation platforms such as CLO [1], Style3D [2], and Marvelous Designer [30], which enable

garment design and editing with controllable fabric and fit. These tools could be a valuable source

for generating high-quality, paired VTO training data with fabric annotations.

Given a fabric-aware dataset, the next step would be to incorporate conditioning into a virtual try-on

model. Several works explore physics-based garment simulation. For example, HOOD [60] uses

graph neural networks to predict realistic garment dynamics conditioned on physical properties,

while DiffusedWrinkles [173] and D-Garment [42] model garment deformations using diffusion

models in UV space, conditioned on body shape, pose, and material signals. As discussed in

Chapter 6, Fit-VTO leverages a custom encoder to condition a pretrained text-to-image model on

garment measurements. Building on this approach, a promising research avenue is to integrate

either numerical or textual material information via specialized encoder to a pretrained image or

video foundation model.

Ultimately, fabric-aware virtual try-on requires bridging fabric properties and garment appearance.

Developing representations that encode both the visual appearance and mechanical behavior of

fabrics remains an open challenge, and is a key step toward realistic, controllable, and trustworthy

virtual try-on systems.

7.2.2 Fashion-Specific Evaluation Protocol

A largely overlooked but critical challenge in fashion AI research is the absence of evaluation

metrics and benchmark datasets that reflect the properties these systems are actually designed to

produce. Widely adopted metrics such as FID [73], CLIP [138], and LPIPS [208] measure overall

visual quality and coarse structural similarity, but correlate poorly with the fine-grained properties

specific to fashion applications, including garment texture fidelity, person identity preservation,

accurate body shape, and physically accurate fabric geometry. Overcoming this gap requires new
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benchmark datasets with reliable ground truth and new metrics that are demonstrably aligned with

human perceptual judgments.

Several recent works have begun to address this gap from the angle of perceptual benchmarking.

VTONQA [184] introduced the first quality assessment (QA) dataset specifically designed for virtual

try-on, comprising 8,132 images generated by 11 representative VTON models annotated with

24,396 mean opinion scores across clothing fit, body compatibility, and overall quality. Crucially,

their analysis reveals that traditional image quality assessment metrics correlate poorly with human

judgments on garment-specific factors like deformation and body-garment interactions. Similarly,

VTBench [4] proposes a multi-dimensional evaluation framework spanning five dimensions: overall

image quality, texture preservation, background, consistency, size adaptability, and hand-occlusion

handling, benchmarking 15 recent VTON methods in a standardized setting with human preference

annotations. OpenVTON-Bench [6] introduces a commercial-grade VTO dataset of 100,000 high-

resolution try-on samples and leverages a VLM-as-a-Judge protocol to evaluate VTO images, as

well as a mask-based metric for structural evaluation.

A parallel line of work has focused on developing reference-free metrics that can operate without

ground-truth images. VTON-IQA [74] addresses this by constructing VTON-QBench, a large-

scale human-annotated benchmark of 62,688 try-on images with over 431,800 quality annotations

collected from 13,838 annotators – the largest human perceptual study in virtual try-on to date. The

resulting model achieves reliable human-aligned image-level quality prediction without requiring

reference images, which is essential for evaluating in-the-wild try-on systems. VTEdit-Bench [5]

extends the evaluation scope beyond paired try-on to multi-reference image editing scenarios,

introducing VTEdit-QA, a VLM-based metric that evaluates three dimensions: model consistency,

cloth consistency, and image quality.

These recent works signal a broader shift in the field from general-purpose vision metrics toward

more VTO-specific, human-grounded evaluation frameworks. However, despite this recent progress,

several important gaps remain. First, existing protocols are almost exclusively focused on image-
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based virtual try-on and do not address video try-on systems where additional dimensions such

as temporal consistency, garment motion realism, and identity preservation across frames become

critical. Second, these past works focus on pixel-level evaluation, without measuring physical

correctness, like accurate fit, fabric drape, wrinkling, etc. The FIT dataset introduced in Chapter 6 is

a step forward in this direction, leveraging 3D simulation to provide physically-accurate ground-truth

for evaluating garment fit.

Future work could extend the FIT evaluation protocol to other categories of interest, such as body

shape and fabric properties, leveraging simulation-grounded geometry comparisons that can quantify

fit accuracy without relying solely on human annotation. Similarly, a valuable direction would be

to develop automated metrics for physical geometry, such as landmark-based fit deviation scores.

More broadly, the community would benefit from perceptual studies that establish which measurable

properties best predict user satisfaction in real-world fashion applications, providing a principled

foundation for the next generation of evaluation protocols.

7.2.3 Real-Time Video Virtual Try-On

Despite the advances demonstrated in Fashion-VDM and related works, high-quality video virtual

try-on remains far from real-time deployment. Existing approaches typically require several minutes

of inference on high-end GPUs, making them impractical for the interactive, consumer-facing

applications that would most naturally emulate a real-world fitting room experience, such as live

mirror try-on or mobile fitting apps.

A promising direction toward real-time VTO lies in reducing both the per-step computational

cost and the number of required sampling steps. SwiftTry [131] takes a step in this direction by

introducing “ShiftCaching”, which reduces redundant computation across diffusion timesteps by

selectively updating a subset of frames, but does not yet reach interactive frame rates. Other general

methods roughly fall into the following categories:
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• Latent video diffusion models such as LTX-Video [66] operate in highly compressed latent

spaces, significantly lowering the cost of each denoising step.

• Distillation models like consistency models [163] and progressive distillation [150] have

demonstrated that diffusion models can be distilled into few-step or even single-step generators

with minimal quality loss. Complementary approaches leverage step distillation to enable

few-step or even single-step generation [110], trading additional training complexity for faster

inference.

• Flow matching [111, 116], which replaces the stochastic diffusion process with a determinis-

tic straight-line trajectory between noise and data, offers a more computationally efficient

sampling paradigm and has been adopted in recent state-of-the-art video generation mod-

els [168, 169, 175].

Applying the above techniques to video virtual try-on, where the additional garment conditioning

introduces complexity beyond general-purpose video generation, remains an open problem.

Real-time virtual try-on must also provide consistent streaming and temporal modeling. Most

existing video try-on methods assume access to the full video clip during inference, which is incom-

patible with real-time operation. Real-time systems must instead operate causally by processing

only past and present frames. Autoregressive video generation methods [23, 35, 72, 134, 200]

address this setting by conditioning each generated frame on previously generated ones. Recent

works such as Genie 2 [134] and VideoMAR [201], demonstrate that autoregressive generation can

sustain high visual quality and temporal consistency over long horizons. To address temporal drift,

self-forcing [84], is a technique that explicitly trains models to condition on their own previously

generated frames rather than ground-truth frames. Integrating step-efficient sampling with causal

autoregressive modeling and garment-and-person conditioning could enable video virtual try-on in

real time.
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