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Abstract

Diffusion models enables high-quality virtual try-on (VTO)

with their established image synthesis abilities. De-

spite the extensive end-to-end training of large pre-trained

models involved in current VTO methods, real-world ap-

plications often prioritize limited training and inferenc-

ing/serving/deployment budgets for VTO. To solve this ob-

stacle, we apply Doob’s h-transform efficient fine-tuning

(DEFT) for adapting large pre-trained unconditional mod-

els for downstream image-conditioned VTO abilities. DEFT

freezes the pre-trained model’s parameters and trains

a small h-transform network to learn a conditional h-

transform. The h-transform network allows to train

only 1.42% of the frozen parameters, compared to base-

line 5.52% in traditional parameter-efficient fine-tuning

(PEFT). To further improve DEFT’s performance, and de-

crease existing models’ inference time, we additionally pro-

pose an adaptive consistency loss. Consistency training

distills slow but performing diffusion models into a fast

one while retaining performances by enforcing consisten-

cies along the inference path. Inspired by constrained op-

timization, instead of distillation, we combine the consis-

tency loss and the denoising score matching loss in a data-

adaptive manner for fine-tuning existing VTO models at a

low cost. Empirical results show proposed DEFT-VTON

method achieves SOTA performances on VTO tasks, as well

as a number of function evaluations (denoising steps) as low

as 15, while maintaining competitive performances.

1. Introduction
Virtual try-on (VTO) technology has emerged as a transfor-
mative solution in the e-commerce fashion and general im-
age editing industries, addressing the critical gap between

*Equal contribution.
†Work done during internship at Amazon.

online shopping convenience and the traditional in-store fit-
ting experience [1–3]. VTO allows customers to visual-
ize how clothing items would look on themselves without
physical interaction with the garments, revolutionizing the
online shopping experience. Virtual try-on technology has
evolved significantly with the emergence of denoising diffu-
sion models. Denoising diffusion models are a class of ex-
pressive generative models that progressively convert noise
to realistic data [4–6].

Large-scale denoising diffusion models have achieved
unparalleled success on unconditional image synthesis [7].
Unconditional diffusion models approximate the score of
the underlying distribution s

ω(t,x) → ↑x log pt(x). For
conditional generations regarding a constraint y, we can es-
timate the conditional score based on the unconditional one
through the Bayes’ theorem:

↑x log pt(x|Y = y) → s
ω(t,x) +↑x log pt(Y = y|x),

(1)
where ↑x log pt(Y = y|x) represents the guidance

guiding the denoising process towards the conditioned re-
sults. Existing methods explore training-free sampling of
conditioned processes with an unconditioned model as well
as fine-tuning methods. Although training-free methods
do not suffer from extensive retraining and fine-tuning of
the unconditional model, they suffer from a slow sampling
process rooting in the expensive estimation of the guid-
ance and slower convergence rates than their unconditional
counterpart [8, 9]. On the other hand, fine-tuning methods
on large unconditional methods require impractical train-
ing costs, as well as large amounts of paired data points
[10–13]. Doob’s h-transform efficient fine-tuning (DEFT)
employs a large-scale pre-trained unconditional diffusion
model, which can achieve high-quality unconditional gen-
eration, but is computationally intractable to fine-tune [14].
DEFT instead suggests learning a small-scale network h to
directly approximate the guidance ↑x log pt(Y = y|x).
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Figure 1. DEFT-VTON achieves realistic results across diverse application domains.

DEFT freezes the weights of the unconditional model,
and achieves state-of-the-art (SOTA) perceptual qualities
on tasks such as image reconstruction while achieving
speedups [14, 15].

Despite their superior generation capabilities, diffusion
models are slower than VAEs and GANs because of their
large number of function evaluations (NFEs), even with
highly optimized samplers [16–18]. Meanwhile, distilling,
pre-training, and regularizing with consistency losses along
inference paths have provided improved generation quali-
ties and speeds [19–23].

We propose DEFT-VTON to train an adaptor that directs
unconditional generations of a pre-trained diffusion model
to that of a VTO conditioned one. In particular, we pro-
pose an adaptive loss that balances the consistency loss and
the DEFT loss on the fly, achieving SOTA performances on
VTO tasks, while using only a limited computational bud-
get. Empirical results suggest adding the consistency loss
speeds up the VTO inference up to 40% while maintaining
the same performances.

2. Related works
Virtual try-on Given an image of a person and a target
garment, virtual try-on (VTO) methods aim to generate an
image of the person wearing the target garment, while pre-
serving the garment’s fine-grained details and blending nat-

urally into the surrounding context [1]. Traditional methods
combine pose, body shape, and other garment-agnostic per-
son representations with images of the target garment for
generation [24–34, 34–38].

Consistency models Consistency models accelerate and
even avoid the iterative sampling process of diffusion mod-
els, supporting fast one-step generation by design, while
still allowing multi-step sampling to trade compute for
sample quality [19]. Given a probability flow ODE that
smoothly converts data to noise, consistency models learn
to map any point on the ODE trajectory to the data for gen-
erative modeling. As all points along the ODE trajectory
are trained to map to the same data point, these mappings
are called consistency models. [20, 22, 39, 40] expands on
the idea, achieving better generation qualities while main-
taining low NFEs. Remaining consistent along generation
paths have also proved beneficial to avoiding sampling er-
rors, and improves generation performances [21].

Conditional diffusion models Conditional generation
with diffusion models can be generally divided into
training-free and training methods. Training-free methods
evaluate score guidance at inference time, guiding uncon-
ditional generations towards that of a conditional one [8–
10, 15, 41]. Despite these methods do not require any train-
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Figure 2. We train an efficient h-transform network to perform virtual try-on tasks. → indicates combination along spatial dimension, ↑
indicates combination along channel dimension, ↓ indicates discarding the specified part of the tensor, blue indicates frozen parameters,
red indicates trainable parameters.

ing computations, they require expensive inference time
evaluations, hindering their use in large scale and high reso-
lution VTO tasks. [10, 11] fine-tunes the pre-trained model
for better conditional performances. However, such fine-
tuning can be unpractical for large scale pre-trained mod-
els. [7] trains a small-scale classifier and use a guidance
based on the gradient with respect to the classifier at infer-
ence time. However, this classifier must be trained on noisy
data so it is generally not possible to plug in a pre-trained
classifier, and the training and sampling resembles that of
a GAN, leading to an inflated performance on the evalua-
tion criteria [11]. DEFT trains an adaptor network extra to
the pre-trained model to approximate a Doob’s h-transform
function, efficiently achieving SOTA perceptual quality and
inference speeds on image reconstruction tasks.

3. Method
We now introduce our proposed DEFT-VTON method. We
first give brief reviews to a baseline VTO model, DEFT,
and consistency model, and then combine with constrained
optimization to propose an adaptive loss used for training
DEFT-VTON.

3.1. Baseline model
We use a Latent Diffusion baseline VTO architecture as
base model, for similar architectures see [1, 6, 34]. The
training process takes a target image Ip ↓ R

3→H→W , a bi-
nary garment reference image Ig ↓ R

3→H→W , and a mask
image IM ↓ R

H→W . We define the garment agnostic image

as:
Ia = Ip ↔ IM , (2)

where ↔ represents the element-wise product. Then we ap-
ply pre-trained VAE encoder ω to the garment agnostic im-
age Ia and the garment reference image (in the form of in-
shop garment or used in-scene) Ig:

Za = ω(Ia), (3)
Zg = ω(Ig), (4)

where Za,Zg ↓ R
CZ,HZ,WZ , with HZ,WZ ↗ H,W . We

interpolate the mask IM to match the latent space size and
get Im ↓ R

CZ→HZ→WZ . Next, we join Za,Zg along the
spatial dimension to get Zc ↓ R

CZ→HZ→2WZ , and join the
mask Im with an all-zero matrix of the same size to create
Imc ↓ R

CZ→HZ→2WZ :

Zc = Za ↘ Zg, Imc = Im ↘O, (5)

where ↘ represents joining along the spatial dimension,
and O represents the all-zero matrix. At the beginning of
the denoising process, we sample a Gaussian noise matrix
W ≃ N (0, I) of the same shape as Zc and Imc to join with
them along the channel dimension and get

XT = Zc ⇐ Imc ⇐W, (6)

where ⇐ represents joining along the channel dimension.
XT goes through the UNet s to predict XT↑1, and iterate
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Figure 3. Structure of DEFT-VTON (right) compared to baseline
PEFT architecture (left). While the baseline PEFT trains 5.51%
percent of the backbone network, we freeze the backbone com-
pletely and train an auxiliary network with 1.42% percent of the
backbone network parameters.

for a large number T times to predict a clean X0. In partic-
ular, we have

Xt↑1 = s(Zc ⇐ Imc ⇐Xt, t). (7)

Finally, we split X0 ↓ R
CZ→HZ→2WZ along the spa-

tial dimension to get the latent VTO result X
VTO
0 ↓

R
CZ→HZ→WZ , and use the pre-trained VAE decoder D to

transform back to the image space, getting our VTO image
prediction Î

VTO ↓ R
3→H→W .

The baseline model freezes the weights of the VAE, and
performs a parameter-efficient training of the diffusion U-
Net. In particular, the model training consists of first adding
various levels of noises to the encoded target image ω(Ip)
and then predicting the noises added [42].

3.2. DEFT
We now give a brief review to conditioning diffusions with
the h-transform. Starting with a forward stochastic dif-
ferential equation (SDE) transforming a data distribution
P0 = pdata to a Gaussian distribution PT = N (0, I):

dXt = ft(Xt)dt+ εtdWt,X0 ≃ P0, (8)

where the drift ft and the diffusion εt are given explicitly.
Specifically, in DDPM discretizations, we have ft(Xt) =

⇒ε(t)
2 Xt, and εt =

√
ϑ(t), with ϑ(t) explicitly given. Un-

der mild assumptions, there exists a reverse SDE with drift
bt that transforms PT back to P0:

dXt = bt(Xt)dt+ εtdWt,XT ≃ PT , (9)

bt(Xt) = ft(Xt)⇒ ε
2
t
↑Xt log pt(Xt). (10)

Unconditional diffusion models trains by approximating the
score function s(Xt, t) = ↑Xt log pt(Xt), which can be
cheaply evaluated for certain drift and diffusion functions
[16, 18].

Figure 4. H-transform network takes the same inputs as the dif-
fusion U-Net, and guides the unconditional generator towards
VTON results.

Conditional diffusion models want to condition the re-
verse SDE on a particular observation. Doob’s h-transform
provides a mathematical tool for guiding an SDE to hit a
event at a given time [43, 44]:

Theorem 1 (Doob’s h-transform [14, 44]) Consider the

equation 9, the conditioned process Xt|X0 ↓ B is a

solution to:
{
dHt = (bt(Ht)⇒ ε

2
t
↑Ht log p0|t(X0 ↓ B|Ht))dt+ εtdWt,

Ht ≃ PT ,

where we represent unconditional processes with Xt and

conditional processes with Ht, bt(Ht) = ft(Ht) ⇒
ε
2
t
↑Ht log pt(Ht) and P(X0 ↓ B) = 1.

In the case of VTO, we are interested in inpainting tasks,
and conditioning on Y = Zc ⇐ Imc, where Zc and Imc

are the latent reference and the interpolated mask, as de-
fined in equation 5. We aim to sample from the posterior
p(X = x0|Y = y). The h-transform admits a denoising
score matching objective given as follows:
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Theorem 2 (DSM for generalised h-transform [14])
For a given condition y, let Q be the path measure of the

conditional SDE

dHt = (ft(Ht)⇒ ε
2
t
(↑Ht log pt(Ht)))dt+ εtdWt,

(11)

where HT ≃ Q
ft

T
[p(x0|y)] =

∫
pT |0(x|x0)p(x0|y)dx0

converges to the Gaussian distribution N (0, I) exponen-

tially w.r.t. T for VP-SDE. The h-transform then admits a

denoising score matching (DSM) objective:

h
↓ = arg min

h↔H

Ly

DSM
(h), (12)

Ly

DSM
(h) ⇑ EX0↗p(x0|y),t↗Unif(0,T ),Ht↗pt|0(xt|x0)

(13)

[⇓(ht(Ht) +↑Ht log pt(Ht))⇒↑Ht log pt|0(Ht|X0)⇓2]
(14)

Theorem 2 induces that the generalized h-transform
ht(x,y) = ↑x log pt(y|x) can be approximated by solv-
ing the minimization problem

min
h↔H

Ey↗Y[Ly

DSM
(h)]. (15)

With a DDPM discretization of the SDE and a epsilon-
matching formulated pre-trained model sω

→

t
, this minimiza-

tion problem 15 reduces to





minh↔H E(x0,y),ϑ,t[⇓(h(Ht,y) + s
ω
→

t
(Ht, t))⇒ ϖ⇓2],

Ht =
⇔
ϱ̄tX0 +

⇔
1⇒ ϱ̄tϖ,

(x0,y) ≃ p(X0,Y),

ϱ̄t = exp(⇒
∫
T

0 ϑ(s)ds),

ϖ ≃ N (0, I).

We use this minimization formulation for learning the VTO
h-transform network to guide an unconditional diffusion
model.

3.3. Consistency model
Consistency training accelerates diffusion models while
maintaining similar performances [23]. At the same time,
enforcing consistencies along inference trajectories reduces
shift between the training and the sampling distribution of
diffusion models and improves the performances [21]. Dif-
ferent from the iterative generation of diffusion models,
consistency models are defined as s : (xt, t) ↖ xϖ , where
ς is a fixed small number, and are trained to predict the data
point in one step [19]. Specifically, consistency models sat-
isfy the self-consistency property:

s(xt, t) = s(xt↑ , t
↘), ↙t, t↘ ↓ [ς, T ]. (16)

Existing works distill a pre-trained diffusion model into
a consistent model, greatly accelerating the generation pro-
cess [45, 46]. Initializing the distilled parameters with φ,

Consistency Training

Figure 5. Consistency finetuning reduces number of function eval-
uations of diffusion models in the sampling process.

we maintain a target model with parameters φ
↑, which is

updated with the exponential moving average (EMA) of φ,
defined as φ↑ = µφ

↑ + (1⇒ µ)φ. The distillation model is
trained by minimizing the consistency loss:

L(φ, φ↑) = Ex,n[d(sω(xtn+1 , tn+1), sω↓(xtn , tn))], (17)

where d(·, ·) is a chosen metric. We follow [20] and use the
pseudo-Huber loss. In our case, as we do not perform dis-
tillations, and have an h-transform network with drastically
different structures to the pre-trained diffusion model, we
instead define the following training streamline:





minh↔H Ex,t[d(sω(xt, t) + h(xt, t), sω(xt↑ , t
↘) + h(xt↑ , t

↘))],

xt =
⇔
ϱ̄tx0 +

⇔
1⇒ ϱ̄tϖ,

ϖ ≃ N (0, I).

We follow the noising schedule and weighting function sim-
ilar to [20]. Sampling from a consistency model is similar
to sampling from a DDIM, where we first predict the clean
data at each step, and add slightly less noises. We refer to
algorithm 1 of [19] for similar sampling process.

3.4. Adaptive loss
We now combine the DEFT training in 3.2 and consis-
tency training in 3.3 adaptively, drawing ideas from con-
strained optimization. We first perform DEFT training in
isolation for a performant h-transform network, using ar-
chitectures as shown in Figure 2. Afterwards, we finetune
the h-transform network with the consistency loss for better
sampling while retaining the VTO abilities. This problem
can then be formulated as:

min
h↔H

Ey↗Y[Ly

CM
(h) + Ly

DSM
(h)], (18)

such that: (19)
Ly

CM
(h) = (20)

E(X0),ϑ,t[⇓h(Ht,y) + s
ω
→

t
(Ht)⇒ ϖ⇓2] ∝ (21)

E(X0),ϑ,t[⇓h
DEFT (Ht,y) + s

ω
→

t
(Ht)⇒ ϖ⇓2], (22)

where h
DEFT is the minimizer of the DEFT objective

Ey↗YLy

DSM
(h). Vanilla method to solve this problem at

scale is minimizing LCM + ↼LDSM . However, this vanilla
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method risks losing VTO abilities, as the network is able to
find easy local minima with small consistency loss LCM .
We generalize on this loss and propose to minimize

Ladaptive = ↼DSM1 max(LDSM , b1) (23)
+ ↼DSM2 min(LDSM , b2) + ↼CMLCM , (24)

where ↼CM , ↼DSM1, ↼DSM2, b1, and b2 are constants. The
h-transform network trains for better VTO abilities when
the VTO performance on a data point is lackluster, while
focusing on the consistency objective when the VTO per-
formance is good. Empirical results show that this adaptive
loss helps preserve VTO performances while accelerating
the sampling process.

Algorithm 1 Adaptive training algorithm for x0 prediction
1: Input: pre-trained encoder ω, pre-trained score net-

work s, initialized h-transform network h, garment
agnoistic images, mask images, reference images,
and target images {I(i)a , I

(i)
M
, I

(i)
g , I

(i)
p }N

i=1, coefficients
↼DSM1,↼DSM2, ↼CM , threshold b1, b2.

2: Freeze weights of ω and s

3: while Not converged do
4: for i ↓ 1, . . . , N do
5: Interpolate image space mask IM to get latent

space mask Im.
6: Encode input x(i)

0 = (ω(Ia) ↘ ω(Ig)) ⇐ (Im ↘
O)⇐ (ω(Ip))

7: Sample noise level {tj}Nt
j=1 ≃ Unif(0, 1).

8: Sample noise W ≃ N (0, I).
9: Inject noise {xi

tj
=

√
ϱ̄tjx

(i)
0 +

√
1⇒ ϱ̄tjW}Nt

j=1.
10: Infer {x̂(i,j)

0 = s(t,x(i)
tj
) + h(t,x(i)

tj
)}Nt

j=1.

11: Compute LDSM = 1
Nt

∑
Nt

j=1 P-Huber(x̂(i,j)
0 ⇒

x
(i)
0 ), LCM = 1

Nt↑1

∑
Nt↑1
j=1 P-Huber(x̂(i,j)

0 ⇒
x̂
(i,j+1)
0 ).

12: Return loss ↼DSM1 max(LDSM , b1) +
↼DSM2 min(LDSM , b2)+↼CMLCM for optimization.

13: end for
14: end while
15: Return: trained h-transform network h.

4. Experiment
4.1. Datasets
Virtual try-on test dataset For testing, we conduct exper-
iments using the test-split of the widely recognized public
dataset VITON-HD [26] to compare against existing SOTA
methods on blending image conditions into reference im-
ages in the VTO task. The VITON-HD dataset test-split is

composed of pairs of reference garment images, source im-
ages, and preprocessed mask and pose images. The source
image serves as the ground-truth label, which is composed
of the model wearing the item from the reference garment
image. The VITON-HD test split includes 2,032 pairs of
upper-body garment in front-facing poses. For our testing
experiments, we reuse the preprocessed mask images pro-
vided in the dataset.

Virtual try-all dataset In order to perform the try-
on task beyond the front-facing garment try-on and com-
monly used garment categories like shirts and pants, as is in
VITON-HD, we use a Virtual Try-All (VTA) dataset with
diverse clothing and product categories, as well as novel
object scenarios. The dataset includes 1) Expanded cloth-
ing categories, including jackets, pajamas, and more; 2)
Clothing and non-clothing. Clothing include bags, hats,
and shoes, non-clothing include jewelry, toys, and more.
3) More complicated source and reference images. Unlike
existing datasets, reference images in the VTA dataset ex-
hibits variety of object scenarios; for instance, the garment
can be shown flat (lay-flat) instead of on a model in 3D form
(also known as ghost-mannequin), it can also be shown be-
ing worn (on-figure) or not (off-figure).

Data cleaning and preparation To pick the right im-
age pairs, we use a classifier to check if the source image is
displaying the product in the reference image. To generate
accurate masks, we first apply an object detection model to
generate the bounding box area of the product in the source
image, and then use the bounding box to prompt a segmen-
tation model to create the inpainting mask for the source
image.

4.2. Implementation details
We use a Latent Diffusion model as our pre-trained model
backbone. The model consists of a pre-trained autoencoder
and score diffusion U-Net. We freeze these networks and
train an h-transform network . During inference, we use
a DDIM sampling method adapted to consistency models
(for similar methods, see e.g. [19]). We perform training on
8 NVIDIA H100 GPUs.

4.3. Evaluation metrics
The evaluation is conducted in a paired and unpaired set-
ting. In the paired setting, the original garment in the source
image is the same as the garment provided in the reference
image. The source image is served as the ground truth im-
age. We use SSIM [49] and LPIPS [50] to compare the
ground truth with the generated results. In an unpaired im-
age, the garment in the source image is a different garment
from the referent image. We compute the distribution dis-
tance between the source image and the generated image
with FID [50] and KID [51] score. We follow the imple-
mentation in [52].
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Figure 6. Comparison of our DEFT-VTON (15 sampling steps) with CatVTON (50 sampling steps) [34], OOTDiffusion (20 sampling
steps) [47], and IDM-VTON (30 sampling steps) [48].

4.4. Qualitative results
We provide four semantic examples in Figure 6 on DEFT-
VTON’s performances with only 15 sampling steps, and
compare to that of SOTA models, CatVTON with 50 sam-
pling steps, OOTDiffusion with 20 sampling steps, and
IDM-VTON with 30 sampling steps [34, 47, 48]. We fur-
ther compare DEFT-VTON’s performances with existing
SOTA models’ performances on complex multi-garment
try-on tasks in Figure 7. DEFT-VTON achieves the best
performance across different models and different tasks,
further confirming its performance boosts.

4.5. Quantitative Results
4.5.1. Comparison with different model configurations
We first study which model configurations work best for the
VTO task.

We compare our approach with state-of-the-art methods.
As shown in Table 1, DEFT-VTON significantly outper-
forms the established VTO models across all metrics on
the VITON-HD test dataset. DEFT-VTON achieves SOTA
performances compared to existing works, while using less
function evaluations. The improvement is significant, es-
pecially on the SSIM, FID, and the KID metric, showing
that our model better maintains the structural information
in the image. We show more comprehensive evaluations on
VITON-HD test dataset in the Supplementary Material.

4.5.2. Number of function evaluations
We perform an ablation study of DEFT-VTON across dif-
ferent sampling steps on the VITONHD dataset. The eval-
uated scores stabalizes after 12 steps, highlighting consis-
tency fine tuned DEFT-VTON’s efficiency in the sampling
process. We attach details to the ablation study in the Sup-

Models VITON-HD

SSIM ↔ LPIPS ↗ FID ↗ KID ↗

StableVTON 0.8543 0.0905 11.054 3.914
LaDI-VTON 0.8603 0.0733 14.648 8.754
IDM-VTON 0.8499 0.0603 9.842 1.123
OOTDiffusion 0.8187 0.0876 12.408 4.680
CatVTON 0.8704 0.0565 9.015 1.091

DEFT, LDSM , 25 steps 0.9118 0.0533 8.3351 0.5212
DEFT, LDSM , 15 steps 0.9098 0.0521 8.6339 0.7916

DEFT, LDSM + LCM , 25 st. 0.9105 0.0564 8.6310 0.7243
DEFT, LDSM + LCM , 15 st. 0.9130 0.0542 8.8567 1.016

Table 1. Results of baseline comparisons with DEFT-VTON [34,
47, 48, 53, 54]. Bold texts indicate best models, underlined texts
indicate second best models. We provide results on the dresscode
dataset in the appendix.

plementary Material.

4.6. Ablation study on adaptive coefficients

We perform an ablation study on the adaptive balancing co-
efficients between the h-transform loss and the consistency
loss. We use the same threshold for triggering a higher
focus on LDSM and the same coefficients for LCM , and
ablate to study the impact of the coefficients of the coeffi-
cients for LDSM . As shown in Figure 8, consistency loss
increases and DSM loss decreases as we increase the coef-
ficient. We find setting the coefficient at 0.6 to achieve the
best balance between LCM and LDSM .
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Figure 7. Comparison of DEFT-VTON with SOTA models on complex multi-garment try-on task.

Figure 8. LCM and LDSM corresponding to different adaptive
training coefficients. We use the same threshold for triggering a
higher focus on LDSM and ablate its coefficients.

5. Conclusion

In this paper, using a pre-trained diffusion transformer as
backbone, we explore Doob’s h-transform efficient fine-
tuning (DEFT) and consistency training for virtual try-on
tasks. Compared to existing VTO frameworks, the pro-
posed DEFT-VTON completely freezes the backbone net-
work, and trains an auxilary network with number of pa-
rameters as low as 1.42% of the backbone network. Being
able to train auxiliary networks allows for efficient adap-
tations to ever-improving SOTA unconditional models re-
gardless of their model sizes. To further accelerate the sam-

pling process while preserving the VTO ability, we explore
an adaptive balancing between the DEFT loss and the con-
sistency loss. Ablation study shows DEFT finetuning leads
to SOTA VTO performances, while the consistency finetun-
ing accelerates the sampling process for up to 40% while
retaining the same performances. Our model outperforms
existing SOTA models both qualitatively and quantitatively,
while requiring much less training cost.

6. Limitation
While our proposed DEFT-VTON framework exhibits
SOTA performances, as the h-transform network is only
1.42% of the pre-trained network, it relies heavily on the
pre-trained unconditional model. The model might suf-
fer from the same limitations as the base model, with
any artifact or failure pattern observed in the uncondi-
tional model generally propagating into the DEFT-VTON
model.
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DEFT-VTON: Efficient Virtual Try-On with Consistent Generalised
H-Transform

Supplementary Material

1. Ablation study
We provide ablation studies on the coefficients of LDSM as
well as the number of steps.

LDSM coefficient While the table shows better SSIM and
LPIPS scores for fewer steps (15) with changing LDSM co-
efficients, the FID and KID scores, which assess perceptual
quality, are worse. Empirically, we observe that the con-
sistency finetuned models better preserve garment colors
and complex text/graphics, as shown in Figure 1, on some
challenging tasks involving complex text/graphics preser-
vation, unclear reference images, and tasks that are rare in
the training dataset, 15 steps sampling of the consistency
finetuned model qualitatively outperforms the one only fine-
tuned with DEFT loss, reaffirming the quantitative obser-
vation that consistency finetuning improves sampling with
fewer steps.

We also observe that, when the coefficient on LDSM is
overly small, the DEFT-VTON model loses its VTO abili-
ties.

Number of sampling steps Table 1 shows that the SSIM
and LPIPS scores exhibit an initial rise and subsequent de-
cline as sampling steps increase in the consistency fine-
tuned DEFT-VTON model, implying an optimal perfor-
mance at approximately 15 steps. We also observe that the
FID and KID score consistently improve as we increase the
number of sampling steps. Although this shows improve-
ments in human perception, it does not always translate to
better VTO results, with rising cases of hallucinations.
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Models VITON-HD

SSIM → LPIPS ↑ FID ↑ KID ↑

StableVTON 0.8543 0.0905 11.054 3.914
LaDI-VTON 0.8603 0.0733 14.648 8.754
IDM-VTON 0.8499 0.0603 9.842 1.123
OOTDiffusion 0.8187 0.0876 12.408 4.680
CatVTON 0.8704 0.0565 9.015 1.091

DEFT, LDSM , 25 steps 0.9118 0.0533 8.3351 0.5212
DEFT, LDSM , 15 steps 0.9098 0.0521 8.6339 0.7916

DEFT, 0.2LDSM + LCM , 12 steps 0.9063 0.0782 25.7948 15.52
DEFT, 0.2LDSM + LCM , 15 steps 0.9064 0.0798 27.8843 18.92
DEFT, 0.2LDSM + LCM , 25 steps 0.9034 0.0853 33.2223 24.53

DEFT, 0.4LDSM + LCM , 12 steps 0.9135 0.0553 9.1671 1.2612
DEFT, 0.4LDSM + LCM , 15 steps 0.9136 0.0552 8.7922 0.9970
DEFT, 0.4LDSM + LCM , 25 steps 0.9098 0.0581 8.4704 0.6649

DEFT, 0.6LDSM + LCM , 12 steps 0.9122 0.0560 9.0136 1.1998
DEFT, 0.6LDSM + LCM , 15 steps 0.9132 0.0553 8.6611 0.9104
DEFT, 0.6LDSM + LCM , 25 steps 0.9100 0.0579 8.5988 0.6713

DEFT, 0.8LDSM + LCM , 12 steps 0.9112 0.0571 9.0765 1.2336
DEFT, 0.8LDSM + LCM , 15 steps 0.9126 0.0561 8.7394 0.9378
DEFT, 0.8LDSM + LCM , 25 steps 0.9101 0.0592 8.4160 0.5474

DEFT, 1.0LDSM + LCM , 10 steps 0.8935 0.0862 12.7324 3.5322
DEFT, 1.0LDSM + LCM , 11 steps 0.9111 0.0573 9.2023 1.3684
DEFT, 1.0LDSM + LCM , 12 steps 0.9114 0.0571 8.9859 1.1134
DEFT, 1.0LDSM + LCM , 15 steps 0.9125 0.0561 8.7113 0.8937
DEFT, 1.0LDSM + LCM , 20 steps 0.9081 0.0617 8.8301 0.8030
DEFT, 1.0LDSM + LCM , 25 steps 0.9091 0.0599 8.5058 0.5952

Table 1. Results of baseline comparisons with DEFT-VTON on VITON-HD dataset. Bold texts indicate best models, underlined texts
indicate second best models.
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Figure 1. Results from test cases involving complex text and graphics preservation, unclear reference images, and unusual tasks. Each row
shows a single task, starting with the original image and progressing through garment image, masked original image, 25-step sampling
results (before consistency fine tuning), 15-step sampling results (before consistency fine tuning), and finally, 15-step sampling results
(after consistency fine tuning).
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