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Abstract. As virtual try-on (VTON) systems become increasingly im-
portant in fashion e-commerce, there is a growing need for reliable reference-
free evaluation methods, since ground-truth images of the same person
wearing the target garment are typically unavailable in real-world scenar-
ios. To address this challenge, we propose VTON-IQA, a reference-free
framework for human-aligned image quality assessment without requir-
ing ground-truth images. To model human perceptual judgments, we con-
struct VTON-QBench, a large-scale human-annotated benchmark com-
prising 62,688 try-on images generated by 14 representative VTON mod-
els and 431,800 quality annotations collected from 13,838 qualified anno-
tators. To the best of our knowledge, this is the largest dataset to date for
human subjective evaluation in VTON. Extensive experiments show that
VTON-IQA achieves reliable human-aligned image quality assessment.
Moreover, we conduct a comprehensive benchmark evaluation of 14 rep-
resentative VTON models using VTON-IQA. The dataset and source
code are released at https://github.com/litelightlite/VTON-IQA.
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1 Introduction

Given a person image and a garment image, image-based virtual try-on (VTON)
synthesizes a try-on image of the person wearing the target garment. In the fash-
ion e-commerce domain, it has attracted considerable attention as a means of
providing an online try-on experience and bridging the gap between online and
in-store shopping. Despite its growing practical importance, reliable evaluation
remains a fundamental challenge. In real-world deployment, ground-truth images
of the same person wearing the target garment are typically unavailable, ren-
dering reference-based metrics such as Structural Similarity Index (SSIM) [33]
and Learned Perceptual Image Patch Similarity (LPIPS) [40] impractical. Al-
though large-scale user studies can offer reliable assessments, they are costly,
time-consuming, and difficult to deploy in production settings. Distribution-level
metrics such as Fréchet Inception Distance (FID) [13] and Kernel Inception Dis-
tance (KID) [1], on the other hand, capture dataset-level statistics but fail to
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assess the perceptual quality of individual generated images. Recent efforts have
introduced virtual try-on evaluation methods that do not rely on ground-truth
images [15, 31, 34]. While these methods mark important progress toward task-
specific, reference-free evaluation, their alignment with large-scale human judg-
ments remains insufficiently validated. Moreover, the lack of publicly available
implementations and standardized benchmarks hinders reproducible evaluation
and limits sustained progress in the virtual try-on community.

To address these challenges, we propose VTON-IQA, a reference-free evalu-
ation framework that performs image quality assessment (IQA) of virtual try-
on images without relying on ground truth. Given a person image, a garment
image, and the corresponding generated try-on image, VTON-IQA predicts a
continuous quality score aligned with human subjective evaluations. To model
human perceptual judgments, we construct VTON-QBench, a large-scale human-
annotated benchmark tailored to virtual try-on images. VTON-QBench consists
of 62,688 try-on images generated by 14 representative VTON models and an-
notated through crowdsourced subjective evaluations. Since crowdsourcing in-
evitably introduces variability in annotation quality, including inattentive or
adversarial responses, we design a dedicated data curation pipeline to quanti-
tatively assess annotator consistency and reliability. This process allows us to
identify and exclude unreliable annotators from the final dataset. As a result,
VTON-QBench contains 431,800 high-quality annotations collected from 13,838
qualified annotators. To the best of our knowledge, this is the largest dataset
to date for human subjective quality evaluation in the virtual try-on domain.
With VTON-IQA and VTON-QBench, we provide a scalable and reproducible
alternative to large-scale user studies for evaluating virtual try-on quality.

In virtual try-on, quality assessment must account for not only the perceptual
quality of the generated image, but also garment fidelity and the preservation of
non-target visual elements, such as the person’s identity, body shape, pose, and
background. This requirement fundamentally distinguishes try-on image assess-
ment from conventional single-image quality assessment, which predicts quality
solely from a single input image [32, 36]. Accordingly, evaluating try-on images
requires modeling cross-image interactions among the generated try-on image,
the input garment image, and the source person image. To this end, we in-
troduce an Interleaved Cross-Attention (ICA) module, which extends standard
transformer blocks by inserting a cross-attention layer between the self-attention
and MLP layers in the latter half of the blocks. By enabling structured inter-
actions across the try-on, garment, and person representations, ICA allows the
model to jointly assess whether garment attributes are faithfully transferred and
whether non-target visual elements remain visually consistent. Extensive ex-
periments demonstrate that ICA effectively captures quality factors specific to
virtual try-on and achieves strong alignment with human subjective judgments.

Furthermore, we conduct a comprehensive benchmark evaluation of 14 rep-
resentative virtual try-on models using VTON-IQA. Beyond these baseline eval-
uations, the public release of VTON-IQA can provide a fair, reproducible, and
reference-free evaluation criterion for future virtual try-on methods, serving as a
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reproducible alternative to the ad hoc user studies often conducted in individual
research projects. We expect that this will contribute to the standardization of
quality assessment and further advance research in virtual try-on.

2 Related Work

Image-based Virtual Try-On. Given a person image and a garment image,
image-based virtual try-on synthesizes a try-on image of the person wearing the
target garment. Early approaches [4, 12, 20, 29] predominantly followed a two-
stage pipeline. A clothing-agnostic representation was first constructed by remov-
ing garment-related information from the person image, after which the target
garment was geometrically aligned to the body using Thin-Plate Spline transfor-
mation and fused via a Generative Adversarial Network (GAN) [8]. Subsequent
works improved robustness to complex poses and occlusions through human pars-
ing, pose estimation, and enhanced warping–fusion modules, leading to better
texture preservation and more natural garment boundaries [4,7,11,20,29,38,41].
More recently, diffusion-based approaches have gained popularity due to their
strong ability to reproduce high-frequency details and generate high-resolution
images [14, 28]. Early diffusion-based VTON models leveraged pretrained la-
tent diffusion models and incorporated garment features as conditioning signals
within U-Net architectures [22,42]. Later works explored conditioning strategies
and architectural refinements. For example, IDM-VTON [5] enhances garment
fidelity by disentangling semantic and texture features within attention modules,
whereas CatVTON [6] adopts a simplified end-to-end design by spatially concate-
nating person and garment images. Recent efforts have further transitioned to
Diffusion Transformers (DiT) [27], which offer stronger global modeling through
self-attention [10,17], enabling improved long-range dependency modeling of gar-
ment structure and texture. In parallel, advances in proprietary image editing
models [9, 26] demonstrate that high-quality virtual try-on can be achieved in
a zero-shot manner using a person image, a garment image, and appropriate
textual prompts.
Quality Assessment for Virtual Try-On. Recent works have explored eval-
uation frameworks for virtual try-on that do not require ground-truth images.
VTON-VLLM [31] trains a multimodal large language model using human an-
notations on LLM-generated critiques of synthesized try-on images, enabling
preference-aware evaluation and feedback. However, its focus is on validating
and generating textual critiques rather than learning a direct quantitative image-
level quality predictor. VTBench [15] introduces a hierarchical benchmark that
evaluates virtual try-on results across multiple quality dimensions. Although it
incorporates human-aligned signals through LLM-based general aesthetic pre-
dictor, it does not use a quality assessment model specifically tailored to virtual
try-on. VTONQA [34] is most closely related to our work, as it constructs a
human-annotated dataset to train a virtual try-on quality evaluator. However,
its relatively limited dataset scale may restrict the robustness of the learned
model. In contrast, we construct a large-scale human-annotated benchmark and



4 Y. Hirakawa et al.

Fig. 1: Overview of the VTON-QBench construction pipeline. VTON-QBench is built
through five stages: (1) synthetic garment–person pair augmentation via FLUX.1-dev,
(2) pseudo-triplet construction, (3) virtual try-on image generation using 14 represen-
tative VTON models, (4) crowdsourced human annotation with reference images, and
(5) dataset curation to remove unreliable annotations. This pipeline ensures fashion
diversity, controlled evaluation settings, and reliable human-aligned quality labels.

Table 1: Comparison of dataset statistics. VTON-QBench significantly expands the
scale of garment–person pairs, try-on images, annotators, and quality annotations com-
pared to prior work, and is publicly available (OSS).

Method # Pair # Try-On # VTON Model # Annotator # Annotation OSS

VTONQA [34] 748 8,132 11 40 N/R No

VTON-QBench 13,153 62,688 14 13,838 431,800 Yes

learn a reference-free, image quality assessment model aligned with human per-
ceptual judgments.

3 VTON-QBench

To enable human-aligned quality assessment for VTON, we construct VTON-
QBench, a large-scale dataset comprising 62,688 try-on images generated by 14
representative models and 431,800 quality annotations collected from 13,838
crowd workers who met reliability criteria. Fig. 1 shows an overview of the
VTON-QBench construction pipeline, which consists of five stages: (1) synthetic
garment–person pair augmentation via FLUX.1-dev, (2) pseudo-triplet construc-
tion, (3) virtual try-on image generation using 14 representative VTON models,
(4) crowdsourced human annotation with reference images, and (5) dataset cu-
ration to remove unreliable annotations. As shown in Table 1, VTON-QBench is
larger in scale than the concurrent work [34] and, to the best of our knowledge,
the only publicly available dataset for human subjective evaluation in VTON.
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3.1 Image Preparation

Data Augmentation via Synthetic Garment–Person Pairs. VTON-QBench
is constructed from the test splits of VITON-HD [4] and Dress Code [23], both
of which provide high-quality garment–person image pairs (IG, IP ). However,
due to the limited diversity of their test sets, the constructed pairs lack varia-
tion in garment styles, body shapes, poses, and person appearances. To improve
coverage beyond the original benchmarks, we augment the data with synthetic
garment–person pairs, as illustrated in Fig. 2a. Specifically, we generate addi-
tional pairs according to the fashion style taxonomy of Mystylebox [24], cov-
ering 24 diverse styles. For this generation process, we employ FLUX.1-dev [2]
and train a LoRA specialized for garment–person pair synthesis [16] using an
internally collected dataset. This allows us to obtain paired garment and person
images with broader variations in appearance while maintaining compatibility
between the garment and the target person. Since synthetic generation may in-
troduce inconsistencies between the garment image and the corresponding person
image, such as mismatches in category, color, silhouette, or texture, we apply a
two-stage verification process. First, we perform automatic attribute-consistency
filtering using GPT-4.1 [25] to remove pairs with obvious semantic or visual mis-
matches. Second, experienced reviewers familiar with fashion images, including
researchers in related computer vision fields, manually inspect the remaining
pairs to ensure that garment attributes are preserved and that the generated
person images are visually plausible. We retain only pairs that pass both stages.
As a result, the number of garment–person pairs increases from 6,981 to 13,153,
corresponding to approximately 1.9× the original scale. Additional details on
the generation procedure are provided in the supplementary material.
Pseudo-Triplet Construction. To enable comparison with existing reference-
based metrics such as SSIM [33] and LPIPS [40], we construct pseudo-triplets
from existing garment–person pairs (IG′ , IP ′), where IP ′ is the ground-truth
person image wearing garment IG′ . Given a pair (IG′ , IP ′), we sample a different
garment image IG′′ such that G′′ ̸= G′, and apply a strong virtual try-on model
M̂ to generate an intermediate try-on image IV ′′ = M̂(IG′′ , IP ′), in which the
original garment G′ is replaced with G′′. We then define the pseudo-triplet as
(IG, IP , IR) = (IG′ , IV ′′ , IP ′), where IG′ serves as the target garment image,
IV ′′ as the input person image, and IP ′ as the ground-truth reference image.
Given this pseudo-triplet, a target VTON model M generates try-on image IV =
M(IG′ , IV ′′), and reference-based metrics can be computed by comparing IV and
IP ′ . This construction converts an otherwise unpaired setting into a pseudo-
reference setting, allowing systematic comparison with reference-based metrics.
In our experiments, we use Nano Banana Pro [9] as the strong virtual try-on
model M̂ . Since generating IV ′′ may introduce unintended changes, such as
pose shifts, background alterations, or modifications outside the target garment
region, we manually filter the generated samples and retain only those in which
garment replacement is the primary difference while the person structure and
background are preserved.
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(a) Synthetic garment–person pairs. (b) Distribution of Krippendorff’s α.

Fig. 2: Left: Representative synthetic garment–person pairs introduced to enhance
fashion diversity. Right: Distribution of Krippendorff’s α before and after data curation,
showing improved inter-annotator agreement after filtering unreliable annotations.

Try-On Image Generation. We generate virtual try-on images IV using 14
representative models: VITON-HD [4], HR-VITON [20], LADI-VTON [22], SD-
VITON [29], CAT-DM [39], OOTDiffusion [37], IDM-VTON [5], CatVTON [6],
CatVTON-FLUX [6], FitDit [17], Any2AnyTryon [10], Qwen-Image-Edit [35],
Nano Banana Pro [9], and GPT-Image-1.5 [26]. For each model, we use pub-
licly released pretrained weights and follow the recommended inference settings
whenever available.

3.2 Annotation Protocol

For each clothing image IG, person image IP , and generated try-on image IV ,
we collect independent quality annotations A from multiple crowd workers. Our
preliminary experiments showed that garment length consistency is difficult to
assess from the clothing image IG alone. Therefore, we additionally provide a ref-
erence image IR, where the target garment is worn by a real person, as auxiliary
context. Each questionnaire contains 50 evaluation tasks with a fixed structure
and rating format. By varying the presented image tuples, we construct 2,139
questionnaires, each of which is assigned to multiple crowd workers to obtain
repeated independent evaluations for every sample. Each annotation a ∈ A is
given on a three-level ordinal scale: (1) unnatural, (2) slightly unnatural but
acceptable, and (3) natural. The final subjective quality score S(IG, IP , IV ) is
computed as the average numerical rating across annotators:

S(IG, IP , IV ) =
1

|A(IG, IP , IV )|
∑

a∈A(IG,IP ,IV )

L(a), (1)

where L(a) is defined as follows:

L(a) =


1 if a = “Unnatural”,
2 if a = “Slightly unnatural, but acceptable”,
3 if a = “Natural” .

(2)
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3.3 Dataset Curation

Crowdsourced annotation inevitably introduces variability in response quality,
including careless or inconsistent responses. To collect reliable annotations, we
design a two-stage curation pipeline that removes unreliable annotators and
low-agreement annotations. First, we perform annotator-level filtering using five
shared dummy tasks with unambiguous answers, which are included among the
50 tasks assigned to each annotator. Annotators who fail these sanity checks are
removed. We further exclude annotators who select identical responses for more
than 80% of the tasks or disagree with the majority vote in more than 60%
of cases. These annotator-level filters reduce the total number of annotations
from 1,149,144 to 480,412. Next, we perform questionnaire-level filtering based
on inter-rater agreement. Specifically, we compute Krippendorff’s α [18] for the
three-level ordinal labels within each questionnaire and discard questionnaires
with α ≤ 0.4. This yields 431,800 retained annotations after curation. As shown
in Fig. 2b, the average agreement increases from 0.286 to 0.550, and 94.5% of the
retained questionnaires achieve α > 0.4. Given the inherent variability of sub-
jective evaluation, an α above 0.4 is generally considered acceptable, indicating
substantially improved annotation consistency [19].

4 Image Quality Assessment for VTON (VTON-IQA)

Given a garment image IG, a person image IP , and a generated try-on image IV ,
VTON-IQA predicts a continuous quality score ŝ ∈ [−1, 1] aligned with human
perceptual judgments. To effectively assess try-on quality from these inputs, we
introduce the Interleaved Cross-Attention (ICA) module, which captures cross-
image relationships among the garment, person, and try-on images. This section
presents the overall architecture of VTON-IQA, followed by a detailed descrip-
tion of the proposed ICA module.

4.1 Model Architecture

We adopt a three-branch transformer architecture to process the garment image
IG, the person image IP , and the generated try-on image IV , as illustrated in
Fig. 3. Each image is first embedded into a sequence of patch tokens augmented
with a [CLS] token:

X(0)
m = ϕ(Im) ∈ RN×d, m ∈ {G,P, V }, (3)

where N is the number of tokens and d is the embedding dimension. The feature
extraction module consists of L transformer blocks. For the first half of the
network, standard transformer blocks are applied independently to each branch:

X̃(ℓ)
m = X(ℓ−1)

m + SA(ℓ)(X(ℓ−1)
m ),

X(ℓ)
m = X̃(ℓ)

m +MLP(ℓ)(X̃(ℓ)
m ),

ℓ = 1, . . . , L/2, m ∈ {G,P, V }. (4)
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Fig. 3: Architecture of VTON-IQA. The network processes IG, IP , and IV through a
three-branch transformer backbone. The first half of layers perform independent fea-
ture extraction, while the latter half incorporates Interleaved Cross-Attention (ICA) to
explicitly model cross-image interactions. The scoring module aggregates [CLS] repre-
sentations to predict a human-aligned image-level quality score.

In the latter L/2 layers, we extend the standard transformer block by introduc-
ing the proposed ICA module. Unlike conventional multi-branch designs that
symmetrically model all pairwise interactions, ICA is motivated by the observa-
tion that virtual try-on quality primarily depends on the consistency between
the generated try-on image and its corresponding garment and person images.
Specifically, after the self-attention operation, cross-attention is applied between
the try-on representation and each of the garment and person representations.
In other words, interactions are explicitly modeled for the modality pairs (V,G)
and (V, P ) in both directions. The cross-attention features are computed as

C(ℓ)
m←n = CA(ℓ)(Q = X̃(ℓ)

m ,K = X̃(ℓ)
n , V = X̃(ℓ)

n ),

(m,n) ∈ {(V,G), (G,V ), (V, P ), (P, V )}.
(5)

To reflect the asymmetric dependency structure, the try-on representation XV

aggregates contributions from both garment and person features:

X̂
(ℓ)
V = X̃

(ℓ)
V + C

(ℓ)
V←G + C

(ℓ)
V←P . (6)

In contrast, the garment and person branches only incorporate information from
the try-on branch:

X̂
(ℓ)
G = X̃

(ℓ)
G + C

(ℓ)
G←V , X̂

(ℓ)
P = X̃

(ℓ)
P + C

(ℓ)
P←V . (7)

This asymmetric interaction design emphasizes that the quality judgment is
fundamentally centered on the generated try-on image, which must be evalu-
ated with respect to both garment fidelity and preservation of non-target visual
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elements. By explicitly modeling V ↔ G and V ↔ P interactions while avoid-
ing unnecessary G ↔ P coupling, ICA provides structured relational modeling
tailored to virtual try-on quality assessment. After the final layer L, we extract
the [CLS] token from each branch to obtain compact global representations cG,
cP , and cV for the garment, person, and try-on images, respectively. We first
compute an intermediate relational score s̃ as a weighted combination of cosine
similarities between the try-on representation and the garment/person represen-
tations:

s̃ = α
c⊤GcV

∥cG∥ ∥cV ∥
+ (1− α)

c⊤P cV
∥cP ∥ ∥cV ∥

, (8)

where α ∈ [0, 1] is a learnable scalar parameter that adaptively balances the rel-
ative importance of garment consistency and preservation of non-target regions.
This formulation explicitly captures two complementary aspects of virtual try-on
quality: (i) garment consistency via the similarity between cG and cV , and (ii)
preservation of non-target visual elements via the similarity between cP and cV .
By learning α, the model dynamically weights these two relational components,
allowing the overall quality score to reflect their relative significance in human
perceptual judgment. Finally, the predicted score is obtained through a learnable
affine transformation followed by a tanh activation:

ŝ = tanh(as̃+ b), (9)

where a and b are learnable scalar parameters. The tanh function constrains
the score to the bounded interval [−1, 1], which improves numerical stability,
enhances interpretability, and enables consistent comparison across models.

4.2 Loss Function

Human ratings for virtual try-on images can exhibit high variance on an ab-
solute scale, whereas relative preferences between two outputs for the same
person–garment pair are often more consistent. We therefore optimize a joint
objective that combines pairwise preference learning with score regression. In-
spired by the Bradley–Terry model [3], we model pairwise preferences between
two try-on results, IVi and IVj , generated from the same person–garment pair
(IG, IP ). The predicted preference probability is defined as

pθ := Pθ(IVi ≻ IVj | IG, IP ) = σ

(
Ψθ(IG, IP , IVi

)− Ψθ(IG, IP , IVj
)

τ

)
, (10)

where σ(·) denotes the sigmoid function, Ψθ(·) is the predicted quality score, and
τ is a temperature parameter. Similarly, given the human evaluation scores Si

and Sj assigned to IVi
and IVj

, the empirical human preference probability is
defined as

qij := Phuman(IVi
≻ IVj

| IG, IP ) = σ

(
Si − Sj

τ

)
. (11)
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The overall objective is given by the soft-label cross-entropy combined with a
score regression term:

Lθ = − qij log pθ − (1− qij) log(1− pθ) +
∑

k∈{i,j}

∥Ψθ(IG, IP , IVk
)− Sk∥22 . (12)

The first term aligns the predicted pairwise preference distribution with the
empirical human preference distribution via soft-label cross-entropy, while the
second term enforces consistency between the predicted quality scores and the
corresponding human ratings.

5 Experiments

We train VTON-IQA on VTON-QBench and evaluate it on the held-out test
set against conventional reference-based metrics and a zero-shot baseline model.
We report correlation with human ratings and pairwise ranking accuracy, and
conduct ablation studies to quantify the effect of the proposed ICA module.
Finally, we apply VTON-IQA to benchmark 14 representative VTON models on
Dress Code and VITON-HD under both paired and unpaired settings.

5.1 Experimental Setup

Implementation Details. We build VTON-IQA on top of DINOv3 ViT-L/16 [30].
To integrate the proposed ICA module, we augment the last 12 transformer
blocks with ICA layers and fine-tune both the original parameters of these blocks
and the inserted ICA layers, while freezing the parameters of the first 12 layers.
The model is optimized using AdamW [21] with a batch size of 16 and a learning
rate of 1× 10−4. We employ early stopping based on the validation loss, select-
ing the checkpoint with the lowest validation loss if no improvement is observed
for three consecutive epochs. Training is conducted on a single NVIDIA A100
(40GB) GPU using bfloat16 mixed-precision.
Dataset. We split VTON-QBench into 43,948 training, 5,702 validation, and
13,038 test samples, with disjoint person and garment identities across splits.
The quality scores are normalized to [−1.0, 1.0] using Min–Max normalization
followed by a linear transformation, with the normalization parameters estimated
from the training set and applied consistently to the validation and test sets.
Baselines. We compare our method with representative reference-based metrics,
including SSIM [33] and LPIPS [40]. As a strong reference-free baseline, we
include zero-shot DINOv3 [30], in which garment, person, and try-on images
are processed independently and the final score is computed using the cosine
similarity formulation in Eq. (8), with α = 0.5. To assess the effectiveness of
ICA, we further evaluate VTON-IQA with and without ICA.
Metrics. We evaluate prediction performance by measuring agreement with
human subjective scores. We report Pearson’s Linear Correlation Coefficient
(PLCC, ρPLCC) and Spearman’s Rank Correlation Coefficient (SRCC, ρSRCC)
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Table 2: Comparison with baseline performance. Note that LPIPS is originally a
“lower-is-better” metric; for consistency, we compute all metrics on its negated values.
For SSIM, LPIPS, and zero-shot DINOv3, ρPLCC and R2 are not reported, as their
score scales are not directly comparable to human subjective ratings.

Scorer ρSRCC ↑ ρPLCC ↑ R2 ↑ Amacro ↑ Amicro ↑ reference-free fine-tuned

SSIM [33] 0.150 – – 0.596 0.593 × ×
LPIPS [40] 0.406 – – 0.701 0.695 × ×
DINOv3 [30] 0.244 – – 0.637 0.641 ✓ ×

VTON-IQA w/o ICA 0.617 0.615 0.372 0.722 0.747 ✓ ✓
VTON-IQA 0.750 0.751 0.553 0.781 0.790 ✓ ✓

Table 3: Comparison with human performance. We estimate human performance by
randomly splitting test-set annotators into two groups and treating their aggregated
scores as ground truth and predictions, respectively. For fair comparison, VTON-IQA
is evaluated against labels aggregated from half of the test-set annotators.

Scorer ρSRCC ↑ ρPLCC ↑ R2 ↑ Amacro ↑ Amicro ↑

Ours 0.699 ± 0.002 0.700 ± 0.002 0.489 ± 0.004 0.771 ± 0.003 0.783 ± 0.002
Human 0.760 ± 0.004 0.762 ± 0.004 0.536 ± 0.008 0.782 ± 0.002 0.791 ± 0.002

over all generated try-on images to assess global score consistency with hu-
man ratings. PLCC measures linear agreement, while SRCC evaluates whether
the predicted scores preserve the ranking induced by human judgments. We
also report the coefficient of determination (R2) to assess regression accuracy
with respect to absolute human scores. We further evaluate within-pair ranking
consistency using pairwise accuracy at the garment–person pair level. For each
garment–person pair M , all generated try-on images are compared pairwise, re-
sulting in

(
NM

2

)
comparisons, where NM is the number of images for pair M .

A comparison is counted as correct if the predicted scores preserve the relative
ordering of the corresponding human scores. We report micro-averaged pairwise
accuracy (Amicro), computed over all pairwise comparisons, and macro-averaged
pairwise accuracy (Amacro), computed per pair and then averaged. Because NM

is relatively small and varies across pairs, Amacro can be unstable; thus, we use
Amicro as the main pairwise metric and Amacro as a complementary metric.

5.2 Quantitative Results

Comparison with Baselines. Table 2 summarizes the evaluation results on the
test set of VTON-QBench. For SSIM, LPIPS, and zero-shot DINOv3, ρPLCC and
R2 are not reported, as their score scales are not directly comparable to human
subjective ratings, rendering these statistics less meaningful. Note that LPIPS is
originally a “lower-is-better” metric; for consistency, we compute all correlation
and regression metrics on its negated values so that all metrics follow a “higher-
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Fig. 4: Qualitative results. From left to right: garment image, target person image,
generated try-on results (columns 3–7), and ground-truth image. The top-right value
shows the human score, and the top-left black box indicates each metric’s ranking.

is-better” convention. Among reference-based metrics, SSIM exhibits weak align-
ment with human judgment, achieving low SRCC and pairwise accuracy. LPIPS
performs better than SSIM but still shows a substantial gap compared to ours.
The comparison between zero-shot DINOv3 and VTON-IQA without ICA high-
lights the importance of task-specific training on VTON-QBench, while further
performance gains obtained by incorporating garment–person interaction model-
ing demonstrate the effectiveness of the proposed ICA module. The full VTON-
IQA achieves the highest scores across all reported metrics, with ρSRCC = 0.750,
ρPLCC = 0.751, and the best macro and micro pairwise accuracy.

Comparison with Human. To estimate human performance, we split the
annotators in the test set into two disjoint groups and compute independent
quality scores from each group. One group is treated as ground-truth labels,
while the other serves as predictions. This random partitioning is repeated 10
times, and we report the mean and standard deviation of the metrics across runs.
For fair comparison with human performance, VTON-IQA is evaluated against
the same ground-truth group in each run, while being trained on quality scores
aggregated from all available annotators in the training set. Table 3 presents
the comparison between human performance and our model. For correlation-
based metrics (ρSRCC and ρPLCC) and the coefficient of determination (R2), a
noticeable gap remains between our model and human performance, indicating
room for further improvement in capturing fine-grained perceptual alignment.
In contrast, our method achieves performance close to the human level in terms
of macro accuracy (Amacro) and micro accuracy (Amicro). This suggests that, for
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Table 4: Evaluation results of VTON methods on Dress Code [23]. Since several
GAN-based models support only upper-body garments, their evaluation on Dress Code
is restricted to upper-body categories and reported in gray for reference. Bold and
underlined values indicate the best and second-best results for each metric, respectively.

paired unpaired

Method Ours ↑ FID ↓ KID ↓ SSIM ↑ LPIPS ↓ Ours ↑ FID ↓ KID ↓

Proprietary image edit model

Nano Banana Pro [9] 0.305 1.837 0.471 0.917 0.045 0.295 5.179 1.048
GPT-Image-1.5 [26] 0.237 4.270 0.729 0.824 0.170 0.205 5.621 0.845

DiT-based diffusion

Qwen-Image-Edit [35] -0.094 6.827 4.541 0.928 0.066 -0.081 7.495 3.477
CatVTON-FLUX [6] 0.014 3.093 0.291 0.890 0.122 -0.132 4.914 0.767
FitDit [17] 0.219 3.374 0.623 0.899 0.083 0.153 4.771 0.642
Any2AnyTryon [10] -0.045 4.312 1.347 0.895 0.133 -0.236 6.359 1.800

U-Net-based diffusion

LADI-VTON [22] -0.562 6.608 2.907 0.893 0.150 -0.694 9.131 4.414
CAT-DM [39] -0.412 5.643 2.229 0.881 0.143 -0.741 8.189 3.408
OOTDiffusion [37] -0.230 4.571 1.044 0.888 0.080 -0.511 8.593 2.981
IDM-VTON [5] 0.141 3.223 0.797 0.911 0.058 -0.349 4.931 1.095
CatVTON [6] -0.081 5.306 1.841 0.882 0.110 -0.232 6.927 2.015

GAN-based

VITON-HD [4] -0.933 94.605 90.826 0.854 0.224 -0.933 96.261 94.204
HR-VITON [20] -0.835 20.873 8.767 0.917 0.109 -0.841 22.626 9.337
SD-VITON [29] -0.868 17.494 5.736 0.911 0.107 -0.874 19.575 6.798

pairwise quality comparisons of individual try-on images, the proposed model
demonstrates human-comparable decision consistency.

5.3 Qualitative Results

Fig. 4 presents representative qualitative comparisons. From left to right, the
columns show the garment image, the target person image, the generated try-on
results (columns 3–7), and the ground-truth image. The try-on results are ar-
ranged in ascending order of human subjective scores. For each try-on image, the
value in the top-right corner denotes the human score, while the black box in the
top-left corner indicates the rank of the five try-on images assigned by each met-
ric. In the first row, only the top human-rated sample faithfully preserves both
garment length and printed text details. Both our method and LPIPS correctly
rank this sample as the top result, demonstrating sensitivity to fine-grained gar-
ment consistency. The second and third rows highlight cases involving structural
changes. The second row contains pose variations, while the third row exhibits
differences in zoom level, which often arise in mask-free try-on models without
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Table 5: Evaluation results of VTON methods on VITON-HD [4]. Bold and
underlined values indicate the best and second-best results for each metric, respec-
tively.

paired unpaired

Method Ours ↑ FID ↓ KID ↓ SSIM ↑ LPIPS ↓ Ours ↑ FID ↓ KID ↓

Proprietary image edit model

Nano Banana Pro [9] 0.303 3.318 0.707 0.904 0.052 0.315 10.309 2.454
GPT-Image-1.5 [26] 0.255 9.613 3.500 0.768 0.220 0.234 12.801 4.631

DiT-based diffusion

Qwen-Image-Edit [35] 0.137 6.195 2.849 0.882 0.071 0.087 10.706 3.030
CatVTON-FLUX [6] 0.207 5.470 0.413 0.872 0.132 -0.025 9.084 0.878
FitDit [17] 0.230 8.048 1.232 0.843 0.144 0.189 9.893 1.355
Any2AnyTryon [10] 0.074 9.043 3.271 0.860 0.169 -0.082 12.018 3.892

U-Net-based diffusion

LADI-VTON [22] -0.756 15.404 7.416 0.847 0.202 -0.864 21.515 12.333
CAT-DM [39] -0.419 9.154 2.340 0.842 0.171 -0.511 11.774 3.141
OOTDiffusion [37] 0.018 5.915 0.290 0.845 0.114 -0.142 9.064 0.543
IDM-VTON [5] 0.151 6.007 0.775 0.865 0.101 0.039 9.093 1.119
CatVTON [6] -0.163 9.082 2.710 0.833 0.196 -0.266 11.199 2.824

GAN-based

VITON-HD [4] -0.512 9.450 1.956 0.877 0.130 -0.559 11.535 2.437
HR-VITON [20] -0.420 9.379 2.578 0.883 0.118 -0.504 11.809 2.921
SD-VITON [29] -0.368 7.746 1.567 0.886 0.112 -0.479 10.412 1.912

strict pose or scale constraints. Since SSIM and LPIPS rely on pixel- or feature-
level alignment with the reference image, they tend to over-penalize such global
transformations and produce rankings that deviate from human judgments. In
contrast, VTON-IQA remains consistent with human perception, demonstrat-
ing robustness to pose and scale variations while still capturing try-on-specific
quality differences.

5.4 Quality Assessment Results for VTON Models

We conduct a comprehensive evaluation of 14 representative VTON models un-
der both paired settings (where ground-truth try-on images are available) and
unpaired settings (where no reference images are provided). In the paired set-
ting, reference-based metrics such as SSIM and LPIPS are applicable, whereas
unpaired evaluation typically relies on distribution-level metrics including FID
and KID. As a reference-free method, VTON-IQA can be applied consistently
in both settings. All experiments are performed on the original test sets of Dress
Code and VITON-HD, with results reported in Tables 4–5. Across both datasets,
proprietary image editing models achieve the highest VTON-IQA scores. Nano
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Banana Pro ranks first in all configurations, followed by GPT-Image-1.5, suggest-
ing stronger alignment with human subjective ratings. In contrast, conventional
full-reference metrics yield different rankings. Under SSIM and LPIPS, GPT-
Image-1.5 performs substantially worse, particularly on VITON-HD, where it
ranks below earlier GAN-based models. As discussed in Section 5.3, these met-
rics penalize global structural variations such as pose and zoom changes. To
further validate this hypothesis, we randomly sample 30 results per model and
find that only one Nano Banana Pro sample exhibits noticeable pose or zoom
variation, compared to 19 for GPT-Image-1.5, thereby accounting for the lower
SSIM/LPIPS scores. More broadly, several diffusion models achieve competitive
FID/KID scores yet rank lower than the proprietary models under VTON-IQA,
indicating that distribution-level similarity does not necessarily reflect percep-
tual quality in virtual try-on.

6 Conclusion

We presented VTON-IQA, a reference-free, human-aligned image quality as-
sessment framework for virtual try-on. To support reliable learning and evalua-
tion, we constructed VTON-QBench, a large-scale human-annotated benchmark
comprising 62,688 try-on images and 431,800 quality annotations from 13,838
qualified annotators. To ensure the reliability of these annotations, we devel-
oped a dedicated curation pipeline that quantitatively assesses annotator con-
sistency and filters unreliable responses and annotators. This process provides
reliable subjective supervision for training VTON-IQA to predict human-aligned
quality scores from try-on, garment, and person images. By introducing an In-
terleaved Cross-Attention (ICA) module, VTON-IQA explicitly models interac-
tions among these inputs, leading to stronger alignment with human subjective
judgments. With VTON-IQA, we further conduct a comprehensive benchmark
evaluation of 14 representative VTON models under both paired and unpaired
settings, revealing that recent proprietary image-editing models achieve higher
quality scores than OSS models. Meanwhile, conventional metrics such as SSIM,
LPIPS, and FID/KID often fail to reflect these improvements, highlighting the
gap between pixel- or distribution-level similarity and human-perceived try-on
quality. Beyond our baseline benchmark, the public release of VTON-IQA can
provide a fair, reproducible, and reference-free evaluation criterion for future
VTON methods, serving as a scalable alternative to the ad hoc user stud-
ies often conducted in individual research projects. Overall, VTON-IQA and
VTON-QBench support the standardization of quality assessment and sustained
progress in the virtual try-on community.
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