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Abstract. As virtual try-on (VTON) advances, a growing number of
real-world scenarios have emerged, pushing beyond the ability of the ex-
isting specialized VTON models. Meanwhile, universal multi-reference
image editing models have progressed rapidly and exhibit strong gen-
eralization in visual editing, suggesting a promising route toward more
flexible VTON systems. However, despite their strong capabilities, the
strengths and limitations of universal editors for VTON remain insuffi-
ciently explored due to the lack of systematic evaluation benchmarks. To
address this gap, we introduce VTEdit-Bench, a comprehensive bench-
mark designed to evaluate universal multi-reference image editing models
across various realistic VTON scenarios. VTEdit-Bench contains 24,220
test image pairs spanning five representative VTON tasks with progres-
sively increasing complexity, enabling systematic analysis of robustness
and generalization. We further propose VTEdit-QA, a reference-aware
VLM-based evaluator that assesses VI'ON performance from three key
aspects: model consistency, cloth consistency, and overall image quality.
Through this framework, we systematically evaluate 8 universal editing
models and compare them with 7 specialized VTON models. Results
show that top universal editors are competitive on conventional tasks
and generalize more stably to harder scenarios, but remain challenged
by complex reference configurations, especially multi-cloth conditioning.
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Table 1: Summary of supported tasks for specialized VTON models and universal
multi-reference image editing models.

Specialized VION Model Universal
Task 2024 Editing
SD. Stable. [12] TDM. [4] TPD [34]| FastFit [] MV. Omni. Any2any. l CaL [5] oorifr. ITA. IMAG. Model
S2M v v v v v v v v v v v v
S2MM X X X X X X X X X X X X v
S2MV | x x x x x x x x x x x x v
MoM | x x x x x x v x v x x x v
MS2M X X X X v X X X X X X X v

Task abbreviations: $2M (shop-to-model), $2MV (shop-to-multi-view), S2MM (shop-to-multi-model), M2M (model-to-model), MS2M (multi-shop-to-model).
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Fig. 1: Overview of VTEdit-Bench, illustrating VTON tasks and dataset composition,
the comparison between universal and specialized models, and the proposed unified
evaluation metrics.

1 Introduction

In recent years, virtual try-on (VTON) has increasingly shaped online shopping
and digital fashion. For consumers, it provides intuitive visualization of garments
on themselves or virtual avatars, improving engagement and decision-making.
For retailers, VTON enables interactive product experiences that can boost con-
version and reduce returns. As e-commerce continues to expand, practical VTON
systems are expected to support a broad range of real-world scenarios, as illus-
trated in Fig. a), from Shop2Model to Model2Model and beyond. Developing
robust and adaptable VITON models is therefore crucial.

Recent progress has been driven by specialized VTON methods
, which largely adapt text-to-image backbones with mask-
based generation or inpainting. While they achieve strong results in canonical
settings such as Shop2Model, extending them to more complex VTON scenar-
ios remains difficult. Their task-specific designs, fixed input assumptions, and
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reliance on auxiliary conditions often limit flexibility and scenario coverage, as
summarized in Tab. [[] Meanwhile, universal multi-reference image editing mod-
els |13L|15]18,27H29,|31] have advanced rapidly. Following a text-conditioned
image-to-image paradigm, they directly edit reference images according to in-
structions and naturally support multi-reference conditioning. As depicted in
Fig. (b), this offers a simpler and more flexible pipeline than specialized VTON
methods, making universal editors well aligned with diverse VI'ON scenarios.
This points to a potential paradigm shift, where universal multi-reference edi-
tors may evolve into a unified VTON solution and reduce reliance on task-specific
pipelines. However, their effectiveness and limitations for VTON remain under-
explored due to the lack of a dedicated benchmark covering realistic and diverse
VTON settings. Existing VTON benchmarks [14,|32] often focus on the most
canonical and simplified try-on scenario, which is insufficient to reveal both the
strengths and weaknesses of universal editors. Moreover, standard VTON evalu-
ation still relies heavily on coarse distributional metrics (e.g., FID [9], KID [1]),
which overlook key factors such as model consistency, cloth consistency, and
overall image quality.

To address these gaps, we introduce VTEdit-Bench, the first comprehensive
benchmark for evaluating universal multi-reference editing models across diverse
VTON tasks. As shown in Fig. [[[a), VTEdit-Bench contains 24,220 test image
pairs spanning five representative VI'ON settings, with task complexity progres-
sively increasing from canonical VTON to more challenging scenarios involving
viewpoint variation, identity changes, and multi-item composition. To support
fine-grained evaluation, we further propose VTEdit-QA, a reference-aware VLM-
based metric that assesses VTON quality along three essential dimensions: model
consistency, cloth consistency, and image quality, complementing coarse metrics
and enabling more informative diagnosis. We benchmark eight universal editors
against seven specialized VTON models, showing that top universal models are
competitive on conventional tasks and often generalize more stably to harder
settings, while challenges remain in strict identity preservation and composi-
tional multi-item control. Overall, VTEdit-Bench provides a unified foundation
for evaluating VTON systems in the era of fast-evolving universal editing models.
The main contributions are as follows:

— We introduce the first comprehensive benchmark tailored for evaluating uni-
versal multi-reference image editing models under VT ON scenarios with pro-
gressively increasing complexity.

— We introduce VTEdit-QA, a reference-aware VLM-based metric for fine-
grained VI'ON evaluation along three key dimensions: model consistency,
cloth consistency, and image quality.

— We benchmark eight universal editing models against seven specialized VTON
models, showing comparable performance on conventional tasks and stronger
generalization to novel scenarios, while leaving room for further improve-
ment.
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2 Related Work

2.1 Image-based VITON

Image-based VTON aims to transfer a garment from a source image onto a
target person image, and is widely used in online shopping. Most specialized
VTON [4-61(8{10}12,/22,23.[26}|33H35] models build on text-to-image backbones,
treating the person, garment, and other references as conditioning signals, and
follow task-specific pipelines that are broadly mask-based or mask-free. Mask-
based methods [4}/6}|10L/12,(22}|23]/26,[33H35] estimate auxiliary conditions (e.g.,
masks/parsing/pose) and perform region-aware synthesis or inpainting, offer-
ing explicit correspondence but depending on the quality of these conditions.
Mask-free methods [8,25,|37] remove explicit masks and learn try-on directly
from garment and person images, improving input flexibility. As VTON settings
expand beyond Shop2Model to multi-view, multi-identity, and multi-item sce-
narios, most specialized models remain limited to a subset of tasks due to fixed
input assumptions and task-specific designs.

2.2 Instruction-based Image Editing Model

Instruction-based image editing models [13,27] perform text-conditioned image-
to-image editing, directly modifying a reference image according to a natural-
language instruction. A representative early method, InstructPix2Pix [3], distills
supervision from large text-to-image models and trains an editor conditioned on
the input image and instruction to generate the edited output. Recent models
extend this paradigm from single-image editing to multi-reference conditioning,
where multiple reference images (e.g., identity, garment, or style) are jointly used
with text for more controllable edits. For example, Qwen-Image-Edit-2511 |27]
supports multi-image inputs for instruction-guided editing, and FLUX.2-based
editors [13] similarly enable flexible composition of multiple visual cues within
a unified generative framework. This flexibility makes universal multi-reference
editors a promising alternative to specialized VTON pipelines.

2.3 Image Editing Benchmark

Benchmarks play a key role in assessing model capabilities. As image edit-
ing models advance, a growing number of editing benchmarks have been pro-
posed |11}/17}[201/21[30L/36], including general-purpose suites that span tasks from
simple to complex (e.g., I2EBench [17], Ice-Bench [20], Imgedit [36]) and task-
specific benchmarks such as KRIS-Bench [30] for knowledge-based reasoning ed-
its. VTON benchmarks have also recently emerged [7}{14,32], but most focus on a
single VTON setting (e.g., Street VTON |[7] for in-the-wild try-on). In contrast,
we propose VTEdit-Bench to comprehensively evaluate VTON models across
diverse task types, including Shop2Model, Shop2MultiModel, Shop2MultiView,
Model2Model, and MultiShop2Model.
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Fig. 2: Illustration of the five tasks in VTEdit-Bench, showing the diversity of shop
sources and model sources in the dataset, as well as how different tasks are constructed
and connected through shared input compositions.

3 VTEdit-Bench

To evaluate universal multi-reference editors for multi-scene VTON, we propose
VTEdit-Bench, which evaluates multi-scene tasks with progressively increasing
reference complexity. We further introduce VTEdit-QA, a reference-aware VLM-
based evaluator for fine-grained assessment of multi-reference consistency and
image quality.

3.1 Task Description

As shown in Fig. ] VTEdit-Bench is organized into five representative tasks:
Shop2Model, Shop2MultiModel, Shop2MultiView, Model2Model, and MultiShop-
2Model. These tasks are designed to cover representative real-world VTON sce-
narios, including identity variation, viewpoint changes, multi-person try-on, and
multi-item composition. The first three tasks are shop-based settings, where the
clothing source is fixed as shop product images while the model source becomes
progressively more complex, ranging from a single frontal model to multi-view
and multi-person cases. The remaining two tasks extend conventional VTON
beyond shop-to-person transfer by considering model-to-model garment trans-
fer and multi-shop item composition. Overall, VTEdit-Bench comprises 13,521
human sources and 10,926 clothing sources, yielding 24,220 test pairs.

We further analyze the overall attribute distribution of VTEdit-Bench in
Fig. [3| The benchmark covers diverse garment categories, including upper-body
clothes, lower-body clothes, dresses, bags, and shoes. It also spans different scene
types, viewpoints, and person-number settings. Indoor scenes and frontal views
dominate conventional settings, while outdoor scenes, non-frontal views, and
multi-person cases are introduced in more challenging tasks. These distributions
show that VTEdit-Bench not only covers standard VTON scenarios but also
incorporates realistic variations in clothing type, scene, viewpoint, and reference
composition. Details of each task are provided below.
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Fig. 3: Attribute distribution of VTEdit-Bench across the overall benchmark and the
five tasks. Each group shows the percentage distribution of four key attributes: cloth
category, scene type, view direction, and person number.

Shop2Model This task transfers common garments (tops, bottoms, dresses)
from shop product images to model photos, evaluating realistic garment inte-
gration across indoor and outdoor scenes. Shop images and indoor models are
taken from the DressCode and VITON-HD test sets, while outdoor models are
collected from StreetVTON. In total, it contains 7,432 indoor models, and 2,089
outdoor models, yielding 9,521 test pairs.

Shop2MultiModel This task extends VTON to multi-person images, evalu-
ating consistency and coherence across individuals. We collect 400 multi-person
model images from DeepFashion and an additional 1,600 images from the
web, and pair them with upper-body garments from the DressCode test set,
following the Shop2Model setup. In total, this yields 2,000 multi-person model
images and 2,000 test pairs.

Shop2MultiView This task evaluates VTON under non-frontal viewpoints,
focusing on clothing fidelity and structural coherence across perspectives. We
collect 1,000 multi-view model images from DeepFashion and an additional
1,000 from the web, and pair them with shop images (tops, bottoms, dresses)
from the DressCode test set, following the Shop2Model setup. In total, it includes
2,000 model images and 5,400 product images, yielding 2,000 test pairs.

Model2Model This task transfers apparel from a source person to a target
person, evaluating clothing extraction and faithful re-rendering under complex
appearance and background. We consider four splits: indoor — indoor, indoor
— outdoor, outdoor — indoor, and outdoor — outdoor. Indoor images are from
VITON-HD and outdoor images are from Street VTON. In total, it includes 2,032
clothing sources and 4,121 model pairs, yielding 8,299 test pairs.
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MultiShop2Model This task composes multiple shop items (tops, bottoms,
dresses, bags, shoes) onto a single person, stressing multi-item interaction, oc-
clusion, and global coherence. Shop images are from the DressCodeMR test set.
In total, it contains 8,894 product sets and 5,400 model images, yielding 2,400
test pairs.

Auziliary conditions. To satisfy the input requirements of specialized VTON
models, we provide auxiliary conditions for each model image, including Open-
Pose, human parsing, DensePose, and agnostic masks; for each clothing image,
we additionally provide a cloth mask. Moreover, to ensure broad compatibility
with these pipelines, we incorporate the extractability of such auxiliary signals
as a constraint during data curation, filtering candidate samples to retain those
for which the required conditions can be reliably computed.

3.2 Unified Evaluation Metrics

To enable systematic and fine-grained assessment across diverse VTON tasks,
we design a unified evaluation protocol. Considering the common aspects across
different tasks, we design a concise, universal metric that assesses outputs along
three key dimensions: model consistency, cloth consistency, and image quality.

Model Consistency This dimension evaluates whether the synthesized VTON
results faithfully preserve the identity and structural attributes of the source
person. Key aspects include facial identity retention, body shape consistency,
and pose alignment. These criteria collectively measure the model’s ability to
maintain subject-specific characteristics across diverse VTON conditions.

Cloth Consistency This dimension assesses the fidelity of garment transfer,
focusing on preserving the semantic and visual attributes of the source clothing.
Evaluation considers fine-grained texture details, color accuracy, and the align-
ment of garment boundaries with the body. Together, these factors reflect how
well the model reproduces clothing characteristics across varied VI'ON tasks.

Image Quality This dimension evaluates the overall realism of the generated
image, focusing on visual artifacts and distortions affecting the person or the
clothing. Evaluation considers issues such as unnatural body proportions or de-
formations, distorted facial or limb details, and implausible clothing fit or fabric
behavior. It also accounts for rendering artifacts (e.g., blurring or pixelation)
and physical inconsistencies such as mismatched lighting or shadows.

By integrating these three dimensions, VI'Edit-Bench establishes a standard-
ized evaluation framework that jointly captures both fine-grained consistency
and holistic realism. This unified design enables rigorous, reproducible, and com-
prehensive comparisons between specialized and universal multi-reference image
editing models across a wide range of VTON tasks.
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Fig. 4: The annotation pipeline for capturing human preferences.

3.3 Annotation Pipeline for Human Preferences

To capture human preferences for VTON results, we design an annotation pipeline
based on pairwise comparisons. As shown in Fig. 4l given a pair of model and
cloth samples, we generate multiple outputs (output 1 to 7) using different mod-
els. The outputs are then paired, and annotators are asked to select the output
with the best VT'ON quality. If annotators find it difficult to distinguish between
the outputs, we allow them to skip the annotation. This process is repeated for
all image pairs. The pairwise comparison results are then aggregated using the
Bradley-Terry model |2] to obtain the final ranking. Let P;; represent the proba-
bility that image i is preferred over image j, and let r; denote the latent "quality"
or "ability" score of image i. The Bradley-Terry model computes F;; as:
e’

Po= oy O
where r; is the latent ranking score of image 7, and P;; is the probability that
image ¢ is preferred over image j. The pairwise comparison results are used to
estimate the values of r; for each image using Maximum Likelihood Estimation
(MLE). The final rank for each image is determined by the estimated r; values,
with higher values corresponding to higher ranks. To ensure robust results, three
annotators performed over 15k annotations, providing a comprehensive dataset
of human preferences for further analysis.

3.4 VTEdit-QA

To enable scalable evaluation, we introduce VTEdit-QA, a reference-aware qual-
ity assessment framework leveraging the large vision-language model, GPT-
40 , for automated scoring across three defined dimensions. Given a source
model image 5,,, a source cloth image S., and a generated output I,,;, GPT-40
is provided with either S,, or S. along with I,,; to assess model consistency
and cloth consistency, respectively. For image quality, GPT-40 receives only the



(a) Model Consistency

The two images are nearly identical in background,

[ 0o facial expression, and body pose. The background
4 '3 is a uniform, ... The only differences are subtle: in
the second image, the models left hand appears
- slightly more relaxed, and the angle of her head is
marginally different, but these are minor and do
not alter the core pose or facial features. Therefore,
the images are virtually identical except for the
L clothing, which is ignored per instructions.
Model Result 1 RATING: 5.0
(b) Cloth Consistency
0o The garment in both images is identical in every
"4 discernible detail. Both are white, sleeveless tops
featuring a lace yoke with a floral and scroll
N pattern,.... No variations in color, pattern, or
construction are apparent. The garment is
presented in the same way in both shots,
confirming it is the same item.
~ W RATING: 5.0
Cloth Result 1

(¢) Image Quality

Result 1 The image presents a woman in a white lace top. Here's the analysis: The posture
and limbs appear natural without distortion. The top fits well, with no noticeable
stretching or misalignments. The lace and fabric fall naturally. There are no evident visual
glitches or pixelation present. Lighting and shadows look consistent, aligning with real-
world physics. The fabric of the top drapes naturally over the body, with realistic
movement. Body proportions seem realistic and human-like. Facial features are clear,
distinet, and undistorted. Overall, the image quality is high with no significant issues
detected.

RATING: 5
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The two images show the same model in nearly identical poses and

,,} against the same plain white backeround, making them very similar.

X The face is identical.. The hair is the same person, but styled

differently—first image has hair pulled back, second has it down and

S wavy. The body pose is nearly identical..... The only differences are

) the hair style and slight variations in head tilt and hand position.

which are minor. Since the task requires ignoring clothing, these

subtle differences in hair and pose are the only variations. The
backeround is identical. Therefore, the images are very similar.

Result 2 RATING: 4.5
The garments differ significantly in style and construction. The
N\ first is a white, sleeveless tank top with a sheer lace yoke and a solid,
4 textured lower panel. The second is a short-sleeved, cropped t-shirt
-4 with a lace panel across the chest, set against a solid white base. The
) S tank top has a scoop neck and no sleeves, while the t-shirt has a crew

neck and sleeves. The lace patterns differ too: The lower fabric of
the tank has a textured weave, whereas the t-shirt’s lower body is
plain. These differences in cut, sleeve type, neckline, and lace
placement make them stylistically distinct.

Result 2 RATING: 1.0

Result 2 The image shows a person with natural proportions and no noticeable human
distortions. Clothing appears well-fitted, with realistic movement and no evident
distortions or stretching. There are no visible artifacts, pixelation, or inconsistencies in
the image. The lighting and shadows are consistent and realistic, ensuring no unrealistic
elements are present. Facial features appear natural and undistorted, maintaining a high
quality overall

RATING: 5

Fig. 5: Examples of VTEdit-QA for evaluating VTON outputs along model consis-
tency, cloth consistency, and image quality.

generated output image I,,:. For each dimension, we provide a specific prompt
that details the evaluation criteria, which are further elaborated in the Supp.
1.2. Following the prompt, GPT-40 produces a numerical score between 0 and 5,
reflecting the degree of consistency with the source images or the quality of the
generated image. Additionally, GPT-40 generates detailed reasoning to justify its
evaluation, enhancing transparency in the scoring process. Fig. [5| shows two ex-
amples where GPT-40 accurately detects inconsistencies in the model and cloth,
demonstrating its ability to distinguish between high-quality and low-quality
outputs based on the defined evaluation criteria and providing coherent justifi-
cations for its ratings. Since a successful virtual try-on result requires simulta-
neously preserving the model identity, accurately transferring the garment, and
maintaining overall image quality, a failure in any dimension can significantly
degrade the final result. Therefore, we adopt a conservative aggregation strategy
and take the minimum of the three scores as the overall score.

3.5 Validating VTEdit-QA via Human Correlation

We validate VTEdit-QA by measuring how well its rankings align with human
judgment. Specifically, we compare (i) the ranking consistency among human
annotators and (ii) the ranking correlation between VTEdit-QA (GPT-40) and
each annotator. All correlations are computed using Spearman’s Rank Correla-
tion Coeflicient (SRCC) [24], which measures the agreement between two ranked
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Fig. 6: SRCC between human annotators and GPT-40 under different scoring settings.

lists. Given two ranking sequences L,,, and L,, SRCC is defined as:

6>, d?
SRCC(Lp, L) =1 — NNE 1)’ (2)

where d; denotes the rank difference of the j-th item and IV is the total num-
ber of items. As shown in Fig. [6] human annotators exhibit strong agreement,
with an average Annotator—Annotator SRCC of 0.75, indicating consistent hu-
man preference rankings. Under our proposed VTEdit-QA, GPT-40 achieves an
average SRCC of 0.72 with human annotator rankings, approaching the human
inter-annotator agreement level. This close gap suggests that VTEdit-QA pro-
vides rankings that are largely consistent with human judgment, making GPT-40
a reliable proxy annotator for scalable evaluation. More analysis and results on
variant aggregation strategies and VLMs are in Supp. 1.3.

4 Experiment

4.1 Experimental Setup

We benchmark universal multi-reference image editing models and compare them
against specialized VTON models as strong task-specific baselines on VTEdit-
Bench. Specifically, we benchmark eight open-source editing models with na-
tive multi-reference conditioning, including Qwen-Image-Edit-2511 [27], Uni-
world [15], Flux.2 |13], DreamOmni2 [31], OmniGen2 [28|, UNO [29], DreamO
[18], and Flux.2-klein [13]. For comparison, we select seven recent open-source
specialized VTON methods whose required auxiliary conditions (e.g., Open-
Pose, human parsing, DensePose) are supported by VTEdit-Bench, including
ITA-MDT [10], OOTD-Diffusion [33], CatVTON [5], Any2AnyTryon [§|, Fast-
Fit [6], IDM-VTON |[4], and StableVITON [12|. Universal multi-reference im-
age editing models are evaluated zero-shot across all tasks using a single uni-
fied prompt (see Supp. 2.2), without any task-specific fine-tuning. Specialized
VTON models are evaluated using their official checkpoints. For extended tasks
(e.g., Shop2MultiModel and Shop2MultiView), we provide the required auxil-
iary conditions (e.g., OpenPose, human parsing) to enable zero-shot evaluation
when applicable. However, most specialized VTON models are not compatible



VTEdit-Bench 11

Table 2: FID and KID results on VTEdit-Bench across multiple VTON tasks. The
last column reports the average of task-wise rankings for each model.

S2M S2MV S2MM M2M MS2M Avg.
FID KID| FID KID | FID KID | FID KID | FID KID | RANK

Specialized VITON Model

Method

IDM-VTON 740 2.61|42.90 837 | 73.90 14.65| - - - - | 5.4
StableVITON 16.86 7.24 | 37.95 5.01 |111.44 53.58 | - - - - 8.6
ITA-MDT 12.23 5.60 | 69.36 31.72 |143.61 90.38 | - - - - | 104
OOTD-Diffusion 749 2.36 | 67.94 22.70 | 90.57 26.52| - - - - 7.6
CatVTON 10.82 6.95 | 43.28 10.54 | 76.30 20.03 | 14.98 879 | - - | 5.4
Any2AnyTryon 11.37 7.19 | 48.99 19.88 | 86.12 35.68 | - - - - 9.2
FastFit 9.56 3.56 | 49.42 12.30 | 81.67 17.67| - - 1111 153 4.8

Universal Multi-reference Image Editing Model
Qwen-Image-Edit-2511| 9.53 4.17 | 43.48 7.88 | 71.46 13.14 | 13.36 4.43 | 46.81 21.60| 3.0

Uniworld 38.73 24.63| 64.38 29.54 | 80.83 24.91 | 27.68 10.08 - - 9.2
Flux.2 10.88 6.54 | 36.51 7.26 | 65.81 13.68 | 14.51 7.62 | 15.85 5.36 | 2.2
DreamOmni2 27.41 14.36| 91.79 45.58 |115.67 43.89 | 32.36 12.84 | 18.77 6.10 9.8
OmniGen2 34.04 25.42| 81.32 54.24 | 83.23 32.47 | 37.59 26.68 | 35.78 18.61 10
UNO 32.77 19.87| 70.28 29.97 | 93.43 36.24 | 29.37 15.63 | 53.38 28.71| 10.4
DreamO 14.91 7.74 | 60.54 22.89 | 91.66 27.31 | 24.62 11.38 | 20.53 8.94 | 7.4
Flux.2-klein 11.92 8.17 | 44.03 12.55 | 79.23 24.79 | 17.57 11.60 | 16.46 7.33 | 5.6

Task abbreviations: S2M (Shop2Model), S2MV (Shop2MultiView), S2MM (Shop2MultiModel),
M2M (Model2Model), MS2M (MultiShop2model).

with the MultiShop2Model and Model2Model tasks due to their fixed input as-
sumptions and task-specific requirements. All experiments are conducted on a
computing cluster with eight NVIDIA A100 GPUs to ensure consistent runtime
and reproducibility.

4.2 Preliminary Analysis on VTEdit-Bench

As shown in Tab. 2] we perform a preliminary analysis of universal multi-
reference image editing models on VTEdit-Bench using FID and KID, where
lower values indicate better realism and closer alignment to the target distribu-
tion. Here, the target distribution refers to the model images in the corresponding
task-specific dataset, which serve as the reference distribution for each task.

Universal Models Achieve Competitive Performance on Shop-Based
Tasks. On the Shop2Model task, specialized VTON models achieve strong per-
formance, led by IDM-VTON (7.40/2.61) and OOTD-Diffusion (7.49/2.36). No-
tably, universal models such as Flux.2 and Qwen-Image-Edit-2511 remain highly
competitive, indicating that universal multi-reference image editing models can
already match strong specialized baselines in the standard VTON setting. As
task difficulty increases on Shop2MultiView and Shop2MultiModel, most meth-
ods degrade, while Flux.2 remains the best on Shop2MultiView (36.51/7.26) and
strong on Shop2MultiModel (65.81/13.68), with Qwen-Image-Edit-2511 also per-
forming competitively (43.48/7.88 and 71.46/13.14). In contrast, some special-
ized baselines degrade sharply, e.g., ITA-MDT rises from 12.23/5.60 to 143.61/
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90.38. These observations suggest that universal multi-reference editing models
maintain more stable performance as scenario complexity increases.

Universal Models Demonstrate Stronger Cross-Task Generalization.
The extended tasks, Model2Model and MultiShop2Model, are supported by
only a subset of methods, further exposing differences in model flexibility. On
Model2Model, universal models such as Qwen-Image-Edit-2511 and Flux.2 achieve
competitive results comparable to CatVTON. On MultiShop2Model, FastFit at-
tains the best scores (11.11/1.53), whereas universal models show larger degra-
dation, suggesting that fine-grained multi-item and multi-source control remains
challenging for current universal editing frameworks.

In addition, some methods fail on specific tasks and produce outputs that
deviate significantly from the target distribution, resulting in extremely high
FID/KID values. Representative failure cases are provided in the Supp. 2.3.

4.3 Fine-grained Analysis with VTEdit-QA

While FID/KID measure distributional similarity, they can be misleading for
VTON when clothing transfer fails (e.g., copying the input). We therefore con-
duct fine-grained evaluation with VTEdit-QA, which evaluates model consis-
tency, cloth consistency, and image quality, and aggregates them into an overall
score via the minimum rule. Since some methods do not support certain tasks,
we rank the methods by their FID /KID scores on supported tasks, as shown in
Tab. 2] and analyze representative strong models here, including IDM, CatV-
TON, FastFit, DreamO, Qwen-Image-Edit-2511, Flux.2, and Flux.2-klein.

Universal Models Show More Stable Performance Across Shop-based
Tasks. As shown in Tab. [3] we report VTEdit-QA results on the shop-based
tasks supported by all evaluated methods. Across these tasks, specialized VTON
models generally achieve high model and cloth consistency, but their overall
scores are often limited by image quality as the settings become more challeng-
ing. In contrast, universal multi-reference editors maintain more stable over-
all performance across the three tasks, indicating stronger robustness to view
changes and increased identity diversity. In particular, Flux.2-klein attains the
highest overall scores across all three tasks (3.96/3.99/3.56), outperforming the
best specialized baseline IDM (3.60/2.73/1.65).

Extended Tasks Expose Performance Gaps Among Universal Models.
As shown in Tab. [4] we analyze two extended tasks, Model2Model and Multi-
Shop2Model, which are only supported by a subset of methods. Across these
tasks, universal editors exhibit clear performance divergence, with some models
approaching specialized baselines while others fail under the same setting. On
Model2Model, CatVTON achieves the best overall score (2.25). Among universal
models, Flux.2 attains a comparable overall score (2.06), whereas Qwen-Image-
Edit-2511 performs notably worse (1.17) due to low model-consistency (Mod.
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Table 3: VTEdit-QA Results on shop-based tasks, including Shop2Model,
Shop2MultiView, and Shop2MultiModel.

Method Shop2Model Shop2MultiView Shop2MultiModel
Mod. Clo. Qual. Overall Mod. Clo. Qual. Overalll Mod. Clo. Qual. Overall

Specialized VTON Models

IDM 4.68 4.55 4.02 3.60 |4.66 4.54 3.03 2.73 |4.51 4.73 1.72 1.65
CatVTON 4.67 4.49 3.79 3.39 |[4.75 4.12 249 214 | 445 4.18 1.39 1.26
FastFit 4.64 4.47 3.42 3.08 |4.70 431 194 1.74 |445 4.63 1.22 1.18
Univeral Multi-reference Image Editing Model

DreamO 2.78 3.22 419 1.62 |1.82 3.18 342 096 |1.62 2.75 3.07 0.74
Qwen-Image-Edit-2511| 4.23 4.77 434 3.64 |3.94 420 330 246 |4.37 3.74 290 214
Flux.2 4.62 4.09 430 3.36 |4.79 4.25 395 3.38 |4.82 4.36 3.40 3.02
Flux.2-klein 4.61 4.68 4.48 3.96 |4.61 4.80 440 399 |4.81 4.73 3.79 3.56

Metric abbreviations: Mod. (model consistency), Clo. (cloth consistency), Qual. (image quality)

Table 4: VTEdit-QA Results on Model2Model and MultiShop2Model Tasks.

Method Model2Model MultiShop2Model

Mod. Clo. Qual. Overall| Mod. Dresses Upper Lower Shoe Bag Qual. Overall
Specialized VTON Models
CatVTON 4.44 3.69 296 2.25 - - - - - - - -
FastFit - - - - 3.57 496 4.99 4.95 4.82 4.23 4.14 2.90
Universal Multi-reference Image Editing Model
DreamO 1.53 3.68 4.15 0.90 |2.77 257 338 217 092 1.00 4.32 0.01
Qwen-Image-Edit-2511| 1.60 4.32 4.00 1.17 | 245 2.29 1.98 1.58 2.17 230 1.70 0.34
Flux.2 277 3.80 4.36 2.06 |3.18 4.21 482 454 4.20 4.56 4.20 2.25
Flux.2-klein 1.55 2.17 4.63 1.03 |3.52 497 4.65 4.05 4.56 4.49 445 2.68

Metric abbreviations: Mod. (model consistency), Clo. (cloth consistency), Qual. (image quality)

1.60), suggesting frequent identity drift despite visually plausible outputs. On
MultiShop2Model, FastFit performs best (2.90 overall). Among universal editors,
Flux.2-klein remains close (2.68 overall), while DreamO collapses to near-zero
overall score (0.01), indicating failure to handle multi-item conditioning and
composition.

4.4 Qualitative Analysis of Universal Editing Models.

To further understand universal multi-reference editing models, we present rep-
resentative qualitative cases of Flux.2 and Flux.2-klein in Fig. lﬂ Fig.[7| (a,b) pro-
vide examples of successful outputs on Shop2MultiView and Shop2MultiModel,
illustrating realistic synthesis and accurate garment transfer in some instances.
Fig. [7| (c,d) show challenging cases where the models may confuse the person
and clothing references in Model2Model, or exhibit inconsistent multi-subject
control in multi-human settings, e.g., dressing only one person correctly while
the other deviates from the cloth reference. Fig. |z| (e,f) further shows typical fail-
ure patterns, including unsuccessful garment replacement and incorrect garment
understanding, often influenced by the source outfit. These examples qualita-
tively illustrate both the promise and remaining limitations of universal edi-
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Fig. 7: Qualitative examples of universal editing models (Flux.2 and Flux.2-klein)
across multiple VTON tasks. Scores are reported as “model consistency, cloth consis-
tency, image quality | overall”.

tors in reference understanding, identity-conditioned transfer, and robust multi-
person/multi-item control.

5 Insights and Discussions

5.1 Potential and Limitations of Universal Models

Based on VTEdit-Bench, universal multi-reference image editing models show
clear potential for VTON. A key reason is their simpler, more general edit-
ing paradigm: instead of relying on task-specific modules, they directly per-
form instruction-guided editing with flexible conditioning. Together with large-
scale and diverse training data, this design yields stronger generalization and
more stable performance across harder variants such as Shop2MultiView and
Shop2MultiModel settings, suggesting a promising path toward a unified VTON
solution. However, two bottlenecks persist: (i) model and cloth consistency de-
grades as reference complexity increases, and (ii) limited VTON-specific visual
understanding and instruction following weaken fine-grained compositional con-
trol (e.g., attribute binding, localization, and occlusion reasoning). These find-
ings suggest promising directions: adapting universal editors with high-quality
VTON data to strengthen identity and garment constraints; improving multi-
reference editing via spatially grounded reference binding and joint image—text
understanding; and enabling reasoning-driven editing that iteratively analyzes
failures and refines outputs toward constraint-satisfying results.

5.2 Benchmark Scope and Future Extensions

The current design of VITEdit-Bench uses specialized VTON models as base-
lines and thus primarily constructs tasks via different input image configura-
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tions to ensure fair and consistent comparison. This enables a systematic evalu-
ation of the differences and boundaries between universal and specialized mod-
els under realistic settings. Meanwhile, universal editing models support flexible
instruction-following and prompt-driven control, opening a broader design space
for VTON. Future extensions could incorporate prompt-guided settings (e.g.,
fine-grained constraints, multi-step instructions, localized garment replacement,
and style control) to more comprehensively assess controllability and interaction
capabilities.

5.3 Evaluation Insights with VTEdit-QA

VTEdit-QA suggests that VTON evaluation is better framed as constraint sat-
isfaction rather than pure distribution matching. It produces rankings that are
consistent with human preference and approach the level of inter-annotator
agreement, indicating that the reference-aware VLM in VTEdit-QA can serve as
a practical proxy for scalable assessment. More importantly, VTEdit-QA exposes
semantic failure modes that are often invisible to distributional metrics such as
FID/KID. For example, IDM achieves strong FID /KID scores on VTEdit-Bench,
vet receives a lower overall VTEdit-QA score than Flux.2-klein, implying that
distributional similarity can remain high even when identity or garment con-
straints are violated. This highlights the need for VTON benchmarks to report
not only realism, but also explicit reference-consistency signals (e.g., identity
preservation and garment adherence) to reflect real try-on reliability.

6 Conclusion

We introduced VTEdit-Bench, the first benchmark for evaluating universal multi-
reference image editing models under VI'ON scenarios with progressively in-
creasing complexity, and benchmarked them against strong specialized baselines.
Results showed that top universal editors were competitive in canonical try-on
and often generalized more stably to harder multi-view and multi-model settings,
while still facing bottlenecks in model/cloth consistency and compositional con-
trol. We also introduced VTEdit-QA, a reference-aware VLM-based evaluator
measuring model consistency, cloth consistency, and image quality. VTEdit-QA
aligned well with human preferences and revealed semantic failures overlooked by
coarse distributional metrics. Together, VTEdit-Bench and VTEdit-QA provide
a unified foundation for diagnosing, comparing, and advancing VITON systems.
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