AnyDressing: Customizable Multi-Garment Virtual Dressing via Latent
Diffusion Models

Supplementary Material

In the supplementary material, the sections are organized
as follows:
* We provide more details regarding parameters, datasets
and user study in Sec. A.
* We further prove the scalability of AnyDressing in Sec. B.
* We provide more ablation results in Sec. C.
* We provide more comparisons with baselines, more qual-
itative results in the wild and more applications in Sec. D.

A. Implementation Details
A.1. Detailed Parameters

In our experiments, we use SOTA large multi-modal model
CogVLM [9] to caption the image. GarmentsNet requires
only one step forward process before the multiple denois-
ing steps in DressingNet, causing a minimal amount of ex-
tra computational cost. And we generate images for each
test garment with the provided 7 text prompts. The hyper-
parameters used in our experiments are set as follows:

* For the Dressing-Attention mechanism, we set the hyper-
parameter A = 0.7 during inference to get customized
results.

* For the noisy timestep threshold discussed in the
Garment-Enhanced Texture Learning (GTL) strategy, we
set n = 350.

* The other hyper-parameters used in the experiment are as
follows: A\; = 0.01, Ao = 0.001.

A.2. Datasets

To facilitate research on multi-garment virtual dressing, a
dataset consisting of image triplets is necessary, with each
triplet containing an upper garment image, a lower gar-
ment image, and a model image wearing the correspond-
ing garments. However, existing in-shop garment to model
pairs [2, 6] only contain a single reference garment. We
leverage the public DressCode dataset along with a propri-
etary dataset to construct triplets, as illustrated in Fig. 1.
Assuming we begin with the upper garment data, where we
already have an in-shop upper garment and a model image
wearing it, we employ human parsing techniques [4, 5] to
roughly segment and extract the lower garment portion from
the model image, using it as the corresponding lower gar-
ment image. At this stage, the triplet comprises an in-shop
upper garment image, a cropped lower garment image, and
a model image. Similarly, triplets derived from the lower
garment data consist of a cropped upper garment image, an
in-shop lower garment image, and a model image. Finally,

we constructed 26,114 public triplets from Dresscode and
37,065 triplets from the proprietary dataset to train Any-
Dressing.

It is worth noting that our model has not encountered gar-
ment pairs in the form of (in-shop upper garment, in-shop
lower garment) or (cropped upper garment, cropped lower
garment) during training. Nevertheless, it exhibits strong
robustness during inference, indicating that the model has
effectively learned the proper way to combine upper and
lower garments through training.

A.3. User Study

To compare with the baseline methods, we conduct a user

study as part of the evaluation. The survey randomly pre-

sented 50 sets of generated results to each participant. A

screenshot of the survey for a set of generated results is dis-

played in Fig. 2, which includes five images and four ques-

tions:

1. Which result appears to have the highest consistency
with reference garments?

2. Which result best matches the prompt ‘[prompt]’?

3. Which result appears to have the highest image quality?

4. Which result matches your best choice based on compre-
hensive considerations?

For each set of results displayed in the survey, we en-
sured that their order was randomly shuffled to prevent bias.
Responses where all answers had the same selection and re-
sponses with completely identical answers were considered
invalid. Finally, we obtained a total of 40 valid surveys to
evaluate the model.

B. Scalability of AnyDressing

To further validate the scalability of our designed Gar-
mentsNet structure, we introduce more combinations of
clothing items (hat, upper garment and lower garment), as
illustrated in Fig. 4. As shown in Fig. 3, to train the model,
we construct datasets using the same idea as introduced in
Sec. A.2. Specifically, we select 18,059 pairs from the pro-
prietary dataset that satisfies the model image containing
the hat, and use the human parsing techniques to obtain the
cropped hat image from the model image.

Notably, each additional garment condition requires only
some newly added LoRA matrix AW in the Garment-
Specific Feature Extractor (GFE) module. And it requires
only a single forward pass (timestep ¢ = 0) to encode
the clothing before injecting features into the DressingNet,
minimizing the additional computational time during both



the training and inference process. This experiment effec-
tively demonstrates that our GarmentsNet can be extended
to accommodate any number of clothing items. Addition-
ally, thanks to our proposed Instance-Level Garment Lo-
calization (IGL) learning mechanism, AnyDressing can fur-
ther prevent garment blending and enhance fidelity to cus-
tomized text prompts.

C. More Ablation Study

In Fig. 5, we present additional visual results to validate
the effectiveness of the Garment-Specific Feature Extrac-
tor (GFE) module and the Instance-Level Garment Local-
ization (IGL) learning mechanism. We employ traditional
ReferenceNet [3] to encode multiple garments concurrently
and then incorporate them into the denoising U-Net simi-
lar to [1, 7] as our base model. As shown in Fig. 5, Base
model encounters severe clothing confusion issues, result-
ing in the colors and patterns of multiple garments blend-
ing. In contrast, Base+GFE significantly reduces garment
confusion and improves garment consistency, which is at-
tributed to the multi-garment parallel processing design of
our designed GFE module. Base+GFE+IGL shows better
fidelity to the text prompts and further mitigates background
contamination, which demonstrates IGL mechanism effec-
tively constrains garment features to attend to the correct
regions and avoid influencing other irrelevant regions in the
synthetic images.

D. More Results
D.1. More Comparisons

As shown in Fig. 6-7, We provide more visual comparisons
between our method and state-of-the-art baselines [1, 7, 8,
10]. It is clear from these comparisons that our method
maintains superior consistency in clothing style and texture,
and exhibits better text fidelity.

D.2. More Visual Results

As shown in Fig. 8-10, we provide more multi-garment vir-
tual dressing results of AnyDressing in the wild. It can
be observed that our method produces high-quality cus-
tomized virtual dressing results for various types of garment
combinations, while faithfully adhering to personalized text
prompts. Experiments in complex scenarios demonstrate
that AnyDressing significantly enhances the practical appli-
cation of Virtual Dressing in e-commerce and creative de-
sign.

D.3. More Applications

Combined with ControlNet. Leveraging the capabilities
of ControlNet, our model can generate personalized models
guided by specific conditions. We present the OpenPose-
guided generation results in Fig. 11.

Combined with IP-Adapter. Our model enables the gen-
eration of target individuals wearing specified garments in-
tegrated with the IP-Adapter. We utilize the ID preserva-
tion capability of FacelD [10] to provide an authentic vir-
tual dressing experience. The visual results, as shown in
Fig. 11.

Stylized Customization. Furthermore, by utilizing styl-
ized base models or customized LoRAs, we can generate
creative and stylized outputs while preserving the intricate
details of the garments, as shown in Fig. 10 and Fig. 12.
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Figure 1. Examples of the training dataset I.

Below are the generated results from different methods given a reference garment image and a text
prompt. Please select the best result in terms of Align with Prompt (Which result best matches the text
prompt?), Texture Consistency(Which result appears to have the highest consistency with reference
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Evaluation(Which result matches your best choice based on comprehensive considerations?).

Below are the generated results from different methods given a reference garment image and a text
prompt. Please select the best result in terms of Align with Prompt (Which result best matches the text
prompt?), Texture Consistency(Which result appears to have the highest consistency with reference

text prompt: A girl, winter, night, snow
text prompt: A girl, red hair, wearing a hat, by a fence

reference garment: reference garments:
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Figure 2. Screenshot of user study.
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Figure 3. Examples of the training dataset II.
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Figure 4. Qualitative results of more combinations of clothing items.
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Figure 5. More ablation results on GFE and IGL modules.
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Figure 6. More qualitative comparisons 1.
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Figure 7. More qualitative comparisons II.
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Figure 8. More qualitative results I.
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Figure 9. More qualitative results II.
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Figure 10. More qualitative results ITI.



Figure 11. More results of combining ControlNet [11] and FaceID [10].



Figure 12. More results of combining LoRAs.
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