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Abstract

Fashion design is a challenging and complex process. Re-
cent works on fashion generation and editing are all agnos-
tic of the actual fashion design process, which limits their
usage in practice. In this paper, we propose a novel hierar-
chical diffusion-based framework tailored for fashion design,
coined as HieraFashDiff. Our model is designed to mimic the
practical fashion design workflow, by unraveling the denosing
process into two successive stages: 1) an ideation stage that
generates design proposals given high-level concepts and 2)
an iteration stage that continuously refines the proposals us-
ing low-level attributes. Our model supports fashion design
generation and fine-grained local editing in a single frame-
work. To train our model, we contribute a new dataset of
full-body fashion images annotated with hierarchical text de-
scriptions. Extensive evaluations show that, as compared to
prior approaches, our method can generate fashion designs
and edited results with higher fidelity and better prompt ad-
herence, showing its promising potential to augment the prac-
tical fashion design workflow.

Introduction
Fashion design is an important and challenging activity,
which requires navigating through a huge joint space of
shape, color, material, pattern and layout in order to find
solutions that satisfy aesthetic and functional requirements,
and perhaps client-specific constraints. The typical work-
flow of fashion designers consists of two essential stages:
ideation and iteration. In particular, fashion designers begin
their creative process by coming up with some abstract de-
sign concepts in terms of theme, style and personality, and
then translating these concepts into concrete design ideas
(i.e, design drafts) through brainstorming or turning to ref-
erence examples for inspiration. Subsequently, they iterate
on the initial idea by making small changes to the draft to
finalize the design.

Recently, there is a growing interest in facilitating the
fashion design process by building generative models that
can synthesize realistic fashion images from user-specified
hints and constraints (Chen et al. 2020; Dai et al. 2021; Cao
et al. 2023b). However, these approaches is that they do not
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consider (and thus fail to fit into) the practical fashion de-
sign pipeline, making them difficult to be directly adopted
in practical scenarios.

Building models that can find wide adoption in the real
fashion design process is non-trivial. First, a desirable model
should learn the task of fashion design generation and edit-
ing jointly to separately tackle the ideation and iteration
stages, so that it has capability to support the entire pipeline.
This is in contrast to prior works that especially address ei-
ther generation (Zhu et al. 2017; Jiang et al. 2022; Zhang
et al. 2022; Sun et al. 2023) or editing (Ak et al. 2019; Kwon
et al. 2022; Pernus et al. 2023; Baldrati et al. 2023; Wang and
Ye 2024). Second, both generation and editing components
should be conditioned on intuitive inputs at high and low
levels, respectively, empowering users to express their de-
sign thoughts easily while facilitating efficient ideation and
rapid iteration.

To address the aforementioned challenges, we propose
HieraFashDiff, a novel framework specialized in facilitat-
ing fashion design, which instantiates a conditional diffu-
sion model that learns to generate fashion images from given
fashion-specific text prompts. Our key insight is that the typ-
ical fashion design workflow is reminiscent of the reverse
process of diffusion models for image generation, which first
denoises a purse noise into a coarse image (design draft) in
the early stage, and then iteratively refine the coarse image
to add more fine details to produce a realistic image (final
design) over the remaining steps. Inspired by this, we pro-
pose to factor the reverse process of our diffusion model into
two successive stages: an ideation stage spanning the earlier
denoising steps and an iteration stage spanning the later de-
noising steps. Our model injects text descriptions at different
levels into the two stages — the ideation stage is conditioned
on high-level design concepts to produce noisy design drafts
while the iteration stage is guided by progressively added
low-level apparel attributes to refine the drafts towards com-
plete designs. In this way, our framework naturally sup-
ports the concept-guided generation of fashion design pro-
posals and the semantic editing of local fashion components
in a unified framework to aid in the whole fashion design
pipeline, as shown in Fig 1.

To train our model, we curate a new fashion dataset,
coined as HieraFashion. Our dataset consists of more than
5k full-body apparel images, each of which is annotated with
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Dress, Commute, Office, 
Slimming, Three-

dimensional Layering
Mid-length Dress Short Sleeve Princess Sleeve Boat Neck Slit Hem

Iterative Local EditingDesign Draft Generation

Figure 1: The proposed HieraFashDiff is capable of generating fashion design drafts from just abstract concepts (blue text),
and allowing for local editing on the generated draft iteratively through a few apparel attribute descriptions (red text). Thus, our
method can be used to facilitate typical fashion design workflow by enabling efficient ideation and rapid iteration.

a hierarchical text caption that is concise yet informative
enough to capture the essence of fashion design. We evaluate
our model on our newly collected dataset, demonstrating its
state-of-the-art performance in terms of generation quality
and prompt coherence, as compared to existing methods.

In summary, our contributions are as follows.
• We propose a fashion generation and editing framework

that, for the first time, mimics the whole fashion design
process explicitly, which can support efficient ideation
and rapid iteration.

• We propose a novel hierarchical text-to-fashion diffusion
model that decomposes the generation process into mul-
tiple stages conditioned on input prompts of different lev-
els, which enables coarse-grained fashion draft genera-
tion and fine-grained modifications jointly.

• We curate a new dataset comprising full-body fashion
images captioned with high-level design concepts and
low-level local attributes.

Related Work
Text-Guided Fashion Image Generation. Text-to-image
generation is a crucial and complex task that seeks to gen-
erate realistic images based on natural language descrip-
tions. In the fashion domain, only a few works (Zhu et al.
2017; Zhang et al. 2022; Sun et al. 2023) attempt to gen-
erate fashion-related images (e.g, for apparel, accessories
and fashion models) from textual description. Early ap-
proach (Zhu et al. 2017) to the text-guided fashions syn-
thesis relied on Generative Adversarial Networks(GANs)
presented a two-stage stylized image generation solution
that generates realistic fashion images, conditioned on tex-
tual descriptions and semantic layouts. Zhang et al (Zhang
et al. 2022) proposed the ARMANI framework for fashion
synthesis focused on generating local details. Recent ad-
vances in diffusion models (Nichol et al. 2022; Rombach
et al. 2022; Ramesh et al. 2022; Saharia et al. 2022) lead
to more realistic generation. Sun et al (Sun et al. 2023) de-
veloped and applied the skip cross-attention module to inte-
grate image and text modalities. Our method adopts a multi-
stage framework to closely mimic the practical graphic de-
sign workflow, enabling it to support fashion generation and

editing simultaneously. Moreover, our method handles hi-
erarchical text descriptions with explicit disentanglement of
high-level concepts and low-level attributes, instead of cap-
tions that either encompass only low-level details or mix up
high-level and low-level prompts together, to better facilitate
ideation and iteration in fashion design.
Fashion Image Editing. Generative Adversarial Networks
(GANs) have emerged as a cornerstone technology exten-
sively applied in fashion-related image editing tasks (Ak
et al. 2019; Kwon et al. 2022). FICE (Pernus et al. 2023)
addressed text-conditional image editing with optimization-
based GAN inversion guided by the CLIP model. Some re-
cent efforts started to approach fashion image editing dif-
fusion models. MGD (Baldrati et al. 2023) proposed a la-
tent diffusion model to edit fashion images conditioned on
multimodal inputs including text, pose and sketch. Zhang et
al (Zhang et al. 2023) introduced a diffusion model incor-
porating structural semantic consensus guidance, utilizing a
language structure parser to extract attribute words, thereby
achieving fine-grained semantic alignment. TexFit (Wang
and Ye 2024) predicted the editing area in an image based
on the input text and used the predicted region to condition
a diffusion model for local editing. Our method can per-
form local editing iteratively on full-body fashion images
from apparel attribute descriptions, producing a sequence
of high-quality, continuously evolving designs, which has
not yet been demonstrated in the existing works. In addi-
tion, our method complements its editing functionality with
a capability to generate full-body fashion designs from just
high-level concepts, which is not available in the previous
approaches.

Method
Hierarchical Multi-stage Diffusion Model
We build our model on the pre-trained Stable Diffusion
(SD) (Rombach et al. 2022) and fine-tune the SD on a fash-
ion dataset (Baldrati et al. 2023) and, therefore, our model
operates in the latent space instead of pixel space. The key
idea underlying our model is to abstract the common fashion
design workflow as the denoising process of our model. As
illustrated in Fig 2, the denoising process (i.e, the generation
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Figure 2: Overview of our method. (a) The denoising process of our model is decomposed into an ideation stage and an iteration
stage, which are conditioned on high-level concepts and low-level attributes, respectively. (b) our editing method starts from the
generated design daft xC and produces a sequence of edited results (xA1 , xA2 , . . .) given text prompts for different attributes
(A1, A2, . . .). (c) our UNet-based denoising network is conditioned on additional pose information.

process) is decoupled into two sequential, successive stages:
an ideation stage and an iteration stage.
Denoising Process Decomposition. Let U denote the full
timesteps of the denoising process. The ideation and itera-
tion stages span the earlier steps UC and the later steps UA,
respectively, so that U = UC ∪UA. The ideation stage is re-
sponsible for generating a design daft from high-level, vague
concepts PC , and the iteration stage aims to iteratively re-
fine the generated draft based on low-level attribute descrip-
tions PA, by adding more and more fine-grained, local de-
sign components and details. Such decomposition formula-
tion allows our model to naturally support automatic design
generation and semantic design editing in an unified manner.

To enable more localized control in the editing scenario,
we further decompose the iteration stage into a sequence of
sub-stages, one for each apparel attribute — UA = UA1 ∪
UA2∪. . .∪UAn , where UAi represents the time interval ded-
icated to i-th attribute and n is the number of attributes being
considered. In this way, it is possible for users to iterate on
the generated design by solely changing one attribute at a
time. To arrange the apparel attributes sequentially through
the denoising process, we need to determine their ordering.
To this end, we leverage the inherent property of the dif-
fusion model to maximize editability for each attribute. In
particular, due to the noise variance schedule (Ho, Jain, and

Abbeel 2020), the amount of change to a generated image
declines over denoising steps (Cao et al. 2023a; Yu et al.
2023). Therefore, we choose to order the attributes by the
size of their affected areas in fashion images. For example,
modifying dress length will cause a larger proportion of an
images to be changed than modifying neckline type, and
thus we rank dress length before neckline type. This will
ensure that our model has sufficient ability to make desired
edits to faithfully reflect different attributes. In our imple-
mentation, we consider 5 common apparel attributes, and or-
der them as: “clothing length” > “sleeve length” > “sleeve
type” > “collar type” > “hem type”.
Prompt Schedule. During the denoising process, the
ideation stage is conditioned on the abstract design concepts
PC , and the iteration stage are conditioned on a sequence of
text prompts PA = (PA1

, . . . ,PAn
), where each sub-stage i

only generates local component given PAi
. We construct the

iteration sub-stage prompts by starting with PC and adding
one attribute description per sub-stage over time. Formally,
the prompt for i-th iteration stage is defined as:

PAi
= PC +

i∑
k=1

Ak, (1)

where the addition operator is overloaded to denote the con-
catenation of two prompt strings. This means that each iter-
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ation sub-stage needs to consider not only its own attribute
but also the given concepts and all the previous attributes,
thereby helping better preserve what is already generated.
Conditioning on Pose Map. During the iteration stage, be-
sides text prompts, we also input a 2D pose map, encoding
18 body joint positions, into our denoising network to fur-
ther improve generation quality. The pose map is obtained
by running a 2D pose detector (Cao et al. 2017) on the real
image in training and the generated image by the ideation
stage in testing. Providing joint position information to the
model can help it better localize the regions to change for
a given attribute. Furthermore, we find this additional input
is beneficial to the preservation of the human pose during
editing, as observed in (Baldrati et al. 2023).
Training. For training, we optimize the following objective:

Ez0,t,ϵ

[
∥ϵ− ϵθ (zt, t, C(t),M(t))∥22

]
, (2)

where C(t) is prompt schedule function:

C(t) =

{
PC , t ∈ UC

PC +
∑t

k=1 Ak, t ∈ UAt

. (3)

M(t) is a pose schedule function that returns the 2D pose
map of the training image. if t falls within the iteration phase
and empty if t is within the ideation phase.

Design Synthesis and Editing
Design Draft Generation. Given a high-level concept
prompt PC , we aim to generate a design draft. To do this,
we sample a base noise zCT and feed it into our denoising
process to obtain zC0 , which is then decoded by the SD de-
coder D to generate a design draft xC = D(zC0 ). Note that
our sampling is run through all the timesteps, i.e, from t = T
to t = 0, instead of just through the ideation stage, in order
to generate a clear design draft. This is possible because our
denoising network sees the high-level concept description
for all the timesetps during training according to our prompt
schedule function in Eq. 3.
Iterative Local Editing. Given the generated draft xC , we
aim to edit it iteratively through a sequence of intuitive ap-
parel attribute descriptions (PA1 , . . . ,PAn). As shown in
Fig 2, to perform editing on the first attribute A1, we take
the generated draft xC as input and diffuse its latent obtained
using the pre-trained image encoder to a noisy latent at the
starting timestep, tA1

, of the first attribute sub-stage using
the forward process margin distribution q(zt|z0). Then, we
run the rest sampling steps to t = 0 from the noisy latent
conditioned on PA1

to produce the edited result xA1 . For
each subsequent attribute Ak, we execute editing in a similar
way except that the input is the edited result of the previous
attribute and the sampling is run from the starting timestep
of attribute Ak with PAk

as input prompt.
Typically, modifying an attribute, which only refers to

a local target region in the fashion image, should ideally
lead to localized changes. However, We find that the above
method may cause undesirable non-local changes. To mit-
igate this issue, we observe that there exists a strong cor-
relation between apparel attributes and human body parts

— e.g, changing sleeve type will primarily influence the re-
gion on and near the arm. This motivates us to leverage hu-
man body part masks associated with the corresponding at-
tributes to enforce the preservation of non-target regions. To
generate the body part masks, we apply the 2D pose detec-
tion method (Cao et al. 2017) to the input image to estimate
joint locations. For a body part associated with attribute a,
we construct a bounding box enclosing the relevant joint po-
sitions, and use the SAM (Kirillov et al. 2023) to segment
the clothing region within the bounding box to form a binary
mask, which labels the target and non-target regions with 1
and 0, respectively. Note that when increasing the length of
an apparel component (e.g, from short dress to long dress),
we directly use the entire region within the bounding box as
the mask to cover the non-clothing region that needs to be
modified (e.g, leg). Then, similar to the blended latent dif-
fusion (Avrahami, Fried, and Lischinski 2023), we modify
each denoising step within the period of attribute a using its
mask ma (downsampled to the spatial resolution of the la-
tent): z̃t−1 = ma ⊙ zt−1 +(1−ma)⊙ zit−1, where zt−1 is
sampled from the learned condition distribution pθ(zt−1|zt),
⊙ denotes element-wise multiplication and 1 is an all-ones
image. zit−1 is a noisy latent obtained by encoding the input
image via E into a latent and diffusing it to timestep t − 1.
Intuitively, this keeps the non-target region unchanged, by
replacing the values of zt−1 in the non-target region with
their counterparts from the corrupted input image encoding.

Hierarchical Fashion Dataset
To train our model, a fashion dataset captioned by both high-
level concepts and low-level attributes is needed. Existing
fashion datasets (Yang et al. 2020; Morelli et al. 2022; Jiang
et al. 2022; Baldrati et al. 2023) is not sufficient to serve our
purpose. Their texts captions either lack a complete capture
of fashion design concepts or mix up the descriptions of dif-
ferent levels together without explicit separation. Therefore,
we curate a dataset, HieraFashion, with 5200 full-body fash-
ion images of high resolution (768×1024 pixels), spanning
8 common apparel categories including dress, coat, sweater,
blouse, jumpsuit, pant, shirt and skirt.

The images in our dataset are meticulously selected from
FACAD (Yang et al. 2020), DeepFashion-MM (Jiang et al.
2022) and Dress Code-MM (Baldrati et al. 2023) so that
they have diverse design elements and rich variation in de-
sign pattern. To ensure the visual quality of the images and
consistency across them, we cropped out the area above the
eyes of the model in each image, and filter out the images
with complex backgrounds, non-frontal body orientations,
challenging poses, and half-body shots. One notable feature
of our dataset is its hierarchical text descriptions — each
image is annotated with a text description which comprises
two parts: high-level design concepts and low-level apparel
attributes. The textual annotations were performed by re-
cruited professional fashion designers.

Overall, our dataset has several distinctive characteristics:
1) hierarchical text descriptions; 2) full-body fashion images
with clear background; 3) high-resolution images. Please re-
fer to the supplemental materials for more details.
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Figure 3: Qualitative results of different methods for fashion draft generation from high-level design concepts.

Experiments

Datasets. We conduct experiments on the HieraFashion
dataset. We divide the HieraFashion dataset into 4,000 train-
ing examples and 1,200 testing examples. Further, we use
the Dress Code Multimodal dataset, with a total of 26, 400
image-text pairs to fine-tune the models.
Implementation Details. We fine-tune the stable diffusion
model on the Dress Code Multimodal and HieraFashion
datasets. We use 1000 timesteps for the reverse process, allo-
cating the interval[1000, 900] to the ideation stage and set-
ting the intervals for the 5 attributes in the iteration stage
as [900, 800], [800, 710], [710, 630], [630, 560], [560, 0].
Note that we put most of the iteration sub-stages into the
first half of the denoising process since the model has very
restricted flexibility to change the generated image in the late
denoising stage (Cao et al. 2023a; Yu et al. 2023). During
training, we resize all the images to 512×704. We train our
model for 117,299 steps on a single NVIDIA A6000 GPU
on our HieraFashion dataset, employing a batch size of 4,
a learning rate of 1e-5, and a linear warm-up for initial 500
iterations, with the AdamW (Loshchilov and Hutter 2019)
optimizer. For image generation, we employ DDIM (Song,
Meng, and Ermon 2021) with 100 steps as noise scheduler
and use classifer-free guidance (Ho and Salimans 2022).
Compared methods. For design draft generation, we com-
pare our method with state-of-the-art methods including
Cogview (Ding et al. 2021), Stable Diffusion (Rombach
et al. 2022), and Attend-and-Excite (Chefer et al. 2023).
To ensure a fair comparison, all models are retrained using
the Dress Code Multimodal (Baldrati et al. 2023) and Hi-
eraFashion datasets. For local editing, we consider general-

Method FID ↓ Coverage ↑ CLIP-S ↑
Cogview 23.62 0.35 25.87

SD-finetune 18.45 0.48 27.92
Attend-and-Excite 15.33 0.63 28.46

Ours 10.27 0.76 30.61

Table 1: Quantitative evaluation of different methods for
fashion draft generation. The best results are in bold.

purpose image inpainting methods, SD-Inpaint1 and Brush-
Net (Ju et al. 2024), as baselines. We also compare with lat-
est text-guided fashion image editing methods: FICE (Per-
nus et al. 2023), MGD (Baldrati et al. 2023), TexFit (Wang
and Ye 2024). Both FICE and TexFit are retrained on the Hi-
eraFashion training set; MGD is not trained on our dataset
since its training code is not accessible. For fair comparison,
MGD, BrushNet and TexFit use the same body part masks
as our method. We acknowledge that there are more genera-
tion and editing methods (Zhang et al. 2022; Li et al. 2022;
Sun et al. 2023; Zhang et al. 2023) in the fashion domain.
However, comparison with them is not feasible since their
training code is not publicly available.
Evaluation metrics. To evaluate the realism and diversity
of the generated images, we use the Fréchet Inception Dis-
tance (FID) (Heusel et al. 2017) and Coverage (C) (Naeem
et al. 2020) metrics. For both metrics, we employ the CLIP
ViT-B/32 model as the feature extractor. Furthermore, to as-
sess the coherence of the image to input prompts, we utilize
the CLIP Score (CLIP-S) (Hessel et al. 2021). We fine-tune
the CLIP ViT-B/32 model on the Dress Code Multimodal

1https://huggingface.co/runwayml/stable-diffusion-inpainting
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Method A1 A2 A3 A4 A5

FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑
FICE 22.72 27.94 23.15 28.07 23.69 28.13 24.28 28.36 25.53 28.47

SD-Inpaint 13.56 28.13 14.31 28.24 15.57 28.32 16.76 28.54 17.28 28.66
TexFit 13.98 28.01 14.82 28.17 15.73 28.15 16.50 28.42 17.11 28.64

TexFit-M 13.27 28.59 13.83 28.76 14.41 28.92 15.16 30.38 15.72 30.55
BrushNet 12.92 29.85 13.46 30.10 13.98 30.54 14.63 31.12 15.06 31.31

Ours 10.74 31.39 11.26 31.73 11.80 32.35 12.14 32.86 12.59 33.01

Table 2: Quantitative evaluation of different methods for iterative local editing on our HieraFashion. TexFit-M refers to TexFit
with our body part masks rather than its predicted ones. The best results are in bold.

Design DraftConcept

Dress, Elegant, 
Party, Slimming, 
Sense of Curve 

Sweater, 
Original Design, 

Campus, Tall, 
Drape Feeling 

Pant, Western 
Style, Date, 
Slimming, 

Casual and 
Relaxed Feeling 

Jumpsuit, Sweet, 
Homewear, 

Elongate Neck, 
Sense of Agility 
and Elegance

BrushNet MGD OursTexFit TexFit-M SD-InpaintAttribute

Short Dress

Lantern Sleeve

Flare Hem

Long Jumpsuit

Pose + Mask

Figure 4: Qualitative comparison of iterative local editing. The latest editing methods often lack alignment with low-level
attribute semantics, or cause undesirable global changes. Our method can precisely edit the corresponding regions according
to the attribute descriptions while keeping the other regions unchanged, which is superior to other methods. TexFit-M refers to
TexFit with our body part masks rather than its predicted ones.

dataset and then on HieraFashoin dataset to adapt to images
and text descriptions in the fashion domain. For fine-tuning
the CLIP, we concatenate all the keywords for each image in
our dataset into a single text description.

Comparison to Prior Methods
Quantitative Comparison. In Tab 1, we report the quan-
titative results of different methods on our HieraFashion
dataset for design draft generation given high-level prompts.
As can be seen, our method consistently outperforms the
competitors, in terms of realism and diversity (i.e, FID and
Coverage) and prompt coherency (i.e, CLIP-S).

Tab 2 shows the results of different methods for local
editing. Our method outperforms the other methods across
all the low-level apparel attributes. Moreover, as the num-
ber of editing iterations increases, the FID scores of all the
methods gradually decline. This is because each editing iter-
ation builds upon the previously generated image, resulting

in gradually degraded visual quality. Notably, our method is
able to maintain consistently stronger performance through
the iterations. In addition, TexFit-M using our body part
masks is better than the original TexFit based on predicted
editing regions, indicating that our approach of localizing
target regions with body part masks is simple yet effective.
Qualitative comparison. In Fig 3, we provide a visual com-
parison of different methods in fashion draft generation. Our
method can generate the designs that more faithfully convey
the given concepts than the existing methods. Across dif-
ferent apparel categories, our method is able to synthesize
designs with rich texture patterns and diverse apparel com-
ponents. In contrast, CogView can synthesize simple appar-
els, but the generated results are blurry with many details
lost. The results by the SD are sharp with sufficient textu-
ral details, but are not matching the given concepts properly.
Attend-and-Exact improves upon CogView and the SD in
terms of prompt alignment. However, there is still a notice-
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Draft Generation A1 A2 A3 A4 A5

FID ↓ CLIP-S ↑ C ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑ FID ↓ CLIP-S ↑
Flat 14.29 28.17 0.43 16.79 29.21 18.13 30.09 19.39 30.36 20.48 30.55 21.34 30.83

RandAttrOrder 13.81 28.98 0.59 14.26 29.46 14.87 30.11 15.52 30.61 16.37 30.80 16.95 30.96

Ours 10.27 30.61 0.76 10.74 31.39 11.26 31.73 11.80 32.35 12.14 32.86 12.59 33.01

Table 3: Effect of hierarchical descriptions and attribute ordering. We compare with two variants of our method (Ours): one
conditioning on flat descriptions that combine high-level concepts and low-level attributes (Flat), and one using random order
of attributes (RandomAttrOrder). The best results are in bold.

Short Dress

OursRandAttrOrderPose + MaskDesign Draft Flat

Figure 5: Comparison of our hierarchical model (Ours)
against its flat (Flat) and random attribute ordering (RandAt-
trOrder) variants for local editing (long dress → short dress).

able gap between what its results convey and the given con-
cepts. For example, the generated dress in the first row does
not feel “elegant” and the result in the second row does not
“elongate neck”.

Fig 4 compares the editing results of different methods.
We observe two major shortcomings of the compared meth-
ods: first, they may struggle with producing the edits that
precisely reflect the given attributes (e.g, the dress length is
not reduced properly for all the other methods except Brush-
Net in the first row of Fig 4); second, they may generate the
edited areas that are not harmonious with the rest part of
the input design (e.g, the texture and color of the sleeve are
changed in the second row of Fig 4). In contrast, our method
does not suffer from these issues, producing harmonious re-
sults that can accurately reflect different input attributes.

Hierarchical Prompts and Attribute Ordering
Our model considers hierarchical text descriptions with a
multi-stage framework. We evaluate our hierarchical model
against a flat alternative that collapses high-level concepts
and low-level attributes into a single description, and condi-
tions on the same description throughout the denoising pro-
cess (Flat). We also try using random ordering of attributes
in the iteration stage (RandAttrOrder), rather than our pro-
posed ordering based on the size of influenced areas.

The results on both generation and editing tasks are shown
in Tab 3. Our full model is superior to the two alternatives
across all the metrics for both tasks. The Flat performs the
worst, giving very high FID scores and low CLIP-S scores,
which confirms the importance of our hierarchical descrip-
tions and multi-stage framework. Further, using random or-
dering of attributes also lead to inferior performance, sug-

w/o PoseDesign Draft Text Only

Long Dress

Pose + Mask w/o Mask Ours

Figure 6: Effect of pose conditioning and body part masks
for local editing (short dress → long dress).

gesting the necessity of our proposed ordering strategy. Fig
5 shows a visual comparison of different methods in an edit-
ing scenario to quantitatively demonstrate the advantage of
our full model over the two variants.

Ablation Study
We further ablate two design choices for our local editing:
1) conditioning on pose maps; 2) using body part masks.
Fig 6 provides a visual comparison, which shows the impor-
tance of these two components to visual quality. When the
pose information is not used, the model fails to make the
desired edit. Without the body part mask, the edited result
involves large global modifications to the input image, to-
tally changing the original style. Removing one or both of
the two components from our method lead to a degradation
in both FID and CLIP-S across all the attributes (please see
the supplemental for details).

Conclusion
In this paper, we propose a unified approach to facilitating
fashion design based on a multi-stage diffusion model con-
ditioned on hierarchical text descriptions. Our method nat-
urally supports both design draft generation and iterative
local editing, showing promising capability of fitting into
and aiding in the typical fashion design workflow. We also
contribute a fashion image dataset that comprise hierarchi-
cal text annotations, making it a valuable asset for training
and evaluating various fashion design models. We hope that
our idea of drawing analogy between the full fashion de-
sign pipeline and the denoising process of diffusion mod-
els, along with our dataset, can inspire and encourage future
work in building practical systems for augmenting designers
in the fashion domain and beyond.
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