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Abstract

We address the task of controllable garment image generation, where the goal is to
synthesize realistic clothing images from incomplete and interpretable inputs such as
sketches, color cues, text prompts, and fabric textures. This task poses unique chal-
lenges in aligning high-level semantics with spatial structure while preserving visual
fidelity. We propose GenWear, a unified conditional diffusion framework built atop a
frozen Paint-by-Example (PBE) denoising UNet, augmented with learnable modules for
modality-specific control. We introduce SketchCtrl, a ControlNet based module which
injects multi-scale spatial features from sketches via zero-convolution, ensuring struc-
tural fidelity. ColorFiLM employs feature-wise linear modulation to steer global color
tone without disrupting pretrained activations. A BLIP-2-based text adapter biases the
sketch encoder with semantic priors to resolve ambiguities, while a cross-attentive tex-
ture adapter injects local fabric cues into the decoder for material realism. These mod-
ules operate synergistically, enabling disentangled control without modifying the core
diffusion backbone. Unlike prior works, GenWear does not require a full reference im-
age at test time, treating the sketch as both spatial and semantic guide. Experiments on
VITON-HD dataset demonstrate that our approach achieves state-of-the-art quality and
controllability across diverse garment types and modalities.

1 Introduction

Fine-grained garment generation plays a vital role in fashion synthesis [23], enabling precise
control over styling and appearance. From a sustainability perspective, traditional garment
design often incurs significant material waste due to extensive physical prototyping prior
to finalization. In contrast, realistic digital stylization offers an efficient and eco-friendly
alternative, allowing designers to visualize modifications without sample production. This
not only enhances creative flexibility for designers but also enables greater personalization
for end users. While garment generation is inherently tied to virtual try-on systems[9, 31],
dedicated frameworks that focus on detailed garment synthesis remain largely unexplored.
Garment generation framework can significantly enrich virtual try-on systems by pro-
ducing realistic and diverse garments, thereby improving downstream applications such as
e-commerce visualization, fashion design, and personalized styling. Garments often differ
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in subtle but important ways—e.g., neckline shape, sleeve length, button placement, pocket
types[9]. Capturing this diversity requires a model that interprets and synthesizes fine struc-
tural cues with high fidelity. They also have many interdependent properties (e.g., color
influences perceived texture, texture modifies structure). Integrating sketch, color, texture,
and semantic text in a way that avoids mode collapse like GANs or conflicting signals is
non-trivial. Often achieving global coherence (e.g., symmetrical sleeves, centered prints)
while allowing local variability (e.g., fabric texture, stitch details) is difficult in garment gen-
eration and is further challenging when done in a single stage pipeline. Many prior models
(PBE[32], Ti-MGDI2]) rely on a complete garment reference image. This poses a depen-
dency on the availability of complete image. Garment datasets are often curated for try-on,
not generation. They lack garment categories, edge annotations, or semantic labels needed
by conventional conditional generators. Furthermore, garment generation often lacks flexi-
bility in terms of the provided conditioning.

To ensure high fidelity, we train our model on the publicly available VITON-HD dataset [9],
which offers high-resolution images of real garments. Leveraging this dataset, we automat-
ically extract key guidance modalities: garment color vectors using segmentation masks,
sketch representations via informative edge drawings, and textual descriptions using BLIP2 [15],
including both captions and corresponding embeddings. Our pipeline is fully automated and
requires no human annotations, making it applicable to any garment dataset equipped with
segmentation masks (which can also be generated using standard segmentation techniques).
We adopt a multimodal, single-stage framework that integrates color, texture, sketch, and
text, to guide high-quality garment synthesis, capturing both structural and stylistic nuances.

In this work, we address the challenge of fine-grained garment generation by proposing
a unified, multimodal framework. Structural details such as buttons, collars, and pockets are
primarily dictated by sketch inputs, which serve as the spatial control signal via a ControlNet-
style module. This allows for direct manipulation of garment shape through designer-drawn
outlines, maintaining spatial fidelity within a single-stage generation process. To integrate
semantic and visual cues, we introduce modality-specific adapter pathways: sketch control
via ControlNet, global color conditioning through a Color Adapter employing Feature-wise
Linear Modulation (FiLM), and a BLIP-2 embedding to embed textual descriptions. Textual
descriptions further enhance semantic alignment during generation. Local garment texture
patch is utilized to provide local fine-grained visual detail aligned with the global structure,
and is processed through a dedicated Texture Adapter. All modalities are injected concur-
rently into a single-stage diffusion PBE UNet, enabling end-to-end multimodal conditioning
without requiring multiple generation stages. We repurpose the VITON-HD try-on dataset
by auto-generating sketches, masks, and texture crops, avoiding the need for garment class
labels or pose annotations. Our formulation as an inpainting problem enables flexible spatial
control and supports scalable training on real-world data. Our key contributions are summa-
rized as follows:

* We present GenWear, a unified conditional diffusion architecture for garment image
generation, which reformulates multi-modal control, utilizing sketch, color, texture,
and language, as modular conditioning streams injected into a single frozen PBE UNet,
eliminating the need for reference images at test time.

* We propose SketchCtrl, a dual-path sketch conditioning module that combines Con-
trolNet style spatial feature injection with CLIP-based semantic alignment, enabling
fine-grained structural control from design sketches alone.

* We introduce ColorFiLM and TexAdapter, two separate yet disentangled control
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mechanisms for global appearance and local texture detail, implemented via FiILM
modulation and cross-attention texture injection.

* We demonstrate strong controllability and visual quality on VITON-HD multimodal
through extensive ablations and benchmarks, outperforming baselines while offering
interpretable and disentangled control.

2 Related works

2.1 GAN based methods

Some approaches [5, 6, 8, 17] for garment generation utilise GANS which would translate
sketch to image, where structural maps would lead the spatial garment mapping. DeepPor-
traitDrawing [29] extends this strategy to full-body synthesis using a local-to-global pipeline.
Similarly, Interactive frameworks [11] introduce gating mechanisms to support user-driven
editing, while DALColor [10] combines WGAN-GP with line-art colorization for refined
appearance control. However, these methods [5, 6, 11] are limited to single-condition gener-
ation and are difficult to apply in real-world fashion scenarios that demand multi-conditional
controllability. Moreover, GAN-based approaches[20, 21, 26] are prone to adversarial train-
ing instability and image artifacts, often compromising realism.

2.2 Diffusion based methods

Diffusion models [12] have made significant strides in conditional image generation, due
to their iterative denoising mechanism and flexible control capacity. Plugin-based methods
such as IP-Adapter [33], ControlNet [34], and BLIP-Diffusion [14] inject external condi-
tions into pre-trained diffusion models via lightweight modules and enhance controllabil-
ity. Parallel architectures [18, 31] further improve control precision by incorporating ref-
erence guided features during generation. Magic Clothing[7] utilised additional garment
generation diffusion to preserve the garment details and maintain faithfulness to the text
prompts. In the fashion domain, DiffCloth [16] enables localized garment editing via part-
specific textual prompts, allowing independent control over different regions (e.g., sleeves,
collars). ARMANI[36], a garment generation method converts images into tokens using
a cross-modal codebook and models their distribution with a Transformer based on con-
trol signals. It incorporates textual tokens to enable image generation from inputs like text,
sketches, or partial images. GarmentAligner[35], a text-to-garment diffusion model trained
with retrieval-augmented multi-level corrections. It is a single modality based method which
takes text inputs to generate the garments. HieraFashDiff[30], is a fashion editing based
method that uses two successive stages and supports fashion design generation and fine-
grained local editing. The method utilises text as a conditioning modality for fashion editing.
DreamPaint[25], is an inpainting based framework that can inpaint any e-commerce product
on any user-provided context image. These methods condition the garment. The methods
with garment generation framework propose various methods to provide uni/bi modal con-
ditioning control while garment generation which introduces lack in accuracy and persistent
artefacts. Which motivated us to propose a multimodal framework to provide garment gen-
eration control with improved realism.
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Figure 1: Architecture diagram of our proposed methodology shows the multimodal condi-
tioning based garment generation leveraging multiple adapters with Diffusion UNet.

3 Methodology

3.1 Problem Formulation and Approach Overview

We address the task of controllable garment generation from designer-specified cues by in-
troducing GenWear, a single-stage, multi-modal diffusion framework capable of synthesiz-
ing high-quality garment images with interpretable and flexible controls. Given a garment
sketch S € R'>H*W '3 global color vector C € R3, a local texture crop 7 € R3>*"¥ and a
textual garment description £, the model aims to generate a photo-realistic garment image
T e R¥HXW that faithfully reflects structural intent, fabric appearance, and semantic style.

At the core of GenWear is a frozen Paint-by-Example (PBE) UNet [32], originally de-
signed for reference-based inpainting. Instead of relying on a full garment reference image,
we adapt this backbone to synthesize garments using a sketch as the primary structural cue,
augmented with optional color, texture, and text inputs. Each module injects complementary
information into the generative process: the sketch S provides detailed structural cues such
as seams, collars, and silhouettes; the color vector C governs the garment’s global chromatic
properties; the texture crop 7 supplies localized fabric information; and the text £ introduces
semantic concepts like garment category, design, or other context. This design choice elimi-
nates the need for complete reference images during inference and supports flexible garment
ideation workflows.

These conditioning signals are injected through different modules for each modality.
Specifically, we employ a ControlNet based sketch encoder SketchCtrl, to extract hierar-
chical spatial features from sketch & and injects them into the UNet decoder via zero-
convolution adapters at multiple scales. To modulate visual appearance, the color vector C is
transformed via a Feature-wise Linear Modulation module ColorFiLM, into affine parame-
ters (7, B), which adjust the scale and shift of intermediate feature maps across the network.
For higher-level control, we encode texture 7 using a texture adapter TexAdapter, motivated
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from IP-adapter, and embed garment textual description £ using a BLIP-2 encoder [15] em-
bedding LangBLIP, along with ColorFiLM embedding, yielding a joint style embedding that
is injected into the PBE’s decoder via cross-attention layers for efficient conditioning.

The diffusion process follows a standard denoising objective [12], where a Gaussian-
noised image 7, is progressively refined into garment image Z, through a series of con-
ditional updates, similar to PBE [32]. The diffusion model takes the noisy latent z;, in
timestep ¢ and concatenated garment mask x,,, and garment agnostic x, as its inputs, similar
to PBE [32]. GenWear enables joint reasoning over local and global signals in a single-stage
pipeline, eliminating the need for traditional sequential garment layout and texture synthe-
sis. By disentangling conditioning pathways for structure, color, texture, and semantics,
GenWear offers an interpretable and modular pipeline for garment synthesis. Designers can
iteratively adjust individual aspects of a garment—such as exploring fabric variants or col-
orways—without retraining the model. The following sections describe in detail the design
and integration of each conditioning module depicted in Figure 1.

3.2 Sketch-Based Structural Control

We introduce SketchCtrl, a dual-path conditioning module that leverages design sketches
S € R>HXW (o guide garment generation both spatially and semantically. Sketches pro-
vide fine-grained structural cues, such as collar, sleeve, and hemline details, while remaining
lightweight and editable, making them an ideal interface for controllable synthesis. For spa-
tial control, we employ a ControlNet encoder [34] to extract multi-scale features {}"slkewh}
aligned with the SDXL 1.5 encoder. These features are injected via zero-convolution adapters
into the frozen PBE UNet’s decoder [32], influencing the denoising process at each layer to
enforce structural fidelity.

To complement spatial alignment, we encode S with a frozen CLIP image encoder [24],
project the global embedding utilizing a learnable linear layer, and inject it into the UNet’s
cross-attention layers as a semantic substitute for the reference image. This allows our model
to operate without requiring any reference garment image during inference. SketchCtrl en-
ables structurally and semantically grounded generation using only a sketch, serving as the
primary control signal for garment generation.

3.3 Color-Based Feature Modulation

To enable explicit color control in garment synthesis, we introduce ColorFiLM, a lightweight
module that injects global color semantics via feature-wise linear modulation (FiLM)[3].
Standard diffusion models often fail to adhere to color constraints in inference, especially
when dealing with diverse textures and materials[ 13, 28]. Our proposed approach provides
direct modulation without altering the frozen PBE backbone. Given a binary garment mask
M € {0,1}*W and ground truth image Z, we compute the color vector C € R? as the
average RGB value over the masked region:

1
c- L v 1, M
M (i,):Mi j=1

At inference, C may be user-defined or sampled from a reference patch. We project C,
through an MLP to generate affine parameters ¥(C) and (C), applied to intermediate PBE

encoder’s features F as:
FILM(F) = ¥(C)-F + B(C) @)
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Figure 2: Preprocessing inputs to our proposed method obtained from VITON-HD Dataset.

These are injected at last 3 decoder blocks, where global attributes like tone and shading are
formed. Compared to palette-based attention[19] or conditional normalization[27], Color-
FiLM introduces no spatial overhead and maintains full compatibility with frozen weights.
ColorFiLLM enables smooth interpolation and disentangled control, supporting tasks such as
color variant generation and interactive design with minimal computational cost.

3.4 Textual Semantics Adapter

Sketches may lack semantic specificity, making it difficult to infer garment type/style solely
from structure. To resolve this ambiguity, we introduce LangBLIP, a text-based adapter to in-
ject semantic priors into the generation process without overriding spatial conditioning. We
use a pretrained BLIP-2 encoder [15] to extract a fixed-length embedding fiex, € RY from a
free-form prompt L (e.g., “red cotton blouse with puffed sleeves”), provided by MGD[1].
Rather than conditioning the image synthesis directly, we inject fiex; into the ControlNet
sketch encoder by introducing a learnable linear projection layer and adding it as a condi-
tioning to the ControlNet’s encoder blocks. This modulates spatial features {F ., } with
high-level textual semantics during feature extraction. LangBLIP operates in a lightweight,
supportive capacity, guiding structure-aware generation without dominating it. Its modular
design preserves compatibility with the frozen PBE backbone and avoids reliance on prompt
tuning or cross-attention. This enables controllable semantic refinement over sketches, cap-
turing distinctions such as garment category, formality, or seasonal intent.

3.5 Local Texture Injection via Adapter

To capture fine-grained material properties in garment synthesis, we introduce TexAdapter, a
lightweight module inspired by the adapter-based conditioning paradigm of T2I-Adapter [22]
and IP-Adapter [33]. Similar to these works, TexAdapter injects texture in the form of aux-
iliary visual information into the denoising Unet. Given a reference patch 7 € R3>*"™" we
extract a texture embedding fiex € R? using a 3 layer CNN encoder (3x3,3x3, 1x1) with
residual blocks followed by a linear layer for feature projection. This embedding encodes
localized fabric cues such as weave, gloss, or print. Following IP-Adapter [33], we in-
ject fiex via multi-head cross-attention layers into selected blocks of the frozen PBE UNet’s
encoder, where fine spatial details are reconstructed. UNet features attend to the texture
embedding using a key-query-value mechanism, enabling texture-aware modulation without
altering structural or color guidance. Unlike CLIP-guided or prompt-based texture halluci-
nation, TexAdapter enables explicit and disentangled control using visual patches. It requires
no semantic alignment between sketch and texture, allowing flexible material transfer across
structures (e.g., lace on a blazer sketch). This approach maintains full compatibility with the
frozen denoising backbone while enhancing the realism and diversity of garment textures
under user control.
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4 Experiments
4.1 Implementation Details and Dataset

To evaluate the effectiveness of our unified conditional diffusion framework, we conduct ex-
periments on the VITON-HD dataset [9], a high-resolution benchmark for garment image
synthesis and virtual try-on. VITON-HD provides paired images of upper body garments
with diverse styles, fabrics, and structural variations, making it well-suited for controlled
garment generation. For each garment image, we extract the following conditioning in-
puts: Sketch S is obtained by applying InformativeDrawings[4] to garment images. These
sketches capture structural outlines such as collars, sleeves, and hemlines in detail. Color
vector C is computed as the average RGB value over the segmented garment region. Texture
crop 7 is generated by generating by picking random 64 x 64 patches, sampled from the
garment region to serve as local appearance cues. Text description £ is taken from MGD[1].

Table 1: Quantitative results of our approach compared with other methods on VITON-HD
Dataset on different modalities.

Modalities
Model Text Colour Sketch Texture FID | LPIPS| CLIP-S 1
PBE[32] X X v X 17.1 0.212 0.42
BLIP-Diffusion[14] v X v X 13.0  0.206 0.49
ControlNet[34] v X v X 143 0.198 0.47
IP-Adapter([33] v X v v 128  0.186 0.51
Ours v v v v 11.9  0.175 0.55

We train our model on garments and parsed data from VITON-HD at a spatial resolution
of 512 x 384. Training is performed on a single NVIDIA A100 GPU with 80GB memory
using the AdamW optimizer. The learning rate is set to 1 x 10~* with a linear schedule
similar to the PBE model. The model is trained for 250K steps with a batch size of 16.
Following DDPM [12], we use a noise prediction loss. All conditioning modules SketchCtrl,
ColorFiLM, LangBLIP, and TexAdapter are jointly trained end-to-end while keeping the
PBE UNet backbone frozen.

4.2 Quantitative results

We evaluate our method on the VITON-HD test set using FID, LPIPS, and CLIP-S metrics.
As shown in Table 1, our model achieves the best performance across all metrics, with a FID
of 11.9, LPIPS of 0.175, and CLIP-S of 0.55, indicating superior image realism, perceptual
quality, and semantic alignment. Compared to BLIP-Diffusion [14] and IP-Adapter [33],
which lack full multimodal conditioning, our approach benefits from the integration of text,
color, sketch, and texture modalities. Notably, models that do not incorporate texture cues
(e.g., PBE [32], ControlNet [34]) show higher FID and lower semantic consistency. These
results validate the effectiveness of our joint conditioning framework in generating photo-
realistic and semantically grounded garments.

4.3 Qualitative results

Figure 3 compares our method against Paint-by-Example (PBE) [32], Gemini [28], and
ChatGPT-40 [13] across various garment inputs composed of sketch, texture crop, and tex-
tual caption. Our method consistently achieves superior visual fidelity and alignment with
conditioning signals. Unlike PBE, which largely ignores texture and semantic inputs, and
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Figure 3: Qualitative comparison of our proposed method on VITON-HD dataset.
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Figure 4: Ablation study of various proposed modules on garment generation.

Gemini/ChatGPT-40, which often hallucinate textures or fail to preserve structure, our model
effectively integrates all modalities. For instance, in row 1, the jacquard weave and rich color
are faithfully rendered with the correct mock-neck silhouette. Rows 2 and 3 highlight fine
lace and sleeve details synthesized from both text and texture, which are often missing or
oversimplified in baselines. In simpler cases, our model accurately reflects subtle mate-
rial properties such as ribbing, pleats, or sheen while adhering to the sketch and preserving
color intent, demonstrating robustness across garment types and complexity levels. Over-
all, GenWear provides more faithful and interpretable garment synthesis through its unified
conditioning of sketch, texture, color, and text.

4.4 Ablation Study

To assess the contribution of each control modality in our framework, we perform an ablation
study by incrementally removing individual conditioning components while keeping the rest
of the model unchanged. We evaluate the resulting generations on four key metrics: Fréchet
Inception Distance (FID), LPIPS perceptual similarity, Color-Structure Similarity (CSS), and
CLIP Score (CLIP-S). These metrics collectively assess visual quality, perceptual realism,
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Figure 5: Limitations of our proposed garment generation model

color-layout consistency, and semantic alignment.

Figure 4 illustrates the incremental effect of each modality-specific module in our ar-
chitecture. Starting from the Sketch Only baseline, which captures the structure but fails
to convey accurate color or texture, we observe progressive improvements as modalities are
added. Integrating LangBLIP introduces semantic alignment with text, enabling shape and
garment type refinement (e.g., sleeves and neckline in row 1). Adding ColorFiLM corrects
color mismatches (row 1) and enhances hue consistency. Finally, the TexAdapter module
contributes fine-grained texture realism and material properties, as seen in the pleated pat-
terns (row 2) and ribbing fidelity (row 3). These results demonstrate the modular and com-
plementary nature of our design, with each component contributing distinct visual attributes
critical to high-fidelity synthesis.

Table 2: Ablation study on the VITON-HD test set.

Configuration FID| LPIPS| CSST CLIP-ST

Full Model (Ours) 119 0.175 0.77 0.55
w/o Texture Adapter 14.8 0.196 0.72 0.54
w/o ColorFiLM 13.6 0.188 0.63 0.54
w/o Text (LangBLIP)  13.3 0.182 0.70 0.50
Sketch Only 17.1 0.212 0.61 0.42

Table 2 presents a quantitative ablation on the VITON-HD test set. Removing any mod-
ule leads to measurable performance degradation, confirming their complementary roles.
Excluding the Texture Adapter results in the most significant drop across FID and LPIPS,
demonstrating its importance in generating realistic textures. Removing ColorFiLM leads to
a notable reduction in CSS, indicating its critical role in preserving color-structure consis-
tency. Omitting LangBLIP (Text) primarily affects CLIP-S, reflecting the impact of textual
grounding on semantic alignment. The sketch-only baseline performs worst across all met-
rics, highlighting the necessity of multimodal guidance for high-quality generation.

4.5 Limitations and Future Work

While our method generates realistic garments from multimodal inputs, it has limitations. As
shown in Figure 5, the model may over-prioritize textual cues, e.g., generating pink garments
due to color words in the caption, despite neutral texture patches (top-left, bottom-left).
In cases where the texture patch contains dominant elements like buttons (bottom-right),
structural boundaries may appear blurry or distorted. Additionally, semantically ambiguous
captions can impair fine-grained control (top-right). Future work could enhance modality
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alignment through better cross-attention mechanisms, and leverage 3D-aware or physically
grounded models for improved structure fidelity.

5 Conclusion

We introduce a unified framework for garment synthesis conditioned on sketch, texture
patch, color and textual description. Our approach leverages sketch control via a ControlNet-
inspired module to preserve fine structural details. Central to our approach is the TexAdapter
module, which enables fine-grained texture modulation, and ColorFiLM module, which
aligns color semantics with sketch features. Additionally, a language-guided encoder (Lang-
BLIP) effectively incorporates rich semantic priors from BLIP2 text embedding. Extensive
experiments and ablation on VITON-HD dataset demonstrate that our approach achieves
state-of-the-art performance across multiple perceptual and semantic metrics.
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