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Abstract

Diffusion models have advanced fine-grained garment gen-
eration, yet balancing controllability, efficiency, and texture
fidelity remains challenging. Adapter-based methods often
yield incoherent details, while full fine-tuning is computa-
tionally expensive and prone to overwriting pretrained priors.
To address these limitations, we propose IMAGGarment+,
an efficient diffusion framework for controllable and high-
quality garment synthesis. It comprises two key modules de-
signed for efficient and attribute-aware conditioning. First, we
introduce an attribute-wise feature extractor (AFE) that dis-
entangles key garment attributes, silhouette, logo, position,
and color, into parallel latent streams. Each stream is opti-
mized independently via LoRA, ensuring minimal parameter
overhead while retaining expressive capacity. Second, we de-
velop an attribute-adaptive attention (AA) module to inject
attribute-specific cues into the generative process through a
selective, layer-wise injection strategy. Specifically, silhou-
ette and color features are injected into early decoder layers
to guide structural and appearance formation, while logo fea-
tures are propagated across all layers to ensure cross-scale
consistency. Extensive experiments on fine-grained garment
benchmarks demonstrate that IMAGGarment+ outperforms
state-of-the-art baselines with less than 20% additional pa-
rameters, validating its effectiveness and efficiency.

Introduction

Generative artificial intelligence (Podell et al. 2023) has
recently made substantial progress, driving significant ad-
vancements in various applications within the fashion indus-
try. In particular, garment generation aims to rapidly syn-
thesize high-fidelity apparel images based on multimodal
design inputs (Tang, He, and Qin 2025; Tang et al. 2023,
2020, 2022), such as hand-drawn silhouettes, color schemes,
graphic logos, and spatial attributes. This capability dramat-
ically reduces the traditional time and labor costs associated
with apparel design, enhancing user immersion and realism
in virtual scenarios (e.g., virtual dressing (Chen et al. 2024a;
Shen et al. 2025a) and virtual try-on (Kim et al. 2024b;
Baldrati et al. 2023)) through personalized garment visu-
alization. Moreover, given the accelerating growth of on-
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line shopping, garment generation offers promising poten-
tial as an effective promotional tool, facilitating innovative
marketing strategies for fashion brands and personalized e-
commerce experiences.

Early garment generation methods (Zhang et al. 2023;
Cao et al. 2024; Yan et al. 2025; Zhu et al. 2024) typi-
cally rely on a single or limited number of conditioning
inputs. For example, DiffCloth (Zhang et al. 2023) aligns
textual attribute phrases with garment regions and incor-
porates a semantic-binding attention mechanism to enable
cross-modal generation. AnimeDiffusion (Cao et al. 2024)
employs a two-stage hybrid training strategy to disentangle
structure and color, significantly improving generalization
in sketch-to-garment colorization. Similarly, ColorizeDiffu-
sion (Yan et al. 2025) introduces a two-stage latent vari-
able approach to mitigate distribution shifts, enhancing col-
orization quality and reducing artifacts. LogoSticker (Zhu
et al. 2024) adopts a two-stage framework combining re-
lational pretraining and identity disentanglement, enabling
accurate and natural integration of logos into garments. Al-
though these methods have progressed in controlling spe-
cific attributes, most support only a limited set of conditions
and fall short of addressing the unified modeling of multi-
ple visual attributes, such as silhouette, color, texture, and
logo, required in real-world applications like virtual try-on
and automated fashion design.

To address the increasing demand for fine-grained con-
trollability in garment generation, recent research (Zhang,
Rao, and Agrawala 2023; Li, Li, and Hoi 2023; Shen et al.
2025b) has leveraged advances in multi-attribute image gen-
eration. Existing approaches can be broadly categorized into
two types: adapter-based methods and fine-tuning methods.
For adapter-based methods, they inject efficient modules
into frozen diffusion models for conditional control. For in-
stance, ControlNet (Zhang, Rao, and Agrawala 2023), T2I-
Adapter (Mou et al. 2024) and IP-Adapter (Ye et al. 2023)
can be used to control different attributes individually. While
a single adapter incurs minimal overhead, multi-attribute
modeling typically requires training multiple adapters, sub-
stantially increasing overall computational cost. In contrast,
fine-tuning methods retrain part or all of the model to en-
hance generation capabilities. BLIP-Diffusion(Li, Li, and
Hoi 2023) improves visual fidelity by training on paired
data, but at the expense of significant computational re-



sources and the risk of forgetting pretrained knowledge.
IMAGGarment-1(Shen et al. 2025b) adopts a two-stage
framework to model different attributes explicitly. Although
it improves attribute-level controllability, it suffers from lim-
ited generalization and lacks efficient end-to-end optimiza-
tion. Current methods lack a unified and flexible mechanism
for disentangling and controlling multiple attributes, often
leading to conflicts among attribute representations and de-
graded image fidelity and controllability. Besides, achieving
a balance between efficiency and fine-grained controllability
remains a core challenge that has yet to be fully addressed.

To address the aforementioned challenges, we introduce
IMAGGarment+, an efficient, end-to-end framework tai-
lored for garment synthesis under multiple attribute condi-
tions. Our approach leverages pretrained, frozen diffusion
models to exploit their intrinsic prior knowledge, enabling
efficient and refined optimization. Specifically, we propose
an attribute-wise feature extractor (AFE) module that si-
multaneously encodes multiple garment attributes (e.g., sil-
houette, color, logo) in a fine-grained manner, while main-
taining low parameter overhead through LoRA-based adap-
tation. Furthermore, we develop an attribute-adaptive at-
tention (AA) module, which strategically injects attribute-
specific representations into UNet layers. Guided by empir-
ical analyses, silhouette and color semantics are selectively
integrated into the most suitable layers, whereas logo fea-
tures are consistently incorporated across all layers to en-
sure cross-scale consistency. By effectively mitigating rep-
resentational conflicts inherent in multi-attribute condition-
ing, IMAGGarment+ achieves precise, controllable garment
generation with minimal computational cost. To summarize,
our main contributions can be outlined as follows:

* We propose IMAGGarment+, an efficient diffusion
framework that achieves controllable garment generation
through the integration of attribute-wise feature extrac-
tion and attribute-adaptive conditioning strategies.

We design an efficient attribute-wise feature extrac-
tor (AFE), which simultaneously encodes garment at-
tributes, including silhouette, logo, position, and color,
in a parallel manner, optimized exclusively via LoRA to
minimize parameter overhead.

We present an attribute-adaptive attention (AA) module
with a selective, layer-wise injection strategy that aligns
attribute semantics with hierarchical decoder stages, fa-
cilitating precise structure-texture coordination while
preserving efficiency.

Related Work
Controllable Diffusion-Based Generation

Diffusion models (Shen et al. 2024; Shen and Tang 2024;
Shen et al. 2025a) have demonstrated impressive capabili-
ties in controllable image generation across a wide range of
domains, including portrait synthesis (Tao et al. 2025; Kim
et al. 2024a), scene editing (Brooks, Holynski, and Efros
2023), and garment composition (Zhang et al. 2024). To en-
able attribute-level control, existing methods typically adopt
one of two strategies: (i) designing condition-specific in-
puts such as layouts, semantic maps, instance images, and
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sketches, or (ii) modifying parts of the diffusion model (e.g.,
decoder) to align generation with external constraints. For
example, ARMANI (Zhang et al. 2022) employs garment
sketches and partial clothing as visual priors to enhance
controllability in fashion generation. AnyDoor (Chen et al.
2024b) fine-tunes the decoder of the denoising model to
enable precise logo reconstruction. This limitation poses a
challenge in real-world applications, where garment gener-
ation must jointly consider diverse and interdependent at-
tributes such as silhouette, color, texture, and logo.

Efficient Conditioning and Parameterization

To reduce the computational overhead of adapting large
diffusion models, recent works have explored parameter-
efficient tuning strategies such as adapter modules, LoRA,
and prompt tuning. Adapter-based approaches (Zhao et al.
2023; Zhang, Rao, and Agrawala 2023) insert small train-
able modules into frozen backbones to enable flexible con-
ditional injection without modifying pretrained weights. For
instance, IP-Adapter (Ye et al. 2023) employs compact en-
coders and linear projections for visual conditioning, though
it often struggles with fine-grained semantic alignment.
LoRA (Hu et al. 2022) improves efficiency by approximat-
ing weight updates via low-rank decomposition, allowing
only a small subset of parameters to be trained. Dream-
Fit (Lin et al. 2025) applies LoRA within attention layers
to support virtual try-on generation. Prompt tuning (Lester,
Al-Rfou, and Constant 2021; Li and Liang 2021) further re-
duces training cost by guiding pretrained models through
learnable continuous vectors. While effective, these methods
typically assume uniform feature injection across network
layers and overlook attribute-specific alignment. This limits
their capacity to model semantic hierarchies or accommo-
date diverse, interdependent visual cues.

Methodology

Problem Definition. We formulate garment generation as a
multi-conditional image synthesis task, aiming to produce
photorealistic and structurally coherent apparel images un-
der the guidance of multiple explicitly controllable visual
attributes. The problem can be formally expressed as:

Igen:G(S7M;H;L)a (1)

where I, denotes the generated garment image, and G rep-
resents the proposed generative model. The inputs include
a structural silhouette .S, a chromatic hint map H, a user-
specific logo L, and its associated spatial mask M, which
defines the intended logo placement region on the garment.
Architecture Overview. To ensure faithful attribute con-
trol and high-fidelity synthesis, our framework consists of
two key components: the attribute-wise feature extractor
(AFE) and the attribute-adaptive attention (AA) module, as
shown in Figure 1. The AFE module disentangles multi-
ple visual attributes and encodes them into parallel latent
streams. These streams are adapted using LoRA to maintain
fine-grained expressiveness with minimal parameter over-
head. The resulting features are injected into the Denois-
ing UNet through the AA module, which aligns attribute se-
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Figure 1: Overview of our IMAGGarment+ framework. We design an attribute-wise feature encoder leveraging LoRA layers.
The features from multiple control conditions are simultaneously extracted by the attribute-wise feature encoder and seamlessly
integrated into the denoising UNet via attribute-adaptive attention mechanisms. Silhouette flow and hint flow respectively
represent the pathways through which silhouette and hint features are injected into the network.

mantics with decoder layers via a selective injection mech-
anism. Specifically, features corresponding to silhouette and
color are injected into early decoder layers to guide struc-
tural layout and chromatic distribution, while logo features
are propagated across all layers to preserve fine-grained con-
sistency. This design forms the basis of our layer-wise injec-
tion strategy, which ensures effective cross-attribute coordi-
nation while preserving computational efficiency.

Attribute-Wise Feature Extractor

To ensure fine-grained control over multiple garment at-
tributes, we design an attribute-wise feature extractor (AFE)
that decouples conditional representations across attribute
dimensions while maintaining parameter efficiency. Previ-
ous methods (Lin et al. 2025; Shen et al. 2025a) typically
employ separate diffusion UNet encoders for each condi-
tion to preserve semantic specificity. However, such stacking
strategies significantly increase model complexity and im-
pose a heavy training burden. Observing that self-attention
layers play a crucial role in enabling dynamic information
interaction among features, we retain shared parameters for
general layers and selectively adapt attention blocks using
LoRA. This hybrid reuse-adapt strategy enables the model
to extract expressive attribute-specific features without com-
promising generation fidelity.

To enhance spatial controllability, we first multiply the
silhouette .S with the spatial mask M to obtain a refined
structural input. The processed silhouette, logo, and color
hint are separately encoded into latent vectors via a VAE en-
coder. Then they are concatenated, and forwarded into the
AFE module. During this process, the spatial mask feature
denoted as F},, is integrated into the processed silhouette fea-
ture I to enable precise positional control. As shown in
Figure 1, the AFE replaces the original single self-attention
layer with multiple parallel attention branches, each dedi-
cated to a distinct attribute stream. Formally, for each at-
tribute ¢ € {I, s, h} (logo, silhouette, and hint), we compute:

QiKiT

Frew = Softmax( L ) )
where Qi = Fi(Wq + AW,;), K; = Fz(Wk + AW}é) and

Vi
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Vi = Fy(W, + AW}). Here, F; denotes the input feature
for each attribute, and Wq, Wk, Wv are the frozen weights
initialized from SDXL, while AW;, AVAV,z and AWﬁ are
LoRA-based residuals that provide attribute-specific adap-
tation. The resulting features F**" are concatenated across
the batch dimension and passed into the downstream mod-
ules. To improve efficiency, we remove the redundant cross-
attention layers from the original UNet and adopt a selective
update strategy aligned with the layer-wise injection princi-
ple. Specifically, since silhouette and color features are only
injected into the first two decoder layers, we omit their ded-
icated self-attention and LoRA layers beyond those layers.
Consequently, the AFE introduces only 177.6M additional
parameters, and training is restricted solely to these LoRA
layers. This design reduces the number of trainable param-
eters by 93% compared to full fine-tuning while preserving
strong attribute alignment and controllability.

Layer-Wise Injection Strategy

We observe that different conditional attributes may influ-
ence distinct aspects of the image generation process, and
that injecting all attribute features uniformly across UNet
layers can lead to suboptimal or conflicting effects. To ver-
ify this, we conduct a layer-sensitivity analysis using the
IP-Adapter (Ye et al. 2023) framework, as shown in Fig-
ure 2. Specifically, we inject visual inputs (e.g., a silhouette
or a color hint) into one designated decoder layer, while ap-
plying a contradictory text prompt (e.g., “a T-shirt”) to the
rest. This probing strategy reveals that silhouette cues most
strongly affect generation when injected into the first de-
coder layer, where global structure is reconstructed, while
color cues are most effective in the second decoder layer,
related to color refinement. In contrast, logo features, which
are detail-sensitive and spatially localized, require reinforce-
ment across all layers to preserve fidelity and consistency.
Based on these findings, we formulate a layer-wise injec-
tion strategy that assigns each attribute to its most semanti-
cally compatible layer: silhouette features are injected into
the first decoder layer to guide spatial layout, color features
into the second layer for chromatic modulation, and logo
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Figure 2: Influence of UNet layers on silhouette and color
consistency. We observe that the first decoder layer governs
silhouette, while the second modulates color.

features across all layers to ensure cross-scale detail preser-
vation. This targeted injection not only enhances controlla-
bility but also reduces redundant computation, enabling ef-
ficient fine-tuning of attribute-specific LoRA modules. The
layer-wise strategy serves as a foundational design prior for
our attribute-adaptive attention, guiding where and how con-
ditional features should be integrated during generation.

Attribute-Adaptive Attention

To fully leverage multi-attribute features as conditional
guidance, we introduce an attribute-adaptive attention mod-
ule that selectively injects attribute-specific representations
into different layers of the denoising UNet. As illustrated
in Figure 1, the features extracted by the AFE module are
decomposed into individual attribute streams, each injected
into the latent representation via dedicated cross-attention.
To align the spatial semantics of each attribute with the
generative process, we employ a region-level alignment
mechanism tailored to their visual characteristics. Specifi-
cally, logo features, which require high-detail preservation,
are injected into all layers to ensure cross-scale consis-
tency. In contrast, silhouette and color features, which pri-
marily influence global layout and chromaticity, are selec-
tively injected into the first and second decoder layers, re-
spectively. This selective injection mitigates feature interfer-
ence while enhancing attribute-specific guidance. Formally,
the attention-augmented latent feature Z,,¢,, is computed as:

QK[
Vd

QKT
Vd

Zpew = Softmax ( ) V + \; - Softmax ( ) Vi+I(x),

3
where I(x) denotes the injection term corresponding to sil-
houette and color cues at decoder layer x, defined as:

QK
Vd
QK

Vd

As - Softmax (

) V., | ifz=1
A - Softmax(

)Vh Cifz=2
, otherwise

I(z) = (4)

Here, Z is the latent feature, and Q@ = W, Z, K = W}, Z, and
V = W,Z are projections using frozen weights from the
pretrained SDXL backbone. For each attribute ¢ € {s,l, h}
(silhouette, logo, hint), we compute K; = VV,@FZ and V; =
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Method CSS| LLAT FID] LPIPS]
DiffCloth” 10820 0.15 13797  0.60
BLIP-Diffusion” | 10444 0.13 106.85  0.68
DreamFit" 8199 033 7225 042
AnyDoor” 6824  0.65 4090  0.17
IMAGGarment-1" | 57.29  0.77  16.51  0.12
Ours 3830 090 1616  0.11

Table 1: Quantitative results compared with SOTA meth-
ods. IMAGGarment+ achieves the best performance, with
the best results in bold and second-best underlined. * de-
notes methods re-implemented for fair comparison.

WEF; via trainable linear projections applied to the corre-
sponding attribute feature F;. The hyperparameter A\; modu-
lates the injection strength of each attribute stream.

Training and Inference

During training, only the parameters of the LoRA layers
and the linear projection layers within the attribute-adaptive
attention module are updated. Let C = {S, M, H, L} de-
note the set of conditional inputs, including silhouette, mask,
color hint, and logo. We adopt the mean squared error (MSE)
loss, consistent with the original diffusion training objec-
tive (Rombach et al. 2022):

£=Eupecn [le = colanCOI

where e denotes randomly sampled Gaussian noise, and €x
refers to the noise predicted by the generative model G at
timestep ¢ during the denoising process.

During inference, we apply conditional classifier-free
guidance (CFG) (Ho and Salimans 2022) to balance con-
ditional and unconditional predictions:

&)

€(Ztvcvt) =w~eG(zt,C,t)+(1—w)~eG(zt,t), (6)

where w controls the CFG strength, and z; denotes the noisy
latent features at timestep t.

Experiments
Implementation Details

Dataset. All experiments are conducted on the Garment-
Bench dataset (Shen et al. 2025b), which comprises 8,200
training samples annotated with sketch, color hint, logo, and
spatial mask. A separate test set of 500 samples is used for
evaluation. The dataset provides diverse attribute combina-
tions and realistic garment appearances, enabling compre-
hensive evaluation of multi-condition controllability.

Metrics. We adopt four representative metrics to evaluate
the generated results in terms of visual realism and condi-
tional controllability. Color structure similarity (CSS) (Zeng
et al. 2014) quantifies color fidelity by comparing spa-
tial color patterns. Logo location accuracy (LLA) (Fujitake
2024) assesses the spatial controllability of logo placement.
Fréchet inception distance (FID) (Heusel et al. 2017) and
learned perceptual image patch similarity (LPIPS) (Zhang
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Figure 3: Qualitative comparisons with SOTA methods on GarmentBench. IMAGGarment+ produces significantly more
realistic garment images with faithful attribute control compared to existing approaches.

Method Quality Similarity Controllability
AnyDoor 0.4 0.2 0.3
IMAGGarment-1| 0.7 0.6 0.3
Ours 1.9 2.2 24

Table 2: User study results. Higher scores indicate better
perceived realism and user preference across all metrics.

et al. 2018) are used to measure distributional similarity and
perceptual quality, respectively.

Hyper-Parameters. IMAGGarment+ initialized with pre-
trained weights from SDXL (Podell et al. 2023) to leverage
prior visual knowledge. During training, we set the LoRA
rank to 128 and optimize only the parameters of the LoORA
of attribute-wise feature encoder and attribute-adaptive at-
tention module. All models are trained on paired images re-
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sized to 640 x 512, using the AdamW optimizer (Loshchilov
and Hutter 2019) with a fixed learning rate of 1 x 1075,
Training is conducted for 130k steps with a batch size of
10 on 2 NVIDIA A800 GPUs. At inference time, we use
the DDIM sampler (Song, Meng, and Ermon 2022) with 50
steps and set the classifier-free guidance (CFG) (Ho and Sal-
imans 2022) scale w = 2.5. The attribute injection weights
As, A, and \j, are determined via cross-validation and fixed
at 1.0 for all experiments. To enhance CFG robustness, we
apply a 5% dropout rate to each conditioning input.

Main Comparisons

We conducted a comparative analysis of our proposed
method against five relevant state-of-the-art approaches:
DiffCloth (Zhang et al. 2023), BLIP-Diffusion (Li, Li, and
Hoi 2023), DreamFit (Lin et al. 2025), AnyDoor (Chen et al.
2024b) and IMAGGarment-1 (Shen et al. 2025b). Since
Dreamfit can only control single visual conditions, we em-
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Figure 4: Qualitative ablation results of IMAGGarment+.

ploy a concatenation approach to adapt its input for handling
multiple conditions.

Quantitative Results. As shown in Table 1, we perform
a comprehensive quantitative evaluation of our method
against the baselines. Specifically, since they lack dedi-
cated mechanisms for capturing diverse logo patterns, BLIP-
Diffusion (Li, Li, and Hoi 2023) and AnyDoor (Chen et al.
2024b) struggle to preserve logo fidelity, resulting in de-
graded performance on CSS and FID. Compared to Dream-
Fit (Lin et al. 2025), our method effectively disentangles
and integrates features of different conditions through its
attribute-wise feature extractor and attribute-adaptive atten-
tion mechanism. In conclusion, our IMAGGarment+ out-
performs all compared methods across all evaluated met-
rics, demonstrating its robust capability in conditional con-
trol and faithful detail preservation.

Qualitative Results. Figure 3 illustrates the qualitative com-
parison between IMAGGarment+ and baseline methods.
We observe that, despite producing visually commendable
images, BLIP-Diffusion (Li, Li, and Hoi 2023) and Diff-
Cloth (Zhang et al. 2023) demonstrate significant inconsis-
tencies between generated attributes and the specified condi-
tions. Moreover, due to intrinsic limitations in feature extrac-
tion granularity and interference among multiple condition-
ing factors, other methods often produce generated images
containing substantial redundant artifacts and unwanted dis-
tortions. In contrast, our approach exhibits superior fidelity
in logo reconstruction, accompanied by pronounced consis-
tency in structural integrity and chromatic distribution.
User Study. We conducted a user study with 30 partici-
pants to evaluate garment generation from a perceptual per-
spective. For each sample, three results from different meth-
ods were shown side-by-side, and participants were asked
to rank them with scores of 3 (best), 2 (fair), and 1 (worst)
based on three criteria: quality, similarity, and controllabil-
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Method CSS| LLA1 FID| LPIPS |
BO (w/o AFE) 9450 051 7792  0.33
B1 (w/o AA) 5434 0.77 2535 0.20
B2 (w/o layer-wise injection) | 61.22  0.89 21.30  0.12
Ours 3830 090 16.16 0.11

Table 3: Quantitative ablation results of IMAGGarment+.
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Figure 5: Injection location analysis. Ul and U2 achieve
the best FID scores for silhouette and color, respectively.

ity. Each participant evaluated 20 sets using a custom inter-
face. As shown in Table 2, our method consistently receives
the highest average ranking across all criteria, indicating su-
perior visual realism and attribute alignment.

Ablation Study

Effectiveness of AFE. To assess the contribution of AFE,
we replace it with the IP-Adapter (Ye et al. 2023) to inte-
grate silhouette and color features. This modification con-
strains the model to coarse-grained feature representations.
As illustrated in the second column of Figure 4, the gen-
erated image manifests attributes that are markedly incon-
gruent with the original conditioning inputs. Furthermore,
its inferior performance across all evaluation metrics in Ta-
ble 3 also underscores the effectiveness of the AFE module
in capturing fine-grained feature representations.
Effectiveness of AA. To demonstrate the effectiveness of the
AA module, we substitute it with a feature fusion strategy
that integrates latent and conditional features via element-
wise addition. Visual results in Figure 4 clearly reveal that in
the absence of this module, the model tends to produce dis-
organized and semantically inconsistent logo patterns with
obvious decline in quality. As shown in the third column,
the absence of the AA module impairs the model’s ability
to selectively attend to salient regions associated with dis-
tinct attributes and to allocate attention effectively, thereby
exacerbating interference among conditional factors.
Injection Location Analysis. To assess the functional role
of layer-wise injection, we perform an ablation study by re-
moving it from the model. As shown in Figure 4, the lack
of the layer-wise injection strategy causes the model to mis-
classify visually similar colors as target attributes and intro-
duces inconsistencies in the delineation of clothing contours.
Moreover, the reduced FID and CSS quantitative metrics re-
ported in Table 3 indicate a decline in our model’s ability
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Figure 6: Hyperparameter results on the injection strength
of logo )y, silhouette A4, and color hints \y,.

to preserve structural integrity and color fidelity. To further
investigate the influence of different layers, we systemati-
cally evaluate the effect of injecting attribute features into
specific layers, including downsampling (D), middle (M),
upsampling (U) layers and the entire UNet (All). Building
on previous work (Voynov et al. 2023; Agarwal et al. 2025),
we analyze six intermediate layers that are most likely to
influence structural and color control. As shown in Fig-
ure 5 (a), the results indicate that injecting silhouette fea-
tures into the first upsampling layer (U1) achieves the low-
est FID score, markedly surpassing the performance of all
other injection strategies. Furthermore, as presented in Fig-
ure 5 (b), injecting color features into the second upsampling
layer (U2) delivers the most optimal performance, facilitat-
ing precise modulation of color distribution. This suggests
that the structure-wise and color-wise compatibility of Ul
and U2 helps mitigate the influence of adverse information,
thereby facilitating the model’s enhanced preservation of the
coherence between garment contours and color distribution.

Hyperparameter Analysis. We investigate the impact of
three critical hyperparameters defined in Equations 3 and 4:
the injection strengths of the logo ()\;), silhouette (\y), and
color hint features (\). As illustrated in Figure 6, the pa-
rameter \; regulates the completeness of the reconstructed
logo. When ); is set too low, the output tends to produce
cluttered or semantically incoherent patterns. We set \; =
1.0 to preserve fine-grained logo details. Similarly, parame-
ters A\ and A, govern the consistency of structural and color
distributions, respectively. As their values increase, the sta-
bility of structural and chromatic consistency improves. We
set both parameters to 1.0 to ensure optimal visual fidelity.

Comparison with Efficient Methods. Furthermore, we
compare our method with three representative efficient
adapter approaches: T2I-Adapter (Mou et al. 2024), Control-
Net (Zhang, Rao, and Agrawala 2023) and IP-Adapter (Ye
et al. 2023). We implement these methods on SDXL and
adopt stacked configurations of their respective auxiliary
modules to support multi-condition inputs. The quantita-
tive results are presented in Table 4. Due to the absence
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Method CSS|] LLA1T FID| LPIPS| #Params (M) ] Inference Time (s) |
T2I-Adapter’ | 104.43 0.53 4478  0.33 316 3.86
ControlNet” [103.48 027 5520  0.52 5,004 10.32
IP-Adapter” | 98.76 027 4321 042 1,405 5.04
Ours 3830 090 16.16 0.11 447 491

Table 4: Quantitative comparison with efficient methods.
Our method achieves competitive performance.

Conditions
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Figure 7: Qualitative comparison with efficient methods.
We achieve the most consistent results.

of specialized mechanisms for fine-grained feature extrac-
tion, these adapter-based methods struggle to preserve intri-
cate details and maintain precise conditional control. This
leads to inferior performance across all evaluation metrics.
Additionally, compared to ControlNet (Zhang, Rao, and
Agrawala 2023) and IP-Adapter (Ye et al. 2023), our model
introduces a significantly reduced number of trainable pa-
rameters. Despite not having the fewest trainable param-
eters, our method possesses the second lowest count and
achieves the best overall performance. This notable trade-
off highlights the strong competitiveness and practical sig-
nificance of our approach. Moreover, the visual results illus-
trated in Figure 7 reveal that these adapter-based methods
predominantly focus on holistic feature representation, often
compromising the retention of fine-grained details.

Conclusions

We present IMAGGarment+, an efficient and controllable
diffusion framework tailored for garment generation under
multi-attribute conditions. By introducing the attribute-wise
feature extractor and attribute-adaptive attention modules,
our method enables efficient and precise integration of di-
verse attributes into pretrained diffusion backbones with
minimal parameter overhead. Through a selective layer-wise
injection strategy, IMAGGarment+ effectively aligns condi-
tional features with the structural roles of different decoder
layers, resolving conflicts across heterogeneous inputs. Ex-
tensive experiments on garment benchmarks show that our
framework achieves state-of-the-art controllability and vi-
sual fidelity, while remaining computationally efficient.
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