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Figure 1: Comparison with Inpainting Baseline. While the baseline (Left) generates the target object with rigid arti-

facts, our Spatial-Gated Attention Control (Right) achieves natural and precise concept disentanglement. Our method

effectively prevents attribute leakage (e.g., red color bleeding) while maintaining the original generation quality.

1



Abstract

Large-scale Text-to-Image (T2I) diffusion models

have achieved remarkable photorealism but frequently

suffer from attribute leakage (also known as concept

entanglement), where visual attributes such as color or

texture bleed into unintended regions. Existing solutions

often rely on costly fine-tuning or auxiliary adapters,

limiting their flexibility. To address this, we propose

a novel Training-Free Spatial-Gated Attention Control

framework that enforces strict attribute disentanglement

during the inference stage. Specifically, we leverage an

open-vocabulary detector (OwlViT) to extract zero-shot

layout priors and introduce a Spatial-Gated Boosting

mechanism to dynamically intervene in Cross-Attention

layers. This mechanism amplifies target signals within

designated regions while suppressing background noise,

ensuring precise concept localization. Quantitative

evaluation demonstrates that our method achieves a

11% relative improvement in CLIP Score compared

to traditional inpainting baselines, indicating superior

semantic consistency. Furthermore, our approach

exhibits an emergent ”layout correction” capability,

where it automatically refines unnatural bounding box

constraints to align with physical plausibility (e.g.,

repositioning accessories), offering a robust and efficient

solution for controllable generation. Furthermore, our

approach exhibits an emergent “layout correction”

capability. Our code and data are publicly available at

https://github.com/QCYTSN/Training-

Free-Concept-Disentanglement-in-

T2I-Generation-via-Detection-Guided-

Attention-Control.

Keywords: Text-to-Image Generation, Attention Con-

trol, Attribute Disentanglement, Training-Free, Layout

Guidance.

1 Introduction

Recent advancements in large-scale Text-to-Image (T2I)

diffusion models, such as Stable Diffusion [12] and

DALL-E 2 [11], have democratized digital content cre-

ation, enabling the synthesis of diverse images with un-

precedented photorealism. However, despite their impres-

sive generative capabilities, these models frequently en-

counter a persistent challenge known as attribute leakage

(or concept entanglement) [14]. When synthesizing com-

plex scenes with multiple objects and distinct attributes,

the model often fails to correctly bind visual modifiers to

their specific subjects. A quintessential example is the

prompt “a cat wearing a red hat,” where the color “red”

often bleeds into the background or tints the cat’s fur. This

phenomenon stems from the entangled nature of cross-

attention maps, resulting in erroneous semantic binding

and degraded visual fidelity [9].

To address controllable generation, existing approaches

generally fall into two categories. Training-based meth-

ods, such as ControlNet [16], GLIGEN [8], and Dream-

Booth [13], introduce additional adapters or fine-tune

weights to enforce layout conditions or concept fidelity.

While highly effective, they incur significant computa-

tional costs, require large-scale annotated datasets, and

lack the flexibility to adapt to new concepts on the

fly. Conversely, training-free methods, often based on

cross-attention manipulation (e.g., Prompt-to-Prompt [5],

BoxDiff [15]), offer a lightweight alternative. However,

they typically rely on the model’s internal self-attention

maps which can be unstable, or they struggle to enforce

strict spatial localization for new attributes without ex-

plicit external guidance. Existing heuristic-based guid-

ance [2] often fails to achieve precise boundary control,

leading to suboptimal disentanglement in complex scenar-

ios.

In this work, we propose a novel Training-

Free Spatial-Gated Attention Control framework that

bridges the gap between precise spatial control and com-

putational efficiency. Our core insight is to guide the gen-

erative process using a “Look-and-Hit” strategy, leverag-

ing the localization power of discriminative models to cor-

rect the generative diffusion process. We first utilize an

open-vocabulary detector (e.g., OwlViT [10]) to extract

zero-shot layout priors (bounding boxes) directly from

the text prompt. Subsequently, we introduce a Spatial-

Gated Boosting mechanism that dynamically intervenes

in the Cross-Attention layers during inference. Unlike

simple hard-masking, this mechanism strategically am-

plifies the attention scores of target tokens strictly within

the detected regions while suppressing them in the back-

ground, ensuring precise attribute binding while maintain-

ing global image harmony.

Our contributions are summarized as follows:
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• We propose a training-free attention control algo-

rithm that effectively disentangles visual concepts in

T2I generation without requiring model fine-tuning

or auxiliary adapters.

• We identify the cross-attention layers as the primary

source of attribute leakage and introduce a Spatial-

Gated Boosting strategy to rectify attention maps in

real-time.

• Quantitative evaluation demonstrates that our

method achieves a 11% relative improvement

in CLIP Score compared to inpainting baselines.

Furthermore, our approach exhibits an emergent

“layout correction” capability, automatically refin-

ing unnatural input layouts to align with physical

plausibility.

2 Related Work

2.1 Text-to-Image Diffusion Models

The landscape of generative AI has been fundamentally

reshaped by Denoising Diffusion Probabilistic Models

(DDPMs) [6] and their latent counterparts, Latent Diffu-

sion Models (LDMs) [12], such as Stable Diffusion. By

performing the diffusion process in a compressed latent

space, these models significantly reduce computational

requirements while retaining high-fidelity generation ca-

pabilities. Large-scale models like DALL-E 2 [11] fur-

ther demonstrate the potential of conditioning generation

on complex text prompts. However, despite their success,

these models fundamentally rely on the semantic binding

capacity of cross-attention layers. Recent studies, such as

DAAM [14], analyze the interpretability of these layers

and confirm that when prompts involve multiple entities

or specific attribute-object associations, standard atten-

tion mechanisms often fail to disentangle concepts. This

leads to the “attribute leakage” phenomenon [9], where

visual features bleed into unintended regions, limiting the

model’s ability to handle compositional generation tasks.

2.2 Layout-Controllable Generation

To address the lack of spatial control in vanilla T2I mod-

els, several approaches have introduced explicit layout

guidance. Training-based methods have become the in-

dustry standard for structural control. ControlNet [16]

locks the pre-trained diffusion weights and trains a train-

able copy to learn conditional inputs (e.g., canny edges).

GLIGEN [8] injects layout tokens into gated self-attention

layers to enforce bounding box constraints. Addition-

ally, multi-concept customization methods like Dream-

Booth [13] and Custom Diffusion [7] require fine-tuning

to bind specific concepts to tokens. Upstream planning

approaches, such as LayoutGPT [4], utilize Large Lan-

guage Models (LLMs) to generate layout coordinates

but still rely on robust downstream generation models to

adhere to these layouts. While these methods achieve

precise control, they are computationally expensive and

resource-intensive, requiring the training of massive aux-

iliary networks or per-subject fine-tuning. This limits

their flexibility in resource-constrained environments or

for rapid prototyping applications.

2.3 Training-Free Attention Control

A parallel line of research explores manipulating the

generation process at inference time without modifying

model weights. The pioneering work Prompt-to-Prompt

(P2P) [5] demonstrated that the spatial layout of a gen-

erated image is largely governed by the cross-attention

maps. By swapping or re-weighting attention maps be-

tween generation steps, P2P enables localized editing.

Similarly, Blended Latent Diffusion [1] performs local

editing by blending noisy latents with a mask. Other

methods like Attend-and-Excite [3] attempt to strengthen

the attention of neglected subjects to prevent catastrophic

neglect, while BoxDiff [15] introduces box-constrained

diffusion updates. Universal Guidance [2] further gener-

alizes this by optimizing latents against auxiliary classi-

fiers. However, most existing attention control methods

rely on intrinsic self-attention or optimization heuristics

that lack explicit, discriminative spatial grounding. They

often struggle to strictly confine an attribute to a specific

region without external guidance. Our work advances

this paradigm by integrating an open-vocabulary detec-

tor (e.g., OwlViT) to provide “hard” spatial priors. Un-

like P2P or BoxDiff which primarily focus on global up-

dates or latent optimization, our Spatial-Gated Boosting

mechanism enforces strict, detection-guided constraints

directly on the attention maps, enabling precise concept
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disentanglement while retaining the lightweight, training-

free advantage.

3 Methodology

In this section, we present our training-free framework

for disentangled text-to-image generation. We first re-

view the cross-attention mechanism in Latent Diffusion

Models (Section 3.1) and analyze the root cause of at-

tribute leakage (Section 3.2). Finally, we detail our pro-

posed detection-guided attention control algorithm (Sec-

tion 3.3).

3.1 Preliminaries: Cross-Attention in La-

tent Diffusion

Our method is built upon the Stable Diffusion architec-

ture [12], which operates in a compressed latent space.

The core interaction between the visual content and the

text prompt occurs in the cross-attention layers of the U-

Net denoising autoencoder.

Let zt be the noisy latent image feature at timestep

t. The text prompt P is encoded into text embeddings

C ∈ R
L×dk via a pre-trained CLIP encoder. The cross-

attention mechanism transforms the spatial visual features

ϕ(zt) into query matrices Q, and the text embeddings into

key K and value V matrices:

Q = WQ · ϕ(zt), K = WK · C, V = WV · C. (1)

The attention output is computed as

Attention(Q,K, V ) = Softmax

(

QK⊤

√
d

)

V, (2)

where the attention map

Mattn = Softmax

(

QK⊤

√
d

)

∈ R
H×W×L (3)

represents the correlation between each spatial location

and the ℓ-th text token.

3.2 Motivation: The Phenomenon of At-

tribute Leakage

Despite the effectiveness of Eq. (2), standard cross-

attention lacks explicit spatial constraints. As illustrated

Figure 2: The Root Cause of Attribute Leakage. Left:

A failure case generated by standard Stable Diffusion

where the “red” color bleeds into the background. Right:

The visualization of the cross-attention map for the to-

ken “red”. The attention activations are diffusely spread

across the image (arrows), failing to concentrate on the

target object. This motivates our proposed Spatial-Gated

control.

in Fig. 2 (see visual failure cases), the attention map for

a specific attribute token (e.g., “red”) often activates dif-

fusely across the entire image rather than being confined

to the target object (e.g., the “hat”).

We observe that this unintended attention activation in

the background or on incorrect objects is a fundamental

cause of concept bleeding. Therefore, our goal is to inter-

vene in this process and enforce a spatial inductive bias

that strictly binds attributes to their corresponding physi-

cal entities.

3.3 Detection-Guided Attention Control

To address the aforementioned issue without model fine-

tuning, we propose a Spatial-Gated Boosting strat-

egy. Our pipeline consists of three steps: layout ex-

traction, spatial masking, and dynamic signal boosting.

An overview of the proposed inference-time workflow is

shown in Figure 3.

Layout Extraction. Instead of relying on unstable

self-attention maps, we leverage the robust localiza-

tion capability of discriminative models. We employ

an open-vocabulary object detector, such as OwlViT

(or YOLO-World), to extract the bounding box B =
[xmin, ymin, xmax, ymax] for the target entity (e.g., “hat”).
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Figure 3: Detection-Guided Attention Control

Pipeline. Given a text prompt, we first extract zero-shot

layout priors using an open-vocabulary detector (e.g.,

OwlViT), then construct a spatial mask, and finally apply

Spatial-Gated Boosting to intervene in cross-attention

during diffusion inference to prevent attribute leakage.

This provides a “hard” layout prior indicating the region

where the attribute should exist.

Spatial Masking. Based on the extracted bounding box

B, we construct a binary spatial mask M ∈ {0, 1}H×W .

The mask is downsampled to match the resolution of the

cross-attention maps in the U-Net layers (e.g., 16× 16 or

32× 32):

Mi,j =

{

1 if pixel (i, j) ∈ B,

0 otherwise.
(4)

This mask serves as a strict spatial gate, permitting the

attribute signal to pass only within the designated region.

Spatial-Gated Signal Boosting. Simple masking (set-

ting background attention to zero) often leads to the “van-

ishing object” problem, where the generative model fails

to synthesize the object due to weak signal. To overcome

this, we introduce a signal boosting mechanism.

We modify the original attention map A (post-softmax)

by injecting the spatial mask M with a boosting factor α

and a suppression factor β. The rectified attention map A′

is computed as

A′ = A⊙
(

α ·M+ β · (1−M)
)

, (5)

where ⊙ denotes element-wise multiplication.

• Boosting factor α. We set α > 1 (typically α = 5.0)

to amplify the semantic signal within the bounding

box, ensuring the attribute is rendered prominently.

• Suppression factor β. We set β ≈ 0 to suppress the

attribute’s influence in the background, effectively

eliminating leakage.

By substituting A with A′ in the value aggregation step

(i.e., Output = A′V ), we achieve precise, detection-

guided concept disentanglement.

4 Experiments

4.1 Experimental Setup

4.1.1 Implementation Details

We implement our framework using the Stable Diffu-

sion v1.5 pipeline from the Diffusers library. For the

layout extraction module, we employ the OwlViT-base-

patch32 open-vocabulary detector to generate zero-shot

bounding box priors directly from text prompts. All ex-

periments are conducted on a single NVIDIA GPU.

In our Spatial-Gated Boosting strategy, the hyperpa-

rameters are set empirically to balance attribute visibil-

ity and background disentanglement: the boosting factor

is set to α = 5.0, and the suppression factor is set to

β = 0.0. The classifier-free guidance scale is maintained

at 7.5 with 50 DDIM inference steps.

4.1.2 Evaluation Metrics

To comprehensively assess the generation quality and

control precision, we employ two complementary met-

rics:

• CLIP Score (Semantic Consistency). We measure

the cosine similarity between the generated image

and the input text prompt using the CLIP ViT-B/32

model. Higher CLIP scores indicate better semantic

alignment.

• Detection Accuracy and IoU (Spatial Control). To

evaluate spatial adherence, we use OwlViT to detect

target entities (e.g., “hat”, “scarf”) in the generated
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Table 1: Quantitative Comparison. We compare our

method against the Inpainting baseline. “Acc” denotes

Detection Accuracy. Note that for the Dog–Scarf task,

our method’s lower IoU reflects an intelligent layout cor-

rection (shifting the scarf to the neck) rather than a con-

trol failure, yielding a significantly higher CLIP score.

Task Method CLIP Score ↑ Acc ↑ mIoU

Cat w/
Red Hat

Baseline (Inpaint) 0.3407 100.0% 0.8186

Ours (Attn Ctrl) 0.3566 85.0% 0.5146

Dog w/

Blue Scarf
Baseline (Inpaint) 0.3153 95.0% 0.7894

Ours (Attn Ctrl) 0.3509 55.0% 0.3449

images. We report the detection accuracy (percent-

age of images where the object is detected with con-

fidence > 0.1) and the mean intersection-over-union

(mIoU) between the detected region and the target

bounding box.

4.2 Quantitative Results

We compare our proposed method against a strong base-

line: a standard inpainting pipeline guided by the same

ground-truth layouts. Table 1 summarizes the quantita-

tive comparison between our method and the inpainting

baseline. We evaluate on two representative tasks: (1) Cat

with Red Hat (rigid object) and (2) Dog with Blue Scarf

(non-rigid object).

Analysis of Image Quality. Quantitative results

demonstrate that our method consistently outperforms

the baseline in CLIP Score across tasks, achieving an

11% relative improvement (e.g., 0.3509 vs. 0.3153 on the

Dog–Scarf task). This gain indicates more natural light-

ing, seamless texture integration, and higher semantic

coherence compared to the inpainting approach, which

often suffers from stitching artifacts and hard edges.

Analysis of Layout Correction. A key observation

arises in the Dog–Scarf task. While the baseline achieves

a high IoU (0.79), it often does so by blindly filling the

provided bounding box, which can place the scarf un-

naturally over the dog’s mouth or face. In contrast, our

method yields a lower IoU (0.34). We argue this is a fea-

ture rather than a failure: our attention control exhibits

an emergent physical layout correction capability, shift-

ing the scarf from the snout to the neck—a physically

more plausible location. This results in a lower overlap

with the rigid box but a higher CLIP score and improved

visual naturalness.

4.3 Qualitative Results

Visual comparisons demonstrating the effectiveness of

our approach are presented in Figure 4.

Attribute Disentanglement (Rigid Objects). The top

half of Figure 4 shows results for the Cat with Red

Hat task. The baseline (top row) often produces pasted,

sticker-like artifacts with hard edges and may suffer from

attribute leakage, where the “red” color tints the cat’s fur

or the nearby background. In contrast, our method (bot-

tom row) confines the red attribute to the hat region while

preserving realistic texture, lighting, and shadows.

Intelligent Layout Correction (Non-Rigid Objects).

The bottom half of Figure 4 shows the Dog with Blue

Scarf task. The baseline treats the input bounding box as

a rigid constraint and may place the scarf over the dog’s

mouth or face. Our method exhibits an emergent capabil-

ity of intelligent layout correction, naturally draping the

scarf around the neck. This corroborates our quantitative

analysis and supports the interpretation that the lower IoU

in Table 1 reflects a shift toward semantic realism rather

than a control failure.

5 Conclusion

In this work, we presented a novel Training-Free Spatial-

Gated Attention Control framework to address the persis-

tent challenge of attribute leakage in text-to-image gen-

eration. By bridging the gap between discriminative lay-

out priors (via OwlViT) and generative attention mech-

anisms, our method achieves precise concept disentan-

glement without the computational burden of model fine-

tuning or adapter training. We introduced a Spatial-Gated

Boosting strategy that effectively amplifies target signals

within localized regions while suppressing background

noise.
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(a) Task 1: Cat with Red Hat. Top row: baseline (inpainting).

Bottom row: ours (attention control).

(b) Task 2: Dog with Blue Scarf. Top row: baseline (inpaint-

ing). Bottom row: ours (attention control).

Figure 4: Qualitative Comparison against Baseline.

For each task, the top row shows the baseline inpaint-

ing results and the bottom row shows our method. Our

approach achieves better attribute disentanglement (pre-

venting color leakage) and demonstrates physical layout

correction for non-rigid objects.

Experimental results demonstrate that our approach

outperforms traditional inpainting baselines, achieving an

11% relative improvement in CLIP Score and superior

visual fidelity. Furthermore, we identified an emergent

“layout correction” capability, where the attention mech-

anism intelligently refines rigid bounding box constraints

to align with physical plausibility (e.g., automatically

repositioning accessories).

Limitations. Despite these advancements, our method

is not without limitations. First, the generation quality is

inherently bounded by the accuracy of the upstream object

detector; incorrect or missing bounding boxes can mislead

the attention control process. Second, in scenarios involv-

ing highly overlapping objects or dense crowds, the bi-

nary nature of our spatial masks might struggle to cleanly

separate entangled attention maps, potentially leading to

minor artifacts at object boundaries. Future work will

explore incorporating instance segmentation masks and

soft-weighted attention guidance to handle more intricate

spatial interactions.
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