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Abstract. Recent breakthroughs in text-to-image diffusion models have
significantly advanced the generation of high-fidelity, photo-realistic im-
ages from textual descriptions. Yet, these models often struggle with
interpreting spatial arrangements from text, hindering their ability to
produce images with precise spatial configurations. To bridge this gap,
layout-to-image generation has emerged as a promising direction. How-
ever, training-based approaches are limited by the need for extensively
annotated datasets, leading to high data acquisition costs and a con-
strained conceptual scope. Conversely, training-free methods face chal-
lenges in accurately locating and generating semantically similar objects
within complex compositions. This paper introduces a novel training-
free approach designed to overcome adversarial semantic intersections
during the diffusion conditioning phase. By refining intra-token loss with
selective sampling and enhancing the diffusion process with attention
redistribution, we propose two innovative constraints: 1) an inter-token
constraint that resolves token conflicts to ensure accurate concept syn-
thesis; and 2) a self-attention constraint that improves pixel-to-pixel re-
lationships. Our evaluations confirm the effectiveness of leveraging lay-
out information for guiding the diffusion process, generating content-
rich images with enhanced fidelity and complexity. Code is available at
https://github.com/Papple-F/csg.git.
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1 Introduction

Substantial advancements have been achieved in large-scale text-to-image gen-
erative models [31435,|37], which are now capable of converting complex text
descriptions into visually compelling images with impressive accuracy and cre-
ativity. Despite these advancements, current models still struggle to comprehend
layout descriptions contained within texts and to precisely outline and render
detailed images. This is largely due to limitations in model capacity and the
quality of training datasets. Consequently, in tasks such as art creation [10] and
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Fig. 1: Composite scene generation facilitates the blending of various foreground and
background elements into an image based on layout details.

industrial design , where elements need to be precisely positioned, the mod-
els’ intrinsic inability to comprehend user-defined spatial information limits their
applicability.

Recent advancements in layout-to-image approaches have shown significant
progress in achieving more controllable generation, employing both training-
based [2}/6}[14}[23][25/[43|/44] and training-free methodologies to trans-
form detailed layouts into vivid, realistic images. While training-based methods
have demonstrated promise, their effectiveness heavily relies on the availability
of comprehensive and varied layout datasets. Assembling, annotating, and pre-
processing these datasets for effective concept learning is challenging due to the
high costs and resource-intensive nature of data acquisition, posing a substantial
barrier for many research initiatives. In contrast, training-free methods utilize
the intrinsic generative capabilities of models to dynamically guide the diffusion
process, offering a significant efficiency advantage. As text-to-image models be-
come more popular, there is an increasing demand for content generation that
involves complex compositions of multiple objects and backgrounds. Existing
layout-to-image approaches, which primarily focus on content positioning, of-
ten struggle with conflicts arising from intersecting similar concepts, especially
when generating scenes with multiple elements. Moreover, the critical role of
self-attention mechanisms in refining generated content with accurate textural
details during the later stages of diffusion, as highlighted in , is often over-
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looked. This oversight highlights a gap in current methodologies, which may fail
to fully leverage the potential of diffusion models for producing detailed and
contextually coherent images.

This study aims to generate composite scenes featuring multiple objects and
backgrounds, utilizing bounding boxes for layout information. We propose en-
hancing the training-free backward guidance concept [7,[8] with a novel selective
sampling strategy. This strategy introduces a dropout mechanism that priori-
tizes attentions closely aligned with the current generation concept during the
calculation of intra-token constraints. Such an approach not only improves con-
tent positioning accuracy but also ensures broader coverage of the targeted area,
addressing key challenges in layout-to-image generation.

Our approach extends beyond individual token cross-attentions by imple-
menting an inter-token constraint, evaluating attentions across tokens within a
targeted region to ensure the prioritization of the correct concept. This technique
aims to counteract semantic intersection—where overlapping concepts produce
irregular textures and shape inaccuracies—thereby enhancing generation preci-
sion and reliability. Recognizing adversarial intersections’ impact on pixel re-
lationships, we employ a self-attention constraint for collective self-attention
adjustment across the target region, critical in the later diffusion stages for
maintaining coherent pixel interactions. Additionally, an attention redistribu-
tion method during forward diffusion corrects misaligned attentions, addressing
refinement limitations and reducing semantic intersection effects, thereby im-
proving overall generation accuracy.

Our comprehensive experimental evaluations demonstrate that our method
significantly outperforms existing training-free layout-to-image generation ap-
proaches in terms of content localization accuracy and semantic fidelity. These
advancements are vividly illustrated in the examples presented in Figure[l] show-
casing our method’s ability to maintain higher semantic correctness while accu-
rately positioning content within the generated images.

2 Related Work

2.1 Text-to-image generative models

Recent advancements in text-to-image generative models, exemplified by Sta-
ble Diffusion [33], DALLE-3 [37|, and Imagen [35], represent a significant leap
forward beyond previous dominant techniques like generative adversarial net-
works [4l/15/[16,/21]. These new models excel not only in image generation but also
in enhancing the performance of tasks such as classification [1,20], action segmen-
tation [12,/27], and more. These models enable the generation of highly detailed
visual content directly from textual descriptions, distinguishing themselves by
producing contextually relevant and aesthetically pleasing images. Their abil-
ity to translate complex textual prompts into visual artworks demonstrates a
remarkable proficiency, unlocking new possibilities across various applications,
from digital art creation [10] to diverse content generation.
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However, these models heavily rely on large-scale datasets (stable diffusion
is trained using billions of images from LAION-5B [36]), which poses limitations
in extending their capabilities to cover new tasks with learned concepts without
incorporating additional task-specific datasets or extensive training. As previous
studies have showcased the feasibility of integrating various novel tasks in a plug-
and-play manner, including image editing [517,[29|39], generation enhancement
[7.[24], layout-to-image [3}8,22,/42], and more. Encouraged by these findings, we
are motivated to delve deeper into whether the boundaries of layout-to-image
tasks can be expanded further, enabling the model to handle scenarios involving
multiple objects and backgrounds.

2.2 Layout-to-image generation

The reliance on purely linguistic methods limits a model’s ability to decode
specific layout details accurately. Various studies [2,6}(14} 23,25} |43}/44] have
shown that models can be further trained with layout information to facilitate
layout-to-image generation tasks. Nonetheless, these approaches also highlight
the challenge of requiring datasets that pair image, text, and layout informa-
tion—resources that are scarce and costly to compile. Some innovative strate-
gies have aimed to integrate layout details without additional model training.
For instance, MultiDiffusion [3] involves denoising and combining regions with
corresponding text descriptions, while DenseDiff' [22] directly modifies the at-
tention probabilities to enhance focus on the targeted regions. BoxDiff [42] and
Layout-control |8] both employs generative semantic nursing [7], which optimiz-
ing latents based on cross-attentions to achieve desired layouts.

Our approach adopts the backward guidance framework utilized by BoxD-
iff [42] and Layout-control [8]. However, while these existing methods are efficient
for straightforward situations, their method narrowly focus on cross-attentions
for individual tokens, overlooking the potential for semantic overlaps as the lay-
out becomes more complex with the addition of multiple objects. This oversight
can lead to the undesirable blending of features and disrupt the integrity of
pixel relationships, which may prevent the accurate generation of targeted ob-
jects. Unlike these methods, our strategy takes a comprehensive perspective on
the optimization process, integrating considerations of intra-token, inter-token
cross attentions, and self-attentions. This broader approach demonstrates that
a training-free method can not only adhere more closely to the intended layout
but also enhance the quality of the generated images.

3 Preliminaries

3.1 Stable di[dion

Diffusion models [9/11]/18)38], operates by gradually transforming a random noise
distribution into a coherent image, guided by the semantics of the input text.
This process involves a series of forward and backward steps, where the model
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initially adds noise to an imagel and then learns to recover the original image
from noise, conditioned on textual descriptionsc. Latent di usion model [33]
operates in latent space where for a given imagk, it is rst encoded as latent z
by an encoderE, and then reconstructed by a decodeb asl* = D(z) = D(E(l ))
after the denoising process.

During the training stage of di usion process, at given timestept, with latent
z; and condition c, the denoiser learns to correctly predict the added noise
through mean square error:

Latt = Eze (), noienlK (zi; c; HK3]: 1)

During the inference stage, the denoising process gradually removes noise
from a randomly sampledzt with the noises predicted by di usion model with
condition ¢, and guide the di usion process through classier [11] or classi er-
free guidance|[19].

3.2 Attention mechanism

The attention mechanism forms the cornerstone of transformer models [40], play-
ing a pivotal role in natural language processing (NLP) tasks. This mechanism
was subsequently integrated into the vision transformer architecture|[13], thereby
extending its applicability to tasks within the realm of computer vision. Within
the framework of stable di usion models, the intermediate features are processed
through both self-attention and cross-attention layers. This processing facilitates
the generation of an attention map at timestept as follows:

A = softmax (QPKFT): (2)

In this process, Q and K represent queries and keys, respectively, with d
denoting the dimensionality of these query and key features. For cross-attention
mechanisms, K is derived from the projection of text embeddings. These embed-
dings result from encoding the text conditioning c into a latent space, achieved
through the use of a CLIP text encoder [30]. Conversely, Q corresponds to the
projection of intermediate features sourced from a U-Net architecture. Within
the self-attention framework, both Q and K are obtained from the projections
of these intermediate features.

4 Methods

In this section, we explore the nuances of generating composite scenes. We begin
in Section 4.1 by detailing our novel approach to attention selection, including the
de nition of mask representations and the application of our selective sampling
strategy. This section also explains the development and role of intra- and inter-
token constraints in in uencing the di usion process. In Section 4.2, we shift
focus to our innovative handling of self-attentions, illustrating their pivotal role
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Fig.2: In the work ow of Composite Scene Generation (CSG), at each re nement
stage, we capture both self- and cross-attentions within a UNet structure. For self-
attention, we aggregate self-attentions within each mask area m; and calculate Lsers ,
which determines if pixel-level interaction is mostly constrained within the target area.
For cross-attention, we rst obtain Linra , @ proportional measure of in-box and out-
box cross-attentions for each attending token. Next, we assess the cross-attentions for
all attending tokens within the same box area to obtain Liner , determining if the
cross-attention of the current token is dominant within its own region. After a nite
number of re nement steps, the latent is updated through the gradient of all three
loss components. To further enhance the re nement process, we implement attention
redistribution between each re nement stage.

in re ning the di usion process for enhanced image generation. Finally, Section
4.3 introduces our attention redistribution technique, employed during forward
di usion to further optimize generation outcomes through strategic constraint
re nement and application.

4.1 Cross-attention constraints

To formulate constraints on cross-attentions, we begin by detailing the acquisi-
tion of attentions and layout information for constraint application. Leveraging
latent noise manipulation is pivotal in aligning image-text attentions within des-
ignated spatial regions. Drawing on recent research [7,42] which suggests that
attentions at smaller scales capture semantic information more e ectively during
early di usion phases, we employ averaged cross-attentions from user-de ned at-
tending objects at the 16 16 up-scaling block as our manipulation references.
Formally, for N attending tokens, we de ne A = fA;gl; ;A; 2 R" as the set of
cross-attentions relative to the tokens, with L indicating the number of image
tokens in cross-attentions.

For representing layout information, we employ bounding boxesB = fb;gl, ,
which delineate the top-left and bottom-right corner coordinates for each object.
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Correspondingly, each bounding boxb; is transformed into a binary mask m;,
with pixels inside the box region marked as 1 and those outside as O.

The mask is leveraged in our constraints to discriminate foreground and back-
ground pixels of the generation of each object. To mitigate the potential disrup-
tion of latent noise's natural Gaussian distribution by gradient-based backprop-
agation, while ensuring extensive attention coverage within the target region, we
employ aselective sampling strategy F(m;) for each maskm;. Speci cally,
we select the topK elements within the mask region for focused attention. To
avoid concentrating excessively on a limited number of elements, we randomly
retain M elements from those selected.

Intra-token constraint: For each attending token, we use its corresponding
maskm; and cross-attention probabilities A; to compute our intra-token atten-
tion regularization loss. To make sure that the object is only generated in its own
target region (i.e., inside the bounding box), we encourage the cross-attention
values associated with the target region to exceed those of the non-target region.
Following [8], we de ne the intra-token constraint as:

Linra = Lin"a
i=1
P 3)
i1 (mi_Ai)

with L™ =(1 P P,
= (M A+ o (Mg A

)%

wherem; = F(m;j) andrh; = F(1 m;).

The constraint is designed to increase the proportion of attention values
within the target region relative to those outside, enhancing focus on the in-
tended area. By applying selective sampling to pivotal values, we address the
issue of excessive attention concentration in con ned areas. Furthermore, selec-
tive sampling from both inside and outside regions ensures a more equitable
representation of high values, mitigating bias in the aggregation process and
enhancing the fairness of their contribution to the loss function.

Inter-token constraint: The semantic intersection due to the conceptual
similarity ( e.g. a bear and a tiger shares considerable similarity in textual la-
tent space), under the context of limited latent space, inevitably intertwine their
cross-attentions and cause a degree of spatial intersection. Aiming to completely
eliminate such adversarial e ects may not be plausible due to the inherent depen-
dence between image intermediate features are extracted from the same latent
variable and di culties to manipulate textual latent space without altering its
original semantic meanings. Thus, we employ a conservative approach where we
encourage attentions inside corresponding region not to be exclusive, but sur-
pass over other tokens' attentions at the same location. To accomplish this, for
a given tokeni, we rst obtain the maximum attentions within target region for
other tokens:

(mi A" = max (mi Aj): (@)



8 J. Liu et al.

Following, we calculate the di erence d between such attentions and atten-
tions of target region of given token with a margin g.

hS S
d= ((mi A 0 (mi Aj)™: )
k=1 k=1

To achieve our goal of making the given token more prominent than others
within the targeted region, we establish an inter-token constraint de ned as
follows: (
0;d>0 . _)(\1 inter . 6
dz;d< O’ Llnter = - L| . ( )

The constraint on inter-token relations, utilizing the same elements from a
given m;, focuses on a side-by-side comparison of cross-attention values with
other tokens at identical spatial locations. This optimization is particularly
aimed at scenarios involving intersections, encompassing both the semantic sim-
ilarities previously discussed and intersections of user-speci ed regions. The goal
is to promote the dominance of a single token's content within a speci ¢ area to
ensure the generated image is both clear and coherent.

inter
L i

4.2 Self-attention constraints

The impact of cross-attention is critical in the initial di usion stages, guiding the
structural formation of content via textual cues. However, as [2] highlights, self-
attention gains prominence in later di usion stages, in uencing object textures.
An unintended e ect of semantic intersection can misguide self-attention, causing
inappropriate pixel correlations during early stages. To mitigate this, we propose
to align self-attention within target regions in early di usion stages, improving
local coherence and maintaining necessary external interactions.

Following the same setup as section 4.1, we obtain averaged self-attentions
S2 RkoL at 16 16 up-scaling blocks. Given maskm;, we aggregated self-
attentions which lies within the mask region:

S
Si= (m; S);; (7)
j=1

where S; 2 RS .
Similar to the intra-token constraint, the self-attention constraint is de ned
as:

Lsert = Lfe”
i=1
P. (8)
. Ifo_ i=1 (mi Si )j
with L7 =1 p J p

)%
D (mios) + L (M S,
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wherem; = F(m;)and; = F(1 m;).

The self-attention constraint is based on the assumption that pixels within
an object have stronger connections to other pixels associated with the same ob-
ject. Therefore, through selective sampling of averaged self-attention scores, we
reinforce these connections by emphasizing self-attentions that are most relevant
to the object. This method also leverages the principle that total self-attention
probabilities equal to 1 along each channel, meaning while enhancing connections
between pixels linked to the object, less relevant pixels are diverted outside the
target area, thereby improving the object's coherence with its surroundings.

4.3 In-generation di usion guidance

Given that the limited latent space can cause semantic-level overlaps, this results
in unresolved spatial overlaps even with su cient re nement steps. These errors
accumulate during di usion steps, potentially leading the generation results in
incorrect directions. To address this, we introduce attention redistribution, a
technique that reallocates cross-attentions with corresponding tokens during the
di usion process. For each token, its cross-attention is de ned as the aggregated
cross-attentions across all attending tokens within the bounding box area. After
reallocation, we apply max normalization to all cross-attentions. The attention
redistribution is de ned as follows:

X
Ai=m; (Aj) 9)
j=1
The generative process is divided into re nement and guidance stages. During
each guidance step, the latent variable is updatedTr times (the number of
re nement steps per timestep). This process lasts foffp steps (the total number
of timesteps during the di usion process with such recurrent updates).
For each re nement step, the overall constraint is de ned as:

L = Linra + Linter *+ Lseif ; (10)
and the latent is updated with a linear decay factor ; as:
%=z, ¢ r,L: (11)

Through this approach, at each step of the di usion process, we re ne the
latent to achieve more focused attention on the targeted regions. This re nement
process helps to resolve con icts among tokens and aligns self-attentions, thereby
improving both internal and external connections within the generated scenes.

5 Experiments

5.1 Experimental setup

Evaluation: In our quantitative analysis using the COCO 2014 dataset [26], we
adopt a methodology akin to [3], Itering the dataset to include images with n
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Table 1: Ablation study on proposed components.

Lintra L inter L self SS AR AP 5o AP CLIP score
X X X 321 11.4 0.3202
X X 355 12.5 0.3196
X X X X 40.2 16.1 0.3164
X X X 38.1 145 0.3175
X X X 39.1 14.3 0.3206
X X X X 46.8 19.3 0.3200
X X X X X 50.3 20.4 0.3201

distinct objects where each occupies at least 5% of the image area. We further
re ne the selection by excluding objects described by more than two words, as
well as person, resulting in a nal set of 61 object classes. For performance eval-
uation, we employ YOLOV7 [41] for object detection, utilizing metrics such as
YOLO-score (AP, AP 50) [25] to assess our method's e ectiveness of locating and
correctly generating objects. Object detection is conducted across all 80 COCO
classes to ensure thoroughness. Additionally, we generate randomly sample and
generate approximately 1,000 samples for subsets of the COCO 2014 dataset,
categorized by the presence of 2, 3 and 2-4 distinct objects, using prompts struc-
tured as a {object i} ... and a {object ,} to systematically evaluate our
approach.

We utilize CLIP-score [30] for quantitatively assessing image-text compati-
bility, thereby evaluating the semantic accuracy of synthesized images. The text
descriptions for images are formulated by appending a pre x of "a photo of" to
the generation prompts.

Implementation:  The experimental ndings were derived using the Com-
pVisl.4 model for text-to-image synthesis. We con gured the model to perform
50 denoising steps with a constant guidance scale of 7.5, and produced synthetic
images at a resolution of 5120 512. The hyperparameters of selective sample
is set to select the highest 80% of attention values and randomly keep 50%.
the margin for the inter-token constraint was established at 0.1, a setting that
resulted in achieving the highest scores for both YOLO and CLIP metrics.

5.2 Case studies

Quantitative ablation studies: The comprehensive evaluation of our pro-
posed methods encompasséSnia » Linter » Lserr » S€lective sampling, and cross-
attention redistribution, as summarized in the table 1. The results reveal that
utilizing only Linra With selective sampling and cross-attention redistribution
yields subpar object generation and location, achieving a mere 32.1 AR and
11.4 AP. Introducing Liner to emphasize the cross-attention of the token over
others at the same location leads to a signi cant enhancement, with improve-
ments of 7.9 in APsg and 3.7 in AP. This highlights the presence of attention over-
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Fig. 3: Visual ablation studies on various components of proposed method.

Table 2: Ablation study on margin with K = 80%, M = 50%.

margin AP 5 AP CLIP score
0.05 48.8 19.3 0.3179
0.1 50.3 20.4 0.3201
0.2 46.8 19.8 0.3167

lap, as previously mentioned, and underscores the e ectiveness of our method in
addressing this issue. The incorporation ol s further boosts performance, re-
sulting in 10.1 APsy and 4.3 AP. This suggests that the presence of self-attention
distraction compromises the positioning accuracy of layout-to-image methods.
The concept of aggregating and treating self-attentions as a whole emerges as an
e ective strategy to mitigate such issues. Selective sampling and cross-attention
redistribution also contribute quantitatively to improved e cacy.

In terms of the CLIP score, the introduction of Ly appears to compro-
mise the coherence of image semantics, causing a slight reduction from 0.3202 to
0.3164. However, with the addition ofL e , Our strategy of enhancing intercon-
nection with object pixels while maintaining su cient redundancy with other
pixels proves to enhance semantic coherence.

Qualitative ablation studies: We conducted visual ablation studies to
elucidate the progressive impact of our method on the generation process. In
the latent space of textual representations, two objects, namelya tiger and a
bear, inherently share similarities. According to gure 3, when only controlling
Linra , these two concepts inevitably overlap and merge, with the more dominant
concept exerting greater in uence over the generated content. Introducing- inter
and AR helps mitigate this overlap to some extent. WhileL iy, enhances control
over layout precision by competing for the same location, it does violate the
delity of the resulting image. On the other hand, AR provides a more natural
transition from objects to backgrounds. Finally, with the addition of Lgg , We
further ne-tune location precision and re-establish the relationship between
objects and backgrounds, aiming to recover some of the delity lost due to the
impact of Linter -

Hyperparameter ablation studies: Hyperparameters of our work, in-
cluding K and M for selective sampling and the margin in the inter-token con-
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