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Abstract

Diffusion models have demonstrated remarkable success in image generation across a va-

riety of settings, particularly in controlled settings. Recent work has shown that one can

generate subjects in desired locations using either guiding the attention signal to attend to

specific tokens or framing optimization objectives that penalize subjects or attributes being

generated outside the bounding boxes. However, the role of memorization, which occurs

during training, in the inference process for conditional generation has been largely unex-

plored. In this work, we take the first step in understanding how memorized subject charac-

teristics incur a heavy toll during the reverse process. Based on the observations, we build a

coherent pipeline that automatically detects which regions to suppress as they drift towards

a particular attribute, followed by showing that we can mitigate it promptly, thereby giving

the diffusion model enough timesteps to appropriately fill it. We demonstrate the validity of

our ideas through experiments on the specific task of layout-to-image generation and show

that we can achieve competitive performance on publicly available datasets without requir-

ing computationally expensive fine-tuning. Our results demonstrate consistently superior

quantitative performance across multiple baselines, encompassing both multi-subject and

overlapping-subject configurations, while maintaining photorealistic fidelity free of visu-

ally incoherent or perceptually implausible artifacts.
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Chapter 1

Introduction

Recent advances in generative AI have significantly pushed the boundaries of visually co-

herent and structurally grounded image synthesis. Early approaches, including GANs[52,

57], Variational Autoencoders[56, 50], and autoregressive models[64, 63, 36, 30], laid

the groundwork for high-fidelity generation, with diffusion models[48, 1, 49, 10] subse-

quently establishing a new state of the art. These advances have been further accelerated

by controllable image synthesis methods, particularly Text-to-Image (T2I) generation[65,

67, 60], which leverage large-scale pretrained models on image-text paired data to enable

semantically rich synthesis. Notable models such as Stable Diffusion[47], GLIGEN[35],

and DALL-E[45] are among the popular ones to have demonstrated impressive generation

quality under text-only conditions, yet remain constrained in their ability to support fine-

grained, multimodal control signals beyond language.

Contemporary research has elaborately demonstrated their inability to process textual in-

formation while simultaneously being vigilant to maintain the spatial consistency [5, 21]

of the objects being generated. Text processing is usually done through pretrained large

language models[29] as a text encoder[44], as it needs to harness their deep level of lan-

guage understanding. Nevertheless, it still falls short since relying solely on text leads to

a semantic gap between images and text, which hinders the spatial understanding of the

1



Figure 1.1: Qualitative illustration of MAPLE’s two key properties. (a) Plug-and-play

compatibility: MAPLE integrates seamlessly into existing models such as GLIGEN, cor-

recting object placement without any additional training. (b) Balanced object generation:

In the presence of competing objects, MAPLE mitigates inter-object dominance arising

from memorized spatial priors. Given the text prompts, both BoxDiff and iLGD exhibits

object dominance where the bird suppresses the bottle or the bear suprreses the motorbike,

whereas MAPLE produces a spatially balanced and semantically faithful generation.

generation task.

To address these limitations, a growing body of work has explored Layout-to-Image Syn-

thesis(LIS)[66, 14, 20, 61], wherein spatial bounding box layouts are introduced alongside

text prompts to provide explicit localization guidance for object placement. This additional

conditioning can be incorporated into existing frameworks via two principal paradigms:

supervised fine-tuning[33, 55, 13], which augments pretrained models with additional con-

trol modules trained on paired image-text data, and training-free approaches[69, 22, 16],

which instead manipulate cross-attention maps to steer the generation process without any

parameter updates. While the former has demonstrated strong performance, it incurs sub-

stantial computational overhead and relies heavily on paired layout-text datasets such as

COCO[37], which are both scarce and costly to curate. The latter circumvents these con-

straints by extracting and modulating cross-attention maps across the layers of the UNet,

offering a more accessible and flexible alternative. A complementary line of work focuses

on optimizing intermediate latent representations by quantifying the alignment between

2



text token attention and target spatial regions. Beyond latent optimization, a parallel di-

rection targets the initial Gaussian noise[53, 23], operating on the premise that the seed

distribution itself plays a critical role in determining object localization in the final gener-

ated output.

In light of the above advancements, our objective is to dynamically identify the de-

gree to which individual objects are either dominated or neglected during the generation

process, and to rectify this imbalance in a spatially informed manner. We hypothesize

that memorized spatial priors accumulated during large-scale pretraining cause T2I mod-

els to systematically over-attend or under-attend to specific objects with respect to their

prescribed bounding box layout, manifesting as object amplification or neglect in the final

output. To validate this, we conduct a thorough analysis of the cross-attention and self-

attention maps within the diffusion model, demonstrating that these maps serve as reliable

indicators of inter-object dominance and semantic misalignment. Guided by these observa-

tions, we derive a principled optimization objective, LMAPLE , that quantifies the degree

of attention imbalance across objects with respect to the provided layout.

Upon identifying the dominated and neglected objects, we employ a combination of

attention reweighting, Mask Guidance(MG), and Latent Optimization(LSAE and LGAP )

to correct this imbalance at inference time. Specifically, mask-based guidance spatially

constrains the influence of each object to its designated region and prevents semantic

leakage, while attention reweighting redistributes semantic focus across objects in pro-

portion to their prescribed layout. These corrections are consolidated into a modified latent

representation at inference, requiring no additional training or parameter updates. Our

method, MAPLE, as shown in Figure 1.1, is training-free and plug-and-play, integrating

seamlessly into existing pretrained diffusion models and enabling accurate, controllable

layout-conditioned image synthesis. We also conduct comprehensive experiments, com-

paring our method with various approaches in the training-free layout-to-image synthesis

literature. Our results demonstrate state-of-the-art performance, showcasing significant

3



improvements both quantitatively and qualitatively over prior methods. In summary, our

contribution can be summarized as follows:

• We introduce MAPLE, a memorization-aware, training-free framework for layout-

conditioned image synthesis that operates on text prompts and bounding box specifi-

cations as spatial constraints.

• We propose two complementary mechanisms: fine-grained loss guidance via LMAPLE ,

which dynamically identifies and rectifies inter-object dominance and neglect during

the generation process, and coarse attention steering via MG, which complements

this by capturing individual and overall semantic structure and redistributing focus

toward underperforming objects accordingly as shown in Figure 2.1.

• We conduct extensive experiments on [62] for quantitative superiority on well-known

metrics. Furthermore, we qualitatively compare against prior art on different levels

of prompts and corresponding layouts.
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Chapter 2

Literature Review

2.1 Diffusion Models: An Introduction

We briefly introduce the Denoising Diffusion Probabilistic Model (DDPM) [27], which

operates via a forward noising process and a learned reverse denoising process. Let {xt}Tt=0

denote a discrete Markov chain, where t ∈ {0, 1, . . . , T} is the timestep index and T is the

total diffusion length. The forward process gradually corrupts the data by adding Gaussian

noise according to:

q(xt | xt−1) = N
(

xt;
√

1− βt xt−1, βtI

)

, (2.1)

where βt is the noise schedule (e.g., linear or cosine). Defining αt = 1 − βt and ᾱt =
∏t

s=1 αs, a closed-form expression for sampling xt directly from x0 is:

q(xt | x0) = N
(

xt;
√
ᾱt x0, (1− ᾱt)I

)

. (2.2)

The reverse process learns to denoise by predicting xt−1 from xt:

xt−1 =
1√
αt

(

xt −
1− αt√
1− ᾱt

ϵθ(xt, t)

)

+ σt z, z ∼ N (0, I), (2.3)
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Figure 2.1: The top and bottom row shows the cross-attention maps of the text tokens on

the different spatial regions in the h-space or layer 14 of Stable Diffusion at t=19, which is

the final step for our Mask Guidance.

where σt =
√

βt(1− ᾱt−1)/(1− ᾱt) is the posterior standard deviation and ϵθ is a neural

network parameterized by θ. The model is trained by minimizing the simplified denoising

objective derived from the variational lower bound:

Lsimple = Et, x0, ϵ

[

∥

∥ϵ − ϵθ
(√

ᾱt x0 +
√
1− ᾱt ϵ, t

)∥

∥

2

2

]

. (2.4)

2.2 Diffusion Models and Controllability

The landscape of T2I synthesis is currently defined by the success of Diffusion Models

(DMs), which generate high-fidelity samples by learning to reverse a gradual Gaussian

denoising process[51, 18]. A pivotal advancement in this domain was the introduction

of Latent Diffusion Models (LDM) [47], which utilize a pre-trained autoencoder to per-

form the diffusion process in a low-dimensional latent space z after which the latent is

decoded back to the required resolution, significantly reducing computational complexity

6



while maintaining visual quality. These models typically optimize a denoising objective:

LLDM = EE(x),y,ϵ,t

[

∥ϵ− ϵθ(zt, t, τθ(y))∥2
]

(2.5)

where τθ(y) represents conditioning embeddings from encoders like CLIP[44]. While scal-

ing efforts such as SDXL[43] and the adoption of Diffusion Transformers (DiT) [40, 11]

have further enhanced photorealism, precise spatial control remains a significant challenge.

Architectures like ControlNet [68] address this by incorporating auxiliary spatial priors

such as segmentation masks[15] or depth masks[54] into frozen T2I backbones to pro-

vide structural guidance. However, despite these advancements, existing models frequently

struggle with accurately binding attributes to specific objects and fulfilling complex posi-

tional descriptions from text prompts alone [6]. This highlights a critical gap in the inherent

spatial intelligence and semantic grounding of current diffusion frameworks, necessitating

new approaches that can bridge the divide between high-fidelity generation and precise

compositional control.

2.3 Memorization in Diffusion Models

There has been a substantial body of recent work on the memorization phenomenon in

diffusion models[8, 41, 19, 26, 7], identifying one of its primary failure modes as the

inability of the reverse process to escape learned attraction basins[31]. A closely related

line of inquiry into concept dominance[32] demonstrates that the visual characteristics of

individual objects systematically suppress those of co-occurring objects during multi-object

generation. Complementing this, [24] proposes adjusting the initial noise distribution such

that the sampling trajectory exits the attraction basin at an earlier stage, while [2] establishes

that specific noise patches in the initial sample are causally responsible for determining

object generation locations. Collectively, these works provide compelling evidence for

the rigidity of the reverse diffusion process and its resistance to user-prescribed spatial

7
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Figure 2.2: The top three plots demonstrate the gradient norm of two subjects, cow and

boat, in the prompt ”a cow and a boat”, over all the timesteps. The bottom plot shows the

absolute difference of the gradient norm between the two subjects.

constraints. However, despite this growing body of evidence, only a limited number of

works, notably [23], which also has not open-sourced its integration for LIS, have sought

to leverage these insights toward addressing the practical challenge of LIS.

2.4 Layout-to-Image Synthesis

LIS aims to generate images that faithfully adhere to both textual prompts and spatial layout

instructions, such as bounding boxes or semantic masks. A prevalent approach to achiev-

ing this involves extending pre-trained diffusion models, like Stable Diffusion, by fine-

tuning them on paired layout-image datasets[38]. For instance, SceneComposer[66] trains

8



a layout-to-image model using paired images and segmentation maps, while GLIGEN[35]

fine-tunes a gated self-attention layer to incorporate bounding box information directly

into the model. Other strategies integrate specialized adapters or additional components

to achieve layout control [70, 59]. While these fully-supervised, training-based pipelines

demonstrate noteworthy generative results, they inherently suffer from significant draw-

backs. Primarily, they grapple with the labor-intensive and time-consuming curation of

paired datasets, alongside high computational resource consumption and prolonged infer-

ence times.

To circumvent these heavy training requirements, a growing body of work focuses on

training-free layout guidance by directly modifying the generation process [42, 62, 9, 39].

A foundational insight driving these methods was highlighted by works like Prompt-to-

prompt[25], which showed that there is a strong intrinsic correlation between the spatial

layout of generated content and the model’s cross-attention maps. Leveraging this, ap-

proaches such as [62] manipulate or optimize the cross-attention layers during sampling to

align the generated visuals with the provided spatial layouts. Other techniques like Multi-

Diffusion [3] perform regional denoising processes and fuse the predicted scores. Despite

their efficiency, strictly optimizing multiple values within attention maps can sometimes

degrade overall image quality or fail to reliably meet strict positional requirements.

9



Chapter 3

Method

3.1 Preliminaries

Cross-Attention Layers. To ensure cross-modal alignment between the user-given text

prompts, which is treated as the condition, and the image to be generated, the text is first

tokenized, followed by encoding using CLIP[44]. Specifically, given the condition y, we

first obtain a set of text tokens as an embedding e = τθ(y) ∈ R
N×de , where de is the embed-

ding dimension and N is the number of tokens. Since the text can be of variable size, it is

usually padded to a fixed length p. Thereafter, it is fused in the attention layers of the UNet

via the cross-attention layers via the key, K ∈ R
p×dk , and value, K ∈ R

p×dv matrices while

the query matrix, Q ∈ R
rs×dq comes from the latent at the current timestep zt. Through

this, we get the cross-attention map for a single head of the lth layer as:

Aca
l,p = softmax(

QKT

√
d

) ∈ R
rs2×p

Here, rs is the resolution of the attention map at the lth layer. Aca
l,p is therefore a set of

cross-attention maps for the prompt y, defined as Aca
l = {Aca

l,0, . . . , A
ca
l,p} where the Aca

l,i

denotes the cross-attention map for the ith text token.

Self-Attention Layers. During the denoising process, objects should learn to only attend

10
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Figure 3.1: Overview of the MAPLE Framework. At each denoising timestep t, the

pipeline operates in two stages. First, cross and self attention maps are extracted from

the U-Net and passed to the Mask Guidance module, which generates subject-specific spa-

tial masks that are fed back into the attention layers while simultaneously computing the

layout losses LSAE and LGAP . Second, Latent Optimization combines these losses into a

unified objective LMAPLE , and updates the current latent zt via a gradient step to produce

the refined latent zt, which seeds the next denoising step.

to themselves to prevent semantic leakage. We define the corresponding self-attention map

at the lth layer as:

Asa
l,rs2 = softmax(

QKT

√
d

) ∈ R
rs2×rs2

Here, both the query Q∈ R
rs2×dq and key K∈ R

rs2×dk is derived from the latent zt.

Bounding Boxes. Additionally, if we assume there are K1 subjects in the prompt, then we

are given a set of bounding boxes for subjects in the prompt y as B = {B0, B1, . . . , BK2}.

Here, we note two changes from prior work. First, K1 may or may not be equal to K2.

Secondly, we only focus on the attention layers at the downsampling and middle blocks,

as the former is known to control the style and appearance, and the latter controls the

semantics and shape.

3.2 Text Token Impact Scoring

To effectively generate objects in their respective locations, the model should implicitly

and adaptively learn to give importance to the objects that are failing to either produce in

the assigned location, with the right semantics, or with the correct size, shape, etc. Previous

11



studies[32, 46] have shown that certain objects tend to overshadow the other object during

generation from the very early timesteps, as a result of which the dominated object does

not recover. This effect can be seen in Figure 2.1 where the bear is excessively being

attended to, even by the filter tokens. This is particularly harmful for our cause as it may be

the reasons to many problems found in the previous works, such as object disappearance,

semantic leakage, misplacement of the objects, unrealism, etc. To analyze this, we use the

following to measure the significance score for each token at position i ∈ [0, . . . , N − 1]:

TSi = ∥∇eiL(zt, e)∥2

where L(zt, e) = ∥ϵθ(xt, e)− ϵθ(xt, e∅)∥2

A careful analysis of [16], as observed in Figure 2.2, shows that these methods inadver-

tently minimize L(zt, e) for the subject, which dominates the generated image. This can

provide an additional explanation as to the reason behind these methods working. In our

work, we use this as an indicator for the object to focus on during the optimization process.

We hypothesize that one does not need to focus on all the objects being generated, as one

of them can more easily be generated while the model finds it hard to generate the other

object. Therefore, as long as we can dynamically change our object of focus, we should

more efficiently create the desired image.

3.3 Mask Guidance

Following the works of [16, 39, 12], we guide both the self and cross attention layers

towards the desired layout structure through masks. However, different from both, we

develop our own mask based on the observations from [9, 34] that the attention guidance

needs to be in harmony with the diffused state of the noise maps in the early steps and the

coarse-grained structure of the cross-attention maps. Let us define the mask M which is

added to the lth layer attention block. M contains ones in the desired objects locations,

12
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Figure 3.2: Mask Guidance.(Left) Denotes the visualization of the modulation to the cross-

attention layers for a specific subject token and the [EOT ] token at l = 13 for the last

timestep after which MG is stopped. (Right) Visualizes the update on self-attention maps,

where we see that the cake is only attending to its regions, while the bird region is dark.

i.e., M [Bi, i] = 1 while M [∼ Bi, i] = 0. We also set all the pixel-locations for the tokens

other than the K1 subject tokens to −∞ in M. We also note the importance of the [EOT ]

as its role is to capture the overall semantics of the image at each timestep. It has also been

used previously in works like [69] for noise optimization, while [12] empirically found it

to affect the attention maps too aggressively. We argue that it is an effect of the naive linear

interpolation, and when altered carefully, as in our formulation, we can obtain significant

control over the image. Formally, let S denote the scaling applied over the N attention

tokens. We begin by defining the initial scaling factor as follows:

S1 = α · log(1 + σt) ·max
j

(QKT ) (3.1)

This scaling factor S1 serves to direct the model’s attention toward the maximum object

signal within each designated region. However, assigning a uniform signal to all spatial

locations within a given bounding box is insufficient, as it disregards the inherent shape and

fine-grained visual characteristics of the subject. To address this, we introduce a spatially-

aware decay function:

13



S2 = S1 · βe−
(x−x0)

D (3.2)

This decay serves a dual purpose. First, it progressively attenuates the attention signal

as spatial locations deviate from the centroid x0 of the bounding box Bi, ensuring that

the highest semantic focus is concentrated at the centroid. Second, it enforces a smooth

transition at the boundaries of the bounding boxes, mitigating abrupt discontinuities in the

attention distribution. Here, D denotes the maximum distance between the centroid x0 and

the farthest spatial location within the respective bounding box Bi.

Given that the [EOT] token captures aggregated semantic information across the entire

prompt, we apply S2 to scale the spatial locations of each subject’s bounding box within

the [EOT] token of the mask M , while suppressing background token contributions to

zero. This formulation additionally addresses the challenge of overlapping bounding box

regions, wherein mixed attention signals across subjects can induce undesired semantic

contamination. Under our approach, provided that the degree of overlap does not substan-

tially subsume the region of either subject, the decay function facilitates a gradual transfer

of the attention signal across the overlap boundary, enabling more precise and controllable

subject separation. The final modified attention map is consequently defined as:

S = [S1, S2]

A′
l,p = softmax

(

QKT + S ·M√
d

) (3.3)

We perform these updates for the first 20 timesteps only.

3.4 Latent Optimization

The main purpose of this step is to backpropagate through the diffusion model and steer

the latent signal towards the layouts. To formalize, we want to minimize the log-likelihood
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Figure 3.3: Latent Optimization.(Left) We regularize the self-attention maps by constrain-

ing each subject’s attention to remain within its designated layout region, preventing cross-

region attention leakage between subjects. (Right) We regularize the cross-attention maps

by enforcing token-level spatial exclusivity, restricting each text token’s attention distribu-

tion to its assigned layout region while penalizing activations that spread into background

areas.

logp(zt|y) and from Bayes Theorem, we obtain logp(zt|y) ∝ logp(zt)logp(y|zt) which

brings us to minimizing logp(y|zt) := L(zt|y).

Grounded Attention Penalty. For each subject si, we accumulate attention mass in-

side its target box and in the global background, then form an IoU-style ratio. Let B =

{B1, . . . , BK2} be the set of subject boxes and define the background region as Ωbg =

Ω \ ⋃K2

j=1Bj , where Ω is the spatial grid at the current attention resolution. For cross-

attention, let Ti be the token indices of subject si (in our implementation, we also include

the EOS token). For a selected layer l, with attention tensor Aca
l ∈ R

H×|Ω|×P (heads ×

pixels × tokens), we define:

F ca
l,i =

H
∑

h=1

∑

x∈Bi

∑

t∈Ti

Aca
l [h, x, t], Gca

l,i =
H
∑

h=1

∑

x∈Ωbg

∑

t∈Ti

Aca
l [h, x, t]. (3.4)

For self-attention, using Asa
l ∈ R

H×|Ω|×|Ω|, we use spatial indices of the same subject region

as keys/columns:

F sa
l,i =

H
∑

h=1

∑

x∈Bi

∑

y∈Bi

Asa
l [h, x, y], Gsa

l,i =
H
∑

h=1

∑

x∈Ωbg

∑

y∈Bi

Asa
l [h, x, y]. (3.5)
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Averaging across the optimizing layers gives:

F̃ ⋆
i =

1

|L⋆|
∑

l∈L⋆

F ⋆
l,i, G̃⋆

i =
1

|L⋆|
∑

l∈L⋆

G⋆
l,i, (3.6)

where ⋆ ∈ {ca, sa}. Thereby, we define the IoU-style score as:

LGAP
i =

(

1− F̃ ca
i

F̃ ca
i + |B| G̃ca

i

)2

+

(

1− F̃ sa
i

F̃ sa
i + |B| G̃sa

i

)2

, (3.7)

This represents the per-subject loss for token-aware localization.

Self-Attention Energy. We use a self-attention energy regularizer that measures how

much of a subject’s self-attention mass lies inside its assigned box. This is to restrict it

from attending outside the box, even if there is a corresponding higher attention value. For

subject si at layer l, we define total self-attention energy and in-box self-attention energy

as:

Esa
l,i =

H
∑

h=1

∑

x∈Ω

∑

y∈Bi

Asa
l [h, x, y], F sa

l,i =
H
∑

h=1

∑

x∈Bi

∑

y∈Bi

Asa
l [h, x, y]. (3.8)

Averaging over the selected self-attention layers gives

Ẽsa
i =

1

|Lsa|
∑

l∈Lsa

Esa
l,i , F̃ sa

i =
1

|Lsa|
∑

l∈Lsa

F sa
l,i . (3.9)

Following our implementation, the self-attention energy loss is

LSAE
i =

(

1− F̃ sa
i

Ẽsa
i + ϵ

)2

, (3.10)

where ϵ is a small constant for numerical stability.

As described in Section 3.2, the LMAPLE is calculated for only the subjects that are being

dominated by the other subjects, and the latents are being updated only with them. This is
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determined by the following formulation:

Isub =
n
⋃

j=1

Tj, m̂ = arg max
i∈Isub

∥∇eiL(zt, e)∥2 , (3.11)

where Tj is the token-index set of subject sj . Let π(i) map token index i to its subject

index, and define the dominant subject as k⋆ = π(m̂). We then optimize all non-dominant

subjects:

Sopt = {1, . . . , K1} \ {k⋆}, (3.12)

with aggregated losses

LGAP =
1

|Sopt|
∑

j∈Sopt

LGAP
j , LSAE =

1

|Sopt|
∑

j∈Sopt

LSAE
j . (3.13)

Our final optimization objective is as follows:

L(zt|y) := LMAPLE = λ1LGAP + λ2LSAE (3.14)

where the λ1, λ2 hyperparameter controls the strength of each loss function. With this

selection, we update the latent at the current timestep as:

z′t = zt − η∇ztLMAPLE (3.15)

This is done for all the timesteps. With our methodology, we can maintain high attention

values over the underdeveloped regions while adhering to the layout. This process leads to

the synthesis of desired objects in the user-provided locations.
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Chapter 4

Experiments

4.1 Experimental Setup

Dataset, Benchmarks and Hyperparameters. To evaluate our method, we follow [62]

and use a dataset consisting of 200 unique prompts spanning 27 object categories, where

each prompt is paired with 15 to 16 bounding box configurations representing different

spatial arrangements, yielding 2821 prompt and bounding box pairs in total. Each prompt

follows either the structure ”a {} . . . ,” or ”a {} and a {} . . . .” Additionally, follow-

ing [39], we kept the same settings for the benchmark models as them. We compare our

proposed method, MAPLE, against BoxDiff[62], [12], iLGD[39], MultiDiffusion[3], and

standard Stable Diffusion v1.5. We utilize the DDIM scheduler with 50 timesteps, setting

the beta values to start at 0.00085 and end at 0.012. We utilize the classifier-free guid-

ance[28] for MAPLE and all baselines with a fixed guidance scale of 7.5. Finally, we use

the same negative prompt as [69]. We set λ1 = 5, λ2 = 3, β = 1.2, α = 0.75 and τ follows

the cosine scheduling with the start step and end step being 1 and 50, respectively.

Evaluation Metrics. To assess performance across multiple dimensions, we employ a

diverse set of evaluation metrics. For text-to-image alignment, we use the T2I-Sim met-

ric, which measures cosine similarity between text and image features in CLIP space to
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prompt = “a carrot and a book”

prompt = “a cat and an apple”

prompt = “a giraffe and a train”

prompt = “a dog and a cake”

Layout BoxDiff iLGD MAPLEMultiDiffusionLayout-guidance

Figure 4.1: Visual Comparisons with Previous Methods. We compare our method against

training-free layout-to-image baselines, with layout instructions indicated by solid bound-

ing boxes. Our approach consistently outperforms prior methods in spatial layout adher-

ence and visual quality.
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evaluate how faithfully the generated images reflect the semantics of the input prompt.

For image quality assessment, we use CLIP-IQA[58], implemented via TorchMetrics[17],

which compares the CLIP features of a pair of semantically opposite descriptors y1, y2

against those of the generated image, with the final score indicating how well y1 over y2

describes the image. Specifically, we evaluate overall image quality using high quality, low

quality, blurriness using clear, blurry, and naturalness using natural, synthetic. Finally, to

measure spatial faithfulness to the prescribed bounding boxes, we use YOLOv4[4] to pre-

dict bounding boxes over the generated images and compare them against the ground truth,

reporting average precision at IOU = 0.5.

In our implementation, the denoising scheduler is configured for 50 timesteps, with the

noise schedule parameters set to βstart = 0.00085 and βend = 0.012. The Mask Guid-

ance (MG) module is applied exclusively during the first 20 timesteps, whereas the Latent

Optimization pipeline is applied across all denoising timesteps. For the ablation studies,

the loss weighting parameters λ1 and λ2 are adjusted to compensate for the absence of

individual components, in order to maintain adequate guidance strength through the re-

maining loss terms. Specifically, when MG is omitted entirely, λ1 and λ2 are set to 7 and

5, respectively. When only LSAE is applied in conjunction with MG, λ1 is increased to 9,

and when only LGAP is applied with MG, λ2 is increased to 7. These adjustments ensure

that the optimization objective retains sufficient supervisory signal in the absence of the

complementary loss term.

All experiments are conducted over five random seeds; 42, 160, 77, 123, and 10; se-

lected without bias. For quantitative comparison against state-of-the-art methods, we adopt

the results as reported by iLGD, ensuring a fair and consistent evaluation protocol.
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Table 4.1: Quantitative comparison with state-of-the-art methods. ↑ denotes that higher is

better.

Method T2I-Sim (↑)
CLIP-IQA (↑)

AP@0.5 (↑)
Quality Natural Clear

SD 0.303 0.928 0.705 0.736 –

BoxDiff 0.305 0.922 0.613 0.6945 0.192

Layout-guidance 0.301 0.936 0.640 0.814 0.118

MultiDiffusion 0.295 0.920 0.547 0.792 0.411

iLGD 0.309 0.961 0.654 0.817 0.202

MAPLE (Ours) 0.311 0.976 0.744 0.978 0.267

4.2 Quantitative Evaluation

In Table 4.1, we evaluate methods across image quality (CLIP-IQA), layout precision

(AP@IoU=0.5), and semantic alignment (T2I-Sim). MAPLE achieves the best perfor-

mance on T2I-Sim and all three CLIP-IQA metrics - Quality, Natural, and Clear - by a no-

table margin over all competing methods. Although MultiDiffusion leads on AP@IoU=0.5,

it records the lowest T2I-Sim score and weak CLIP-IQA metrics, revealing that it sacri-

fices an unacceptable degree of image quality and semantic fidelity in exchange for layout

control. BoxDiff achieves a modest AP@IoU=0.5 of 0.192 but falls considerably behind

MAPLE on all quality metrics. Layout-guidance shows competitive CLIP-IQA scores rel-

ative to other baselines, yet its AP@IoU=0.5 of 0.118 is the lowest among methods that

report it, limiting its practical utility. iLGD presents a more balanced profile, outperform-

ing SD, BoxDiff, Layout-guidance, and MultiDiffusion on most metrics, but is nonethe-

less surpassed by MAPLE across all dimensions except AP@IoU=0.5, where MAPLE still

achieves a strong score. These results demonstrate that MAPLE strikes the most favor-

able balance between perceptual image quality, semantic alignment, and layout control,

establishing it as a meaningful advancement over all considered baselines.
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4.3 Qualitative Evaluation

To stress-test fine-grained spatial controllability, bounding boxes are deliberately config-

ured at varying degrees of overlap and spatial complexity, with qualitative comparisons pre-

sented in Figure 4.1. Among the baselines, BoxDiff, Layout-Guidance, and iLGD exhibit

a consistent failure mode: upon encountering subject dominance, these methods attempt to

force the suppressed object into the residual spatial regions, inevitably compromising the

structural integrity and visual quality of the generated image. This behavior highlights a

fundamental limitation in their spatial optimization strategies, which lack the granularity

needed to enforce strict, subject-specific layout constraints under complex spatial configu-

rations. MultiDiffusion, while offering a more balanced distribution of subject occupancy,

adopts an aggressive optimization strategy that over-regularizes the denoising process, re-

sulting in generations that, although spatially balanced, appear unnatural and lack percep-

tual realism. In contrast, our method directly addresses subject dominance through the

dynamic handling of subjects. This principled design enables our method to consistently

generate subjects within their assigned layout regions while preserving visual fidelity and

natural image appearance across all evaluated configurations.

Figure 4.2 provides a qualitative comparison for the core problem addressed in this work.

The top row illustrates the output of iLGD, which exhibits the most severe form of subject

dominance: the horse disproportionately occupies the image, marginalizing the banana to

a negligible spatial presence. Furthermore, unrelated semantic attributes of the dominating

subject are superimposed onto the dominated subject, resulting in semantic attribute leak-

age that fundamentally corrupts the visual identity of the co-generated object. The middle

row illustrates the output of MultiDiffusion, which, while alleviating semantic leakage to

a degree, still fails to enforce spatially faithful generation, such as the horse′s head ex-

cessively occupies its designated bounding box region, extending beyond its prescribed

spatial boundary and encroaching on the compositional balance of the scene. These two
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prompt = “a horse and a banana”

Figure 4.2: The columns represent the images created from the same seed. (Top and Mid-

dle) iLGD and MultiDiffusion fails to enforce region constraints, with “horse” dominating

the image.(Bottom) MAPLE produces balanced spatial allocation between both objects.

failure modes collectively reveal the critical consideration in LIS: the pre-learned semantic

prior of each subject must be carefully balanced during the generation process, as dis-

proportionate focus on a dominant subject not only disrupts spatial layout adherence but

also induces undesired semantic contamination across co-generated subjects. The bottom

row demonstrates that our proposed method, MAPLE, successfully mitigates both failure

modes, producing spatially balanced subject occupancy wherein each subject faithfully

retains its distinct visual features and semantic attributes in the absence of cross-subject

interference.
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SD + MG SD +MG + !!"# SD + MG + !$"%SD + !&"%'#Layout Instructions MAPLE

Figure 4.3: Visual Ablations. Per-component qualitative analysis of MAPLE, with layout

instructions shown as solid bounding boxes and prompt as “a {} and a {}”

4.4 Ablation Studies

SD + MG. We take a closer look at the first column. Here, we notice that the model can

generate both of the objects with quite good precision. However, there is unwanted occlu-

sion, missing objects, or feature mixing, which has led to degradation in the quality around

the overlap region, i.e., one of the objects has failed to generate fully. We also notice a bit

of dominance of one subject with respect to the other.

SD + LMAPLE . Here, we again observe that the subjects have generated almost equally

well. However, the image looks unrealistic, specifically the image background, and in gen-

eral, the image has contrast on the higher end. Also, one of the subjects seems to cover only

a part of it’s destined location while the other overflows into the unwanted layout region.

SD + MG + LSAE . Although the generated images exhibit visual realism, subjects fre-

quently extend beyond their designated layout regions, indicating that LSAE alone lacks

the cross-attention localization necessary to enforce strict spatial confinement. This is ex-

pected as we explicitly control them to remain confined even if it’s an overlap region.
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SD + MG + LGAP . While spatial layout adherence is notably improved, cross-subject

semantic leakage persists in the form of undesired mixing of fine-grained visual attributes,

suggesting that lGAP alone cannot fully resolve inter-subject feature contamination without

self-attention regularization.

MAPLE effectively synthesizes the complementary strengths of each component into a

unified framework. Mask Guidance steers subject-specific attention toward designated spa-

tial regions. LSAE builds upon this by enforcing self-attention regularity, ensuring balanced

spatial occupancy, and preventing any single subject from disproportionately dominating

the generated image. LGAP , in turn, suppresses cross-region semantic leakage by con-

straining each token’s cross-attention distribution to its assigned layout region, preserving

the semantic integrity of each subject. The synergistic interaction of these three com-

ponents directly addresses the individual shortcomings observed in each ablated variant,

spatial misalignment, subject dominance, and semantic leakage.

4.5 Additional Visual Results

4.5.1 Plug-and-Play More Examples

Figure 4.4 presents additional qualitative results demonstrating the integration of MAPLE

with Stable Diffusion XL 1.0. Despite the presence of subjects that inherently occupy larger

spatial extents, our method successfully confines each subject within its prescribed bound-

ing box region, thereby preserving adequate spatial allocation for co-occurring subjects that

would otherwise be dominated.

Furthermore, MAPLE demonstrates robustness to compositional complexity, handling

prompts involving two primary subjects while simultaneously accommodating fine-grained

attribute specifications such as object orientation without compromising spatial fidelity or

semantic coherence of the generated output.
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prompt = “a cat and a bicycle”

prompt = “a woman reading under a large tree”

prompt = “a knight facing a dragon”

Figure 4.4: Stable-Diffusion XL was used to generate the images. The rows represent

images generated from the same prompt but different seeds.
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Figure 4.5: Optimization trajectories of the proposed MAPLE objective and its constituent

loss terms across representative generation examples. The curves report LGAP , denoted as

iou loss; LSAE , denoted as self attn energy; and the overall objective LMAPLE ,

denoted as net loss. Peaks and troughs reflect adaptive shifts in guidance toward the

currently dominant subject during denoising.

4.5.2 Optimization Objective Descent

Figure 4.5 illustrates the optimization trajectory of the proposed objective LMAPLE , to-

gether with its constituent losses LSAE and LGAP . Across the four examples, the loss

curves demonstrate how the proposed dynamic guidance mechanism adaptively regulates

subject dominance during generation. Local peaks and troughs in the objective indicate

transitions in the dominant subject receiving guidance. Specifically, an increase in the loss

suggests that another subject has become relatively overemphasized and therefore requires

stronger spatial or semantic regularization. Conversely, a decrease indicates that the cur-

rently guided subject has been sufficiently constrained, allowing the optimization process

to shift attention toward the subject exhibiting greater dominance. When a single sub-

ject remains dominant throughout the denoising process, the losses follow a comparatively
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Figure 4.6: Comparative study of the cross-attention maps for the 13th layer of the UNet

in Stable Diffusion at different timesteps.

smooth descent, reflecting stable and consistent guidance without frequent subject-level

switching.

4.5.3 Cross-Attention Maps

Figure 4.6 illustrates the evolution of cross-attention maps across successive timesteps, up

to the point at which our MG module is applied. At the initial timestep, the attention

distribution is notably dispersed, exhibiting considerable overlap with spatially undesired

regions beyond the prescribed bounding boxes. As the denoising process progresses, a dis-

cernible trend emerges wherein the attention progressively converges toward the regions

delineated by the masking operation, with the spatial extent and morphology of each sub-

ject’s attention map increasingly resembling the shape and scale of the corresponding ob-
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ject.

Of particular note is the behavior of the [EOT] token throughout this process. At the

initial timestep, the [EOT] token exhibits a strong semantic bias toward the boat, failing

to adequately encode the presence of the co-occurring subject. However, as the timesteps

advance, the [EOT] token progressively captures the aggregated semantics of both sub-

jects, ultimately producing an attention response that correctly encompasses both the boat

and the dog while appropriately suppressing background regions.
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Chapter 5

Conclusion

This work introduces MAPLE, a training-free layout-to-image framework built on two core

components: Mask Guidance, which steers subject-specific attention toward designated

spatial regions, and two novel optimization constraints combined into LMAPLE , which

enforce balanced spatial occupancy and suppress semantic leakage. Together, these com-

ponents directly tackle subject dominance, yielding ∼ 9% average improvement in CLIP-

IQA metrics along with other metrics in Layout to Image Synthesis over existing methods,

while integrating seamlessly into existing diffusion models without additional training. As

future work, we intend to apply this dynamic token relevance to other T2I tasks as it is a

general method relevant to Diffusion Models.
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