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A studio photo of a white marble lion, a yellow gold swan, and a black obsidian cat.
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Fig. 1. We present typical challenges of modern layout-guided text-to-image generation methods. From left-to-right, we first present the layout-guidance
prompt. Next, we present some challenges: (a) Background semantic leakage where additional subjects appear outside the intended region; (b) Out-of-distribution
image generation with cracked images and/or erroneous textures; and (c) Incorrect attribute binding with too many subjects. (d) MALeR, our approach, is able to
solve these challenges and generate an accurate multi-subject multi-attribute image.

Recent advances in text-to-image models have enabled a new era of cre-
ative and controllable image generation. However, generating compositional
scenes with multiple subjects and attributes remains a significant challenge.
To enhance user control over subject placement, several layout-guided meth-
ods have been proposed. However, these methods face numerous challenges,
particularly in compositional scenes. Unintended subjects often appear out-
side the layouts, generated images can be out-of-distribution and contain
unnatural artifacts, or attributes bleed across subjects, leading to incorrect
visual outputs. In this work, we propose MALeR, a method that addresses
each of these challenges. Given a text prompt and corresponding layouts,
our method prevents subjects from appearing outside the given layouts
while being in-distribution. Additionally, we propose a masked, attribute-
aware binding mechanism that prevents attribute leakage, enabling accurate
rendering of subjects with multiple attributes, even in complex composi-
tional scenes. Qualitative and quantitative evaluation demonstrates that our
method achieves superior performance in compositional accuracy, genera-
tion consistency, and attribute binding compared to previous work. MALeR
is particularly adept at generating images of scenes with multiple subjects
and multiple attributes per subject.
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1 Introduction
Diffusion models have achieved remarkable success in generating
high quality and realistic images from text prompts [Dhariwal and
Nichol 2021; Esser et al. 2024, 2021; Ho et al. 2020; Kingma et al.
2021; Nichol and Dhariwal 2021; Podell et al. 2024; Rombach et al.
2022; Saharia et al. 2022; Song et al. 2021b]. These models often
use techniques such as classifier-free guidance [Ho and Salimans
2021] for text-conditioned image generation. However, models strug-
gle with complex text prompts involving multiple subjects and at-
tributes [Chefer et al. 2023; Dahary et al. 2024; Rassin et al. 2023].
Common failure modes include catastrophic neglect (skipped sub-
jects), creation of extra subjects (e.g. two dogs when asked to gener-
ate one), and incorrect subject-attribute associations.
To address catastrophic neglect and improve prompt adherence,

Chefer et al. [2023] introduced a cross-attention-guided excitation
mechanism that optimizes the latent state of the diffusion model
during inference. They maximize the cross-attention between sub-
ject tokens and image patches, ensuring that each subject in the
prompt exerts sufficient influence on the generated image. Follow-
up works (e.g. [Agarwal et al. 2023; Guo et al. 2024; Li et al. 2023a])
adopt similar latent optimization paradigms, often using variants
of cross-attention-based losses. However, the optimization process
can drive the latents out-of-distribution resulting in incoherent gen-
erations. Thus, generating multiple samples with different random
initializations is common to achieve the desired scene composition.
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To enhance user control, recent works condition text-to-image
models through the use of visual layouts to indicate spatial loca-
tion of subjects. Grounding inputs such as bounding boxes [Li et al.
2023b], depth maps [Huang et al. 2023; Zhang et al. 2023], semantic
maps, or scribbles [Huang et al. 2023; Lv et al. 2024; Wang et al.
2024; Zhang et al. 2023], improve control and guide the generation
process. While semantic and depth maps provide fine-grained spa-
tial information, they are often impractical for users to manually
construct or edit. On the other hand, bounding boxes offer a simple
and intuitive alternative to specify desired subject locations.
However, such layout-guided methods inherit the same funda-

mental limitations observed in text-to-image generation. They are
susceptible to distributional drift due to latent optimization, and
additionally face the challenge of ensuring adherence to the pro-
vided layout. While some methods attempt to mitigate these issues
by manipulation of cross-attention maps during the sampling pro-
cess [Chefer et al. 2023; Chen et al. 2024; Feng et al. 2023], recent
approaches [Dahary et al. 2024; Phung et al. 2024] also incorpo-
rate self-attention maps into the guidance process. To some extent,
this helps, but creates new challenges. For example, layout-guided
methods suffer a problem of background semantic leakage, where
unintended (additional) subjects appear outside or near the specified
bounding boxes (Fig. 1a). Moreover, the constraints also make the
generations brittle resulting in out-of-distribution images charac-
terized by texture-less subjects, tiling or cracking, and other un-
natural artifacts (Fig. 1b). Interestingly, while some random state
initializations achieve close to desirable compositions, many lead to
failures—necessitating tens of attempts to obtain a good image.

Additionally, crafting diverse compositional scenes requires pre-
cise attribute binding between subjects. Prior works [Feng et al. 2023;
Jiang et al. 2024; Li et al. 2023a; Meral et al. 2024; Rassin et al. 2023]
associate attributes with their corresponding subjects by leveraging
cross-attention-based losses or similarity measures. However, these
methods are limited to handling one or two subjects and often strug-
gle in complex compositions resulting in attribute leakage across
subjects and background regions, or subject blending, where individ-
ual identities become visually entangled (Fig. 1c). This highlights
the need for a training-free layout-guided generation framework
that not only enforces spatial alignment, but also supports robust
attribute binding across multiple subjects—particularly in complex,
multi-attribute scenes.

In this work, we propose Masked Attribute-aware Latent Regular-
ization (MALeR, n. painter in German) to address all three challenges.
We introduce amasked latent regularization strategy to prevent back-
ground semantic leakage during latent optimization. Specifically, we
discourage the emergence of subject-like patterns outside the desig-
nated bounding boxes by anchoring background latents close to their
original values. Second, we perform in-distribution latent alignment
to prevent out-of-distribution images during latent optimization.
More concretely, during early denoising steps, we encourage the
optimized latents to remain close to the prior Gaussian distribu-
tion through an alignment term based on KL-divergence. Third, we
propose a novel subject-attribute association loss that encourages
similarity (dissimilarity) between masked regions of cross-attention
maps of paired (unpaired) nouns and adjectives. This formulation
not only enables accurate attribute binding across multiple subjects,

but also supports multiple attributes to be associated with each sub-
ject, enabling generation of rich and compositional scenes with
precise subject-attribute association.

The main contributions of our work are summarized next. (i) We
identify background semantic leakage as a limitation of current
layout-guided generation methods and propose masked latent regu-
larization as a way to address it. (ii) To prevent out-of-distribution
artifacts, we regularize the latents through in-distribution latent
alignment. (iii) We introduce a novel subject-attribute association
loss to ensure correct binding ofmultiple attributes in compositional
generation. (iv) Thorough experiments are presented using the same
random seeds. We qualitatively show that MALeR succeeds at gen-
erating images for difficult prompts containing multiple attributes.
We also present quantitative comparisons against previous works
on DrawBench [Saharia et al. 2022] and HRS [Bakr et al. 2023]
benchmarks and establish a new state-of-the-art performance.

2 Related Work
Text-to-image (T2I) models have improved a lot [Balaji et al. 2022;
Podell et al. 2024; Ramesh et al. 2021; Rombach et al. 2022; Saharia
et al. 2022; Sauer et al. 2024]. Driven by the success of Transform-
ers [Dosovitskiy et al. 2021; Vaswani et al. 2017], we see the emer-
gence of Transformer-based T2I models [Esser et al. 2024; Gao et al.
2023; Peebles and Xie 2023; Zheng et al. 2024]. However, despite the
tremendous success, generating images aligned with compositional,
multi-subject text prompts remains a challenge.
Controllable generation. To improve T2I model controllability,

techniques such as prompt optimization [Hao et al. 2023; Hertz et al.
2022; Mo et al. 2024; Witteveen and Andrews 2022], reward based
tuning [Xu et al. 2023], or inference-time latent updates [Chefer
et al. 2023] are popular. Subsequent works build upon latent update
techniques by manipulating cross- and self-attention maps [Battash
et al. 2024; Feng et al. 2023; Guo et al. 2024; Li et al. 2023a; Sundaram
et al. 2024; Tang et al. 2023; Wu et al. 2023] during inference to min-
imize catastrophic neglect. However, these methods may produce
out-of-distribution and unnatural images due to latent state opti-
mization during inference. In addition to neglect, some T2I methods
aim to address incorrect attribute binding [Feng et al. 2023, 2024;
Jiang et al. 2024; Li et al. 2023a; Meral et al. 2024; Rassin et al. 2023],
but are often limited to few subjects and struggle in compositional
scenes with multiple subjects involving multiple attributes. We pro-
pose MALeR, a training-free T2I approach that addresses the above
challenges of catastrophic neglect, out-of-distribution images, and
incorrect attribute binding.

Layout-guided control with boxes. Several layout-guided T2I meth-
ods either train or fine-tune models or external modules [Avrahami
et al. 2023; Feng et al. 2024; Gu et al. 2025; Li et al. 2023b; Nichol
et al. 2022; Nie et al. 2024; Qu et al. 2023; Wang et al. 2024; Wu et al.
2024; Yang et al. 2023; Zhang et al. 2023; Zheng et al. 2023; Zhou
et al. 2024] for layout-guided generation. However, these methods
require extensive computational resources. As an alternative, several
training-free methods have emerged [Balaji et al. 2022; Bansal et al.
2023; Bar-Tal et al. 2023; Chen et al. 2024; Dahary et al. 2024; Endo
2024; Phung et al. 2024; Xiao et al. 2024; Xie et al. 2023; Zhao et al.
2023]. Among them, methods such as Layout-guidance [Chen et al.
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Fig. 2. MALeR (SDXL) outperforms Bounded Attention [Dahary et al. 2024] on complex prompts with multiple subjects and attributes. Both BA and MALeR
use the same seed. The prompts from L2R are: 1. A realistic photo of a brown wooden chicken and a gray metallic dog.
2. A realistic photo of a blue crystal bear and a brown wooden cat and a yellow fluffy dog.
3. A realistic photo of a shiny red crystal cat and a black matte plastic dog and a rustic bronze eagle and a glowing amber cat.
4. A round pizza and a square pizza and a triangle pizza.
5. A realistic photo of two red glass sphere and a blue glass sphere and two green glass sphere and a yellow glass sphere and a white glass sphere.
6. A black and white concept art of a crashed spaceship partially buried in icy landscape and a red hooded person is watching it from a distance.
7. A black and white concept art of a destroyed apocalyptic city covered with snow and a decaying teddy bear on a bench with four red balloons tied.

2024], R&B [Xiao et al. 2024], or BoxDiff [Xie et al. 2023] use the
cross-attention map to enable layout guidance. Others like Attention
Refocusing [Phung et al. 2024] and Bounded Attention [Dahary et al.
2024] use cross- and self-attentionmaps for layout guidance through
latent state optimization. However, for multi-subject prompts, we
observe that such methods exhibit background semantic leakage,
generate out-of-distribution images, and spread attributes across
subjects. Our approach addresses these challenges through regular-
ization of the latent updates and promoting correct subject-attribute
pairs while demoting others.

3 Our Approach: MALeR
We present the components of Masked Attribute-aware Latent Reg-
ularization (MALeR): (i) masked latent regularization prevents back-
ground semantic leakage (Sec. 3.2), (ii) in-distribution latent align-
ment avoids artifacts (Sec. 3.3), and (iii) subject-attribute association
improves binding (Sec. 3.4). First, we re-visit the fundamentals of
inference-time latent optimization in layout-guided T2I models.

3.1 Preliminaries
Different from pixel space diffusion [Ho et al. 2020], a Latent Dif-
fusion Model (LDM) [Rombach et al. 2022] operates in the latent
embedding space. It has an autoencoder that encodes an image x
to the latent space z = E(x) and reconstructs the image through a
decoder x̂ = D(z). During training, noise is gradually added to the
original latent state z0 to obtain z𝑡 . During inference, a UNet [Ron-
neberger et al. 2015], equipped with self- and cross-attention layers

acts as a denoiser. Starting from random noise z𝑇 ∼ N(0, I), the de-
noiser estimates and removes the noise 𝜖𝑡 = 𝜙 (z𝑡 , 𝑡, y) conditioned
on the time step 𝑡 and the text prompt y. Specifically, we adopt the
DDIM [Song et al. 2021a] update mechanism.
Attention layers. At each layer of the UNet, the prompt embed-

ding y is injected through cross-attention layers to steer the image
towards the prompt. Specifically, spatial UNet features 𝜙 (z𝑡 ) are
projected to obtain queries 𝑄 = 𝑊𝑞𝜙 (z𝑡 ), while keys 𝐾 = 𝑊𝑘y
and values 𝑉 = 𝑊𝑣y are obtained using the prompt embedding.
The cross-attention map at 𝑡 is calculated as 𝐴𝑐𝑡 = softmax(𝑄𝐾𝑇 ).
While the cross-attention maps 𝐴𝑐𝑡 ∈ Rℎ𝑤×𝑛 capture the relation-
ship between the latent of spatial dimensions ℎ𝑤 against 𝑛 prompt
tokens, the self-attention maps 𝐴𝑠𝑡 ∈ Rℎ𝑤×ℎ𝑤 depict the spatial
correspondence between latents.
Latent optimization. A popular approach to improve inference-

time prompt adherence of LDMs is to optimize the latent z𝑡 at each
time step during sampling:

z′𝑡 ←− z𝑡 − 𝛼𝑡 · ∇z𝑡L, (1)

where𝛼𝑡 is the update rate.L defines the desired objective, e.g. Chefer
et al. [2023] minimize catastrophic neglect by ensuring high atten-
tion of at least one latent region to each subject token 𝑠𝑖 ∈ S:

L = max
𝑠𝑖
(1 −max

ℎ𝑤
(𝐴𝑐𝑡 (𝑠𝑖 ))), (2)

where 𝐴𝑐𝑡 (𝑠𝑖 ) ∈ Rℎ𝑤 represents the spatial cross-attention to token
𝑠𝑖 of the prompt.
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Layout-guided generation. Subjects in the prompt are associated
with spatial guidance in the form of bounding boxes by pairing
token indices with boxes (𝑠𝑖 , 𝑏𝑖 ). Latent optimization encourages
subjects to be present inside the bounding boxes [Dahary et al. 2024;
Phung et al. 2024]. Specifically, the latent updates minimize two
losses: a cross-attention loss L𝑐 , encourages generated subjects to
be present inside the corresponding bounding boxes; and a self-
attention loss L𝑠 , prevents latent pixels from attending to irrelevant
regions. For both losses, previous works [Dahary et al. 2024; Phung
et al. 2024; Xiao et al. 2024] use an intersection-over-union (IoU)
formulation that encourages attention to focus inside the bounding
box region while disregarding the rest. For a subject token index 𝑠𝑖
with box 𝑏𝑖 , this is defined as:

L𝑖 = 1 −
∑
𝐴𝑡 [𝑏𝑖 ]∑

𝐴𝑡 [𝑏𝑖 ] + 𝛾
∑
𝐴𝑡 [𝑏𝑖 ]

, and Liou =
∑︁
𝑖

L2
𝑖 , (3)

where 𝐴𝑡 is the aggregated self- or cross-attention map (heads and
layers) at step 𝑡 .𝐴𝑡 [𝑏𝑖 ] corresponds to attention within the subject’s
box 𝑏𝑖 and 𝐴𝑡 [𝑏𝑖 ] to regions outside the box. 𝛾 is the number of
subjects in the prompt and it amplifies the attention towards the
background. For details, we refer the reader to [Dahary et al. 2024]
and adopt this IoU loss as our baseline.

3.2 Masked Latent Regularization
Layout-guided generation methods aim to create images where
subjects adhere to both, the text prompts and the bounding boxes.
However, we observe that current methods exhibit background se-
mantic leakage where multiple subjects, not specified in the prompts
(box, text, or both), appear in the image (see Fig. 1a). We see that
this becomes frequent with increasing number of subjects.
The first few inference time steps of diffusion models largely

determine the layout [Hertz et al. 2022]. Subjects emerge first while
fine-grained details later. While previous works optimize the latent
for 15 to 25 steps [Dahary et al. 2024], we find that the object layout
is already determined in the first 5 steps. In fact, over optimization
of the latent leads to out-of-distribution images.
While optimizing the latent z𝑡 , we wish to discourage subject

patterns from forming outside bounding boxes. We do so by con-
straining the background latents to remain close to their original
values. Consider zref𝑡 as a detached copy of the latent before the
update (z𝑡 in Eq. (1)). We create a binary mask 𝑀 with value 1 in
regions corresponding to a bounding box and 0 elsewhere, and let
𝑀̄ represent the inverted background mask. We introduce a masked
regularization term that penalizes deviations and incorporate it in
the latent update as:

Lmask =




(z(𝑘 )𝑡 − zref𝑡 ) ⊙ 𝑀̄





1
, and (4)

z′(𝑘+1)𝑡 ← z(𝑘 )𝑡 − 𝛼𝑡 · ∇z𝑡 (Liou + 𝜆maskLmask) , (5)

where 𝜆mask is a hyperparameter and we perform iterative refine-
ment 𝑘 times at each time step 𝑡 , similar to [Chefer et al. 2023]. This
approach is illustrated in Fig. 3a with highlighted masks.

ℒmask

(a) Masked Latent 
Regularization

ℒ𝐾𝐿

𝑧𝑇 𝑧0

ℒKL

(b) In-Distribution 
Latent Alignment

black dog white cat...

ℒsim 
and ℒdis

(c) Subject-Attribute Similarity and Dissimilarity 

Fig. 3. MALeR overview. We illustrate three key components for layout-
guided compositional scene generation. (a) Masked latent regularization
prevents background semantic leakage, (b) KL-based alignment keeps the
latent in-distribution during optimization, and (c) layout-guided subject-
attribute association enables accurate compositional binding.

3.3 In-Distribution Latent Alignment
Latent space updates risk pushing z𝑡 away from its typical noise dis-
tribution, resulting in out-of-distribution images. In layout-guided
methods, the imbalance between latent updates within and outside
the boxes further increases this chance. To mitigate this problem, we
align the latent back to a stable prior distribution. In the early stages
of the denoising process, the latent is close to the random noise
distribution, z𝑡 ∼ N(0, I). Thus, we introduce an alignment term
(for 5 steps) based on the Kullback-Leibler (KL) divergence [Kullback
and Leibler 1951] and add it to the latent update loss as:

LKL = 𝐷KL
(
N(𝜇z𝑡 , 𝜎z𝑡 )∥N (0, 1)

)
, (6)

L = Liou + 𝜆maskLmask + 𝜆KLLKL . (7)

𝜆KL is a hyperparameter that controls the strength of the KL term.
The combined formulation not only prevents background leakage
but also constrains the tendency of Liou and Lmask from pushing
z𝑡 out-of-distribution during the early phase of optimization (see
Fig. 3b). The outcome is generation of higher fidelity images without
needing multiple random initializations (Fig. 2, Fig. 4).

3.4 Layout-guided Subject-Attribute Association
A challenge in layout-guided scene composition is binding attributes
to the right subjects. To address this, we extract nouns (subjects)
and their modifiers (attributes) from the prompt and propose con-
straints on the attention mechanism. Specifically, we propose that
the spatial cross-attention patterns should be similar for aligned
subject-attribute pairs and dissimilar for unaligned pairs.
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Concretely, consider a set of subject tokens indicated through
their indices S = {𝑠1, . . . , 𝑠𝑆 } in the prompt and associated with
boxes B = {𝑏1, . . . , 𝑏𝑆 }. Let us denote the set of attribute token
indices for each subject as A = {𝑎1, . . . , 𝑎𝑆 } (no attribute is sub-
sumed with 𝑎𝑖 = ∅). In addition to the subject token and bounding
box (𝑠𝑖 , 𝑏𝑖 ), we now include attribute token indices (𝑠𝑖 , 𝑏𝑖 , 𝑎𝑖 ). Note,
𝑎𝑖 may correspond to multiple attribute tokens depending on the
prompt (e.g. white and marble lion in Fig. 1). Recall, 𝐴𝑐𝑡 ∈ Rℎ𝑤×𝑛
represents the cross-attention map at time step 𝑡 . For a specific sub-
ject token 𝑠𝑖 , we denote 𝐴𝑐𝑡 (𝑠𝑖 ) [𝑏𝑖 ] ∈ Rℎ𝑖𝑤𝑖 as the cross-attention
in the spatial region corresponding to the bounding box 𝑏𝑖 of size
ℎ𝑖 ×𝑤𝑖 . Similarly 𝐴𝑐𝑡 (𝑎𝑖 ) [𝑏𝑖 ] corresponds to the attention scores of
the box region with respect to the attribute token(s). We renormalize
these attention patches to be a probability.
Subject-attribute similarity. The association between paired sub-

jects and attributes is improved by encouraging similar cross-attention
maps within the bounding box. We calculate the similarity loss be-
tween subject 𝑠𝑖 and attribute 𝑎𝑖 using a symmetric KL divergence:

Lsim (𝑖) = 𝐷sym (𝐴𝑐𝑡 (𝑠𝑖 ) [𝑏𝑖 ], 𝐴𝑐𝑡 (𝑎𝑖 ) [𝑏𝑖 ]), where (8)

𝐷sym (𝑃,𝑄) =
1
2
𝐷KL (𝑃 ∥𝑄) +

1
2
𝐷KL (𝑄 ∥𝑃) . (9)

The total similarity loss Lsim = mean𝑖Lsim (𝑖).
Subject × attribute dissimilarity. Minimizing the similarity loss

alone is insufficient to bind attributes to objects (Fig. 6e). Similar
to the triplet loss [Schroff et al. 2015], we propose a dissimilarity
loss between unaligned subject-attribute boxes. We consider all mis-
matched subject-attribute combinations (𝑠𝑖 , 𝑏𝑖 , 𝑎 𝑗 ), 𝑗 ≠ 𝑖 for whom
the cross-attention maps should be dissimilar. The dissimilarity loss
is formulated as a negative symmetric KL divergence operating on
the cross-attention region 𝑏𝑖 for tokens 𝑠𝑖 and 𝑎 𝑗 :

Ldis (𝑖, 𝑗) = −𝐷sym (𝐴𝑐𝑡 (𝑠𝑖 ) [𝑏𝑖 ], 𝐴𝑐𝑡 (𝑎 𝑗 ) [𝑏𝑖 ]). (10)

The total loss is Ldis = mean𝑖, 𝑗,𝑖≠𝑗Ldis (𝑖, 𝑗).
Why adopt symmetric KL divergence? Cross-attention maps have

been treated as a probability distribution in prior works, and the
distance between subject and attribute cross-attention maps is min-
imized to improve binding. Li et al. [2023a] employ JS-Divergence,
while Jiang et al. [2024] use symmetric KL divergence. However,
we observe that directly minimizing the distance between cross-
attention maps is ineffective in the presence of multiple subjects
with multiple attributes. Layout conditioning in our method speci-
fies the exact regions where the subject and attribute cross-attention
maps need to be similar. Thus, we minimize the distance between
normalized cross-attention maps within the masked regions corre-
sponding to each subject and its attributes. However, even after
this alignment, attributes may still leak to other subjects in multi-
subject scenes (Fig. 6e). Our masked dissimilarity loss prevents this
leakage by maximizing the distance between each subject and its
non-corresponding attributes. Finally, we empirically find symmet-
ric KL to be much more effective than JS-divergence.

Total attribute loss and visualization.The final attribute association
loss, Latt = 𝜆simLsim + 𝜆disLdis, where 𝜆sim and 𝜆dis are hyperpa-
rameters, controlling the strength of similarity and dissimilarity.
Fig. 3c shows cross-attention maps for the example prompt “a black

dog and a white cat” with (𝑠1: dog, 𝑎1: black) and (𝑠2: cat, 𝑎2: white).
The cross-attention maps for aligned pairs (dog, black) or (cat, white)
show high activations within the provided box guidance. Similarly,
the attention maps for unaligned pairs (cat, black) and (dog, white)
show significant differences.
Final training objective. The overall objective is a combination

of multiple terms inducing regularization, alignment to the prior
distribution, and encouraging correct subject-attribute association:

L = Liou + 𝜆maskLmask + 𝜆KLLKL + 𝜆attLatt . (11)

This combined formulation improves background semantic leakage,
reduces out-of-distribution images, and provides more accurate
attribute binding even with multiple attributes for each subject,
generating high fidelity compositional scenes.

4 Experiments

Baselines.We compare MALeR against seven previous approaches in
layout-guided T2I. They include: GLIGEN [Li et al. 2023b], Attention
Refocusing [Phung et al. 2024], BoxDiff [Xie et al. 2023], Layout-
Guidance [Chen et al. 2024], ReCo [Yang et al. 2023], R&B [Xiao et al.
2024], and Bounded Attention (BA) [Dahary et al. 2024] (equivalent
of Liou only loss). We present results with two backbones: SD-1.5
and SDXL [Podell et al. 2024], for fair comparisons.
Benchmarks. We evaluate layout-guided T2I methods on two

benchmarks: DrawBench [Saharia et al. 2022] and HRS [Bakr et al.
2023]. DrawBench is well-established, with challenging prompts to
evaluate spatial reasoning and counting capabilities of T2I models. It
provides 39 prompts for counting (19) and spatial (20) relationships.
We also evaluate MALeR’s ability to bind attributes correctly using
25 prompts featuring 9 colors from the color task. Notably, prior
methods have skipped this category On HRS benchmark, we follow
the protocol established by R&B [Xiao et al. 2024], and report results
on spatial, color, and size, to demonstrate the effectiveness of our
approach. We use bounding boxes provided by Phung et al. [2024],
that are generated automatically using GPT-4.

Evaluation metrics. We follow standard evaluation protocols [Da-
hary et al. 2024; Phung et al. 2024; Xiao et al. 2024]. For counting,
we use an off-the-shelf object detector and compare its output to the
ground-truth prompt and calculate precision, recall, and F1 score.
Accuracy is adopted for the spatial, color, and size prompts.

Implementation details. All experiments are performed on A6000
GPUs. On DrawBench, results are averaged across 4 seeds (0, 42,
2718, 31415). For HRS, we adopt seed 0. All qualitative comparisons
are made across the same seed. We empirically choose 𝜆mask=0.01,
𝜆KL=5, and 𝜆sim=𝜆dis=𝜆att=1 as they give consistently good results.
Lmask andLKL are applied for the first 5 denoising steps, whileLatt
is applied for the first 18 of 50 denoising steps. At each denoising
step when the loss term is applied we perform 𝑘=5 gradient descent
iterations. For the step size 𝛼 in Eq. (1), we linearly decrease it from
30 to 8 across the denoising steps and the attention map layers used
for optimization are the same as BA [Dahary et al. 2024].

4.1 Results

Qualitative comparison. Fig. 2 demonstrates MALeR’s ability to cre-
ate compositional scenes involving multiple subjects and multiple
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DrawBench Color: A black apple and a green backpack.

DrawBench Color: A brown bird and a blue bear.

DrawBench Counting: Three cats and two dogs sitting on the grass.

DrawBench Spatial: A train on top of an surf board.

DrawBench Spatial: A sheep to the right of a wine glass.

Layout AttnRefocus. BoxDiff LayoutGuidance R&B MALeR (SD) BA (SDXL) MALeR (SDXL)

Fig. 4. We compare generated images on DrawBench. Each row uses the same random seed. The text prompt is shown above and layout in column 1. We
compare MALeR (SD) against: Attention Refocusing [Phung et al. 2024], BoxDiff [Xie et al. 2023], Layout Guidance [Chen et al. 2024], and R&B [Xiao et al.
2024]. Bounded Attention (BA) [Dahary et al. 2024] with SDXL is compared against MALeR (SDXL). MALeR shows strong adherence to the prompt (subjects,
attributes, and layout), generates high quality images without background semantic leakage, and correctly localizes the subjects.

attribute types. Our approach performs well beyond the typical
color attribute and showcases subjects with various material prop-
erties. For example, in columns 1-3, our method accurately applies
color and material properties to each subject, while BA creates extra
subjects and confuses attributes across them. Columns 4-7 further
highlight our model’s ability to create images with correct pizza
shapes, location and color for multiple subjects (spheres), and rich
art-like scenes (concept art) that adhere to the layout guidance. The
spheres image that requires creation of 7 subjects is particularly
challenging for the baseline (BA) resulting in erroneous number of
objects and blended colors.
Next, we compare generated images on DrawBench in Fig. 4.

MALeR produces outputs with adherence to the prompt and layout
as compared to other works. The first example (black apple, green
backpack) is notable as most methods generate a red apple while
BA shows some leakage in the color across subjects. The third
example with 3 dogs and 2 cats is difficult and most methods get

it wrong. AttnRefocus has unnatural artifacts, BoxDiff has wrong
count and location, LayoutGuidance generates questionable dogs,
R&B generates only 2 subjects, and BA generates people in the
background. While MALeR (SD) also generates a person, with SDXL,
our image is the only correct generation. Additional qualitative
results can be seen in Fig. 8 and Fig. 9. The former shows good
outputs from MALeR for multiple random seeds as compared to
BA, while the latter presents several examples of complex prompts
and layouts. We also show generated images by varying the subject
attributes across two dimensions in Fig. 5.

Quantitative comparison. Tab. 2 shows that MALeR outperforms
all prior methods across the various tasks on DrawBench and two
of three tasks on HRS. We ensure fair comparisons and promote
reproducibility by running all methods using the same random seeds.
We also present results while using comparable backbones, SD-1.5
and SDXL. For spatial prompts, MALeR improves over the strongest
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Fig. 5. Color variation across the wizard and the thunderbolt for the
prompt: A concept art of an icy landscape with a {red | black} robe wizard
summoning a {pink | green | purple | blue} colored magic thunderbolt from air.
All images are generated with the same random seed.

baseline (GLIGEN) by +6.0% on DrawBench and R&B by +3.7% on
HRS. A similar large improvement is seen in color prompts with
+17% improvement on DrawBench and +3.8% on HRS. These gains
highlight the effectiveness of the subject-attribute association losses
in generating more accurate associations. On the DrawBench count-
ing task, our method achieves the highest F1 score (0.88), matching
the previous best baseline (R&B) while outperforming others. While
MALeR performs well on spatial, color, and counting metrics, we
observe lower performance on the HRS size task, partly owing to
inaccurate and confusing aspect ratios of guiding boxes.
Notably, MALeR consistently outperforms Bounded Attention,

our closest baseline, that uses the same SDXL backbone by a signifi-
cant margin. With SD-1.5 on DrawBench, MALeR (vs. BA) achieves
0.78 (+10%) on spatial accuracy, 0.42 (+8%) on color accuracy, and a
comparable F1 score of 0.85 (+1%) on counting. Similarly, on HRS
with SD-1.5, MALeR reaches 31.8% (+0.9%) on spatial accuracy and
40.4% (+7.4%) on color accuracy.

Table 1. FID scores on DrawBench
for Vanilla SDXL, BA, and MALeR.

SDXL BA MALeR
FID (↓) 161.03 164.59 163.02

FID scores.We compare percep-
tual quality of generated images
on Drawbench for Vanilla SDXL,
BA, and MALeR. Tab. 1 shows
that all three models achieve com-
parable scores on perceptual fidelity. In fact, MALeR outperforms
BA slightly and is comparable to SDXL.

4.2 User Studies
We conduct two user studies to further validate and compare images
generated by BA and MALeR.

Average human ranking study. In the first study, we select all four
challenging prompts visualized in Fig. 8 and generate outputs using
MALeR and BA for 10 random seeds (0-9). Five independent (non-
author) raters score each of the 80 images (4 prompts, 10 seeds, 2
methods) on a Likert scale of 1-5, yielding a total of 400 ratings. The
mean scores in Tab. 3a show that MALeR consistently outperforms
BA across all prompts. Further, the standard deviations provide
interesting insights. For prompts 1, 3, and 4, BA shows low mean
and low standard deviation, indicating poor outputs across most
seeds. For prompt 2, MALeR shows high mean with low standard
deviation, indicating consistently strong outputs across the seeds.

Table 2. We report results on DrawBench (Spatial, Color, Counting) and
HRS Benchmark (Spatial, Color, Size). Baseline acronyms are: AttnRef: At-
tention Refocusing, LGuidance: Layout Guidance, and BoundAttn: Bounded
Attention (equivalent of only Liou loss). ReCo with *, fine-tunes SD. Except
HRS Size (some layout challenges), MALeR achieves best performance.

Method Base
DrawBench HRS Benchmark

Spat. Col. Counting Spat. Col. Size
Acc. Acc. P R F1 Acc. Acc. Acc.

GLIGEN SD1.4 0.75 0.12 0.77 0.78 0.77 27.7 15.8 66.5
ReCo SD1.4* 0.70 0.19 0.75 0.96 0.84 25.9 20.0 75.5
AttnRef. SD1.4 0.74 0.31 0.80 0.79 0.79 32.0 31.3 72.5
LGuidance SD1.5 0.65 0.31 0.83 0.75 0.79 15.9 17.4 60.5
R&B SD1.5 0.68 0.35 0.94 0.82 0.88 34.0 34.3 77.8
BoxDiff SD2.1 0.66 0.26 0.92 0.77 0.84 21.0 1.9 74.9
BoundAttn SD1.5 0.68 0.34 0.86 0.82 0.84 30.9 33.0 57.5
MALeR SD1.5 0.78 0.42 0.89 0.81 0.85 31.8 40.4 56.3

BoundAttn SDXL 0.69 0.44 0.74 0.95 0.83 33.9 37.5 64.7
MALeR SDXL 0.81 0.61 0.81 0.96 0.88 37.7 41.3 59.9

Table 3. User study results: We conduct user studies to compare BA and
MALeR. (a) Average Human Ranking (AHR) on four challenging prompts
with mean Likert scores (1–5); images shown in Fig. 8. (b) Fraction of images
showing error-types: Background Semantic Leakage (BSL), Out of Distribu-
tion (OOD), Attribute Leakage (AL), and Other Errors (OE). The user studies
confirm that MALeR’s outputs are better than BA.

(a) Average Human Ranking

Method Prompt 1 Prompt 2 Prompt 3 Prompt 4 Avg.

BA 2.12±0.688 2.50±1.047 1.84±0.506 2.14±0.584 2.15
MALeR 3.44±0.837 3.92±0.736 2.26±0.769 2.90±0.796 3.13

(b) Error-Type Analysis

Method BSL OOD AL OE

BA 0.445 0.305 0.590 0.325
MALeR 0.240 0.230 0.400 0.185
Relative-Improvement Δ +46% +25% +32% +43%

Error analysis. In the second user study, we analyze the kind
of errors exhibited in generated images. Beyond the three main
error types addressed in this work (see Fig. 1), we group all other
observed issues into the fourth category “Other Errors”. For the
same 80 images, we ask five raters to identify whether an error type
is visible in each image (400 ratings). As seen in Tab. 3b, MALeR
exhibits errors in fewer images as compared to BA.

4.3 Ablation Study
Weperform ablation experiments for differentmodules of ourmethod
and show their contributions. Specifically, we assess the three new
loss terms (see Eq. (11)): (i) masked latent regularization, (ii) in-
distribution alignment, and (iii) subject-attribution association.

Tab. 4 presents results of including/removing different loss terms
onDrawBench. As expected, applyingmasked regularization (Lmask)
results in a performance drop (row 2). While this term is effective
at preventing background semantic leakage, it causes the latents to
drift away from the prior distribution, a common issue in latent opti-
mization methods. In contrast, incorporating the KL alignment term
leads to small, but consistent improvements across all DrawBench
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A realistic photo of a pink chicken and a blue dog

A realistic photo of a yellow flamingo and a pink duck and a purple rabbit

(a) Layout (b) Liou (c) +Lmask (d) +Lmask + LKL (e) + only Lsim (f) + only Ldis (g) +Latt

Fig. 6. Qualitative ablation on the impact of our various loss terms in Eq. (11). From L2R, columns are: (a) layout prompt, (b) output of Liou only, (c) effect of
masked latent regularization (Liou + Lmask), and (d) together with KL regularization (Liou + Lmask + LKL). Next, we present the impact of adding attribute
losses to (d): (e) similarity loss (+Lsim), (f) dissimilarity loss (+Ldis), and (g) full attribute loss (+Latt) consisting of all loss terms, and corresponding to our
final approach, MALeR. All images are generated using seed 0.

Table 4. Ablation of individual loss components on DrawBench.

Losses Spatial Color Counting
Liou Lmask LKL Latt Acc. Acc. P R F1

1 ✓ - - - 0.69 0.44 0.74 0.95 0.83
2 ✓ ✓ - - 0.63 0.39 0.78 0.85 0.81
3 ✓ - ✓ - 0.74 0.44 0.75 0.96 0.84
4 ✓ ✓ ✓ - 0.81 0.47 0.81 0.96 0.88
5 ✓ ✓ ✓ ✓ 0.81 0.61 0.81 0.96 0.88

tasks (row 3), highlighting its role in stabilizing latent represen-
tations. Interestingly, when both loss terms are applied together,
the method achieves highest performance by simultaneously miti-
gating background leakage and stabilizing the latent optimization
process (row 4). Finally, including the attribute loss (Latt) results in
a significant improvement to color accuracy (row 5).
We show the qualitative impact of masked regularization, KL

alignment loss, and components of our attribute loss, in Fig. 6. Only
using the masked latent regularization term effectively prevents
background semantic leakage, but results in reduced visual fidelity,
e.g. a black-and-white background (row 1) or a slightly cartoonish
duck (row 2). When combined with the KL alignment term, image
quality improves while background semantic leakage continues
to be suppressed. However, attribute leakage is observed, e.g. the
blended pink and blue chicken (row 1) and out-of-shape duck (row
2). Among the subject-attribute association losses, only including
one of the similarity or dissimilarity loss (columns e, f) fails to
resolve attribute leakage. In fact, we also see some subject leakage
with the chicken having a dog’s head (col f, row 1). In contrast, our
final formulation with all loss terms (masked regularization, KL
alignment, and both similarity and dissimilarity subject-attribute
losses), results in correct subject identities with accurate attributes
bound to each entity (col g). These qualitative observations support
the quantitative results presented in Tab. 4.

La
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BA
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R

Fig. 7. Limitations.MALeR struggles to generate images when subjects are
completely overlapping or have aytpical aspect ratios. However, generations
for partial overlaps are acceptable. L2R prompts fromHRS: (a) a small person
and a big dog; (b) a small banana and a big cat; (c) a big dog and a small
chair; and (d) a large banana and a small cat.

4.4 Limitations
While MALeR is effective in compositional scene generation using
layout guidance, it has certain limitations. First, its performance
is inherently constrained by the generative capabilities of SDXL,
which may result in suboptimal images where SDXL faces chal-
lenges. Second, while our method performs reasonably well with
partially overlapping bounding boxes, it may produce images that
do not adhere to the layout in cases involving fully overlapping
bounding-boxes (Fig. 7). Atypical aspect ratios due to automatically
generated bounding box layouts (e.g. on HRS) are challenging, but
unlikely with real user interactions. In column 1, our method fails
to generate a small person in front of a large dog; while in column
2, the banana appears larger than the specified bounding box. How-
ever, in columns 3 and 4, our method performs reasonably well with
partially overlapping boxes. Future advancements in dealing with
overlapping boxes may improve robustness in such cases.
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5 Conclusion
We presented MALeR, a training-free, layout-guided text-to-image
approach that enables users to generate compositional scenes in-
volving multiple subjects and multiple attributes. We pointed out
three primary challenges in existing approaches: (i) background
semantic leakage, (ii) out-of-distribution generations, and (iii) inac-
curate subject-attribute binding in compositional scenes. MALeR
addressed these challenges through (i) masked latent regulariza-
tion, (ii) in-distribution latent alignment, and (iii) a subject-attribute
association loss. Quantitative comparison showed improved perfor-
mance over existing approaches while image visualizations showed
the ability of MALeR to generate accurate, controllable, and com-
positional images, with enhanced stability and consistent attribute
binding. We confirmed that MALeR is perceived to generate better
images that are more robust to random seeds through user studies.
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wooden chicken and a gray
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2. A realistic photo of a shiny
red crystal cat and a black
matte plastic dog and a
rustic bronze eagle and a

glowing amber cat.
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3. Three brown rabbits and
two white rabbits
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4. A black and white concept
art of a crashed spaceship

partially buried in icy
landscape and a red hooded
person is watching it from a

distance.

Fig. 8. Effect of random seeds.We present 4 images for the same input text and layout prompt only differing based on the initial random seed. Within a
column, both Bounded Attention and MALeR use the same seed. We see that MALeR generates more accurate images while Bounded Attention suffers many
problems mentioned in the paper. Background semantic leakage is prominently seen in 3 of 4 seeds for prompt 2, unnatural out-of-distribution artifacts for all
four generations of prompt 3 (rabbits), and erroneous attributes are seen across multiple generations.
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Amonk wearing orange
robes and and his dog

together on cliff side and pink
cherry blossoms in japanese

sumi-e ink style painting

An ancient japanese calligraphy
sketch of a blue mystic smoke
coming out of a small metallic
lamp and amonk wearing
orange robe sitting nearby

A concept art of a icy
landscape with a robe wizard
standing far away firing his
wand in air for a black

colored magic thunderbolt

A concept art of a bright desert with two
magical portals in air. One portal

showing modern city with skyscrapers
and another portal showing black and
white apocalyptic city with broken

buildings

A concept art of a epic duel with a far
away green robed wizard firingmagic
thunderbolt in air towards a wizard
protecting himself with his magical

shield in an surreal icy windy landscape

A concept art of a black and white
place with a green robe wizard
far away firing his wand in air for a
blue thunderbolt with a sheer

force

A realistic photo of a purple
rabbit and a pink chicken

and a yellow cat

A realistic photo of a purple
cat and a pink cat and a

black cat

Fig. 9. Highlighting robustness of MALeR. We present 8 qualitative results on diverse and challenging prompts with complex layout constraints to
showcase the ability of MALeR to synthesize high-quality, coherent, and spatially accurate images.
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