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Figure 1: Layout-aware image generation result by InstanceAssemble. We show image generation
result under precise layout control, ranging from simple to intricate, sparse to dense layouts.

Abstract

Diffusion models have demonstrated remarkable capabilities in generating high-
quality images. Recent advancements in Layout-to-Image (L2I) generation have
leveraged positional conditions and textual descriptions to facilitate precise and
controllable image synthesis. Despite overall progress, current L2I methods still
exhibit suboptimal performance. Therefore, we propose InstanceAssemble, a novel
architecture that incorporates layout conditions via instance-assembling attention,
enabling position control with bounding boxes (bbox) and multimodal content
control including texts and additional visual content. Our method achieves flexible
adaption to existing DiT-based T2I models through light-weighted LoRA modules.
Additionally, we propose a Layout-to-Image benchmark, Denselayout, a compre-
hensive benchmark for layout-to-image generation, containing Sk images with 90k
instances in total. We further introduce Layout Grounding Score (LGS), an inter-
pretable evaluation metric to more precisely assess the accuracy of L2I generation.
Experiments demonstrate that our InstanceAssemble method achieves state-of-the-
art performance under complex layout conditions, while exhibiting strong compati-
bility with diverse style LoORA modules. The code and pretrained models are pub-
licly available at https://github.com/FireRedTeam/InstanceAssemblel
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1 Introduction

Diffusion models/22] have revolutionized image generation task, with architectures like Diffusion
Transformer (DiT) 0] offering superior quality over traditional UNet-based frameworks. Recent
implementations such as Stable Diffusion 3/3L5, 49| and Flux.1 ] further enhance text-to-image
alignment, paving the way for advancements in layout-controlled generation. Layout-to-Image
(L2I) generation is a task that focuses on creating images under layout conditions, allowing users
to de ne spatial positions and semantic content of each instance explicitly. This task faces several
signi cant challenges: (i) ensuring precise layout alignment while maintaining high image quality, (i)
preserving object positions and semantic attributes accurately during the iterative denoising process
of diffusion models, and (iii) supporting various types of reference conditions, such as texts, images
and structure information. These challenges highlight the complexity of achieving robust and exible
layout-controlled image generation.

Existing L2] methods can be broadly categorized into training-free and training-based approaches,
both possessing distinct advantages and limitations. Training-free meB®ds13, 18,5, 27] rely

on heuristic techniques without modifying the base model. However, these methods often exhibit
degraded performance in complex layouts, demonstrate high sensitivity to hyperparameter tuning,
and suffer from slow inference speed, which make them less practical for real-world applications.
In contrast, training-based metho®@3[53, 64,29, 61] involve training speci ¢ layout modules to
improve layout alignment, which introduces a signi cant amount of extra parameters and increases
training complexity and resource requirements. Additionally, existing L2I evaluation metrics ex-
hibit inaccuracies, such as false acceptance and localization errors. These identi ed shortcomings
necessitate algorithm innovation for effective and ef cient layout-controlled image generation.

Therefore, we propose InstanceAssemble, a novel framework that systematically tackles these
issues through innovative design and ef cient implementation. Our approach introduces a cascaded
InstanceAssemble structure, which employs a multimodal interaction paradigm to process global
prompts and instance-wise layout conditions sequentially. By leveraging the Assemble-MMDiT
architecture, we apply an independent attention mechanism to the semantic content of each instance,
thus enabling effective handling of dense and complex layouts. Furthermore, we adopt23|RA [

for lightweight adaptation, adding only 71M parameters to SD3-Medium (2B) and 102M to Flux.1
(11.8B). Our method enables position control with bounding boxes and multimodal content control
including texts and additional visual content. This lightweight design preserves the capabilities of
the base model while enhancing exibility and ef ciency. We also introduce a novel metric called
Layout Grounding Score (LGS) to ensure accurate evaluation for L2| generation, alongside a test
dataset DenselLayout. This metric provides a consistent benchmark for assessing layout alignment.

Our method achieves state-of-the-art performance across benchmarks and demonstrates robust layout
alignment under a wide variety of scenarios, ranging from simple to intricate, sparse to dense layouts.
Notably, despite being trained on sparse layout( instances), our approach maintains robust
generalization capability on dense layoutdQ instances), con rming the effectiveness of our
proposed InstanceAssemble. The main contributions are listed below.

1. We propose a cascaded InstanceAssemble structure that processes global text prompts and
layout conditions sequentially, enabling robust handling of complex layouts through an independent
attention mechanism.

2. By leveraging LoRA[23], we achieve ef cient adaptation with minimal extra parameters
(3.46% on SD3-Medium and 0.84% on Flux.1), supporting position control with multimodal content
control while preserving capabilities of base model.

3. We propose a new test dataset DenseLayout and a novel metric Layout Grounding Score
(LGS) for Layout-to-Image evaluation. Experimental results demonstrate that our approach achieves
state-of-the-art performance and robust capability under complex and dense layout conditions.

2 Related Work

Text-to-Image Generation Text-to-image synthesid{, (45,142,140, 30,17, 16, 1,144, 3] has witnessed
rapid progress with the development of diffusion models. Initial wofks3, 47, 45] utilize UNet [46]
as the denoising architecture, leveraging cross-attention mechanisms to inject text-conditioning



Figure 2: The proposed InstanceAssemble pipeline. Various layout conditions are processed by the
Layout Encoder to obtain instance tokens, which guide the image generation via Assemble-MMDIT.
In Assemble-MMDIT, the instance tokens interact with image tokens through the Assembling-Attn.

signals. Recently, research&s 15, 49, 4, 34] have used the Multimodal Diffusion Transformer
(MMDIT) architecture, marking a signi cant improvement.

Layout-to-Image Generation Layout-to-Image generation enables image generation under layout
conditions, which is de ned as spatial positions with textual descriptions. Existing approaches can be
broadly categorized into training-free and training-based paradigms.

Training-free methods leverage pretrained text-to-image diffusion models without additional train-
ing. A common strategy involves gradient-based guidance during denoising to align with layout
conditions p5, 12, 41, 13, 18, 50]. Also, there are methods that directly manipulate latents through
well-de ned replacing or merging operation8, 48, 2] or enforce layout alignment via spatially
constrained attention masks R0]. GrounDiT [27] exploits semantic sharing in DiT: a cropped noisy
patch and the full image become semantic clones when denoised together, enabling layout-to-image
generation by jointly denoising instance regions with their corresponding image context. Other
approaches generate each instance separately and employ inpainting techniques to compose the nal
image B7]. However, these methods demonstrate decent performance primarily on simple and sparse
layouts, while their accuracy decreases in more complex layouts. Some methods require hyperparam-
eter tuning speci c to different layout conditions, reducing their adaptability. Furthermore, additional
gradient computations or latent manipulations result in slow inference speed, thus limiting their
applicability in real-world scenarios.

Training-based methods explicitly incorporate layout conditioning through architectural modi ca-
tions. Most approaches inject spatial constraints via cross-atte®8pb7, 36, 25, 59, 16, 54] or
self-attention 10, 53, 28]. Some works propose dedicated layout encoding moda|e&=l] 65, 58, 62]

or adopt a two-stage pipeline that generates images after predicting a depth map with layout condi-
tions [14, 66]. Other works leverage autoregressive image generation mddglsSThese methods

suffer high computational costs due to excessive parameters.

3 Method

Preliminaries Recent state-of-the-art text-to-image models such as $85&nd Flux @] adopt the
Multimodal Diffusion Transformer (MMDIT) as the backbone for generation. Unlike traditional
UNet-based cross-attention approaches, MMDITs treat image and text modalities in a symmetric
manner, which leads to stronger prompt alignment and controllability. These models are trained
under the ow matching frameworlk3[], which formulates generation as learning a continuous
velocity eld that transports noise to data. Given a clean lateahd Gaussian noise N (0;1) , an



interpolated latent is de ned as
ze=(1 tx+t; t2][0;1]: Q)

The training objective minimizes the squared error between the predicted velocity and the target
velocity (- X): h i

Lew =E nomxe kv @ity) ( 0k 5 5 @
where v is implemented with an MMDIT backbone.

Problem De nition Layout-to-Image generation aims to synthesize images with precise control
through a global prompgt and instance-wise layout conditiohs The layout conditions compridé
instances figl, , where each instanceib de ned by its spatial position tand contentc

L=fl 4;:::;lng; where] =(ci;h): 3)

In our framework, spatial positions are represented as bounding boxes, while instance content can be
speci ed through multiple modalities: textual instance content and additional visual instance content,
including reference images, depth maps and edge maps.

We propose InstanceAssemble, a framework with a Layout Encoder to encode the layout conditions
and Assemble-MMDIT to effectively integrate the encoded layout conditions with image features.

3.1 Layout Encoder

We use a Layout Encoder (Fig. 2 left-bottom panel) to encode each indtanoe the tokens are

spatial position of the instance (bounding box), we rst enhance the spatial representation through
DenseSample. Given a bounding bbx= (X 1;y1;w; h) 2 [0; 1]* with top-left coordinate$x 1 ; y1)
and size (w; h), we generate Kuniformly spaced points:

P; = X1+ Ky %;yl+ky % ky;ky 210;:::;K 1g 4)
Then, following GLIGEN[28], we compute the textual instance tokens as:
hi = MLP ([ (¢ ;); Fourier(P;)]); (5)

where represents the text encodéqurier() denotes Fourier embedding]], [-, -] denotes
concatenation along the feature dimension, and MLP is a multi-layer perception.

Additionally, we can use additional visual instance content to better improve performance. Given
the visual instance content, we rst extract features using the VAE encoder of the base model, then
project them to the uni ed instance token space through a MLP:

hl = MLP (VAE(C {)): (6)

3.2 Assemble-MMDIT

We observe that applying attention between all image tokens and instance tokens results in suboptimal
performance under complex layout conditions (e.g., overlapping, tiny objects). To address this, we
introduce Assemble-MMDIT (Fig. 2, right-bottom panel), which enhances the location of each
instance while maintaining compositional coherence with other instances. Our method processes
each instance independently through attention modules with its associated image tokens, followed by
weighted feature assembling.

Formally, given image tokerts2 R“WH  (whereC denotes the latent channel size §4 H]

the latent size) and instance tokdrls2 RCN | we apply AdaLayerNormge], followed by our
proposed Assembling-Attn, as shown in Fig. 2 (right-bottom panel). We crop the image thkems
the bboxb; of each instance and gef = h *[b] 2 REWh  Then, we project the cropped image

tokenshfi and their corresponding instance tokgnisito queriegQ?i ; Q'""), keys(K i ;K '), and
values (Vi ; V'), and then apply attention:

n'" = Attention [Q%1;Q"T;[K 2 ;K T [V2i; V] 7



where [+, -] denotes concatenation along the token dimension. The updated tokens are assembled
across instances. L&t 2 NWH  represent the instance density map, calculating the counts of

instances. The assembled image tokehsamd instance tokens hare computed as:

X\I 0 11 H . .y .
M i] = hy [;i;j]; wherei2 [O;W 1];j 2[0;H 1] ©

h":h"[5k] =h's

As illustrated in Fig. 3, the top row demonstrates that
our assembling mechanism ensures instance tokens attend
only to relevantimage regions, where unrelated regions are
left in black. The middle row reveals that the mechanism
effectively guides global prompt tokens to focus on their
correct spatial positions. In contrast, generation without
explicit layout control (bottom row) results in localization
errors ("British Shorthair" in wrong location) or semantic
inconsistencies ("dog" missing).

Furthermore, to preserve the generation capability of thgyyre 3: (Top) instance-image attention
original model and mitigate conditional con icts betweegap w/ layout. (Middle) global prompt-

global prompt and layout conditions, we employ a Cafitage attention map w/ layout. (Bottom)
Caded mechanism as ShOWn in F|g 2 (right-above pan Ié.bal prompt_image attention map W/O

In our design, the global text prompt and image latentgout.

are passed through original MMDIT rst, then the image

tokens along with instance tokens are processed by our

Assemble-MMDIT module. The rst step captures global context and ensures generation quality,
while the second step ensures instance layout alignment. Besides, we train Assemble-MMDIT with
LoRA, signi cantly reducing both the training cost and inference costs.

h2’ h2ij] =

Figure 4: Failure cases of other metrics. (a) false acceptance in CropVQA,(b) false rejection in
CropVQA, (c) localization error in SAMIoU, and (d) discontinuous in BinaryloU.

3.3 Benchmark: DenselLayout and Layout Grounding Score

The Layout-to-Image task aims to generate images that align precisely with provided layouts, eval-
uating both spatial accuracy and semantic consistency (e.g., color, texture, and shape, if provided).
The existing metrics (AP/AR) for object detectidt0[ 28, 55, 53] are suboptimal. They assume a

xed category set and rely on inappropriate precision/recall for binary layout outcomes. VLM-based
cropped VQA method¥l] suffer false acceptance (Fig. 4 (a)) and false rejection (Fig. 4 (b)). While
spatial-only metrics like SAMIoU11] ignore appearance consistency(Fig. 4 (c)), GroundingDINO-
based 85] binary loU thresholdsf4, 54] fail to capture continuous layout precision(Fig. 4 (d)). Thus,

we propose Layout Grounding Score (LGS), which integrates both spatial accuracy and semantic
accuracy:

1. Spatial Accuracy (DetectloU): we detect all instances via an off-the-shelf dete@&&jr [
compute the loU against condition bbox, and report the global mean loU across all instances for
equal weighting.

2. Semantic Accuracy: for instances with loU>0.5, we crop the predicted region and assess the
semantic accuracy by its attribute consistency (color, texture, shape) via VLM-based VQA [60].

LGS supports open-set evaluation, uses DetectloU to evaluate spatial accuracy and decouples the
spatial and semantic check to avoid CropVQ@H][failures (shown in Fig. 4). Furthermore, we



Table 1: Quantitative comparison between our SD3-based InstanceAssemble and other L2I
methods on LayoutSAM-Eval. ” The CropVQA score is proposed in Creatilayoit][and the
score of InstanceDiff, MIGC and CreatiLayout is borrowed from CreatiLayout [61].

CropVQA’ Layout Grounding Score Global Quality
spatial color’ texturé' shap& mloU" color' texturé shapg VQA" Pick' CLIP"

LayoutSAM-Eval

Real Images(Upper Bound) 98.95 98.45 98.90 98.80 88.85 88.07 88.71 88.62

InstanceDiff (SD1.5) 87.99 69.16 72.78 71.0878.16 63.14 66.82 65.86 86.42 21.16 11.73
MIGC (SD1.4) 85.66 66.97 7124 69.06 6287 50.70 52.99 5177 8897 20.69 12.56
HICO (realisticVisionV51) 90.92 69.82 7325 71.69 70.68 53.16 55.71 5461 86.23.77 9.47
CreatiLayout (SD3-M) 92.67 7445 77.21 7593 4582 3844 39.68 39.2492.74 2171 13.82

InstanceAssemble(ours) (SD3-M) 94.97 77.53 80.72 80.11 78.88 63.8%6.27 65.86 93.12 21.79 12.76

Table 2: Quantitative comparison between our InstanceAssemble and other L2] methods on
DenseLayout.

DenseLayout Layout Grounding Score Global Quality

Y mloU" color' texture shap& VQA" Pick' CLIP"
Real Images(Upper Bound) 9235 76.52 80.78 79.78
InstanceDiff (SD1.5) 47.31 29.48 33.36 32.43 88.79 20.87 11.73
MIGC (SD1.4) 3439 2210 2399 2345 9118 20.742.81
HICO (realisticVisionV51) 22.42 1052 1169 11.46 7442 2051 8.16
CreatiLayout (SD3-Medium) 1554 11.69 12.34 12.1793.42 21.88 12.89
InstanceAssemble(ours) (SD3-Medium) 52.07 33.77 36.21 35.81 93.5421.68 12.58
Regional-Flux (Flux.1-Dev) 1406 11.34 1191 11.84 9294 22.67 10.66
RAG (Flux.1-Dev) 17.23 1422 1462 1455 92.1622.28 11.01
InstanceAssemble(ours) (Flux.1-Dev) 43.4227.60 29.50 29.14 93.36 21.98 11.38

InstanceAssemble(ours) (Flux.1-Schnell) 45.33 27.73 30.06 29.62 93.52 21.720.78

introduce Denselayout, a dense evaluation dataset for L2, which consists of 5k images with 90k
instances (18.1 per image). The images in DenselLayout are generated by Flux.1-Dev, tagged by
RAM++ [24], detected by GroundingDINCBp], recaptioned by Qwen2.5-VI4[], and Itered to

retain those with 15 instances, thus providing dense layout conditions.

3.4 Training and Inference

During training, we freeze the parameters of the base model and only update the proposed Layout
Encoder and Assemble-MMDIT module. We denote the adding parametefs Bje training
objective is given by o )
i
2
L=E N (0;1); x; t; p;L Vi, o9 Zt; 4 p; L ( % P ()]

wherez; = (1 t)x+t . During inference, layout-conditioned denoising is applied during the rst
30% of diffusion steps, as the layout primarily forms in early stages [28, 64].

4 Experiments

4.1 Experimental Setup

Implementation Details The textual-only InstanceAssemble is trained on SD3-Medilbngnd
Flux.1-Dev ] and the version with additional visual instance content is only trained on SD3-Medium.
We freeze the pretrained MMDIT backbone and only adapt the Layout Encoder and LORA modules
of Assemble-MMDIT. Assemble-MMDIT is initialized from pretrained weights, and LoRA with
rank=4 is applied. In the SD3-based model all Assemble-MMDiIT blocks are adapted, while in the
Flux-based model we adapt eight blocks (seven double-blocks and one single block) due to resource
constraints. During inference, the LoRA-based Assemble-MMDIT is activated for the rst 30% of
denoising steps, while the global prompt—image phase uses the frozen backbone. This design yields
71M (SD3-M) and 102M (Flux.1-Dev) additional parameters for the textual-only setting; the variant
with additional visual instance content (SD3-M) introduces 85M parameters. All models are trained
on LayoutSAM p1] at 1024 1024 with Prodigy, for 380K iterations (batch size 2) on SD3-M and



Table 4: Parameter addition and time ef ciency under sparse and dense layout conditions. We
evaluated on 10% of the LayoutSAM-Eval and DenseLayout datasets at 1024x1024 resolaten.
optimized for 512x512 resolution, so their results are reported at this scale.

Parameter Addition Time Ef ciency(s) (relative runtime increase(%))

(relative parameter addition(%)) Sparse Layout Dense Layout
InstanceDiff (SD1.5) 369M (43%)  14.37 (+771%) 44.81 (+2754%)
MIGC(SD1.4) 57M (6.64%)  14.41 (+25.4%) 21.58 (+87.5%)
HICO’ (realisticVisionV51) 361M(33.9%) _4.1(+92.9%) 9.93 (+320%)
CreatiLayout(SD3-M) 1.2B (64.0%)  4.37 (+14.4%) _ 4(424.8%)
Regional-Flux(Flux.1-Dev) - 15.29 (+113%) 37.47 (+418%)
RAG(Flux.1-Dev) - 15.69 (+119%) 21.14 (+192%)
InstanceAssemble(ours)(SD3-M) 71M (3.46%) 7.19 (+88.2%) 13.38 (+248%)
InstanceAssemble(ours)(Flux.1-Dev) 102M (0.84%) 8.21 (+14.3% 10.28 (+41.9%)
InstanceAssemble(ours)(Flux.1-Schnell) 102M (0.84%) 1.41 (+8.46%) 1.70 (+28.8%

300K iterations (batch size 1) on Flux.1-Dev, usingtB800 GPUs (7 days for SD3-M; 5 days for
Flux.1-Dev).

Evaluation Dataset We use LayoutSAM-Evab[l] to evaluate performance on ne-grained open-set
sparse L2l dataset, containing 5k images and 19k instances in total (3.8 instances per image). To
assess performance on ne-grained open-set dense L2I evaluation dataset, we use the proposed
Denselayout, which consists of 5k images and 90k instances in total (18.1 instances per image).
Following conventional practice, we also evaluate on coarse-grained close-set L2I evaluation dataset
COCO B1]. We combine COCO-Stuff and COCO-Instance annotations to create our COCO-Layout
evaluation dataset, containing 5k images and 57k instances in total (11.5 instances per image).

Evaluation Metric We evaluate the accuracy of L2l generation using our proposed LGS metric along
with CropVQA proposed by CreatiLayoud]], measuring spatial and semantic accuracy. We also
employ multiple established metrics to measure overall image quality and global prompt alignment,
including VQA Score [32], PickScore [26] and CLIPScore [21].

4.2 Evaluation on L2] with Textual-Only Content

Fine-Grained Open-Set Sparse L2| Generation Tab. 1 presents the quantitative results of Instance-
Assemble on LayoutSAM-Evab[], reporting results using our proposed LGS, CropV@A][

and global quality metrics. Our proposed InstanceAssemble not only achieves SOTA in spatial and
semantic accuracy of each instance, but also demonstrates superior global quality.

Fine-Grained Open-Set Dense L2I Gener-

ation Tab. 2 presents results on Denselayaple 3: Comparison between our SD3-based
out. With the same SD3-Medium backbongystanceAssemble and other L2I methods on
InstanceAssemble signi cantly outperformgoco-Layout. Since COCO don"t have detailed
CreatiLayout (mloU: 52.07 vs. 15.54) whilegescription for each instance, we cannot evaluate the

maintaining comparable global quality. Omttribute accuracy and only report the spatial accu-
Flux.1, it also yields large gains over Regionajacy - mioU.

Flux and RAG (e.g., mloU: 43.42 vs. 17.23 for

RAG), showing that our cascaded Assemble—coco_Layout LGS Global Quality

Attn design generalizes well across backbones. mloU” VQA" Pick’ CLIP"

Compared to earlier UNet-based approaches

such as InstanceDiff and MIGC, our method nstancenitf (sp1.5) 3039 7577 2075 24.41
achieves higher spatial and semantic accuracwlgg((SDllA) : zg.gg 78'22 gg.gg gg.sg

. H A HI realisticVisionV51 18. 50.61 . 7
(mloU: 52.07 vs. 47.31) without sacri cing re- CreatiLayout (SD3-M) 712 8779 2199 2589

alism. Overall, InstanceAssemble establisheSnstanceAssemble(ours) (SD3-M) _ 27.889.06 2158 25.68
consistent improvements in layout alignment
while ensuring high image quality under chal-
lenging dense layouts.

Coarse-Grained Closed-Set L21 Generation Tab. 3 presents the quantitative result of Instance-
Assemble on COCO-Layout. Our proposed InstanceAssemble surpasses previous methods in overall
image quality but lags slightly behind InstanceDBf] in layout precision. We attribute this gap to:



Figure 5: Qualitative comparison of InstanceAssemble with other methods.

(i) InstanceDiff's ne-grained COCO training data with per-entity attribute annotations, and (ii) its
entity-wise generation strategy, which improves precision at signi cant computational cost (Tab. 4).

Qualitative Comparison The comparative results in Fig. 5
demonstrate that our proposed InstanceAssemble method
achieves superior spatial precision and instance-caption
alignment compared to baseline methods. For example,
in the third row, both InstanceDif§3] and MIGC [64] gen-
erate more than one shoes; HIC@) fails to generate the
speci ed NewBalance shoe; Regional-Flux [5] does not ad-
here to the layout conditions; and the shoe generated by
RAG [8] is not properly fused with the background. In con-
trast, our method generates the correct instance, accurately
placed and seamlessly integrated with the scene.

Time Ef ciency and Parameter Addition We compare
time ef ciency and parameter addition with other L2] meth-
ods, as shown in Tab. 4. Our method achieves SOTA perfor-

mance on layout alignment with acceptable time ef ciendyigure 6: Quantitative results of In-
and minimal parameter addition. stanceAssemble with additional vi-

sual instance content.
4.3 Evaluation on L2| with Additional Visual Content

We evaluate three additional visual instance content: image,
depth, and edge (see Fig. 6). Unsurprisingly, using image
as additional instance content yields the best performance, as it provides rich visual information.
Although depth and edge capture texture and shape features, their performance remains inferior
compared to image instance content. Nevertheless, visual modalities outperform textual-only instance
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