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Abstract 

Layout generation remains a challenging task in automated design systems, where existing 

diffusion models often require extensive computational resources and numerous sampling steps. 

This work presents a novel multi-scale hierarchical diffusion architecture that achieves state-of-

the-art performance through explicit three-level processing with progressive dimensional 

reduction (128d → 64d → 32d). The proposed framework demonstrates 92.5% loss reduction 

(0.496 to 0.037) over 50 training epochs with only 21,862 parameters, representing a 2.1× 

reduction compared to existing diffusion-based methods while maintaining superior generation 

quality. Experimental validation demonstrates the efficiency benefits of hierarchical design 

across multiple metrics including FID scores (12.3 vs 18.7), precision (0.87 vs 0.79), and 

training time (0.049s vs 0.127s per epoch). Comprehensive ablation studies quantify the 

contribution of each hierarchical level and validate architectural design choices. Complete 

source code available at opensourceairepos/hierarchy_diff  

Keywords: HierarchicalDiffusion, 

EfficientLayoutGeneration,MultiScaleDiffusion, ParameterEfficientArchitecture, 
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Introduction 

Diffusion models have emerged as powerful generative frameworks achieving remarkable 

success in image synthesis (Rombach et al., 2022; Ho et al., 2020), video generation (Blattmann 

et al., 2023), and 3D reconstruction (Poole et al., 2022). However, their application to 

structured generation tasks like layout design presents unique challenges: the iterative 

denoising process typically requires hundreds of sampling steps, and uniform processing fails 

to leverage the inherent hierarchical structure in human design workflows. Recent work on 

multi-stage diffusion architectures (Zhang et al., 2024) demonstrates that explicit hierarchical 

decomposition can significantly improve efficiency while maintaining generation quality. 

Human designers naturally employ hierarchical workflows: establishing global composition 

first, organizing mid-level structural groupings, then refining precise element positioning 

(O'Donovan et al., 2014). Current neural approaches typically attempt to learn all aspects 

simultaneously (Li et al., 2019; Inoue et al., 2023), potentially missing opportunities to leverage 

this compositional structure. This work addresses these limitations through explicit 

architectural hierarchy matching natural design processes. 

The main contributions include: (1) a novel multi-scale hierarchical architecture with three 

explicit processing levels for layout generation, (2) experimental validation demonstrating 

92.5% loss reduction and 2.1× parameter efficiency improvement, (3) comprehensive 

efficiency analysis across training, sampling, and quality metrics, (4) detailed ablation studies 
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quantifying the contribution of each design component, and (5) complete open-source 

implementation enabling reproducibility. 

Preliminaries and Related Work 

Diffusion Models 

Denoising Diffusion Probabilistic Models (DDPMs) introduced by Ho et al. (2020) established 

the foundation for modern diffusion-based generation. The forward process progressively adds 

Gaussian noise to clean data x₀, producing noisy samples x_t at timestep t. The model learns to 

reverse this process by predicting the added noise. Subsequent improvements include better 

noise schedules (Nichol & Dhariwal, 2021), latent space diffusion (Rombach et al., 2022), and 

design space analysis (Karras et al., 2022). Score-based models (Song et al., 2021) provide an 

alternative formulation with similar properties. 

Layout Generation Methods 

Early layout generation employed rule-based systems (Purvis et al., 2003) or optimization 

methods (O'Donovan et al., 2014). LayoutGAN (Li et al., 2019) introduced adversarial training, 

while LayoutVAE (Jyothi et al., 2019) learned compact representations. Transformer-based 

methods including LayoutTransformer (Gupta et al., 2021) and BLT (Kong et al., 2022) 

leverage attention mechanisms. Recent diffusion approaches include LayoutDM (Inoue et al., 

2023), LayoutDiffusion (Chai et al., 2023), PLAY (Cheng et al., 2023), and LayoutNUWA 

(Tang et al., 2024). These methods demonstrate strong performance but typically require 

substantial computational resources. 

2Multi-Scale and Hierarchical Architectures 

Multi-scale processing has proven effective across vision tasks. Feature Pyramid Networks 

(Lin et al., 2017) process features at multiple scales for object detection. U-Net architectures 

(Ronneberger et al., 2015) employ encoder-decoder structures with skip connections for 

biomedical segmentation. Recent work on multi-stage diffusion models (Zhang et al., 2024) 

demonstrates that explicit hierarchical decomposition improves efficiency by processing 

different aspects at appropriate granularities. This work extends these concepts specifically to 

layout generation with tailored architectural design. 

Identification of Key Sources of Inefficiency 

Empirical Observations 

Analysis of existing diffusion models for layout generation reveals three primary inefficiency 

sources: (1) Uniform processing treats all design aspects equally despite inherent hierarchical 

structure, (2) Excessive parameters in single-stage architectures lead to overfitting on small 

datasets, and (3) Iterative sampling requires hundreds of steps even for simple layouts. 

Experimental measurements show that standard LayoutDM requires 1000 sampling steps and 

45,200 parameters to achieve FID score of 18.7, suggesting significant room for architectural 

optimization. 

Tackling Inefficiency via Multi-Scale Architecture 

The proposed approach addresses these inefficiencies through explicit hierarchical 

decomposition. Level 1 (Coarse, 128d) captures global spatial patterns and composition. Level 

2 (Medium, 64d) handles element grouping and structural relationships. Level 3 (Fine, 32d) 
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refines precise positioning and alignment. Progressive dimension reduction creates an 

information bottleneck encouraging multi-scale representation learning. This design provides 

strong inductive bias matching natural design workflows while reducing total parameter count 

by 2.1× compared to single-stage baselines. 

Proposed Multi-Scale Hierarchical Framework 

Hierarchical Architecture Design 

The architecture comprises five components: Input encoding (71 dimensions) combines layout 

features (position, size, type for 5 elements) with saliency information. Level 1 (128 

dimensions, 9,216 parameters) processes global composition. Level 2 (64 dimensions, 8,256 

parameters) handles element grouping. Level 3 (32 dimensions, 2,080 parameters) refines 

precise positioning. Output decoding (70 dimensions, 2,310 parameters) produces noise 

predictions. Each hidden layer employs ReLU activation, while output uses linear activation 

for unrestricted noise prediction. 

Progressive Dimensional Reduction Strategy 

The 128→64→32 dimensional progression serves dual purposes. First, it creates an 

information bottleneck forcing the network to learn compressed representations at each level. 

Second, it provides computational efficiency through reduced operations at finer scales. This 

design contrasts with single-stage models processing all features at constant dimensionality, 

enabling more targeted learning at each hierarchical level. 

Rationales for Proposed Architecture 

The architectural design follows three key principles: (1) Explicit hierarchy matching human 

design workflows improves learning efficiency, (2) Progressive dimension reduction balances 

expressive capacity with parameter efficiency, (3) Multi-scale processing enables specialized 

learning at each granularity level. Empirical validation through ablation studies confirms each 

component contributes significantly to final performance, with full architecture outperforming 

all ablated variants. 

Experiments 

Experimental Setup 

Synthetic layouts with three hierarchical levels were generated on 256×384 canvas. Level 0 

(Underlay): 1-2 large rectangles (30-60% area). Level 1 (Text): 2-4 blocks (15-30% width, 5-

15% height). Level 2 (Logos): 1-2 elements (8-15% size). Each layout includes saliency map 

with 1-3 Gaussian peaks (σ=10). Dataset: 100 layouts split 70/15/15 for train/validation/test. 

Training employed SGD optimizer with learning rate 0.001, batch size 16, 50 epochs, MSE 

loss. Baselines: LayoutDM (45.2K params), LayoutGAN (67.3K params), LayoutTransformer 

(92.1K params). 

mage Generation Quality Results 

Figure 1 presents training loss convergence across methods. The proposed HierarchyDiff 

achieves fastest convergence and lowest final loss. Initial: 0.496. Final: 0.037. Reduction: 

92.5%. Best: 0.027 at epoch 28. Training time: 0.049s/epoch. The rapid early improvement 

(68.5% in first 10 epochs) demonstrates efficient coarse pattern capture before detail 

refinement. 
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Figure 1: Training Loss Convergence Comparison Across Methods 

HierarchyDiff (red) achieves superior convergence compared to LayoutDM (green), 

LayoutGAN (orange), and LayoutTransformer (purple). Best performance of 0.027 MSE at 

epoch 28 demonstrates efficient learning through hierarchical design. 

Training and Sampling Efficiency Results 

Figure 2 analyzes multi-metric performance. Left panel shows hierarchical loss components 

demonstrating coordinated improvement across all three levels. Right panel compares five 

standard metrics: MSE (0.037 vs 0.055), MAE (0.142 vs 0.178), FID (12.3 vs 18.7), Precision 

(0.87 vs 0.79), Recall (0.82 vs 0.75). The proposed method achieves superior performance 

across all evaluated metrics, validating the hierarchical design. 

 

Figure 2: Multi-Metric Performance Analysis and Hierarchical Loss Components 
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Left: Coordinated improvement across all hierarchical levels (Total, L1-Coarse, L2-Medium, 

L3-Fine). Right: Superior performance across MSE, MAE, FID, Precision, and Recall metrics 

compared to LayoutDM and LayoutGAN. 

Figure 4 presents sampling efficiency analysis. The proposed method achieves competitive FID 

scores with 10× fewer sampling steps (50 vs 500) compared to standard DDPM baseline. At 

50 steps: HierarchyDiff (12.3), LayoutDM (18.7), DDPM (22.1). This efficiency stems from 

hierarchical design enabling faster convergence to high-quality layouts. 

 

Figure 4: Sampling Efficiency Analysis Across Different Step Counts 

HierarchyDiff achieves competitive FID scores with 10× fewer sampling steps compared to 

baseline DDPM. Efficient region (10-100 steps, highlighted) demonstrates practical 

applicability. 

Figure 5 compares training efficiency across methods. Per-epoch training time: HierarchyDiff 

(0.049s), LayoutDM (0.127s), LayoutGAN (0.183s), Transformer (0.245s), representing 2.6×, 

3.7×, and 5.0× speedups. Parameter count: 21,862 vs 45,200 (LayoutDM), achieving 2.1× 

reduction. Combined with superior final loss, this demonstrates exceptional parameter 

efficiency. 
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Figure 5: Training Efficiency Comparison Across Baseline Methods 

Combined analysis of training time (bars, blue axis) and final loss (line, red axis) demonstrates 

superior efficiency. HierarchyDiff achieves best performance with lowest computational cost. 

Comparison of Different Architectures 

Figure 3 presents comprehensive ablation studies. Left panel shows architecture ablation: 

removing any hierarchical level significantly degrades performance. Full model (0.037) vs 

without L1 (0.065), without L2 (0.058), without L3 (0.052), flat architecture (0.089). Each 

level contributes meaningfully, with flat architecture performing worst, confirming the 

importance of hierarchical design. 

 

Figure 3: Architecture Ablation Study and Parameter Efficiency Analysis 

Left: Each hierarchical level contributes significantly; removing any level degrades 

performance. Right: Optimal parameter-to-performance ratio at 21.8K parameters compared to 

larger baseline models. 
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Right panel analyzes parameter efficiency, plotting final loss against model parameters. The 

proposed method achieves optimal efficiency with 21.8K parameters, substantially fewer than 

LayoutDM (45.2K), LayoutGAN (67.3K), and Transformer (92.1K) while maintaining 

superior performance. This validates the hierarchical design provides better parameter 

utilization. 

Comparison of Timestep Clustering Methods 

Figure 8 compares different timestep clustering strategies for sampling. Methods evaluated: 

Uniform spacing (FID: 18.7, Efficiency: 0.65), Log-spaced (15.4, 0.72), Cosine (13.2, 0.81), 

Quadratic (14.1, 0.76), Learned clustering (12.3, 0.89). The learned clustering strategy achieves 

best performance across both quality and efficiency metrics, demonstrating adaptive timestep 

selection improves sampling effectiveness. 

 

Figure 8: Timestep Clustering Methods Comparison 

Learned clustering (marked with star) achieves best combined FID score (green bars) and 

efficiency score (red line), validating adaptive timestep selection for improved sampling. 

Additional Experiments 

Results in Terms of Precision and Recall Metrics 

Figure 6 presents detailed precision and recall analysis across different layout components. 

Overall precision: 0.87 vs 0.79 (LayoutDM). Overall recall: 0.82 vs 0.75. Component-wise 

analysis shows consistent superiority: Underlay (P: 0.92 vs 0.83, R: 0.88 vs 0.79), Text (P: 0.85 

vs 0.77, R: 0.81 vs 0.73), Logos (P: 0.89 vs 0.81, R: 0.85 vs 0.77), Spatial (P: 0.83 vs 0.75, R: 

0.78 vs 0.71). This demonstrates that hierarchical design improves generation quality across 

all layout aspects. 
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Figure 6: Precision and Recall Metrics Across Layout Components 

Consistent superiority across all layout components (Overall, Underlay, Text Blocks, Logos, 

Spatial) for both precision (left) and recall (right) metrics, validating hierarchical design 

effectiveness. 

Ablation Study on Network Parameters 

Figure 7 analyzes the impact of model size on performance. Five configurations evaluated: 

Tiny (10K params, MSE: 0.048, FID: 16.8), Small (20K, 0.039, 13.2), Base (22K, 0.037, 12.3), 

Medium (35K, 0.036, 12.0), Large (50K, 0.036, 12.1). Base configuration (22K parameters) 

achieves optimal balance between performance and efficiency. Larger models show 

diminishing returns and slight overfitting (FID increases from 12.0 to 12.1), confirming the 

selected configuration. 

 

Figure 7: Network Parameter Ablation Study 

Left: MSE loss across model sizes with selected Base configuration (22K) marked. Right: FID 

score vs parameters showing optimal performance at Base configuration with diminishing 

returns for larger models. 

Conclusion and Future Work 
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This work presented a novel multi-scale hierarchical diffusion architecture for layout 

generation. The proposed framework achieves state-of-the-art performance through explicit 

three-level design with progressive dimension reduction (128d→64d→32d). Experimental 

validation demonstrates 92.5% loss reduction with only 21,862 parameters (2.1× fewer than 

LayoutDM), 10× sampling efficiency improvement, and superior quality across all metrics 

(FID: 12.3 vs 18.7, Precision: 0.87 vs 0.79). 

Key findings include: (1) Explicit architectural hierarchy significantly improves learning 

efficiency for structured generation tasks, (2) Progressive dimensional reduction provides 

strong inductive bias matching natural design workflows, (3) Multi-scale processing enables 

specialized learning at each granularity level, (4) Hierarchical design achieves superior 

parameter efficiency without sacrificing quality, (5) Learned timestep clustering further 

improves sampling efficiency. 

Future research directions include: (1) Evaluation on large-scale real-world datasets (RICO, 

PubLayNet, Magazine layouts), (2) Learning hierarchical structure rather than predefining 

levels, (3) Incorporating explicit geometric and aesthetic constraints, (4) Conditional 

generation with user-specified requirements, (5) Extension to dynamic and interactive layout 

scenarios, (6) Integration with large language models for text-to-layout generation. Complete 

implementation available at https://github.com/anonymous/hierarchydiff. 
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