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Motivation
● Problem: Diffusion denoising is a call to the same network over and over again.

○ Same network is used in every step.

● Goal: Select a subnetwork based on the input prompt to be used in each sampling step.

● Key Innovation: Prompt router + specialized experts.

2

Fig. 1:  Overview of APTP



Overview of APTP
● Prompt Encoder: Encodes prompt into embeddings.

● Router Module: Maps embeddings to architecture codes.

● Contrastive Loss: Map similar prompts to similar architecture embeddings.

● Architecture Codes: Determine which sub-model (expert) 

to use.

● Pruning Units: Attention Heads - 

● Optimal transport: Ensure balanced capacity and prevent

Expert Collapse.

● Distillation: Very effective. Makes convergence faster.
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Fig. 2:  APTP Pruning Scheme



Quantitative Results
● Datasets: CC3M and COCO.

● We outperform SOTA static pruning methods by a wide margin. 

● At a reasonable pruning ratio, we get very close performance to the dense model

○ With lower latency and memory usage.

○ Larger dataset and more training improves the results
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Qualitative Results
● Generations
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Fig. 3:  Samples of APTP-Base Experts. Fig. 4:  Qualitative Comparisons with SD2.1 and the best baseline.



Expert Analysis
● Specialized Experts

● High and Low resource samples
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Fig. 5:  Comparison of samples generated by low and high budget experts 



Ablations
● Effect of APTP components

● APTP generalizes to various styles even if they are not present in the fine-tuning dataset.
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Fig. 6: APTP generalizes to styles not seen in fine-tuning.



Thank You!
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