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1 Introduction: Diffusion Binarization

• Network Binarization

- compression by binarizing parameters

- accelerating by applying sign operations

𝑄x (𝐱) = 𝛼 𝐁𝐱

𝐁𝐱 = sign 𝐱 = ቊ
−1, if 𝑥 ≥ 0
1, otherwise

𝑧 = 𝑄w 𝐰
⟙
𝑄a 𝐚 = 𝛼w𝛼a(𝐁𝐰⊗𝐐𝐚)

• Large Pre-trained Diffusion models 

- Diffusion models (DMs) have garnered impressive attention and applications 
in various fields, such as image, speech and video

- it still suffers expensive FP32 parameters and operations



1 Introduction: Overview

• Main Contribution

- W1A4 BinaryDM achieves as low as 7.74 FID and saves the performance 
from collapse (baseline FID 10.87)

- W1A4 BinaryDM achieves impressive 15.2x OPs and 29.2x model size 
savings, showcasing its substantial potential for edge deployment
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2 The Rise of BinaryDM: Bottlenecks of Binarized DMs

• Binarized DMs Architecture

- Representation perspective: Weight binarization severely restricts the 
feature extraction capability of diffusion models, causing significant 
damage to information in critical representations of generative models.

• Distillation for Binarized DMs

- Optimization perspective: Introducing discrete binarization functions in 
DMs poses a significant hurdle to stable convergence.



EBB enables a smooth evolution of DMs from full-precision to accurately 
binarized

2 The Rise of BinaryDM: Evolvable-Basis Binarizer

                                                         

                

                  

         
      
      

         
      
      

         
      
      

         
      
      

     

           
 

         

             
     

 

              

     
      

Learnable Multi-Basis: In the forward propagation of the 

first stage, EBB is defined as:

In the second stage, all higher-order terms are removed, and 

the forward propagation is simplified to:

𝑤bi = σ𝐼sign 𝑤

Transition Strategy: In the first stage, regularization loss is 

applied to the higher-order learnable scaling factors, 

encouraging them to approach zero:

ℒEBB = 𝜏
1

𝑁
෍

𝑖=1

𝑁

𝜎𝐼𝐼
𝑖

𝑤EBB
bi = σ𝐼sign 𝑤 + σ𝐼𝐼sign 𝑤 − σ1sign 𝑤

Location Selection: In BinaryDM, EBB is partially applied to crucial and parameter-sparse locations of the 

diffusion models to reduce unnecessary evolution processes and the associated training overhead.



2 The Rise of BinaryDM: Evolvable-Basis Binarizer (EBB)

• From the representation perspective

- EBB possesses a broader representation range at the early stage and 
then gradually transitions to a single-basis state, while the quantitative 
information entropy ℋ further illustrates its enhanced representation 
capacity.

Comparison of binarized weights(channel-wise) for a convolutional layer. 



2 The Rise of BinaryDM: Low-rank Representation Mimicking

LRM for Accurate Optimization

• We use principal component analysis (PCA) to project 

representations to low-rank space:

• We construct a mean squared error (MSE) loss between the 

i-th module of low-rank representations between full-

precision and binarized DMs:

• The total loss function:

                                                         

                

                  

         
      
      

         
      
      

         
      
      

         
      
      

     

           

 

         

             
     

 

              

     
      



2 The Rise of BinaryDM: Low-rank Representation Mimicking

• From the optimization perspective

- LRM enables binarized DMs to mimic the representation of full-precision 
counterparts, improving the optimization process by introducing additional 
supervision.



Experiments: Generation Performance



Conclusion

• From the representation perspective, we present an Evolvable-Basis Binarizer (EBB) to 

enable a smooth evolution of DMs from full-precision to accurately binarized. EBB

enhances information representation in the initial stage through the flexible combination 

of multiple binary bases and applies regularization to evolve into efficient single-basis 

binarization.

• From the optimization perspective, a Low-rank Representation Mimicking (LRM) is 

applied to assist the optimization of binarized DMs. The LRM mimics the 

representations of full-precision DMs in low-rank space, alleviating the direction 

ambiguity of the optimization process caused by fine-grained alignment. 

• W1A4 BinaryDM achieves as low as 7.74 FID and saves the performance from collapse 

(baseline FID 10.87), achieving impressive 15.2x OPs and 29.2x model size savings, 

showcasing its substantial potential for edge deployment.
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