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Motivation

• Diffusion Models generate great visual content!
• Examples: SDXL, PixArt, Hunyuan, etc.

PixArt-Σ HunYuan-DiT

Prompt:
“A western-

style medieval 
dragon with 
large white 

wings spread 
wide”



Problem

Param light, 
runs “never” Param light, 

runs once
Param heavy,
Runs t times

Variable param, 
but runs once.

Not always used.

Two solutions:
1. Reduce t 
2. Reduce denoiser size



Quantization
Reduces bit precision of weights/activations.
Quantization-Aware Training (QAT) (costly)
Post-Training Quantization (PTQ) (feasible)

PTQ struggles below this point



4-bit and 3-bit PTQ
Reduces bit precision of weights/activations.
Quantization-Aware Training (QAT) (costly)
Post-Training Quantization (PTQ) (feasible)

PTQ struggles below this point
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Why? Sensitivity Hypothesis

• Not all weights cause 3-bit performance loss.
• Assert that some sensitive weights are the culprit. 

• Motivates mixed-precision approach!
• “Sensitive”?

• Individual weights? Too granular.
• Weight categories? E.g., time-embed vs. caption-embed.
• Weights in specific transformer blocks, like first/last?

• How to find sensitive weights?



Our Solution



Predictor with Hop-Level Ranking Loss
Preliminary: Graphs and GNNs
• 𝑎𝑟𝑐ℎ, 𝑝𝑒𝑟𝑓 = (𝐺!, 𝑦!) 
• Learn 𝑦′! = 𝐺𝑁𝑁(𝐺!)

Intermediate workings: Node and Graph Embeddings
• 𝐺𝑁𝑁 𝐺 = 𝑀𝐿𝑃 ℎ"# ; 	ℎ"# = !

$!
∑%∈$! ℎ%

#

• m is hop-level => ℎ%# represents an entire subgraph/module!

Key learning constraint: if 𝑦! > 𝑦', then ℎ"" !
> ℎ"# !

CVPR’24



Visual Example
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Predictor with Hop-Level Ranking Loss

Preliminary: Graphs and GNNs
• 𝑎𝑟𝑐ℎ, 𝑝𝑒𝑟𝑓 = (𝐺!, 𝑦!) 
• Learn 𝑦′! = 𝐺𝑁𝑁(𝐺!)

Optimize 𝐿"#$% 𝑦, 𝑦& + !
'(!

∑)*+' 𝐿#,-.(𝑦, ℎ/) !)
• 𝐿"#$% is traditional predictor loss, like MSE
• 𝐿#,-. is SRCC, LambdaRank, or both. 



Pareto Frontier Results



Pareto Frontier Results
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Qualitative Visual Results



Sample Insights



Qua2SeDiMo: 
Quantifiable Quantization Sensitivity of 

Diffusion Models
Thank you for watching ‘till the end!

See you in Philly!


