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• Use fewer bits to represent numbers, e.g. 8 bits
• Significantly reduce memory and latency consumption

• Supported on new emerging chips including CPUs, GPUs, TPUs 
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Stochastic gradient Langevin dynamics (SGLD)

where

Low-precision sampling remains largely unexplored 
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Goal: a comprehensive study for low-precision SGLD
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SGLD with full-precision gradient accumulators 
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SGLDLP-F: a full-precision weight buffer to accumulate gradient updates 
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SGLD with full-precision gradient accumulators 

Theorem (informal): On strongly log-concave distributions, 
SGLDLP-F converges under the 2-Wasserstein distance to the 
target distribution
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SGLDLP-F: a full-precision weight buffer to accumulate gradient updates 

4

SGLD with full-precision gradient accumulators 

Takeaway
• SGLDLP-F is convergent and can be safely used in practice 
• SGLDLP-F is more robust to the quantization error than its SGD

counterpart

Theorem (informal): On strongly log-concave distributions, 
SGLDLP-F converges under the 2-Wasserstein distance to the 
target distribution
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SGLD with low-precision gradient accumulators 
SGLDLP-L: the weight is always represented in low-precision 
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SGLD with low-precision gradient accumulators 

Theorem (informal): As the stepsize decreases, the W2
distance between the stationary distribution of SGLDLP-L and the 
target distribution may increase

SGLDLP-L: the weight is always represented in low-precision 
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SGLD with low-precision gradient accumulators 

Theorem (informal): As the stepsize decreases, the W2
distance between the stationary distribution of SGLDLP-L and the 
target distribution may increase

SGLDLP-L: the weight is always represented in low-precision 
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Variance-Corrected Quantization Function 

• Reason: wrong variance of
1 − 𝑝! 𝑝!
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Variance-Corrected Quantization Function 

• Reason: wrong variance of

• Our solution: new quantization function to keep correct mean and
variance

1 − 𝑝! 𝑝!

𝑝#

<latexit sha1_base64="7eorx/THiSIf0CXOftXGeugOb3w="></latexit>

✓k+1 = QW

⇣
✓k � ↵QG

⇣
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Variance-Corrected SGLD (VC SGLDLP-L)

Theorem (informal): On strongly log-concave distributions, VC
SGLDLP-L converges under the 2-Wasserstein distance to the 
target distribution
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Variance-Corrected SGLD (VC SGLDLP-L)

Theorem (informal): On strongly log-concave distributions, VC
SGLDLP-L converges under the 2-Wasserstein distance to the 
target distribution

Stepsize = 0.001 Stepsize = 0.0001
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Experimental Results: Prediction and Calibration

• Low-precision SGLD matches full-precision SGLD with only 8 bits
• Significantly outperforms low-precision SGD 
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• We give the first comprehensive study of low-precision SGLD 
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Summary

• We give the first comprehensive study of low-precision SGLD 
• We prove that SGLDLP-F is convergent and is more robust to 

quantization noise than SGD counterpart 
• We reveal the issue of naive SGLDLP-L and propose a new

quantization function to fix it
• Empirical demonstration on Bayesian deep learning benchmarks 

https://arxiv.org/abs/2206.09909
https://github.com/ruqizhang/low-precision-sgld


