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« Supported on new emerging chips including CPUs, GPUs, TPUs
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Goal: a comprehensive study for low-precision SGLD ]

&5
Pros of sampling:
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SGLDLP-F: a full-precision weight buffer to accumulate gradient updates

01 = O — aQc (VU (Qw (6x))) + V2agh41

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

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
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SGLD with low-precision gradient accumulators

SGLDLP-L: the weight is always represented in low-precision
Or+1 = Qw (9k: —alq <VU(‘91<:>) + @§k+1)

(2 Theorem (informal): As the stepsize decreases, the W2
distance between the stationary distribution of SGLDLP-L and the
target distribution may increase y
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Variance-Corrected Quantization Function

« Reason: wrong variance of k1 = Qw <9k — aQq (Vﬁ(ﬁk)) + \/ﬂﬁkﬂ)
1-po Do

Y'Yy

« Our solution: new quantization function to keep correct mean and
variance
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Experimental Results: Prediction and Calibration

Table 1. Test errors (%).

Table 2. ECE | (%).

CIFAR-10 CIFAR-100 IMDB CIFAR-10 CIFAR-100
32-BIT FLOATING POINT 32-BIT FLOATING POINT
SGLDFP 4.65 +006  22.58 +0.18  13.43 021 SGLD 1.11 3.92
SGDFP 471i0;2 2264013 13.88%020  SGD 253 497 .
CSGLDFP 4354 foos  21.63 4004 13.25 401 CSGLDFP 0.66 1.38
8-BIT FIXED POINT
8-BIT FIXED POINT
- VC SGLDLP-L 0.6 3.19
NAIVE SGLDLP-L 7.82 +0.13  27.25 +0.13  16.63 +0.28 SGDLP-L 3.4 10.38
VC SGLDLP-L 7.13 001 26.62 +0.16  15.38 +0.27 SGLDLP-F 1.12 4.42
SGDLP-L 8.53 +0.08 28.86 +0.10 19.28 +0.63 SGDLP-F 3.05 6.80
SGLDLP-F 5.12 +0.06  23.30 +0.09 15.40 +0.36 8-BIT BLOCK FLOATING POINT
SGDLP-F 5.20 +o0.14 23.84 +0.12  15.74 +0.79
VC SGLDLP-L 0.6 5.82
8-BIT BLOCK FLOATING POINT SGDLP-L 4.23 12.97
NAiVE SGLDLP-L 5.85+004 26.38 +0.13  14.64 +0.08 gg;ﬁ;l’s ;-;z 35-728
VC SGLDLP-L 5.51 +o.01 25.22 +0.18  13.99 +024 - - = et S
SGDLP-L 586 26.19 16.06 VC cSGLDLP-L 0.51 1.39
- . +0.18 . +0.11 . +1.81 cSGLD-F 0.56 1.33
SGLDLP-F 4.58 +0.07 22.59 +0.18  14.05 +0.33
USGDLP-F 475005 229k0m 1428 z017
VC cSGLDLP-L 4.97 +o.10 22.61 +0.12  13.09 +o0.27
CSGLD-F 4.32 +0.07 21.50 +0.14  13.13 +0.37

Low-precision SGLD matches full-precision SGLD with only 8 bits
Significantly outperforms low-precision SGD
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« 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
Q https://github.com/rugizhang/low-precision-sgld



