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Weight Quantization (WQ) Uncertainty Quantification (UQ)

EMP Algorithm for Uncertainty Quantification

MOMA Algorithm for Uncertainty Reduction

TL;DR

WQ is a popular lightweight method 
that accelerates inference with accuracy 
comparable to full-precision counterparts 
by encoding model weights    into    bits.
Examples:
       ,                (BWN)
           ,                   (TWN)

Ternary WQ via truncation is standard, 
where the truncation threshold can be set 
as the mean of weight matrix.
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UQ is a technique to quantitatively 
characterize and estimate the variability in 
system output, which originates from the 
intrinsic stochasticity of the system.
Given                 , 
Stochastic    induces stochastic   ,
e.g., stochastic sampling.
Stochastic    induces stochastic   ,
e.g., noisy instances.
Stochastic    induces stochastic   ,
e.g., modeling weights as random variables.

Research Questions and Contributions
Q1:How to quantify WQ's impact on DNN uncertainty?
C1:To ensure a fair comparison between the uncertainty before and after WQ, 

we propose the EMP, a unified uncertainty estimator compatible with both full-
precision and ternary weights. The EMP provides an exact solution to the 
output covariance under very mild assumptions.

Q2: Whether and to what extend does the WQ increase DNN uncertainty? 
Moreover, if the WQ increases DNN uncertainty, how can it be reduced?
C2: Through the EMP uncertainty estimator, we observe that WQ significantly 

increases DNN uncertainty. Based on this quantification, we propose the 
MOMA to reduce the uncertainty increase caused by WQ.
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Assume

Performance evaluation: We treat the classical Monte Carlo 
(MC) estimator as the ground truth, with other theoretical 
estimators (E) being evaluated based on their closeness to it.
Metric:                             , where                                .
Optimal:       .
Partial results: 

Experimental Results of EMP

 Near-ideal uncertainty estimation performance.
 Surpass the MP (ICLR’19) and the PL-DNN (CVPR’18).

Exactly propagate the moments, i.e., mean and 
covariance, of the input layer by layer.
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We find that Weight Quantization (WQ) significantly increase DNN uncertainty via the novel EMP estimator, and propose the MOMA to reduce the uncertainty.

Theorem 9. Under Assumptions on 
the Gaussian pre-activation variables 
and  the  ternary-valued  weights,  if
              and                              
hold for the ternary-valued 
distribution parameters         of 
each layer, then the output 
covariance satisfies          .

Optimize the output covariance toward zero by aligning the first and second central moments of 
the ternary-valued distribution to zero when searching the truncation threshold.

Inspire

Experimental Results of MOMA
Performance evaluation: We average the trace of the 

output covariance across test samples, lower is better. 
Metric:                  .
Optimal: 0.
Partial results: 

 Significant uncertainty reduction.
 Preserve the accuracy.
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