Introduction

Objective Designing simple and efficient Bayesian inference algo-

rithms for deep learning models.

Main idea
= Multivariate Stochastic Gradient Nose-Hoover Thermostat
(m-SGNHT) with more accurate numerical implementation.

« From Euler integrator to Symmetric Splitting integrator

Illlustrations
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Figure: Samples of p(#) with SSI (1st column) and Euler integrator (2nd
column), and the estimated thermostat variable over iterations (3rd column).

Convolutional Neural Networks
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Figure: Learning curves of CNN for different step sizes.
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Algorithms

0. model parameter pP: momentum &: thermostat

Euler Integrator
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Symmetric Spltting Integrator
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where h is stepsize, D is diffusion factor, and ¢ is Gaussian noise
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Theoretical Justification

Roles of numerical integrators Under certain assumptions, the
Bias and MSE of a SG-MCMC algorithm with stepsize i and a K'th-

order integrator are:
Bias: E¢ — ¢ = Byias + O(h%)
MSE: E (¢ — @) = Brge + O(h*X) |

where Bpi.s and Bie are functions depending on (h,T') but indepen-
dent of K .

Remark 1 Robustness: The bias and MSE of mSGNHT-S s
bounded as: By +O(h?) and Bse+O(h*), compared to Bpias+O(h)
and B + O(h?) for the mSGNHT-E, respectively. This indicates
that mSGNHT-S is more robust to the stepsizes than mSGNHT-E.
Remark 2 Convergence Rate: The higher order a numerical
integrator is, the faster its optimal convergence rate is. Convergence
rates in term of bias for mMSGNHT-S and mSGNHT-E are T2/ and
T2, respectively, indicating mSGNHT-S converges faster.
Remark 3 Measure Accuracy: In the limit of infinite time (7" —
00), the terms By, and Bse in Lemma 1 vanish, leaving only the
O(h™*) terms. This indicates mMSGNHT-S is an order of magnitude
more accurate than mSGNHT-E.

Advantages for Deep Learning

« |t tolerates gradients of various magnitudes, providing a potential
solution to mitigate the vanishing/exploding gradients problem

« [t can estimate model parameters faster and more accurately

Experiments

|. Shallow Models
Latent Dirichlet Allocation and Logistic Regression
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Figure: Learning curves of LDA on ICML dataset for different stepsize h.

Table: LDA on ICML. Table: LR on a9a.
Method  Test Perplexity | Method Test Accuracy T

MSGNHT-S 939.67 MSGNHT-S 84.95%
MmSGNHT-E 960.56 MmSGNHT-E 84.72%

SGHMC-S 1004.73 SGHMC-S 84.56%
SGHMC-E 1017.51 SGHMC-E 84.51%
SGRLD 1154.68 DSVI 84.80%
Gibbs 907.84 HFSGVI 84.84%

Il. Deep Models
Deep Neural Networks

h=1e-4, 100 x 100 0.96 h=.1e_4’100.>< 100 X.1OO 0.96 h=5€._5’100><.100><10(.)x 100
096 T T T | ) . ]
0.95 | | 095 | _095;
50.94 : _ § 0.94 | - § 094|
- O O
O i - i
2 0.93 ¢+ i % 0.93 % 0.93
©0.92} | 8092 | 80.92 :
" 091! mSGNHT-S| | ™ (01| mSGNHT-S| | ™ o4 mSGNHT-S] |
' MSGNHT-E | MSGNHT-E | MSGNHT-E
0.9 - - - 0.9 - - - 0.9L - | |
10 20 30 40 10 20 30 40 10 20 30 40
Epochs Epochs Epochs

h=1e-4,100 x 100 h=1e-4,100 x 100 x 100 h =5e-5, 100 x 100 x 100 x 100

A

A
A

O © ©
Q o ' o '
o - -
< MSGNHT-S j= MSGNHT-S 9 mMSGNHT-S
© 0.8 mSGNHT-E|{ 0.8 MSGNHT-E]|- 3 0.8 MSGNHT-E |-
20.6 | 20.6 20.6
— —J -l
0.4 0.4} @ 0.4
Z Z Z
20.2 20.2 202
§= S g =
S SR = 0
= ! ' ' ' | ' = ! ' '
10 20 30 40 - 10 20 30 40 10 20 30 40
Epochs Epochs Epochs

Figure: Learning curves of FNN with different depth on MNIST dataset.

mSGNHT-E is failing as learning progresses. It starts to work, only because the stepsize is decreased by half.

Deep Poisson Factor Analysis
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Perplexity on Wikipedia dataset:

W ~ Pois(®(¥ © h'M)),
INODY DSBN(h{(Q)""’(L)})
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