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Overview of Research on Bayesian Inference and Parallel Tempering

ZHAN Jin, WANG Xuefei, CHENG Yurong and YUAN Ye
School of Computer,Beijing Institute of Technology, Beijing 100081, China

Abstract Bayesian inference is one of the main problems in statistics. It aims to update the prior knowledge of the probability
distribution model based on the observation data. For the posterior probability that cannot be observed or is difficult to directly
calculate, which is often encountered in real situations,Bayesian inference can obtain a good approximation. It is a kind of impor-
tant method based on Bayesian theorem. Many machine learning problems involve the process of simulating and approximating the
target distribution of various types of feature data, such as classification models, topic modeling, and data mining. Therefore,
Bayesian inference has shown important and unique research value in the field of machine learning. With the beginning of the big
data era,the experimental data collected by researchers through actual information is very large,resulting in the complex distribu-
tion of targets to be simulated and calculated. How to perform accurate and time-efficient approximation inferences on target dis-
tributions under complex data has become a major and difficult point in Bayesian inference problems today. Aiming at the infe-
rence problem under this complex distribution model, this paper systematically introduces and summarizes the two main methods
for solving Bayesian inference problems in recent years, which are variational inference and sampling methods. Firsly, this paper
gives the problem definition and theoretical knowledge of variational inference,introduces in detail the variational inference algo-
rithm based on coordinate ascent,and gives the existing applications and future prospects of this method. Next,it reviews the re-
search results of existing sampling methods at home and abroad, gives the specific algorithm procedure of various main sampling
methods.as well as summarizes and compares the characteristics,advantages and disadvantages of these methods. Finally, this pa-
per introduces parallel tempering technique,outlines its basic theories and methods, discusses the combination and application of
parallel tempering and sampling methods,and explores new research directions for the future development of Bayesian inference
problems.

Keywords Variational inference,Sampling methods,Parallel tempering, Approximate computation
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ARG, 55— 2R FETE R B 4R A v BB S5 4 1Y
PR AR O TR TR & B B 2B 1 2 SCHERRT 85 BT R,
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SRR U LT R R A O RO B 4 A Y 012 1R
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TIUA R T 1 B AR R LR A R AE T I B B AR R
WA 5 PR .
RAETT
|
: . NG AT o RAF
AERF (RHFHE)
B R R
] B FALRAE ERMERA
(Simple Random Sampling) (Importance Sampling)
B Ak
(Bootstrapping) 14 R A
B ERAE (Reject Sampling)
(Stratified Sampling)
PR LIRM KR AR
(Cluster Sampling) (Markov Chain Monte
— Carlo, MCMC)
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(Systematic Sampling) Metropolis & 5%
HEME R R Metropolis-Hastings # %
TR A Gibbs & A¥
(Snowball Sampling) B R
TR RAF (Slice Sampling)
(Convenience Sampling) A2 Pk
H i RAF o .
(Judgemental Sampling) Hamiltonian 5 47 7% 77 i%
R Adlerit A 5t
(Quota Sampling) A F T B

Bl 5 SRBEDT ik H AR R
Fig.5 Technology tree of sampling methods

3.2 E4EFIEIEM

BEFRATIEAF I —2 d BB » €Rd. 4 f(o) BB
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By eee sz, ~ £ BATAT LUK b3 B A =X 3 2145 3]
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P R I PR 1,2
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Fig. 6 Example of Monte Carlo method
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KA — AN 87 B 40 A QO VB #E 4 A R R EREA, (1
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UORFEGE S MG AR R AL M REA (2 AR N R A2 5040 P () 1
FEA BN IR X RRAEG A IJFHBREEHAT LRI R, 48
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Fig. 7 Rejection sampling

&k 3 JHE4RHFE (Rejection Sampling)
A Ao PCO BT QXD 8 ¢
i HEASEE S={x}~P(XO
L WAL 4 e
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S

6

7. else
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9

.end
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O 2% 53 A A3 AR A B A

B ARSI A RA] REEMNE X SMBCF R &M, B
IR AT R AR 15 HE — B 220K 25 A 100 R % LR T T — IR
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Fig. 8 Markov chain
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Fa i , MCMC BIL I AT — MR « (s ), LA 2 4l
FOF R 1

(D0 Dalis D =7(DQG Dalji) (26)
B2 He BRI A -
aCisD=1(NQG 1) +a(G i) =n()Qij) N

M LA B T BRI AT () il R A BOE R S Y R
A Je RS R A P

PGLH=0G,)alisj) (28)
Horb oy ) — MREFR A $2 32 2% BUE TE (0, 1) Z (8] , AT L) 3 fif
B — MR X AR R 4 45 2 RBE . B 4045 2 R DL —
AN A A o — E Y 4B 4 B0 2 R AR B — AR R L 4
A 5 T JR AT 3 e 52 Ry R 0 SR A SR DL — N UL Y R AT SR BE AR
BHBEME QAN A—EMNEZ R BB EEP,
T 25 fifp e i) R0 %) SRR LAY . SRR Y B bR R R TR A A
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2. while sample index i from 1 to n do

3.0 MR QX xio ) Al RE 74 B RE A xis B4 xi ~ Q(X

Xi—1)
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7. Accept x;:S<-SU {x;}
8. else
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10. end
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|

|

|
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|
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Fig.9 Metropolis sampling
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PO RERAHBAH XCR W

R Dap =[x,z eee 2l ]" (34)

T 5, Gibbs SRAES 1 N BCHE 0 F Y I9 AF B — A o 4R
ML B T4 SR 5 FRATT DN A — 4k 13 AR X T oAt 4 B 1) 2% 1 43
M RS — DRI — DU . T8 — AW
oAt BT A A B S T A LA R R R P B 2 R A
= (35) FFR

20 ~P(XD XD e [ XUTD  XUTD e X)) (35)

FRADRF BT 0 4 B AR AT X — R AR i R B R AR B A
— AR EAYE R BUE . TR, B — D FEAE Sy Al
TR B AR BA AW EE R RA TR, B E AR
HE AT — R B H B AR A A, RmEAT TR



98

Computer Science THEMEL2: Vol. 50, No. 2, Feb. 2023

Bl T E B N — A B AL 1] 42 TT 46 2R PR AR Y, XA B AL 1]

P A — AT G S 1 A R A RS BT O Y e

W TREARWIEA —E REEN . BRATHXHE — B ihm
A AR burn-in i3 72 L tpenn RFERFEL T T —E W

burn-in & B 2 J5 TR AT i 0% 2 32 5501k I AT B 00 T A R

Al L& . Gibbs 2R #f H: 52 & Metropolis-Hastings R £ 7 £
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9. end
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