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Overview of variational inference methods and probabilistic programming

of Bayesian hierarchical models
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Abstract: In Bayesian model, it is often impossible to calculate the posterior analytically, and in practice, it relies on
approximate inference. Variational Inference (VI) is an important deterministic approximate inference method, which
has a higher computational efficiency than Markov Chain Monte Carlo (MCMC) sampling, and has a distinct advantage
in the era of big data. This paper reviewed classical VI, analyzed Stochastic Variational Inference (SVI) and its
application in subject model, reviewed more robust VI, summarized the research progress of probabilistic programming

system, and prospected the future development trend of VI.
Keywords: Bayes; variational inference(VI); topic model; robust VI; probabilistic programming

DT 37 3 J2 A 0 4 S o A A R A A rp A
FHUUm:- St B, 358 205 s A5 F T R BY A4 2R 1R A
AR, AT AL AL T B R i B, AR T 4 B
B ERAR. AW, FRMREITEITEE
RAELAIUAT P45 A, 70 S B PP R 71 5 20 DU B
ERAMMIT I BRBERES R RY (MCMC,
Markov chain Monte Carlo ) FZS4¥ERE ( VI, variational
inference ). Z4EHK, MCMC JEUT RIHEREAY A,
RERE S BN B AR o3 A B HERR YA, (HB 52818 .

ks HiW: 2021-09-10
HEWH: BRAREFEETHE (16663021 )
YEE RIS AW, #4%; WAOR, TEEmERt.

6 (1 2022.03 &% 300 ]

VI e 2 JRE A B ) AU AL D DA Tm) s, BT R
AT A TEAR, SR PR A A S0 O T e

PairsmE N e, ZRIARZ R E R
1 WAk

AR VI G T LU 5 AN 5.
1.1 RIHFSRCR

BE BLAS 3 #E # Y ( SV,
Inference ) M HAER(A™ @ ik 51 ABEMLULAL T, 430
TE R A E R A8 FRR 0 15 00 Hh A R AR, ik —2
M, Ranganath % AP JF & T BEAILHERE o Y [ 35 1 2
S RIBCE I YA S HERRE (CVI, Collapsed

Stochastic Variational



#3145 347

CERA%. MM RERESHIE SHERET EGRE

MREFE

Variational Inference ) i it F4-1H BR¥AF /3 248 2, faj 4k
TiE.
1.2 78 B ] AR G &

SCHR [7-9] AN [R) 04 07 2 S7. 1 DR AF — e 4
KRG, 7T LR B 2 T VI
HEYE, (Han DRI B2 m.

1.3 @A 5 HEPRHERL Y5 [ b Ak HE Bt

SCHR (107 K A 19 742 5353 A WSt kg B 7 B 14 3
A I SRAE 5 SCHR [11] 0572873 H AR b ol LAk 2 )
XN SR RE R SCik [12] i@ 3 5| AREHLG
b SRR B AT AT 220 HOR ST PR S
HoAth 24 “FRE” M A0 BT 4 2 AR 45
%y ( HVM, Hierarchical Variational Models ) ™ fi1 2%
AyEHd e (VGP, Variational Gaussian Process ) '3 45,
1.4 $EaSLIL G

SCHR [14] 3 3 29 RAZ 5y Z 80N Je 220, ik
T XIS A B R, H BB IR B A Y )R 3w AL
SCHR [15] 3 o T U e B bk, RS
FEPEH U T BP0 P
15 HBERGR RS

Stan"®, PyMC3"" il Edward"® J& 3 X B4 10
PEH RSN ERERG, BAEW., Al 3L,
DIfe st KR, 7EA R E B S0R VIA MCMC
KFE

KRBT, BB . F 85 B AU &
K, SCARH ARG AR 250G R B ny (s B, fiff
FHAR 53 HE SR %) 32 U AE 42 48 SO B 5 B h B
R AR PR ACORT A, SRR A T X
FF ARG AP, fdE T VAT DL 2 B TR
L&

2 DinpiE sy AR S VI

2.1 DU gy A R

D0 -S4 e LA A RUAE SE S AT N AR B R A 4
2N FOULI AR S ey ORI, S PR R /v B T
Y E R A B p() A BERE EE pRA,  DL A
RUPHERAY HAR TR 5% (2. B1x) = p(2.B.x)/ p(x) »
Hor, pQofR WSS , X T2 AT R s,

pOMELLTTRL,
2.2 VIHER

VIR A B Ry — AR, (1) 5IA—
DR TR AT R, %50 A0 R AE) 18 45 43 1
MBI IE; (2) BA KL (Kullback-Leibler )
BOEE s Aoy BB, i Ak AR B TR R AR B S
BB TR (3) AT R RO L &, R
A A Y BT A (A HHE A B 5
VFZ R, A48 S 500 B T A S 405 0
WA, Tk NTEE X wafb bk e, kit &
3o i 2 0 K IR B2 s I SKGH B, 5 B A KA T
Jrib iR, A X R AR R A R A
2.3 SVI 4 pEin
2.3.1 SVIHifik

SVI fifi F [ S8 86 B 4] 1E T 20 S 66 3 v i 5 304
DT W RIER ) JEma LR 3 AR T

(1) 51 ARSI B X RO 25T 7 SR S50
Hessian 5 AN FESEH 2 H B

(2) EAT G AR, 5B ER B bR fb o i
PRI

(3) MWEAn A JREB oY R H B A 2y, TR AR
HkEAR i el 0y, BTz, SFHERLNS
G R A N IES e o Wl
232 BRI

2 R SCAZ i ) AR A, T AEAKOR e
TR (LDA, Latent Dirichlet Allocation ) J&3H:
HARE . VIE LDA 28T EZ )ik, SVIA]
DAAR FI o 358 9 J00 A &5 SR AR B rp |) & SR AR 4r B8, JF
BN — IR 2 R 7R 5y ZHORE R Y ET S EUN 2
PG, AT E R THCR

BE 5 BR P RS MBE SCAE B H e R, BT
LDA K HARURA SVI BN A B TPk 434 il b SC
AKXk B R R Y B
AT HE UL BARYE . X F A AR ECE e R RHR (5
B, T 3R] A AR ALK R 1 Ak R R — FR) AR
FER 2, B i s ) R ) i i) 25 0 2 T 3 2ot
I SVI Y AR =T LI IE , AT B 7 1 1 52 R
BT 3R SR 43 T A AR A SR A RS A T

it 238 i HA 7 12 S B IR B 1T

2022.03 55 300 1 Iy 7



MARETE

ot ||

2022438

3 WRSE AL ) fE L

VI ] KL B AR5 B s i g, HA R
— e RS, S T2 R R, Bk
FH B 3% A M LA 5 5 AR 1) J 350 A D ik EL XS
W 4R 1 2 Bk BB

(1) 2BITAR 4R (PVI, Proximity Variational
Inference ) N/ FEARILMLA b, DCABREE Ay
— RN — 20 SR R TT A 2 R/ MEESY,
SR T — > R TE LA — D SO IR . SRR
THARKWMERIKEKN; (2) B850 #EH (OPVI,
Operator Variational Inference ) & — 0¥ i 28 43 H #5
BT N E AR BRI FRESE , B T oR A
JE I SRR BT R I R Sk R A Ak, H
{#i H Rao-Blackwellization A1 4% il 28 & 4% A Syl /N
#; (3) Z&4rmk ( VT, Variational Tempering )
SIATHAEPER K, 38 3 7 A5 AU rh T S (e
FIRLEE , BRAR T S (X 2R A S E s,
THT R B AL & B (4) 15 8 A o 4
( TRVI, Trust Region Variational Inference ) ™ {ifi
fFHEE KA SVI i AR DK, Al
T SVI B AKERE Jry B8 5 D0 A A I8 50, AL RRARR 1 %o
SR RO 5 (5) BVRZR 56 UL 3B B A ke 22
50 S S A R Sy DL 38 3 A 1) — R 43, 2B AR )
Bl A5 722 4B (bump-VI), KO0k R e N 7E 5
PRame O I U 56 4 A 1 TRl Bk SRS TR B R R 5

PR VI BRI A R I B, X &
PE K m o B S ER E R T2/ 1,
HI55 VI Tk mRCRIEH . W mMARmIHE, W%
R AE R R DT 0] BB ORAEXS BT I AR A
BRI BERE TR SR B SR LA T R o il R kg
BOR M B RAE A R b e 8 i — 2D WA R AR Y 1%
B, BUECH B HEREAE S, AT AT 48 09 AR
A B TIE e . Geit ki A py i gh R .

4 MR

4.1 BRSO
Wi i #2157 (PPL, Probabilistic Programming
Language ) sz JH T 34047 A A3 10 A ilad P i ALy Ak

8 (1 2022.03 &% 300 ]

W, HE AR R A U R — R A AL
FEACE [ shid)2i ] SR, R DI RES SE L
AR, BEWR VIR E RS EERT A,

(1) Stan J&—FpFH THEE G IHEALW PPL, &
ST DR B T R S5 S 800 X B R pR R
RESTEAR 43 DU 307 | 09 SR 4% 1% 04 FH ST AR AR 40 1 3
Rl W7 4 53 o Stan HAZ g8 B U R @ 0E 5
BRIy, W SCReffi SRS AR & | Jag AR 1t
ZAiE 4], (2) PyMC3 J&3i2 17 7E Python i 5 H1 Y
JFE PPL, %£T NUTS Ml HybridMCP? 3 5 A Z Bl
IR, BAmRNRILGRT . B PyMC3
R 2 %00 17 F P /) D RE#R S FH 4L Python Zi 5 1, {H
HFFH Theano™ KRR ARIFERL A C I 2R iE AHLARHD,
TR TPERE. (3) Edward X F A FE AT E
ARG T 1 2 o R AR FLAE B TR R Y R OR
BRI R, AR X A AL ) AR AR T, H
FIEAT BT U S A M i S AE REPLAE | B,
0T FEPAT AR T Z 00 H B o M AR AL R AR Y, B
H, fFS RN AR AR, R T LR
R FURR A R R B N AE AR, B, BA
W A TR
4.2 WRGFRE SR

(1) %8 VIR L5, Edward 1 PyMC3 4B
T2 VI L, A Stan S5 HAWE B H = 1015
S AR S (2) %R 2 DT 55 1)
RS TR A E SRR & 0 ] A B, Edward
1 PyMC3 B9 FH 2. %% % T Stan, 1 Edward J5 22 8%
£E 5.3 TensorFlow ", Zj HPEMS R —24ET; (3)
78 58 B DU ST AT 5 SR D, A3 45T GPU
#SZ FF, Edward Al PyMC3 B 32 5 3 B B P, i
PyMC3 Jf %A 76 if A 135 AR i Theano, F3(
HACRALT Edward; (4) 78 BT R 52 (0S4 P A
API UFREPE 1T, Stan 5 MFRE, BBA KB
FBEHLE LA, BARHES T Theano, fRIE T AT
(AT SE P

5 WFREH

VIR HLAS 5 ) QU 2 p HE BT vk
—HHIHTTE ERE P T LUR LA .

Ut



#3145 347

CERA%. MM RERESHIE SHERET EGRE

MREFE

51 VI 4 MCMC &%

T AAHEBR AR O IR BB AT R8O R PR R 7 T
AT K MCMC 5 VI 4545 — H LUK AR I 10z ) HE 2R AF
RO, FRT, U WA TR
TP A TSR, LT AR R TR E (RN Y )N
RS, B B — SRR I UG ) VI-IMCMC £ 17
X —J7 1] BRI T TRk VI 7 Koy A & i 2256
B,

5.2 M Bl Rn

VI 70 Kk ety ER AL Hu R ], A5 F
T ] 5 AR 23 B0 AR v Y S ]
LA A Laplace i& i7 fil Delta J5 ™", {HALUBR T2
etk Wand™ S A M ARG B AE B SRERANE G 3z
VX HR RO Z AN o3 A R AT TR ER . (HAESL PR
U — AT Z BB SEIE0E, IR 275 1% A R DL SO
R R R, T — IR, AEIAE R T
)4 B BE T B VIBESE T A Sk ey n)
1) B AU TE .

53 HIRNMEF TR

X TR JEE 2 > i R B L A A R AN R FIME LA
FER AR BRGSO vk, s
B 9% ZE ( VAE, Variational Auto Encoder ) M H
AEFPGE TR SR, AR E T T VAE RS
5ER 1) 2 B AR AU A S S AR 5 PR A VI AT
KA L RER, (15 VAE B B9 A4 sl R
AN, BT VAE B8l s A7 800 B0 BR 485 148 &
i b, FEERUEETEAR, 1M GAN ( Generative
Adversarial Network ) i FH#f 28 [ 24 % 2] %50 1, B
SRAEVL L o3 A 1Y it B b oA vl B & AR LRV 4, (HH
AR BT SR . K VAE 5 GAN A HLAS & 2
— MR IS T 1A
5.4 JEF o) A D Y [n) 3

VIl Y KL BIORE AR S 0 A i B2 i A2 5y H AR,
X VI — RIS S N KL U TP IR ) o 25 il
PG At T80RE T RE ™ FREBERY . Stein HiRE R
JS HIUEE ™ 45 7 SCHY 72 73 H bk vl LRSS KB
S B PR A W S B, {E T SR A HE Sy
MIBIEFE AL, HO R . SErt RS D T Y

W5 1 AR 4 AR A o
55 BERGR

SR G R OIS — B R R, Rk &
JE M B AR 22 4 B VA G B S B AT AEAE R M . A
R FEEE AT LA 69 APL 3 ORI 5, i
ol 2> A ) 4 A R AT AR AR 11 R
TF, ARFIFRE B Py
5.6 FEBK I B i T

BRI E B MR E L | BB K BAAER
AR, TR () 1Y) SIS 9 7 s AR X
BRI, T R A RE T (A AR R R Y
B U FEUR A S VI 2R BIAR R, H
SR M A R AR R T . BRSCAR AR, VIAER
QRNE 3 7 B IE A R, (H 784k 6 40U 1 1y
FHAE o WA, Bl KRGS DL it 30 0 265 4 FH T ik e
S PLME, VI RE R T B RCR EAE

ki

I AL HE S AEAR FOFE B b ol 1 DL i B ASE A e Y
HEFN A, GE ZHN o VIVEN I U3 R
MCMC Z A 75—k, BA s E L, M
ZHERAMA S H IS . rik S k. HAr, Fhxd
VI 7 kWS R B S, 7R Y ET R R BR A, A
WGP YT R R R . BRRE B T
VI S B FE R A AN, B — P RE A
S HABHE SR A A MR R RS, h VI
TE TR AT T R A
[1] Hoffman M, Blei D M, Wang C, et al. Stochastic variational

inference [J]. Computer Science, 2012, 14(1): 1303-1347.
[2] Mimno D, Hoffman M D, Blei D M. Sparse stochastic

=)

inference for latent Dirichlet allocation[C]//Proceedings of the
29th International Conference on Machine Learning.
Edinburgh, UK, 2012: 1515-1522.

[3] Ranganath R, Wang C, Blei D M, et al. An adaptive learning
rate for stochastic variational inference[C]//Proceedings of the
30th International Conference on International Conference on
Machine Learning. Atlanta, USA, 2013: 298-306.

[4] Hensman J, Rattray M, Lawrence N D. Fast variational

inference in the conjugate exponential family[C]//Proceedings

2022.03 555 300 1 ) 9



MARETE

ot ||

2022438

of the 26th International Conference on Neural Information
Processing Systems. Lake Tahoe, USA, 2012: 2897-2905.

[5] King N, Lawrence N. Fast variational inference for gaussian
process models through KL-correction[C]//Proceedings of the
17th European Conference on Machine Learning. Berlin,
Germany, 2006: 270-281.

[6] Kurihara K, Welling M, Teh Y W. Collapsed variational
Dirichlet process mixture models[C]//Proceedings of the 20th
International Joint Conference on Artificial Intelligence.
Hyderabad, India, 2007: 2796-2801.

[71 Hoffman M D, Blei D M. Structured stochastic variational
inference [J]. Computer Science, 2014, 14(1): 1303-1347.

[8] Ranganath R, Tran D, Blei D M. Hierarchical variational
models[C]//Proceedings of the 33rd International Conference
on International Conference on Machine Learning. New York,
USA, 2016: 324-333.

[9] Tran D, Blei D M, Airoldi E M. Copula variational
inference[C]//Proceedings of the 28th International Confer-
ence on Neural Information Processing Systems. Montreal,
Canada, 2015: 3564-3572.

[10] Kingma D P, Welling M. Auto-encoding variational
Bayes[C]//Proceedings of the 2nd International Conference on
Learning Representations. Banff, Canada, 2014.

[11] Paisley J, Blei D M, et al. Variational Bayesian inference with
stochastic search[C]//Proceedings of the 29th International
Conference on International Conference on Machine Learning,
Edinburgh, UK, 2012: 1363-1370.

[12] Ranganath R, Gerrish S, Blei D M. Black box variational
inference[C]//Proceedings of the 17th International Conference
on Artificial Intelligence and Statistics. Reykjavik, Iceland,
2014: 814-822.

[13] Tran D, Ranganath R, Blei D M. Variational Gaussian
process[C]//Proceedings of 4th International Conference on
Learning Representations. San Juan, Puerto Rico, 2015.

[14] Altosaar J, Ranganath R, Blei D M. Proximity variational
inference[C]//Proceedings of the 21st International Conference
on Artificial Intelligence and Statistics. Playa Blanca,
Lanzarote, Canary, Islands, Spain, 2018: 1961-1969.

[15] Ranganath R, Altosaar J, Tran D, et al. Operator variational
inference[C]//Proceedings of the 30th International Conference
on Neural Information Processing Systems. Barcelona, Spain,
2016, 496-504.

[16] & #E. K THE S T 6945 R A E ALK 525
FEAA[D]. AT AFRRIBREE, 2020.

[17] 3k B 2R, & T A5 ELDA# 4 3% F 3 5 B 947 7 - AT 7L [D].

10 4+ 2022.03 255 300

R RREREF, 2019.

[18] £ . AT XAZHE HRERBEBES W XA
[D]. &b : dbFiBKRE, 2016.

[19] #14@ BL.. A& T Labeled-LDA#) 7 45 % # X &4 [ 45 1242 B 5
Lo kAR [D]. b, AR EB K, 2018.

[20] %) K. AT XAIEEE Z4k 2 FAF IR B A BHF D]
R AARREREF, 2019.

[21] /3. G A 25 #9438 9 LDAJe 43k 25 7 A BF 50 [D]. AR
M 3B K, 2015.

221 % &, FEM, Fhik KT B AES 0 LDAK -
FJo bR AR [J] AR B S M A Y%, 2020, 39 (2): 148-
152.

[23] ¥ AT, @ &) 5k 5 do th B 4 A2 89 25 M ACSELDATE LS 3
FEAFR[D]. AR BB KF, 2016.

4] Bk Fa, FEMF, FHKk, F.RAFRITELOKR N
KA AR [J]. AT A, 2018, 44 (6): 200-
206.

[25] Hoffman M D. Stan: A probabilistic programming language
[J]. Journal of Statistical Software, 2017, 76(1): 1-32.

[26] Salvatier J, Wiecki T V, Fonnesbeck C. Probabilistic
programming in Python using PyMC3[J]. Peer] Computer
Science, 2015.

[27] Tran D, Hoffman M D, Saurous R A, et al. Deep probabilistic
programming[C]//Proceedings of the 5th International
Conference on Learning Representations. Toulon, France,
2017.

[28] Amari S I. Natural gradient works efficiently in learning [J].
Neural Computation, 1999, 10(2): 251-276.

[29] Robbins H, Monro S. A stochastic approximation method [J].
Annals of Mathematical Statistics, 1951, 22(3): 400-407.

[30] Spall J C, Nowak W. Introduction to stochastic search and
optimization. estimation, simulation, and control [J]. IEEE

Transactions on Neural Networks, 2007, 18(3): 964-965.

[311 Boyd S, Vandenberghe L. Convex optimization[M].
Cambridge: Cambridge University Press, 2004.
[32] Mandt S, Mclnerney J, Abrol F, et al. Variational

tempering[C]//Proceedings of the 19th  International
Conference on Artificial Intelligence and Statistics, Cadiz,
Spain, 2016: 704-712.

[33] Theis L, Hoffman M. A trust-region method for stochastic
variational inference with applications to streaming
data[C]//Proceedings of the 32nd International Conference on
Machine Learning, Lille, France, 2015: 2503-2511.

[34] Kucukelbir A, Blei D M.

Population  empirical

bayes[C]//Proceedings of the 31st Conference on Uncertainty


https://doi.org/10.3969/j.issn.1000-3428.2018.06.035
https://doi.org/10.1214/aoms/1177729586
https://doi.org/10.3969/j.issn.1000-3428.2018.06.035
https://doi.org/10.1214/aoms/1177729586

#3145 347

CERA%. MM RERESHIE SHERET EGRE

MREFE

in Artificial Intelligence, Amsterdam, The Netherlands, 2015:
444-453.

[35] Duane S, Kennedy A D, Pendleton B J, et al. Hybrid Monte
Carlo [J]. Physics Letters, 1987, 195(2): 216-222.

[36] Bergstra J, Breuleux O, Bastien F, et al. Theano: A CPU and
GPU math expression compiler[C]//Proceedings of the Python
for Scientific Computing Conference (SciPy). Austin, USA,
2010.

[37] Scibior A, Ghahramani Z, Gordon A D. Practical probabilistic
programming with monads[C]/Proceedings of the 2015
Symposium on Haskell. Vancouver, Canada, 2015: 165-176.

[38] Zinkov R, Shan C C. Composing inference algorithms as
program  transformations[C]//Proceedings of the 33rd
Conference on Uncertainty in Artificial Intelligence. Sydney,
Australia, 2017: 163-172.

[39] Tristan J B, Huang D, Tassarotti J, et al. Augur: Data-parallel
probabilistic modeling [J]. Advances in neural information
processing systems, 2014(3): 2600-2608.

[40] Jaakkola T, Jordan M I. Bayesian parameter estimation via
variational methods [J]. Statistics and Computing, 2000, 10(1):
25-37.

[41] Wang C, Blei D M. Variational inference in nonconjugate
models [J]. Journal of Machine Learning Research, 2013(4):
1005-1031.

[42] Wand M, Ormerod J, Padoan S, et al. Mean field variational
Bayes for elaborate distributions [J].
2011(6): 847-900.

[43] Johnson M J, Duvenaud D, Wiltschko A B, et al. Structured

Bayesian Analysis,

VAEs: Conposing probabilistic graphical models and variational
autoencoders.[EB/OL].[2021-09-10].https://arxiv.org/abs/1603.
06277v5.

[44] Deng Z W, Navarathna R, Carr P, et al. Factorized variational
autoencoders for modeling audience reactions to movies
[C]//Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway, USA:IEEE, 2017:
6014-6023.

[45] Li Yingzhen, Turner R E. Rényi divergence variational
inference[C]//Proceedings of the 30th International Conference
on Neural Information Processing Systems. Bracelona, Spain,
2016: 1081-1089.

[46] Wan Neng, Li Dapeng, Hovakimyan N. F-divergence
variational inference[C]//Advances in Neural Information
Processing Systems 33, 2020: 17370-17379.

[47] Liu Qiang, Wang Dilin. Stein Variational Gradient Descent: A
general purpose Bayesian inference algorithm[C]//Advances in
Neural Information Processing Systems 29. Bracelona, Spain,
2016: 2370-2378.

[48] Liu Yang, Ramachandran P, Liu Qiang, et al. Stein variational
policy gradient[C]//Proceedings of the 33rd Conference on
Uncertainty in Artificial Intelligence. Sydeny, Australia, 2017:
239-247.

[49] Majtey A P, Lamberti P W, Prato D P. Jensen-Shannon
divergence as a measure of distinguishability between mixed
quantum states [J]. Physical Review A, 2005, 72(5): 052310.

[50] Weikum G. Foundations of statistical natural language

processing [J]. SIGMOD RECORD, 2002, 31(3): 37-38.

WAL B ki

2022.03 455 300 5 1 11


https://doi.org/10.1016/0370-2693(87)91197-X
https://doi.org/10.1023/A:1008932416310
https://arxiv.org/abs/1603.06277v5
https://arxiv.org/abs/1603.06277v5
https://doi.org/10.1103/PhysRevA.72.052310
https://doi.org/10.1145/601858.601867
https://doi.org/10.1016/0370-2693(87)91197-X
https://doi.org/10.1023/A:1008932416310
https://arxiv.org/abs/1603.06277v5
https://arxiv.org/abs/1603.06277v5
https://doi.org/10.1103/PhysRevA.72.052310
https://doi.org/10.1145/601858.601867
https://doi.org/10.1016/0370-2693(87)91197-X
https://doi.org/10.1023/A:1008932416310
https://arxiv.org/abs/1603.06277v5
https://arxiv.org/abs/1603.06277v5
https://doi.org/10.1103/PhysRevA.72.052310
https://doi.org/10.1145/601858.601867
https://doi.org/10.1016/0370-2693(87)91197-X
https://doi.org/10.1023/A:1008932416310
https://arxiv.org/abs/1603.06277v5
https://arxiv.org/abs/1603.06277v5
https://doi.org/10.1103/PhysRevA.72.052310
https://doi.org/10.1145/601858.601867

	1 研究现状
	1.1 提升计算效率
	1.2 重构变量间的依赖关系
	1.3 通用变分推理框架与自动化推理
	1.4 提高算法鲁棒性
	1.5 概率编程系统

	2 贝叶斯分层模型与VI
	2.1 贝叶斯分层模型
	2.2 VI框架
	2.3 SVI与主题模型
	2.3.1 SVI概述
	2.3.2 主题模型


	3 更稳健的变分推理
	4 概率编程
	4.1 概率编程语言概述
	4.2 概率编程语言评价

	5 研究展望
	5.1 VI与MCMC结合
	5.2 非共轭推理
	5.3 与深度学习融合
	5.4 基于分布测度的问题
	5.5 概率编程
	5.6 在铁路领域的应用

	6 结束语

