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—RR2 TN VAE HIE °.
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Autoencoder— representative learning / dimension reduction

Hinton BY “Autoencoder”

SRR LB [G— N EERINFRUE i :
RIZEEENE (BTEMR4HADE) T g

SRIFAEERE, BETETRTAR | |
Ff “autoencoder” MIEHRINE, BIXRE n  new | ,
VAN ERIRFRR S =N T EW. & '
IR 7T — YR NENBE L, %A = e LT 0] code ayer i
IESCVRARE autoencoder MIEF (R4S, v ‘
{EJ9—F# dimension reduction ([&#E) TH, S AR
EHEBRLLERM DT (principal components
analysis) #58%., ° I 2000 ] | ]
"’ht'tp : //www-;:mblic : i'mtbs-tsp'. eu/~gibson/ «
i Al | v, o
Pretraining Unrolllng 777777777777 Fine-tuning

Autoencoder— representative learning / dimension reduction

R

O PCA YR (NEELNENAEMS).

O FABERNMNZE "encoder/4RIZ" MBGHEERE X HIR/IRER Z,

0 — 1 RLAY “decoder/fERD" MLEMARADFIREETIE.

QO MNAPWEFRIBEIWNEFR, BilrEERIMURISEIESHEWZ BNERK—E)%. (FIREW

RE)
o A iﬁgﬁg?ﬁggﬁﬁﬁﬁﬁ%ﬁ%w&%, B5TBIY decoder W4, SATSIEIT encoder PSR AEIFIRE
Aag

——IZREBYFFRD “Autoencoder”,
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VAE — ETJ Variational inference |

"..VAE EEHATIESFS (unsupervised learning) EZ5HRIRZIIBRYGAZ—. VAE EBIK5|, BA
BN EFVEREUEITEE (neural networks) Z E, FHBERILA{EHstochastic gradient descent 1Tk, "
(Wikipedia)

FAA VAE EiERIEEAG, RERETERE, EM BiFFRIERSRENFERFSHIER.

VAE — EF Variational inference Il

LA VAE EiEAIEAR N0, AR EEE,

EM HiEFREMS N EEF TSR,

o £ VAE 1, 5|\ latent variable 2 JBfE Y Bayesian inference {EZRHAIEFIG, (FBEEE)
e Expectation maximization (EM #&H!) F3F3Kf# VAE,

o {& Autoencoder —#¥, VAE FRY - IDEEHUE X NRENRNAE,

o ¢(-) " Variational function, 5 Variational inference F{EEFERYRFSHEE.
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VAE — ETJ Variational inference IlI

VAE RYETH
VAE 2MEST p(X) BIREY, ZoHhENXERENEENEHETE X FHSES X k.
VAE RYERH:

QO =458 Z PHY latent variables z,
0 MIATLUMRIEENIE 2 ERYEAIERZEREL (PDF) p(2) BHAKERT » HATHIFE.

© HAVE—IRMEMNREL (7 0), AEANZTIE © PRIEE 0 BHL, B f: Z2x0 - X, [B—PHEMER
£, MR - ENE 0 R2EER, EFE v FR— T ENRE.

o g*gﬁ]%%{zt{{ 0, FEBHAITLAN p(2) 3 - BT, FEUMRSHIBER, f(20) BERIIEIEET
g X —#E,
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VAE #Z#1&—Objective BIFZRK |
IHERKL. '

£ Generative model BI—RIEET, BARIBRERBELUTATNEAUEBNERTETIIGEFEN X AIHER:

p(X) = /p(XIz; 0)p(2)dz. (1)
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VAE #ZZ1E—Objective BYFZRL I

SINREZE, '

3| latent variable z B2—E&%I5. BFEENOT.

7T RETIFE (1), VAE RIRLIEFNEIRE : YIMAE X latent variables 2 (BD, RREBIMARMHAREBR), LA
(BT - B9ERSY, VAE SUXTE AL T BRI,
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VAE #Z1&—Objective BIFZAL I

B AENSEMY, LR ALN—MRED R HiEERS. '

3
2
1
e et .
of :..-'\ _"_- 0.0
1
2
3

-2 -1 o0 1 TC1s -10 05 0.0 05 1.0 15

fgn, 1Fxlx?kﬂ]*5%ﬂi¥—/\ 2D BEHNE, EELH:—AIHJ: LR = 2 2D B normally distributed
(2~ N(0,1)), W f(z0):= g(2) = 2/10 + 2/||2|| KEEEEMK, SNERT7.

VAE #Z#1&—Objective BIFZRL IV

BB HEMEIXIE A, FEZIE p(X]20).

Eitt, SNERFRHEAREY function approximators, FAJAILABERMFE S —NREYL, ZEREUETFAIRIZAY.
normally-distributed = {BIETZEIAREEYRTEETEEEAY(E(AT latent variables, FASIGIXLE latent variables BRETE] X,

0 EXRZHUBRT, BAILIREARIE /(2 0) Bt 4.
@ 1§ f(= 0) WA— NN,
Q M. iR X
p(X|z%0) = N(X|f(z6),0” * I). 2
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VAE Z1E—HZRk objective

MR f(z0) B—1ZE neural network, BRAFANTRTLBSIZME(FERERIJLER normally distributed z LASESE
RS ERSEIEEE (WEEinR. SEHE. AESE). AREULERERNEEXLBIEEMmET
B—NeERNEE., SRR, BRIIASEROHERXMEESENEE. NRXMEESEEETIEE
FETRMEERS (BDERMIAR) JIIgE, BRAMBEER —BEFIRNZEA.

PRI THIRE °©
BRI (1) : p(X) = fp(X|z; 0)p(2)dz
Heip(z) = N(0, 1).

SEAIIEIRAFEFD variational... IBREAVEFERE, HEAM?
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VAE Z1E—JHZRk objective

EINESK: ik AUEEER, EINEFTEIEER. '

L, WTASHE 2 p(X|2) BEOETE, BELWXIBAWLTT p(X) LFRBERE.
Variational autoencoder B/RHZURERSIHXIAIREFE X /Y » RYER T, FUREXLEETE p(X).

gz%fﬂﬁkéﬁﬁ]%ﬁ—%—ﬁ\% BEL q(2]X) ° ERLUES— X BE, FERI— XT84 X 1 - BENS .

"ERt, BER p(X|2) BEERMM.
B2M! q(2|X) £ variational, BE— posterior, STEEIE p(z|X). 5 variational inference RRYAEIEIERE.
°FHEB, q(z|X) TTLAM exponential family 5%i%t%, 45512 Gaussians,
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VAE Z1E—HZRk objective

ERLA:

0 HAIBE ¢(4X) THY 2 KE—NLE P(2) THITE - TEVIMEZRITEL
0 —uNBEE, FEAMIBEIRRERAN evidence p(X|2). B, BUERANGHEH I

Eonq[p(X]2)]. ®3)

Q WHAEREIEIR p(2|X), BEBTERAMHTE (3) AY q(2/X)? BIENX ELBO #1 KL-divergence, FrBRIRIGERS
T VI SR,
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VAE Z1E—HZRk objective

EE (2| X) 0 p(2|X) ZIBAY Kullback-Leibler divergence:
KL[q(2] X)[|p(2| X)] = Ez~qllog q(2|X) — log p(2| X)].
BT p(2|X) = p(X]2) - p(2)/p(X), ¥ p(X]|2) F p(X) BANATEFRE—MERID:

KL[q(zl X)||p(2| X)] = E:nqllog (2 X) — log p(X]z) — log p(2)] + log p(X).

BE
log p(X) — KL[g(2| X)||p(2 X)] = B qllog p(X]2)] — KL[g(z| X)||p(2)]- (4)

ﬁa %. \/9\/-
(Tuning ¢(+)) / & (Encoding:p(# X, ¢); Decoding: p(X|z,0))
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VAE Z1E—JHZRk objective

Objective 1 NN 4543

ﬁa %. \/9\/-
(Tuning ¢(-)) / & (Encoding:p(2| X, ¢); Decoding: p(X]z,0))

Objective: L(0, ¢, X) = By x.0) log p(X]2 0)] — KL[g(|X, §)||p(2)].* (5)

General structure citedrom peepsayes 2019) 2D

D

Decoder
(generative network) p(z]2,0)

Encoder
(inference network)
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VAE Z1E—HZRk objective
&it:

—A=5: TIHREE o(4X) B, BIOFLBRAMW logp(X), B, BMNFBZER/IME KL[g(4X)||p(2 X)),
General structure ciesion pespsayes 2010 D

D
2d

Decoder

Encoder
(inference network)

¢

q(zlz, ¢) (generative network)

Bt AFRA VAE?
@ "Variational”: EREURIML q(z| X, ¢) FHHEEN 2,
@ "Encoder”: ¢(2|X, ).
—MEERMEITE (2 X, ¢), FHXT 2 GEH9E p(X) FOHEE S(X) #HmE. - 2R
(21 X) = N (u(X), 2(X)) FEXAET.
@ "Decoder”: p(X|z0),
TE NN 3 f(20), 18 p(X]z0) = N(X|f(%0),02 1) (2).
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VAE Z1E—HZRk objective
24

Objective: L(0, ¢, X) = Eyzx,¢)[log p(X|z 0)] — KL[q(2] X, #)[|p(2)]. (5)

O WE X € D, D 2iI&EEEE,

Q@ XI evidence p(X) B2—MRBEXEFERIBM.

@ M NNIIGHBERE, BEEAN p(X) REAZ, B Ex p[p(X),

Q 3IN : B—FUMERIS, 8 p(X) = [ p(X|%0)p(2)dz (1).

Q p(X|2) WIHEA p(X|%0) = N(X|f(%0),0% 1) (2). BFE NN PR “Decoder” B, FHE f(z0) 2B
& NN Z38Y,

0 ATIEFEEIFMN 2, XF 2~ (2| X) BITHEE, HBE (2| X) BT posterior p(2 X).

0 A, q(2]X) BE (2| X) = N (u(X), S(X)) BFHITHE, XMIFEWFRA “Encoding”.
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@ Objective: KL divergence 23
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Objective: KL divergence

Et, MEZMATSTE (5) F objective FIARHET ,

L(0,¢, X) = Ey1x,4)log p(X]z,0)] — KL[g(z X, 9)[|p(2)].  (5)

Bk, EIE
KIL(N (ko Zo)[IN (1, 21)) =
L(Tr(ST%0) + (u1 — 10) "7 (w1 — o) — ki + log (42421 )),

Heh & 20mR%E, AR5

KL (q(1X)]p(2)) =
KLV (1(X), £()). M (0, D) =
L(Tr(S(X) + (u(X) Ta(X) — k— log(det £(X)).

U ERIESS,
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(6)

BN Gaussians BY relative entropy (KL divergence) |

B multivariate Gaussian distribution Ay #1 A7 AY KL-divergence:

k)_(/\}p“/\h) N ,z)
(e 22) ds 1 Lo gy 1)
. Oy, S ig———="d | 2 ———pxp[-36c4) & )
= jxexN Wekz mﬂ’f’ )
No(M:Z-) (MeZ)
"E [ jN‘Mlzl)J M% ) N
PO IR D) WAhi ,,waGa«gslM Drs
...I ;_
R L L)
T
|2\\ 4(7“)\ sy +3 JCOPAESY )]
=Eml 0’3
2 13 . Tl )T)_ x-Ms) /X:{ x'\@’@ﬁ
- élﬂj IZI\;E”vL“\M \Ynl
W
g Lo s (F)) ~ (i)
5 2 Cov
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BN Gaussians BY relative entropy (KL divergence) Il

43 etk ‘
e Anxn

ST A ke

(:)'L‘_wv)

X3 x = T (AXX")

Tr (Arun) :%ah"

AT ®) e
o (WtbTe)  ABERT, abER geE[ocEmyrEen) [ v ; )

(AR TEAL = E[ o -XELT-£00 X' E0EC)
L') : LCXXTJ'[:["E[X]]"E(Ef‘]".rji»é[e[)qe[ﬂj

T ( a,A+bB) =alr

[t

wyn N

wo W= caoepreap sger ([ )

Sob = SEORT)- b
A=l
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FA Gaussians BY relative entropy (KL divergence) Il

> ¥ ool ANs, EL =Ako)
@ E E(X—M-)TZ: (XM )J X= ):(. N Ml" = Exe [_MJZ;’X ]=M02. E®) (X N ]

hi Ny M) } )Ev\ A? M i S U Ms

B[22 1) A0 : ,
/ d W T (£ €0 0T) glm (A1)
S b [ (5] (o) e ) "
“ Bl R T (3 (s t!) - £l )
-C (W (= x< D Ky ¢ e M.’)J Sp(ss, 5T el :Z%A;Jg(xpgj
- CnNo ) J_L,, <Yyl - <
- _ (2, IK//(:T) + = T jﬁ@épﬁr mﬁﬁ’ugﬂm
- o, [ (700) ] 2B T o, (pd5Z o)) R
Te T
¥ = = = 'ﬂHAJZ"Mu Mo 22 Mo Tlks 2 Mo
= TY(&FD;?TC; = Tr (A )=X'AX (Fr AX R, %) 1R0) -’
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FAS Gaussians BY relative entropy (KL divergence) IV

O Ey, Loem'z! oAk, ]
-Ep. [ (20 st ) e att)! )J
Em[w(:."(%*‘-zxuw A0))
B[ TrlE ") STt ) + T (D]

-
- Co DN L) < 204
2E,, CFr(2700)] - -2E [T x ()] J] +Exo L Stah]) 0] W

TY(Eﬂ EN LXXTJ) :ENVCMI‘Z\*MIJ :Mﬁéer

= | » - ‘ .
= TY(Z"(E,(—M:; M,T)> l%‘@ T (2\-|§v)+MJZ| \Mo 2ul 3 \/(AD*/‘MIZ W,
:TY (2\“29) + M"T z‘_IM" = W[Z;\ Za)‘(’ (Ml"'MV)TZ(I[MI -Mo )
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B Gaussians BY relative entropy (KL divergence) V

3 D (Ve 1l M) ylvle] LE, T8, (i) |43 B, ot e

(2l HA-Me) = (M)
= 4 12’11‘7'/“}(T (2155) HAh-4ho) 2) )

IE\ | { "MV)Z (MI ))
= 3| by N Tz H

f8Y Sizhuo Ouyang $Rfit LIAFRFEEICAIELE].
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© VAE illZk 22

@ Objective: Expectation of logP(X/z) 29
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Objective: Expectation of logP(X/z)

NN 7)I|EE8R ERAEMIIGREIRESE D PERIARRE X LAY gradient descent, BULAITTESIZRE
Eep[L(0, ¢, X)], BP:

Ex~p| Eengllog P(X]2)] — KL(Q(21X)||P(2))]- (8)
EIREAE (7) I, FTHRIUE Exwp(E.~q[log P(X]2)]], 5
B pl Eeronr(0,0 log P(X]2 = p(X) + 52 (X)  €)]]. 9)
ANPES R SR E 2
Ex~p[M VAE NN decoding JZ%i 1 X (1] (10)

N

XZ2iBT cross entropy SLHIRY *2,

PUETEEA ST p Fl q B cross entropy J CE(p, q) = Ey[—log ql. BEIER: CE(p, ¢) = — X ,c x p(2) log q(z),
https://en.wikipedia.org/wiki/Cross_entropy
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e Optimization: E-M EEIEZRHRIEEITE 30
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Optimization: E-M BEMERPHIEEITE

ERELU TSR B EHUT

o

o M—

[E-Step] &I

—Nexpectation (E) step: {dit latent variable EAY%0,
maximization (M) step: BRAMKTSEAIBLEXIEUUIATE latent variables FAJHFEE

R8¢ Kbt g(2] X, 0):

(t) .
1) _ 40 4 2209L0°7, 6, Xi)
[M-Step] BT3RS 6 KRR E . x4 [log p(X, 2]6)]:
(t4+1) _ (t) Z 66( (t+1)aXi)
o =0 20

13DeepBayes 2019, https://github.com/bayesgroup/deepbayes-2019

WATE 6, BRAW B, x, o) [log (X, 2|0)] REEAM £(0,67, X,) BIE]. BIERE(RL.
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@ Optimization: Re-parameterization trick
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Optimization: Re-parameterization trick |

A4

H1T re-parameterization?

2026 £4 B 12 H

2026 £4 8 12 H

(11)

(12)

30/65
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Optimization: Re-parameterization trick Il

® N oA W N R

& R ERIAIEE!

Decoder
} (P) ) A A

A e

Decoder
(P

Jingbo Xia (HZAU) Teaching materials

Optimization: Re-parameterization trick IlI

REAMNERT “re-parameterization trick” , 1XHBIR 7 AT LUHI T EITEFFRA back-propagation, Bf:

2= p(X) + 57 (X) #e,
Heh e ~ N (0,7), HE 22(X) £ S(X) EEFESIR .

15https ://en.wikipedia.org/wiki/Square_root_of_a_matrix
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Optimization: Re-parameterization trick

A o,

i
- |
Sample = from N (u(X), (X))
I
I
s x |
I .
|
Encoder : Encoder ‘Samp|er from N(0. 1)
(Q) I Q)
I
|
|
I

2026 £4 B 12 H
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def total_loss(_x_reconstruction x, mu, log_var):

[—

reconstruction_loss = F.binary_cross_entropy(_x_reconstruction, _X,
kl_div = — 0.5 * torch.sum(1 + log_var — mu.pow(2) — log_var.exp())
total_loss = reconstruction_loss + kl_div

# return reconstruction_loss
# return kl_div
return total_loss

reduction="'sum’)

®https://stats.stackexchange.com/questions/485488/
should-reconstruction-loss-be-computed-as-sum-or-average-over-input-for-variatio
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o VAE Implementation

e VAE B9 training strategy
@ VAE Implementation FIHfER: Posterior Collapse
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@ VAE Implementation
o VAE B9t training strategy
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VAE BYZZ#4 training strategy |

SEPRE, FAIRTLAE@IT®EFE reconstruction loss:

3 kY L, D & N s b 2
1X - X2, SRS ISR RS, TR el el 7 )
N ¢ ;; ;—92 2
R L o %) VAE
WERLEERZRE re-parameterization BT EIREREL 4([x-9) pXI62)

N i —r X v ‘_’E
AR, (%), =f® X;fa(j‘(?);@)
== . & JXL0) =
/EEEKHZ_‘._ _ X z fli j > =Falg (0. €))
MXSEPR ER— Auto-encoder BYAEIZ. Ll g i

\ s /N =1 s o £ ?« :Jca{‘z)
FrLA, EAMERARBIRAREG LR EERE, IR -1 = obj
P] Dbj -
9P -

o [FIA VAE SPRIIRCEREL (5): L(0, 6, X) = Eyzix.0) [log p(X]2 60)] — KL[g(2| X, §)||p(2)],
o (5) FHY Cross entropy BP9t Eyx.4)log p(X]2,0)],

o (5) FY KL-divergence 5 : —KL[q(2 X, ¢)||p(2)],

e reconstruction loss: || X — X||?,
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\%

#BD
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2B

JR¥A VAE vs. CE

A
%
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@ VAE Implementation FffER1: Posterior Collapse 42
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VAE Implementation FIJERL: Posterior Collapse

Bohan Li & ATE 2019 FAFKAIZT VAE JIIZEHHT “posterior collapse” B3,

Li, Bohan, Junxian He, Graham Neubig, Taylor Berg-Kirkpatrick, and Yiming Yang. "A Surprisingly Effective Fix
for Deep Latent Variable Modeling of Text." arXiv preprint arXiv:1909.00868 (2019).
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© KIET? VAE #fY Stochastic Variational Inference 43
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VAE 93 Stochastic Variational Inference

Stochastic variational
inference and VAEs
Oty Vetro

professor at HSE
lab in SAIC-Moscow

Deep|Bayes

https://github. com/bayesgroup/deepbayes-2019

Jingbo Xia (HZAU) 2026 4512 A

VAE 94 Stochastic variational inference
BB

Gtohastic vaviavional inference ond VAL

[ Degp Bayes w9 )
ﬁ;P 0 4Lt mvLERA £ AR, cviw VIR

@ Hatv # #iﬁ idea(GD v SGD |
O BHW RRAREM., Vl:ibﬂ& EMAE BT Bl
vIifesil oA VAE KR
O LAARYE, grodenct, SVIH grmww,@ﬁ?@%
© Grodiory KAAE RN mrembedding , training DK
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VAE 9y Stochastic variational inference

TELE

Ath i lE 2 [ Baye sion 3n]02m\0€ )
z:f2,, 2, ] &i_

A

x  RRE

2 Catent voriables
pL)= Z P(x, 24)
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VAE 5HY Stochastic variational inference
EM g8

P = [pex, 2 0e = [ptx1) p2 k2

% (élx,:?)
¢ At - Tsﬁzﬁﬁm fl/

Step
EM%N? d (Estimate) 2 s
bk, Aottt AR B pe2 (%:0)
®Lh
923) ¥ p(2[X;0)
F(z;,x;)_ pxi (21 30) P35 [6) -
= Tp) dfp(x;li‘-;.o) pea;|p)A2s
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VAE 59HY Stochastic variational inference
VAE 1351851 intractability

. D»A 1 (u[,)f)
| :%&J {T% ) r\j@ﬁ 1 5"::::)"“ . Filz,e)
X i)\w“”’¢ [(Mj i ‘1,(2,)(,(?) z; " 9
‘@,\004 o(w.dk{ (4,8")
PG |2 0)P(2; ) = PO 2(6)
]l i o
(g 00 M o.3)
$s
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VAE 5HY Stochastic variational inference |
VAE i EM E22

[E -Stcp] et -9 e ek AATD 0%
7 p(z;}m.e)

a): T a2i)= 5
P{X;'i&'b) P{z'i;)

n

T TJoplai o) PEE
- /
olocoder
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VAE 59HY Stochastic variational inference Il
VAE iy EM &8

(V1) g s Ins. @)= Peaslsie)
[ (%, 8) - SJ(X 4)

(2,
Q(a;lx;,gﬂ):;{"v )

4 A VLB, 9 (25| % 0)

:_owah'u\ l‘L (‘Z (8/’('?)([) (3(\(,9))
9

% @3 FpAte BL°
L[¢,9) - Ett(g_.lx,q)[,hﬂ

F{XI’.'L\B) ]
p2(xg)
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VAE 59HY Stochastic variational inference
%£F theta BIBEE: mini-batching

Optimization w.rit. ¢

£(¢,0) = /'q(Z|X. 6)log 212, 00p(Z)

17
WZIX, ) ¢

e Stochastic gradients w.r.t. € can be obtained quite straightforwardly

e Mini-batching:
Z/ zilzi, @)V log p(x;|zi, 0)dz; ~ n/q(::,-|.1¢,-.o)V9 log p(x;|zi, 0)dz;, i~U{L,...
e Monte-Carlo estimation

1:/(1(3,-|.1',-,(,"))Vglogp(.z |zi,0)dz; = nNglogp(x;|z],0), =z ~ q(zi|zi, o)
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VAE 59HY Stochastic variational inference
%F phi B98EE: mini-batching

2R, -
[[qa(xplgptriz 022
= ff f%(g[x,q))(pgf(xlérg)dﬁ

i\z f?(ixlx~)P)k3P(x | 25,0023
f@[&lk g))h:SPM»Ii;,B)o(é,

(min barCh,Lnj)
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VAE 94 Stochastic variational inference

%F phi AIBEE: re-parameterization Fll Monte Carlo estimate

RENAE pfel
& n;%fq(a;lxz,p)bogpfxsléw)da

i = (6,0, 0)= S Et MmN P)

>_ 9 S ;
- ngﬂr(g)ujp(x,lgm,xw p).0)ds¢

“ "5@@7 log P(xslg (€x:.9),0)  Ewrle)
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VAE 94 Stochastic variational inference
VAE kRS SVI e

VAE: final algorithm

e Input: Training data X, dimension of latent space d
e Pick random i ~ U{1,...,n} and compute stochastic gradients of ELBO w.r.t. § and ¢

— Differentiate w.r.t. 6

%,
stoch.grad, L(¢,0) = n5g log p(x;|z],0),

where zf ~ q(zi|zi, ¢)

— Differentiate w.r.t. ¢

stoch.grad,,£(6,0) = n-2- log p(a:lg &, 21, 8),8) — - K L(q(zi]s, 8)|p(22)).
: 19)0) 10}

where € ~ r(e)
e Update 0 and ¢ according to selected stochastic optimization method
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O BERYET 55

@ Score function/ log-derivative trick {7 Monte Carlo estimate 56
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Score function/ log-derivative trick

Score function/ log-derivative trick {88 Monte Carlo estimate! '

{BRIR latent variables Z ~ q(2|¢), HBERIREIVEBMUEANELLTHERE () KTFDHEE ¢ RUHPE
Eqy(10) [f(2)]o

BRI BETRUE B0 ([(2)] BT,

VoBiold] =V [ a@do)f(2)dz= [ Vaa(16)f()dz
fz q(219)f(2)V 4 log q(2|¢)dz (fEH T log-derivative trick. ) (13)
= Ey10)[/(2) 1og q(#]9)].

(13) FHRE—SFRBHEEILUEIL Monte Carlo estimate H{TITEL

fhea: BEXAY variance,
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Q HEMMHIT 55
@ Re-parameteriazation trick {18 back-propagation X /9E]8E 57
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Re-parameteriazation trick

Re-parameteriazation Trick {§f8 Back-propagation F{/JRJREE!

“reparameterization trick fREZER, ..., BIAEIEERGIE, EACNHBRTIFSRED T, FI20

Gamma, Beta, Dirichlet...”,

LAT AT B% 7T "Michael Figurnov, Shakir Mohamed, Andriy Mnih. Implicit Reparameterization Gradients, NIPS

2018
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Re-parameteriazation trick
Standardization function

RN VEE AT MELAI IR f(2) KTFDME ¢ BHHE Eyy0) (2]

A NBRZPTLAIREI— " standardization function Sy (z), ZEEMNEBTRE q(2¢) BIEARRS, STLGBREXNDH

SERIRIR.

Se(2) =€~ qle), 2z~ S;l(a).

Blan, BAZFE Z~ N(zlpu,0), Ss(2) == £ ~ N(e[0,1),

g0, £ VAE R, Z RZJT latent variable, Z~ N(zlu,0), S, () =p+e -0, B e~ N[0, ]),
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Re-parameteriazation trick |
Implicit gradient

AT ITEER standardization function JKIEHY re-parameterization #E, 18

Vo Ey19)(2)] = Eyo19) [V(2)V 52

BRI V.f(z) 2UitEN, §g0, 8T VAE FREBMLE, it8 V. 2— KRR,

WMREEBEMATER Ss(2) =, BHIBE V.S4(2)Vez+ VsSs(2) =0, FEEH:

~ VeSs(2)

Vor= T 5,2

S FERTES A, standardization function FHcumulative distribution function (CDF) 45

Sy (2) = F(2|¢) ~ Uniform(0,1), FEHA (16) Fl1E

_VoFlo)

Vez= q(2|9)

B, iTERABERIFEN CDF RS,
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Re-parameteriazation trick

Gamma S Implicit gradient

BT Michael EABITIANE, {FH series expansion KitHE Gamma 978 I'(a, 1) B9 CDF: ~(z, a).

Zk

~ Ta+D 1+kz:;(a+1)(a+2)---(a+r))

(2 o) BISEETLUEIT hypergeometric function 2 Fs> K5

(% a) . A
) e atops— w(a) +2 Frlaasa+ La+ -2 5 (16)
Heh o(a) = (logT(a))" & digamma function, B 2Fa(a, a5+ 1,a+1; — Z +k) k‘ ko
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Re-parameteriazation trick
Beta S3TGHIEE

R Z ~ Beta(e, ), WRIR 2= 2(21,22) = 7, R 2 ~T(a,1), 2 ~T(8,1). LI, v1(2, ) F
(22, 8) 9BIR I'(e, 1) I T(8,1) B9 CDF, REIHKATE

Oz _ 9z 9= + 0z Oz
o — 0z 0o Bzg D (19)
Oz Oz 921 4 0z Oz

98 — 9z 0B | Bz 0B

SNF =180 2, %0 %% 2\ (18) WHHEMN.
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