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= Semantics (DGM, UGM)

= HMM, CRF

2 variable-elimination cluster-tree triangulate
o Kalman

o sampling

0 variational

0 maxlikelihoodEstimate RFLearning
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» Block approach

s AB{E T (Variational mean field)

s ZEKYAR 4> 7% (Structured variational approach)
s A8y IH-# 77 (Variational Bayesian) F-T Il M- 2%k 11

» Sequential approach

= Local variational method




Variational Inference for p( Xy | Xg )
—ME B REFRAE AR B a(x,,) ZOEMESERE p(xy | Xe )
q(xH):argqmin KL(q(xH )| p (%, |xE))
Three steps ...

(» Use Kullback-Leibler distance KL(q||p) as a measure of
‘difference’ between p(x,|xz) and q(x,).

S il
2 Choose a family of variational distributions q(x,,).

® Find qg(x,) which minimises KL distance.



(1) Minimise the KL distance

a(xy)
L(allp)=)_a(x,)log
Z p(Xy %)
fixed maximise minimise
\ 4 4 4

log p(x:)=L(q)+KL(qall p)

X, , X
L(Q)=ZQ(XH)I09 p((q(.:( )E) Minus Free Energy

:_XZH:q( )log p (X, Xe Zq Iogq(XH)

KL( o q) Expectation Propagation (Minka, 2001), PRML 10.7



Discussion (Mackay book / Murphy book)

a
14
= Zero forcing (BZE) for qg: if p=0 we must ensure g=0.
= will typically under-estimate the support of p.

= ( locks on to one of the two modes.

» Exclusive KL / Reverse KL: KL(q|lp) = [ qlog

» Inclusive KL / Forwards KL: KL(p||q) = fpl(?gs

= Zero avoiding (E2E) for q: if p>0 we must ensure g>0.
= tends to find q that has higher entropy than the original
= ( tends to “cover” p
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(1) Minimise the KL distance
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(1) Minimise the KL distance

V'

[ KL@llp)

A

L

maximise

L()

V'

log p(Xg)

fixed

AT R OO NN NN N

14



(1) Minimise the KL distance

L(allp)=Xa(x, 'ng?x(HXTx)E)

fixed maximise minimise

9 |
log p(x:)=L(q)+KL(qall p)

Xit» Xe )

(6)- S, o L2 — 4 a) s Fa(x,Joap(x,
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Xe )
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argmax L(q)="? Eq[log p@,

Xc) |

argmax L(q)=" <Iog p(xH,xE)>q

P IRIE 2 IR g 70 A BRI AL

15



(2 Choose a family of variational distributions q(x,,)

» BoigEgEERE o) =]]al
o BRI Xy FIS 'S )
s q(xy) FAIMES A 734745 (mean field distribution)
s AR5ri0 25y A R B — variational marginal q(x;) [ EIE R L H

16



(2 Choose a family of variational distributions q(x,,)
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@ Find g(xy) which minimises KL distance.

argmaxL(0)=?  ZmeEmL, KiZEMS

q: FEAZIR
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Xy \k 12K

TEKL(a) =H (a(x.)+ Ta(x g p(x,)+
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= TR (q(x )1 (%)) + %
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@ Find g(xy) which minimises KL distance.

« TRBEFAZE ax Hq
AR logq(x,)=log B(x,)
= 2. [ Ta(x )log p(x,. % )+
= 2. 906 %) x10g p(%4.%e ) =E, [ log p(x,, % )[x, |+ %%k

XH \k

BifEsmEEAR:  loga(x )=E,|log p(Xy,X: )| X, |+const, k e H

q(xk)ocexp{Eq[log p(xH,xE)|xk]}

sk 9°06),9%(%),9% (%), 9@ (X )
(1)(X1) (0) X2 (X) ’q(O)(XK)
(1)(X1) q(l)(xz) (0)( ) ",q(o)(XK)
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S B SRR f(xy, %)

f(%:%)
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A simple example P()
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K11 K21 o
log p(Xl,Xz)———|092ﬂ+ Iog\K\—ELX1 'le [K < j(f _f] X

£ logq(x,) =, [log p(x,. xe )| %, J+const F/MEKL(p(x,%).a(x)d(x,))

logq(x, Zq )log p(x,, X, )+ const

:_%()ﬁ_ﬂl) 11_()(1_:U1)K12 (<X2>q —/12)+C0n8t

_ DR
X {1 U _%Kll'xlz N(x|g,h,K)_exp{g+h X 2K x}

XHI— KT % - Ky =% - Ko, (<X2>q_ﬂ2) p=K™h

q(x1) =N (X1 | 14— K1_11K12 (<X2>q _:Uz)v Kl_ll)



A simple example
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M{EIATT 77 3EIR vs GibbsEiF

IEIAAE 5 Sy At A 2k § Gibbs e /A 2

logq(x,)=E,[log p(x,.%:)I% ]+const i x —sampling from p(xk |xH\{k},xE)

" X, —sampling from p(x,, . )
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Mean field equations

AR (k=1, ..., KD Bt E SR E S <
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» Block approach

s AB{E T (Variational mean field)

« ZMZ43 54 (Structured variational approach)
s A8y IH-# 77 (Variational Bayesian) F-T Il M- 2%k 11

» Sequential approach

= Local variational method
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Structured variational approach

e H — 24548 (substructure) ,
FEER N IR TR ORS TR, T2 1"]ZIEﬂ1ﬁﬁIi’J@i§n&U

1&& q HQ( ) Uh—H hh; =0fori= ]

o ARy I0 %) A R $ —variational marginal q(x;) HIERE R R L H
o ARSI ARSI, EAMML

logq(x, ) =E,| log (X, %: )| %, |+const

:ZEq[Iog¢C(xC) xhi]+const
JEEER I A p( Xy, Xg ) HIEEHY

= q(xC i | X )Iog¢c(xc)+const
C :
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+ Block approach
s A0 {E 7% (Variational mean field)
s ZEKYAR 4> 7% (Structured variational approach)
s A5 U775 (Variational Bayesian) T MU #r #0411

» Sequential approach

= Local variational method

M.J. Wainwright, M.I. Jordan.

“Graphical models, exponential families, and variational inference”,
Foundations and Trends in Machine Learning, vol.1, pp.1-305, 2008.
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Connect to Deep Learning

Auto-Encoding Variational Bayes

Diederik P. Kingma Max Welling
Machine Learning Group Machine Learning Group
Universiteit van Amsterdam Universiteit van Amsterdam
dpkingma@gmail.com welling.max@gmail.com
ICLR 14

Variational Inference using Implicit Distributions

Ferenc Huszar '

arxiv Feb. 2017; Twitter, London, U.K.
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Semantics (DGM, UGM)
HMM, CRF

variable-elimination cluster-tree triangulate
Kalman

sampling

variational

maxlikelihoodEstimate RFLearning

31



