Variational Inference for
Structured NLP Models

Berkeley

N L P

ACL, August 4, 2013
David Burkett and Dan Klein

Berkeley

Tutorial Outline

N L P
. Structured Models and Factor Graphs
. Mean Field
. Structured Mean Field

1
2
3
4. Belief Propagation
5. Structured Belief Propagation
6

. Wrap-Up

Part 1: Structured Models and
Factor Graphs

Berkeley

Berkeley

Structured NLP Models

Example: Hidden Markov Model
(Sample Application: Part of Speech Tagging)
Yioi Y Yiri  Yipo
Outputs
(POS tags)

Inputs

(words)
Xi1 X Xiv1 Xigo

Goal: Queries from posterior P(Y = y|X = z) ( P(y|x) )

B(‘rkclcy
Structured NLP Models
v Example: Hidden Markov Model
Yiy Y; Yiei Yo
P(2ily:)

Xio1 X Xiv1 Xigo
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P(yi1ly:)
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Berkeley

Structured NLP Models

P
o Example: Hidden Markov Model
Yi1 Y; Yisn  Yigo
Xi1 X Xiv1 Xigo
P(yle) o< [T P(wilyi-1) Plailys)
Bcrkclcy
Structured NLP Models
ey Example: Hidden Markov Model
H(‘rkclcy
Factor Graph Notation
N L P

Variables Y; Yi Y; Yiqa Yito
Factors ¢

Cliques ¢

Binary Factor
Pe(Yi-1,i) = P(yilyi-1)
c={i—1,i}

Unary Factor
be(yi) = P(wily:)
c={i}

H(‘rkclcy
Structured NLP Models
P
o Example: Hidden Markov Model
Yiy Y; Yiei  Yipe
Bcrkclcy
Structured NLP Models
ey Example: Hidden Markov Model
Yio1 Y; Yiri  Yipo
(Pyilyia) [Py
H(‘rkclcy
Factor Graph Notation
N L P

Variables Y; Yi Y; Yiqa Yiio
Factors ¢ —Q—I—Q—I—Q—I—Q
Cliques ¢

P(yla) o< [] ¢elve) = HP(y,-Iyi,l)P(myi)




Berkeley

Factor Graph Notation

N L P

Variables Y;

Factors ¢

Cliques ¢

Variables have factor (clique) neighbors:
N(i)={c:i€ec}
Factors have variable neighbors:

N(pe) =c

Berkeley (Lafferty et al., 2001)
Structured NLP Models
Example: Conditional Random Field
(Sample Application: Named Entity Recognition)
Yiy Y; Yiei  Yipe

X:X17"'1Xia"'bX77,

P(ylz) o exp <Z w' fi(yi,x) + wai(yi—hyi:x)>

Berkeley

Structured NLP Models

Example: Conditional Random Field

!

Gi(yi) = exp (’waz‘(yz‘al’))}
[d)i—l,i(yi—h Yi) = exp (wai(yi—hyi»x))}

P(y|z) oc exp (Z wai(yial') + waz:(yzi—l»ymC'«")>

Berkeley

Structured NLP Models

Example: Conditional Random Field

M(yi) = exp (wa(yi))]
[Qb(yi—lyyi) =cxp (w' f(yi-1, yz-))}
P(y|z) o< exp (Z w' fy:) + wa(yi—layvi))

Berkeley

Structured NLP Models

- pExampIe: Edge-Factored Dependency Parsing

yi; € {left, right, off} @

® @
® @ O
the®cat @ ate®the® rat

| N S . W

(McDonald et al., 2005)
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Structured NLP Models

P
- Example: Edge-Factored Dependency Parsing

yi; € {left, right, off} @

© ©
OROXNO,
the@cat @ ate®the@ rat

AN = P
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Structured NLP Models

P
- Example: Edge-Factored Dependency Parsing

yi; € {left, right, off} @

© ©
OOXNO,
the®cat @ ate@the® rat
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Berkeley

Structured NLP Models

- pExample: Edge-Factored Dependency Parsing

vij € {left, right, off}

1y forms a tree
Ply) = {

0 otherwise

exp(w’ f(i,))
O(yij) = { exp(w’ f(j,4))
1

Berkeley

Inference

N L P

» Input: Factor Graph

YT

» Output: Marginals P(y;|x)

Berkeley

Inference

N L P

» Typical NLP Approach: Dynamic Programs!

» Examples:
» Sequence Models (Forward/Backward)
» Phrase Structure Parsing (CKY, Inside/Outside)
» Dependency Parsing (Eisner algorithm)
» ITG Parsing (Bitext Inside/Outside)

Berkeley

Complex Structured Models

N L P

POS Tagging

Joint
!
Named Entity
Recognition

(Sutton et al., 2004)
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Complex Structured Models

N L P
Dependency Parsing

with Second Order Features

O

(McDonald & Pereira, 2006)
(Carreras, 2007)

Berkeley
Complex Structured Models
N L P
Word Alignment
yij € {on, off}

vi

Slu) = {eXP(wa(i.J’)) by = on
vy) =
1 yij = off I

el

1 {jryy=on}<1

O(yin) = {0 otherwise "

frio

1 s o<1
O(ysi) =
s 0 otherwise | saw the cold cat

Berkeley

Complex Structured Models

N L P
Word Alignment

yij € {on, off}
O @ O O Ow
O O @ O O -«
O O O O @ &
O O O @ O frio

I

saw the cold cat
(Taskar et al., 2005)

Berkeley

Variational Inference
N L P
» Approximate inference techniques that can be
applied to any graphical model

» This tutorial:
» Mean Field: Approximate the joint distribution
with a product of marginals
» Belief Propagation: Apply tree inference
algorithms even if your graph isn’t a tree

» Structure: What changes when your factor graph
has tractable substructures

Part 2: Mean Field

Berkeley

Bm'kclcy
Mean Field Warmup

N L P

o(a)

a Wanted: argmax P(a, b|z)
a,b
(a,b) Idea: coordinate ascent
b Key object: assighments
o(b)
Iterated Conditional Modes (Besag, 1986)




Berkeley

Mean Field Warmup
= a9 o™ = argmax ¢(a)p(a,b)

a

Wanted: argmax P(a,b|x)
a,b

Berkeley
Mean Field Warmup
¢(a) (m)
9 o) = argmax é(a)p(a, b)
®(a,b) (]

N L P

Wanted: argmax P(a, b|z)
a,b

Berkeley
Mean Field Warmup
N L P
o(a)
a a® = 4o(t-1)
o(a,b)
e Bt = pt=1)
¢(b)
Wanted: argmax P(a,b|x)
a,b

Approximate Result: ("), p(")

Berkeley
Mean Field Warmup
N L P
o(a,b)
e bV = argmax ¢(b)¢(a, b)
b
¢(b) (m)
Wanted: argmax P(a,b|z)
a,b
Berkeley
Mean Field Warmup
N L P
¢(a,b)
e b = argmax ¢(b)¢(a, b)
b
¢(b) (m)
Wanted: argmax P(a, b|x)
a,b
Berkeley .
Iterated Conditional Modes
N L P Example
B
[T 1T N
[ 1] |
v
44
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Iterated Conditional Modes

Example
B

OO

Berkeley

Iterated Conditional Modes

Example
B

© ©®

Berkeley

Iterated Conditional Modes

Example
B

OO

Berkeley
) Iterated Conditional Modes
N L P Example
B
e
i
44 W
Bcrkcley .
Iterated Conditional Modes
N LP Example
B
==
n ‘/:]
Bm‘kclty .
Iterated Conditional Modes
N L P Example

OO
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) Iterated Conditional Modes

Berkeley

Mean Field Intro

N L P

Mean Field is coordinate ascent,
just like Iterated Conditional
Modes, but with soft
assignments to each variable!

N L P Example
o
B
T
A4
[ H
Berkeley

Mean Field Intro

Bcrkclf)‘
Mean Field Intro
N L P
¢(a) =exp(w' f(a))
é(a,b) = exp(w ' f(a,b))
() = exp(w' f(D))

P(a,b|z) o< o(a)p(b)p(a, b)

¢(a)
a Wanted: P(a|x), P(b|z)
¢(a,b) Idea: coordinate ascent
(b(b) Key object: (approx) marginals
Bm'kclcy
Mean Field Intro
N L P
o(a) = exp(w' f(a))
¢(a,b) = exp(w' f(a,b))
o(b) = exp(w' f(b))

P(a,b|z) o< o(a)p(b)d(a, b)
=exp(w’ [(«) +w' f(b) +w" f(a,b))

Berkeley
Mean Field Intro
o zuf/‘(u) P(alb,x) o exp(w ' f(a)+
w' f(a,b))
w' f(a,b)

Wanted: F’(«|r}, P(b|x)




Berkeley
Mean Field Intro
o I;}T,/‘((,,) P(alb,x) o exp(w ' f(a)+
w' f(a,b))
w' f(a,b)

q(b)

Wanted: P(a|r), P(bz)

Bm‘kclty
Mean Field Intro
N L P
w' f(a) q(a) o exp(w” f(a)+
q(a) wTIE,I(,,),/'(@ b))
w' f(a,b)
q(b)

Wanted: F(«a|x), P(blx)

Berkeley

Mean Field Procedure

N L P

w' f(a)
()
w' f(b)

Wanted: P(a|r), P(b|x)

Bcrkcley
Mean Field Procedure
N L P
w' f(a) n
e M (a) x exp(w” f(a)+
w' f(a,b) (M) UJTIEq(b)f(a,b))

Wanted: P(«|x), P(b|z)

Berkeley

Mean Field Procedure

w' f(a,b)

e P (b) o exp(w " f(b)+
w' f(b) w By f(a,b))

Wanted: P(«|x), P(blx)

Berkeley

Mean Field Procedure

N L P
w' f(a)

Wanted: P(«|x), P(b|x)
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Example Results

50 00

[T TTT]

Berkeley

Mean Field Derivation

N L P
» Goal: p(y) = P(ylz) o« exp (Z wa(ya))
» Approximation: q(y) = p(y) ’
» Constraint: ¢(y) = HQ(yi)
» Objective: ¢(y) = ai‘glnin K L(q||p)
» Procedure: Coordinat(:e ascent on each ¢(y;)

» What's the update?

Berkeley

Mean Field Update

1) q(y:) = argmin K'L(q||p)
a(yi)

OKL(qllp) _

2) 9q(yi)

3-9) Lots of algebra

10)  q(y) O<eXp< > 'wT]Eq(yi)fc(yc))

ceN (i)

Berkeley

Approximate Expectations

N L P

Baty_of Wi v un) = > aly)a(ur) £ (v vi» vk)

Yi Yk
General: ., ) fe(yc) = Z ( H q(y; ) fe(ye)

Yen{ip \J€c\{i}

Berkeley

General Update *

N L P

Exponential Family:

a(yi) o< exp ( > ’IvTEq<y_f>.fc(Z/c)>

ceN (i)
Generic:
q(yi) ccexp | Y By, logbe(ye)
c€N (i)

Bm‘kclty
Mean Field Inference Example
N L P
() l/g
O=0 .o -
p(y2) 2 1
p(y1) - o(y1,12) q(y1)
2 a(Yh = 0) x exp(0.50 log 2
2]a +0.50log 5)

P(Y1.92) q(Y; = 1) o exp(0.50 log 2
+ 0.501og 1)




Berkeley

Mean Field Inference Example

N L P

D(y2)
6}*6 o)
2|5

DP\Y2 2|1

2 g(¥1 = 0) x exp(0.501og2 |69}
2|4 +0.50log 5)
PY1.92) q(Y1 = 1) o exp(0.50 log 2

+0.501og 1)

ply1) o(y1.y2) Q) bt
5

Berkeley

Mean Field Inference Example

77(.7/2) 21 q(yz)
py) oY1 y2)

2] 5| ¢(vo=0)xexp(0.69log2

Bcl‘kcley
Mean Field Inference Example
N L P
; ? d(y2) é
?(y1) e

,
p(v2) 2 |1 q(y2)
p(y1) oY1 y2)

2 5] q(Va =0) o exp(0.69log 2
21 +0.311log 2)
PY1.y2)  q(Yy = 1) o exp(0.69log 5

+0.311log1)

2|1 +0.31log2) 71
PY1:y2) q(Ya = 1) o exp(0.691og 5
+0.31log1)
Berkeley

Mean Field Inference Example

N L P

d(y2)
6‘6 o)
2 |5

Py 2 1
N o(y1.y2) alyr)
2.

)

S| g(Y1 =0) x exp(0.40log 2
2|1 +0.601og 5)
pY1.y2) q(Yy = 1) o exp(0.40log 2

+0.60log 1)

Berkeley
Mean Field Inference Example
N L P
b (y2) 6
é 6 o(y1)
B
p(y2) PRI q(y2)
p(y1) o(y1,y2)
2 5] q(Vs =0) o< exp(0.731log 2
2 || ol +0.27log 2)

PY1:y2) q(Ya = 1) x exp(0.731og 5
+0.271og 1)

Bm‘kclty
Mean Field Inference Example

N L P

b(y2)
(5"6 o) (5 6

1 2 |5
p(y2) . o)
p(y1) @(yla yz)

ay1)
2]5 28.45
2].1 10].17

(Y1, 92) q(y1,y2)




B(‘l‘kClEy
Mean Field Inference Example

N L P

O« i OO

77/) 1 1 Uz
oy )- o(y1,y2) a)

44].22 44].22
22].11 22].11

p(Y1,92) q(y1.v2)

Berkeley

Mean Field Inference Example

N L P

50 5 OO

1 9|1
2 ! 1]s q(y2)
() #y1,y2) o)

56.06 67].15
0631 15].03

(Y1, 92) q(y1.v2)

Berkeley

Mean Field Q&A

N L P

» Are the marginals guaranteed to converge to
the right thing, like in sampling?

» |Is the algorithm at least guaranteed to
converge to something?
» Soit’s just like EM?

Yes

Berkeley

Why Only Local Optima?!

N L P

Variables: v1,Y5,...Y,

Discrete distributions:
e.g. P(0,1,0,..0)=1

All distributions
(all convex combos)

Mean field approximable
(can represent all discrete ones, but not all)

Part 3: Structured Mean Field

Berkeley

B(‘l‘kClEy
Mean Field Approximation
N L P
Model: Approximate Graph:

---é Qg 3




Bm'kclf)‘ .
Structured Mean Field

N L P Approximation

Model: Approximate Graph:

___________________________

p(a,b) ~ q(a)q(b)
(Xing et al, 2003)

Berkeley
) Structured Mean Field

N L P Approximation
P(alb, x) <exp (Z w' fla;) +
Zw—r,f(ﬂwﬁ 1,0;) +

wa/’(a,-,, m))

Berkeley
) Structured Mean Field

N L P Approximation

. : .
q(a) <cexp (Z w' fla;) + %

Zwa(ﬂz‘fls”i) +

Z wTEq(b>f(a7-, b,,'))

Berkeley
) Structured Mean Field

N L P Approximation
q(b) xexp (Zqu(b,) + i i i
> w fbi,bi) +

Z wT]Eq((L)f<ai- b?))

Bm'kclf)‘
Computing Structured Updates

N L P
w v
q(a) xexp (Z w' f(a;) + fla) o
S w' flai ) + flai-1,a:) of

i

Z wTEq(b)f(aH b?)) EQ(Mf(ai‘ b’i)

??

Berkeley

Computing Structured Updates

N L P
]E':q(b)f(ot,'T 1)1:) = Z q(b)f(a/“ b/‘)
b
= qbi) f(aib)
b;

Marginal probability of
b; under ¢(b)

Computed with
forward-backward

onsists of computing

Updating ¢(a)
@
all marginals ¢(b;)
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Structured Mean Field Notation

Berkeley

Berkeley

/]\ Structured Mean Field Notation

£3478}

—————

Bm'kclcy
Structured Mean Field Notation

\\\\\

H a(ya)

Structured Mean Field Notation
di = {1,2,5,6}

Berkeley

/]\ Structured Mean Field Notation
£3 47.8)

—————

=N
Connected =7/ \|
Components ! ! —q(1/1 Y2, Y5, Y6)
\
/ ds q(y3, ya, Y7, ys)

_____

(4
- q(y9: Y10, Y11, Y12)

Bm'kclcy
Structured Mean Field Notation
N L
(]1
'I
]
\
\
Neighbors:
N(d) = JNG) N(dr)
e e i Yy




Berkeley

Structured Mean Field Updates

N L P

Naive Mean Field:

a(ys) o< exp ( > wTEq_,-f(?/c))

ceN (i)

Structured Mean Field:

q(ya) x exp ( > wTIEq_df(z/c)>

ceN(d)

Bcrkclcy
Component Factorizability *
L P
Condition Example Feature Generic Condition
a; = NNP &
b—pper | Je(Ue) =
0 otherwise H fcﬂd(ycﬁd)

_ {1 rl,:NNP)A d:cNd£0

0 otherwise

0 otherwise

{1 b = B-PER) (pointwise product)

Berkeley

Joint Parsing and Alignment

Berkeley

Expected Feature Counts
27T . q(dr)

N(dy)

Ey_,, f(6,y7,y9: y10)

-3

YO u fye, yz, Yo, Y1o)

Bcrkclcy
Component Factorizability *
(Abridged)

N L P

[ Use conjunctive indicator features]

Berkeley
Joint Parsing and Alignment
N L P
Input: Sentences
(s,5")
project
and N
product mH
of IKF
levels =

High




Berkeley

Joint Parsing and Alignment
N L P ) /
Output: Trees contain t t

Nodes / n n’
R & Y, b
& project U

S and < Y, //ko
< & product UiH Y 2
ééc) of KE
levels
High

Berkeley

Joint Parsing and Alignment
Alignments (1

contain Bispans  §

N L P
Output:

SR e“lv & 1 Y%

W 440 20
f =
& project [Tt "7' _|
. Y,
=] L,

& and %
\\ an /A)
4/4/ /,o
IKE 4
=

Berkeley

Joint Parsing and Alignment
N kR Alignments (1
Output:

Berkeley

Joint Parsing and Alignment
N L P

Output: t,a, t/)
A
1

Q Q Q
& proj
S

Yo
18 wiH 4,7 o
(7
R$ KE L
\\ =

Berkeley

Joint Parsing and Alignment
N L P

Variables n € {true, false}  N,np, = true

Berkeley

Joint Parsing and Alignment

N L P

Variables 1’ € {true, false} ~N/yp, = true




N L P

Berkeley

Joint Parsing and Alignment

Variables b € {true, false} B3g.03 = true

Bm'kclcy
Joint Parsing and Alignment
v & B 1 t forms a tree
Factors ¢ PXP(“} flm O otherwise
& prOJect
S ande
N product .
|_e‘° of T_ i
N levels. ) &
High ..
Bcrkclcy
Joint Parsing and Alignment
N L P

: 1 ais an ITG derivati
Factors ¢(b) = exp(w ' fo(b)) ¢(a) = @ is an erivation
0 otherwise

Berkeley
Joint Parsing and Alignment
N L P , - .
Factors (n') = exp(w! fu(n')) o(t') = {1 ! fonn.s a tree
0 otherwise
1, Y __t
T '0(/ j
7 Y
v
M 4 ye
KFE 4
¥
W
Berkeley
Joint Parsing and Alignment
N L P
Factors d(n,b,n") = exp(w fra(n,b,n'))

(N.x;5 Bijists N'x1)

Berkeley

Notational Abuse

N L P
Subscript Omission:
ff(n) = ft(nLX,)
Shorthand:
net & Nqu = true
n>b<dn’ & net & bea & n'et’ &
(N.x,, Bij,st: Nﬂ//\';) match up
Skip Nonexistent Substructures:

ngt = fi(n)=0

Structural factors ¢(t), ¢(a), ¢(t') are implicit




Berkeley

Model Form

N L P

P(t,a,t']s,s") < exp <Z w! fi(n) + Zw-rfu(b) +

net bea

Z 'LUTftf(lLl> —+ Z wamtr(n, b,n’)

n'et’ n>b<n’

)

Bm'kclcy
Training
N L P
Expected Feature Marginals
Counts
Efi(n) P(n €t]s,s)
Ef.(b) P(b€als,s’)
Efy(n') P(n' €t|s,s")
E fear (1, 0,1") Pn>b<n|s,s)

Berkeley
) Structured Mean Field

N L P Approximation

P(t,a,t'|s,s) o exp (Z w' fi(n) + Z'WT,fa<b) +

net bea

Z w' fu(n') + Z w" frap(n,b,n')

n'et’ n>b<n’

~ q(t)q(a)q(t)

)

Berkeley

Approximate Component Scores
N L P

Monolingual parser:

Score for n, = wat(Tl)

If we knew (a, t'):

Score for n = 'UJTft(n) + watuL’(na ba Tl/)

To compute ¢(t):

Score for 1 = w " fy(n) +w Eyg i) frar (n,b,1')

Berkeley

Expected Feature Counts

For fixed n, x

]Eq(a,L’)ftuL’ (71, b) ”'/)

= Z Pq(n,Xj > b1_’/.s/ < niX/).ftal’(nv b7 71/)
X

= Z q(bij,s)a(n’ x;) frar (n, b, 1)

X/

Marginals computed
with bitext inside-outside

Marginals computed
with inside-outside

Bm'kclcy
Inference Procedure

N L P
Initialize: ‘
q(t) o< exp <Z wat(n))

net
q(a) o< exp <Z 'uzT,f’a(l)))

bEa

q(t') o< exp <Z wT./’«»(H'))

n'et’




Bm‘kclty
Inference Procedure

N L P

Iterate marginal updates:

Bm‘kclty
Approximate Marginals

q(n)

q(b)

q(n’)

...until convergence!
Bcl‘kcley
Decoding
N L P
t = argmax ¢(t)
t

a = argmax ¢(a)
a

/= argmax q(t')
t/

(Minimum Risk)

N L P
P(n € tls,s") = q(n)
P(b € als,s) ~ q(b)
P(n' €t']s,s') = q(n)
P(nb<n|s,s") ~ q(n)q(b)g(n’)
Berkeley
iy Structured Mean Field Summary

» Split the model into pieces you have dynamic
programs for

» Substitute expected feature counts for actual
counts in cross-component factors

» Iterate computing marginals until convergence

Berkeley

Structured Mean Field Tips
N L P
» Try to make sure cross-component features are
products of indicators

» You don’t have to run all the way to
convergence; marginals are usually pretty good
after just a few rounds

» Recompute marginals for fast components
more frequently than for slow ones
» e.g. For joint parsing and alignment, the two
monolingual tree marginals (O(n?)) were updated
until convergence between each update of the ITG
marginals (O(n%))

Berkeley

Break Time!




Part 4: Belief Propagation

Berkeley

Berkeley

Belief Propagation

Berkeley

Belief Propagation Intro

N L P
Assume we
have a tree

P(alz) Z score(y)

y\{a}
= <Z score(R, u,)> (Z score(G, n,)) <Z score(B, (l)>
R g B
= mpr—a(a) . mg—a(a) - mp—a(a)

N L P
o(a)
a Wanted: F(«|x), P(b|z)
(a,b) Idea: pretend graph is a tree
(b(b) Key objeets: .
Beliefs (marginals)
Messages
Berkcley
Belief Propagation Intro
N L P

mg—a(a) = Z score(R, a)
R

= 3 6, @Yoy m (P (1)

= Z B(r,a)mp_g(r)

"}’RH(P(T) = Mg, *)Ii(")r”ogﬂli(r)

Berkeley

Messages

N L P

Variable to Factor Factor to Variable

TrL(f),a—>3/z
my;—¢.
Pe

Both take form of “distribution” over Y;

Berkeley

Messages General Form

N L P
» Messages from variables to factors:

my, 0. (i) o< [T m6 v ()
CeN\e)




Berkeley

Messages General Form
N L P
» Messages from factors to variables:
Moy, (i) o Y Gelye) [ mvi—o. (i)

Ye\{i} i’ec\{i}

Berkeley
' Belief Propagation on Tree-

NL P Structured Graphs

» If the factor graph has no cycles, BP is exact
Can always order message computations

» After one pass, marginal beliefs are correct

Berkeley

“Loopy” Belief Propagation

N L P

Just start passing messages anyway!

H(‘rkclcy
Marginal Beliefs
N L P
by, (i) o< [ mosv.(wi)
ceN (1)
Bcrkclcy
“Loopy” Belief Propagation
N L
Problem: we no longer have a tree
Solution: ignore problem
H(‘rkclcy
Belief Propagation Q&A
N L P

» Are the marginals guaranteed to converge to
the right thing, like in sampling?

» Well, is the algorithm at least guaranteed to
converge to something, like mean field?

» Will everything often work out more or less

OK in practice?
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N L P

Belief Propagation Example
Exact BP
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Belief Propagation Example

Berkeley

Belief Propagation Example
Exact BP
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Berkeley

Belief Propagation Example

Exact BP

Bl ggem
1¢] 5] 4 3]
) 7] 7]

Exact
ﬂ
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[E1s]
Berkeley
Belief Propagation Example
e Exact BP
.34 66 .31].69]
5] K 7] ]
1] ) | Ay g\
1
]3] [ Laa] o]
B(‘l‘kClEy
Belief Propagation Example
N L P
Exact
16 53 14
.47

(s3]
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Belief Propagation Example
Exact BP
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Belief Propagation Example
Exact BP
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Belief Propagation Example
e Exact BP
.34 66
/
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Belief Propagation Example
N L P

Exact BP
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Belief Propagation Example
N L P
Exact BP
.34 66|
F|e|d
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O
O
B(‘l‘kClEy
Playing Telephone
N L P
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Part 5: Belief Propagation with
Structured Factors

Berkeley

Bm'kclcy
Structured Factors

N L P
» Problem:

» Computing factor messages is exponential in arity

» Many models we care about have high-arity factors

» Solution:
» Take advantage of NLP tricks for efficient sums

» Examples:
» Word Alignment (at-most-one constraints)
» Dependency Parsing (tree constraint)

Berkeley
Warm-up Exercise
N L P
11 v . (i)
i'ec\{i}
N7
O
Berkeley
Warm-up Exercise
N L P

1T v (i)
i'ec\{i}

Berkeley
Warm-up Exercise

II v, (i)
i’ec\{i}

Berkeley

Warm-up Exercise

1T v (i)
i'ec\{i}
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Warm-up Exercise

1T v (i)

i'ec\{i}

/

5(ye) = H my;—¢. (i)

i€c

Bm'kclcy
Warm-up Exercise
N L P
1T v (i)
i'ec\{i}
Bcrkclf)‘
Warm-up Exercise
N L P
11 v . (i)
i'ec\{i}
s
my, g, (Vi)
Vi
b s(ye) = [ [mvizo. (1)
icc
Bm'kclcy

The Shape of Structured BP

N L P
» |Isolate the combinatorial factors
» Figure out how to compute
efficient sums

» Directly exploiting sparsity
» Dynamic programming

» Work out the bookkeeping
» Or, use a reference! o) O

@)

Bcrkclf)‘
Warm-up Exercise
N L P
» Benefits: _ o s(ye)

my;—o. (4:)

» Cleans up notation

» Saves time

multiplying
» Enables efficient
summing
= | | )
i€c
Bm'kclcy
Word Alignment with BP
N L P
Sly) = {exp({L'Tf(z',j)) Yij = on yi; € {on, off}
e 1 Yij = off
9
_J1 iy =on} <1
yin) = {0 ()th(:rwlisv

(4es) 1 |[{i:yy=on} <1
O\Y+« =
e 0 otherwise

(Cromiéres & Kurohashi, 2009)
(Burkett & Klein, 2012)
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Computing Messages from Factors
N L P

Exponential in arity of factor
(have to sum over all assignments)

@1](%] Arlty 1 / ﬁ J

bi(yix)  Arity O(n)

¢j(y«j) Arity O(n)

X

Berkeley
) Computing Constraint Factor

N L P Messages
> Input: My, (y;) Vi
» Goal: gy, (y;) Vi

0 vy, H)5()

my;—e(Y;)

Mep—Y; (y]) X

£

Bcrkclf)‘ . X
Computing Constraint Factor
N L P Messages
y(J): Assignment to variables where Y, =on 0]

y(2) = {Y1 = off,
Y> = on,

Y; = off,

= off}

0 otherwise

o(y) = {1 {j:y;=on}| <1

Berkeley
) Computing Constraint Factor

N L P Messages
y(J): Assignment to variables where Y, =on

y(0): Special case for all off

y(0) = {¥1 = off,
Yy = off,

Y3 = off,

= off}

0 otherwise

o(y) = {1 {j:y; =on}| <1

Bm'kclcy . X
Computing Constraint Factor
N L P Messages
> Input: My, (y;) Vi é

» Goal:  mgy;(y;) Vi

=

me—y; (¥5)

2 vy=u; OW)s(y)

/ my;— ()

Only need to consider
y(j") foro < j" <n

Berkeley
) Computing Constraint Factor

N L P Messages
s() = [ [mvisoy;)
i

5(y(0)) = my;,e(ofh)-
My, (off)-
My, e (0ff):

My, —¢(off)

s(y(0) H my; ¢ (off)

1<j<n




Berkeley
) Computing Constraint Factor

N L P Messages
s() = [ [mvi=oy;)
j

s(y(1)) = my;¢(on)-
My, ¢ (0ff):
My, ¢ (off):

My, —¢(off)

Berkeley
) Computing Constraint Factor

N L P Messages
s() = [ [mvi=oy;)
j

5(y(2)) = my; e (off)-
My, ¢ (on)-
My, e (off):

My, —¢(off)

Berkeley
) Computing Constraint Factor

N L P Messages
s() = [[mvisoys)
J

5(y(3)) = my, -4 (off)-
mYzﬂé(Off)'
mysy Hé(()n) )

my, %é(()ff)

Berkeley
) Computing Constraint Factor

N L P Messages
s(y) = [[mv.=e(ys)
J

s5(y(4)) = my, -4 (off)-
mYzﬂé(Off)'
mysy Hé(()ﬂ‘)'

my, %é(on)

Berkeley
) Computing Constraint Factor

N L P Messages
s() = [ [mvi=oy;)
i

s(y(0)) = H my, ¢ (off)

1<j<n

Vj>0:
s(y(4)) = s(y(0))

my, s ¢(on)

my; Sg(off)

Berkeley
) Computing Constraint Factor
N L P Messages
1
Mgy, (0n) oc %

s(x) — s(y(1))

m, off)
d—Y1 ( ) my1*>¢(0ﬂ‘)

st =Y s())

0<j<n




Berkeley
Using BP Marginals
Plyijlz) = by, (i)
Expected Feature Counts:

Ef(i,j) = by, (on) £ (1, j) W W
J

Marginal Decoding: T O

. Jon by, (on)>T
Yis off otherwise

Berkeley
) Computing Constraint Factor
N L P Messages
1. Precompute: s(y(0)) = H my, ¢ (off) &
O(n) 1<j<n
) ) L my, ¢ (on)
é-(n‘jj >0: s(y(j)) = S(y(o))m
3. Partition: s(x) = s(y(4))
O('n) l)SJZSn
s(y(4))
4. Messages: o on) o« ”ZYJ)%A(()H().))
O(n) Mgy; (off) o Smyj_)%
Bcrkclf)‘
Dependency Parsing with BP
N L P

yi; € {left, right, off}

O

‘ 1y forms a tree
oly) = N
0 otherwise

exp(w? f(i,5)) Yij = left
Oyi;) = qexp(w f(5,4))  yij = right
1 Yij = off
(Smith & Eisner, 2008)

O(Yij» Yjk
(Yij: Yjk) (Martins et al., 2010)

Berkeley

Dependency Parsing with BP

Exponential in arity of factor

Berkeley

Messages from the Tree Factor

N L P

> Input: my, . . (y;;) forallvariables

» Goal: myg,,. v, (yi;) forall variables

1

MY buns (Vi)

1 y forms a tree
PrreE (?/) = .
0 otherwise 0
T ={y : y forms a tree} OO

M iy (Uig) Y bruse(1)5(y)

Berkeley

What Do Parsers Do?
N L P
» Initial state:
» Value of an edge (i has parent j): v(i, j)
» Value of atree: v(t) = H v(i,7)
(i,5)€t
» Run inside-outside to compute:
» Total score for all trees: Z = Zv(t)
t
» Total score for an edge: Z(i, j) = Z v(t)
t: (i,5) €t

Q"‘),,j_,‘ (y,‘,/‘) Arity 1 /
Gijk(Yij» Yik)  Arity 2 ‘/

O—(! Orrer (y) Arity O(nz) x




Berkeley (Kleln & Manning, 2002)
Initializing the Parser
N L P
Problem:

o(t) =, T vi. ) s) = [T v o (015)

/;7j)€t j \
Product over edgesin ¢: Product over ALL edges,

Y = left or yj; = right including yi; = off

m =[] v 60 (0fD)

ij

Solution: Use odds ratios

MY — rer (i5)
o
v(yy) = {14 om Y

Yij = off 7TU(t) = S(y)

Berkeley

Running the Parser

w7 = Z s(y)

t yeT

Sums we want:

©Z3i,5) =Y sy) TZ( i)=Y sy)
yeT yeT
yij=left yij=right

m(Z = Z(i,§) = Z(4,1) = Y _ s(y)

Berkeley

Computing Tree Factor Messages
N L P

. Precompute: 7= []myi,—pue(off)
>

[EnY

My, ;- gmmpe (left)

. vy e ol L <
2. Initialize: v(i,5) =
My, o éune (Tight) . .
Ty e ) ) <
3. Runinside-outside
7 Z(i.5) _
4. Messages: Cro— Y yij = left
Z(j, .
M= (i) X 7myw7:,.,(i’;>(y”) Yij = right
2GR EGD) o

my11-~>l.’)|k|3]:(3lt])

Bcrkclcy
Using BP Marginals
P(yij‘w) ~ bYL] (yz,j)
» Expected Feature Counts:

by, ef)fGyg) i<
Bl = {byﬁmght)f(i,j) j<i

» Minimum Risk Decoding:

1. Initialize: 2. Run parser:
by, ; (left) i<
v(i, ) by (off) / t = argmax s(t)
(2 = t
+J by, (right) . .
e § <1

by, (o)

B(‘rkclcy
Structured BP Summary

N L P
» Tricky part is factors whose arity grows with

input size
Simplify the problem by focusing on sums of
total scores
Exploit problem-specific structure to compute
sums efficiently
» Use odds ratios to eliminate “default” values

that don’t appear in dynamic program sums

-

-

Berkeley

Belief Propagation Tips

N L P

» Don’t compute unary messages multiple times

» Store variable beliefs to save time computing
variable to factor messages (divide one out)

» Update the slowest messages less frequently

» You don’t usually need to run to convergence;
measure the speed/performance tradeoff




Part 6: Wrap-Up

Berkeley

Berkeley

Mean Field vs Belief Propagation
N L P
» When to use Mean Field:

» Models made up of weakly interacting structures
that are individually tractable

» Joint models often have this flavor
» When to use Belief Propagation:
» Models with intersecting factors that are tractable
in isolation but interact badly
» You often get models like this when adding non-
local features to an existing tractable model

Berkeley

Mean Field vs Belief Propagation
N L P
» Mean Field Advantages
» For models where it applies, the coordinate ascent
procedure converges quite quickly
» Belief Propagation Advantages
» More broadly applicable
» More freedom to focus on factor graph design
when modeling
» Advantages of Both

» Work pretty well when the real posterior is
peaked (like in NLP models!)

Berkeley

Other Variational Techniques
N L P
» Variational Bayes

» Mean Field for models with parametric forms (e.g.
Liang et al., 2007; Cohen et al., 2010)

» Expectation Propagation
» Theoretical generalization of BP

» Works kind of like Mean Field in practice; good for
product models (e.g. Hall and Klein, 2012)

» Convex Relaxation
» Optimize a convex approximate objective

Berkeley

Related Techniques
N L P
» Dual Decomposition
» Not probabilistic, but good for finding maxes in
similar models (e.g. Koo et al., 2010; DeNero &
Machery, 2011)
» Search approximations
» E.g. pruning, beam search, reranking

» Orthogonal to approximate inference techniques
(and often stackable!)

Berkeley

Thank You




Appendix A: Bibliography

Berkeley

Berkeley

References

N L P

» Conditional Random Fields
+ John D. Lafferty, Andrew McCallum, and Fernando C.
N. Pereira (2001). Conditional Random Fields:
Probabilistic Models for Segmenting and Labeling
Sequence Data. In ICML.
» Edge Factored Dependency Parsing
» Ryan McDonald, Koby Crammer, and Fernando
Pereira (2005). Online Large-Margin Training of
Dependency Parsers. In ACL.
» Ryan McDonald, Fernando Pereira, Kiril Ribarov, and
Jan Haji¢ (2005). Non-projective Dependency Parsing
using Spanning Tree Algorithms. In HLT/EMNLP.

Berkeley

References

N L P

» Factorial Chain CRF
» Charles Sutton, Khashayar Rohanimanesh, and
Andrew McCallum (2004). Dynamic Conditional
Random Fields: Factorized Probabilistic Models for
Labeling and Segmenting Sequence Data. In ICML.
» Second-Order Dependency Parsing
+ Ryan McDonald and Fernando Pereira (2006). Online
Learning of Approximate Dependency Parsing
Algorithms. In EACL.
» Xavier Carreras (2007). Experiments with a Higher-
Order Projective Dependency Parser. In CoNLL Shared
Task Session.

Berkeley

References

N L P

» Max Matching Word Alignment

» Ben Taskar, Simon, Lacoste-Julien, and Dan Klein
(2005). A discriminative matching approach to word
alignment. In HLT/EMNLP.

» Iterated Conditional Modes

» Julian Besag (1986). On the Statistical Analysis of Dirty
Pictures. Journal of the Royal Statistical Society, Series
B. Vol. 48, No. 3, pp. 259-302.

» Structured Mean Field

» Eric P. Xing, Michael I. Jordan, and Stuart Russell
(2003). A Generalized Mean Field Algorithm for
Variational Inference in Exponential Families. In UAL.

Berkeley

References

N L P

» Joint Parsing and Alignment
» David Burkett, John Blitzer, and Dan Klein (2010). Joint
Parsing and Alignment with Weakly Synchronized
Grammars. In NAACL.
» Word Alignment with Belief Propagation
Jan Niehues and Stephan Vogel (2008). Discriminative
Word Alignment via Alignment Matrix Modelling. In
ACL:HLT.
Fabien Cromiéres and Sadao Kurohashi (2009). An
Alignment Algorithm using Belief Propagationand a
Structure-Based Distortion Model. In EACL.
» David Burkett and Dan Klein (2012). Fast Inference in
Phrase Extraction Models with Belief Propagation. In
NAACL.

Berkeley

References

N L P

4 Dependency Parsing with Belief Propagation
David A. Smith and Jason Eisner (2008). Dependency Parsing by
Belief Propagation. In EMNLP.

» André F. T. Martins, Noah A. Smith, Eric P. Xing, Pedro M. Q.
Aguiar, and Mario A. T. Figueiredo (2010). Turbo Parsers:
Dependency Parsing by Approximate Variational Inference. In
EMNLP.

» Odds Ratios

» Dan Klein and Chris Manning (2002). A Generative Constituent-

Context Model for Improved Grammar Induction. In ACL.

» Variational Bayes
Percy Liang, Slav Petrov, Michael 1. Jordan, and Dan Klein (2007).
The Infinite PCFG using Hierarchical Dirichlet Processes. In
EMNLP/CoNLL.
Shay B. Cohen, David M. Blei, and Noah A. Smith (2010).
Variational Inference for Adaptor Grammars. In NAACL.




Berkeley

References
N L P

» Expectation Propagation

» David Hall and Dan Klein (2012). Training Factored PCFGs

with Expectation Propagation. In EMNLP-CoNLL.
» Dual Decomposition

» Terry Koo, Alexander M. Rush, Michael Collins, Tommi
Jaakkola, and David Sontag (2010). Dual Decomposition for
Parsing with Non-Projective Head Automata. In EMNLP.

+ Alexander M. Rush, David Sontag, Michael Collins, and
Tommi Jaakkola (2010). On Dual Decomposition and Linear
Programming Relaxations for Natural Language Processing.
In EMNLP.

» John DeNero and Klaus Macherey (2011). Model-Based
Aligner Combination Using Dual Decomposition. In ACL.

Berkeley

Further Reading

N L P

» Theoretical Background
+ Martin J. Wainwright and Michael I. Jordan (2008).
Graphical Models, Exponential Families, and
Variational Inference. Foundations and Trends in
Machine Learning, Vol. 1, No. 1-2, pp. 1-305.
» Gentle Introductions
» Christopher M. Bishop (2006). Pattern Recognition
and Machine Learning. Springer.
» David J.C. MacKay (2003). Information Theory,

Inference, and Learning Algorithms. Cambridge
University Press.

Berkeley

Further Reading

N L P

» More Variational Inference for Structured NLP

+ Zhifei Li, Jason Eisner, and Sanjeev Khudanpur (2009).
Variational Decoding for Statistical Machine Translation. In ACL.

+ Michael Auli and Adam Lopez (2011). A Comparison of Loopy
Belief Propagation and Dual Decomposition for Integrated CCG
Supertagging and Parsing. In ACL.

» Veselin Stoyanov and Jason Eisner (2012). Minimum-Risk
Training of Approximate CRF-Based NLP Systems. In NAACL.

+ Jason Naradowsky, Sebastian Riedel, and David A. Smith (2012).
Improving NLP through Marginalization of Hidden Syntactic
Structure. In EMNLP-CoNLL.

+ Greg Durrett, David Hall, and Dan Klein (2013). Decentralized
Entity-Level Modeling for Coreference Resolution. In ACL.

Appendix B: Mean Field Update
Derivation

Berkeley

B(‘rkelcy
Mean Field Update Derivation
N L P
Model: p(y) o< d(y1)(y2)d(y1,y2)

Approximate Graph:

6 6 a(y) = a(y1)a(y2)

Goal: q(y1) = argmin K L(q|p)
q(y1)

Berkeley

Mean Field Update Derivation

N L P

B log q(y1)q(y2)
KL = 2) o p(uy,ya)
< L(allp) y%}f’(“)"(“) 08 p(y1, 32)




Berkeley

Mean Field Update Derivation

N L P

- log q(y1)q(y2)
KL - 2084)ql2)
< L(q||p) yg“y!q(m)a(m) Togp(y1, v2)

=3 alw)alye)

v1,02

Berkeley

Mean Field Update Derivation

N L P

. log q(y1)a(y2)
KL = )i [ Jr—
KL(qllp) VE‘ y,‘“yl,‘l(é’l IO

= > aly)aly:) (og alys) + loga(ye) — log é(y) — log $(ya) — log Slys, y2) + log Z2)

vy

Bm'kclf)‘

Mean Field Update Derivation
N L P
KL(gllp) = Y aly)alye

= og py1, 2

= 3" alw)aly:) Gogalyy) +loga(u)
s

Berkeley

Mean Field Update Derivation

N L P

. log q(y1)a(y2)
KL(gllp) = ) aly)qye) ===
’§2 VR g plyr, v2)

= > aly)alye) (og alys) + loga(ye) — log é(y) — log $(ya) — log Sy, y2) + log Z2)

vy

y1.y2

A
(Z a(y1)a(y2)log q(.m) - (Z q(!/u)q(;/z)lrJga’)(?/2)> + (Z ayn)aly2)log Z,)

E (Z q(y;)q(m)logq(y])) - (z q(y:)q(yz)lugO(yl)) - (Z q(y:)q(yz)lugw(nyz)) g

Berkeley

Mean Field Update Derivation

N L P

- log q(y1)q(y2)
KL - 20844)ql2)
< L(ql|p) yg“y!q(m)a(m) Togp(y1, v2)

= 3" alm)aly:) (ogalyy) +loga(ue) — log &) — log 6(ys) — log dlyr, y2) + log Z2)

e
= (Z q(m)qwz)lvgq(w)) - <Z q(zn)q(yz)lngc)(yﬂ) - (Z 41(;/:)/1(,1/2)lom‘»(w,,l/z)) g
e o e
<Z a(y1)a(y2) log a(y:) ) ( a(y)a( yz)logé(yz)> (Z q(yu)q(yz)logZ»>
e e b
(Zq(l/u)logq(m > ( aly1)1og 6 ) - <Z q(yu)q(,l/z)lngc‘)(w-yz)> +
i " o
<Zq v 1084(!/2)) < q yz)logG(yz)> +1log Z,
P

Berkeley

Mean Field Update Derivation

N L P

- log q(y1)q(y2)
KL - 20844)q\2)
< L(q||p) y?‘y!q(m)a(m) Togp(y1, v2)

= >~ alm)aly:) (ogalyn) +loga(ue) — og é(y) — log 6(ys) — log Sy, y2) + log Z2)

e
= (Z q(yJ)Q(yz)lvgq(w)) - <Z q(zn)q(yz)lngc)(yﬂ) - (Z aly)alyz)1og (y1, y2
e Vi e
< a(y1)a(y2)log q(y2) ) ( a(yn)a( yz)logé(yz)> (Z q(yu)q(yz)logZ»>
e e s
(Zq(l/u)logq(m > ( aly1)log 6 ) - <Z q(yu)q(,l/z)lngc‘)(w-yz)> +
n " e
< aly: 1084(!/2)) < q yz)logG(yz)> +log Z,

K L(qllp) _

9q(y1)

>)+
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Mean Field Update Derivation

N L P

- log q(y1)q(y2)
KL - 2084)ql2)
< L(q||p) y?vy!q(m)a(m) Togp(y1, v2)

= 3" alw)aly:) (ogalyy) +loga(ue) — og &) — log 6(ya) — log dlyr, o) + log Z2)
v

= (Z q(yJ)Q(yz)lvgq(yJ)) - <Z q(zn)q(yz)lngw(yﬂ) - (Z 41(;/:)/1(,1/2)lom‘»(w,,l/z)) g

vi.v2 vip2 yiv2

< a(y1)a(yz2)log q(y2) ( a(yn)a( yz)logé(yz)> (Z q(yu)q(yz)logZ»>
v o

v,z

Zq(l/u)logq(m)> ( aly1)1og 6 ) - <Z q(yu)q(,l/z)lwgc‘)(w-yz)> +
"

1 yiw

Zq y)loga(y) | - (Y« yz)logG(yz)> +1log Z,

KL(gllp) _
Ba) (logg(y) +1)

Bcrkcley

Mean Field Update Derivation
N L P
KL(qllp) = Z (y1)a(ya 7?5?1(,2/:“) qf/:h))

a(yn)aly2) (g g(yr) +loga(ye) —log dy) —logd(ya) — log by, y2) +log Zz)

a(y2) log o( y1)> - (z q(y:)q(yz)lugO(yl)) - (Z q(y:)q(yz)luw(y»yz)) g

Y12 y1.2

v
( a(y1)a(y2)log a(yz) ) - (Z q(,l/u)q(!/z)logc’)(zm)) + (Z q(yu)q(yz)logZ«)

v1v2 192

q(y|)logq(y| > (Zq(m Tog (. yw)) - (Z a(y1)a(y2) log d(y1,y2) | +

i,w2

T

(1'/> l/z)\ (V‘m Y lagads ) ¥

BLD) — (g g(01) + 1)~ 0w ) ~ St ozolo1.2)
Bm‘kclty

Mean Field Update Derivation
N L P

0= (logg(y1) +1) —log (y1) = > _ q(y2) log d(y1, ¥

Y2

ogq(y1) =logd(y1) + > () log é(y1,y2) — 1
Y2

Berkeley

Mean Field Update Derivation

N L P

- log q(y1)q(y2)
KL - 2084)ql2)
< L(q||p) y?vy!q(m)a(m) Togp(y1, v2)

= >~ alm)alye) (ogalyy) +loga(ue) — og &) — log 6(ys) — log Sy, y2) + log Z2)

e
E (Z q(yJ)Q(yz)lvgq(yJ)) - <Z q(m)q(yz)lngc‘)(yﬂ) - (Z 41(;/:)/1(,1/2)logr,‘»(zm,l/z)) g
e Vo e

<Z ay )q(yz)logq(yz)> - (Z q(y|)q(yz)1ogc>(yz)> + (Z q(yu)q(yz)logZ»>

Y1,z

Y12

= (Zq(yu)lngq(m )> -

u

<Z q(y2) log q(y:)) -

v,z

- <Z aly)a(yz) log c‘)(w-yz)) +

S aly)log oy ))

L v

D aly2)logé(y2) | +1og Ze
P

KL(qllp) _ )
Do) (logg(zn) + 1) — log é(y1)

Bcrkcley
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Appendix C: Joint Parsing and
Alignment Component Distributions
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Appendix D: Forward-Backward
as Belief Propagation
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