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| Graphical Models
|

Example:
Describe structure in large problems Ac{0.1)
— Large complex system f(X) Be{0,1)
— Made of “smaller”, “local” interactions fo(Xo) ¢ (0,1}
— Complexity emerges through interdependence ,
](AB(Aa B)?
* More formally:
A graphical model consists of:
X ={X1,...,X,} --variables (we'll assume discrete)
D ={D,...,D,} --domains
F ={fa,-.-sfa, } - (non-negative) functions or “factors”
* Example:
f(A,B,C) = (A, B)f(A,C)f(B,C)
A B | f(AB) B c | #B,C)
0 0 0.24 0 0 0.12
0 1 0.56 0 1 0.36
1 0 1.1 1 0 0.3
1 1 1.2 1 1.8

GMU, 2/2019
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|Graph Visualiization: Primal Graph
|

A graphical model consists of:

X =1{Xy,..., Xy} -- variables
D ={D:,...,Dy} -- domains
F={fa,s: e fa,} -- functions or “factors”

and a combination operator (product, sum...)

Primal graph:

variables — nodes °

factors — cliques

F(A,B,C,D,F,G) = [1(A, B, D) + f2(D, F,G)
+ f3(Baca F) + f4(AyC)

GMU, 2/2019



| Graphical Models
|

* Describe structure in large problems
— Large complex system f(X)
— Made of “smaller”, “local” interactions f,(X,)
— Complexity emerges through interdependence

* Examples & Tasks

— Maximization (MAP): compute the most probable configuration

x" = arg m}?XH fo(Xa) f(x) = m}?XH fa(Xa)

[Yanover & Weiss 2002]

Phenylalanine
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\Graphlcal Models

* Describe structure in large problems
— Large complex system f(X)
— Made of “smaller”, “local” interactions f,(X,)
— Complexity emerges through interdependence

* Examples & Tasks

— Summation & marginalization “partition function”
Z [] fa(xa) and [Z =S 1] fa(xa)J
x\guz X

Observation y Marginals p(x; | y) Observation y Marginals p(x; | y)

cow

e.g., [Plath et al. 2009]
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\Graphlcal Models

* Describe structure in large problems
— Large complex system f(X)
— Made of “smaller”, “local” interactions f,(X,)
— Complexity emerges through interdependence
* Examples & Tasks
— Mixed inference (marginal MAP, MEU, ...)

f(xn) = IE?JXZHfa(Xa)

Influence diagrams & / \/ T
optimal decision-making @ o] Oil sale
| produced policy

(the “oil wildcatter” problem)

e.g., [Raiffa 1968; Shachter 1986] 0\ /
“— un ergroun information

GMU, 2/2019




| Probabilistic Reasoning Problems
I

* Tasks:
» Max-Inference F(x*) = maXHfa(Xa)
. - X

(most likely config.) a

» Sum-Inference Z=> 1] fa(xa)
(data likelihood) x o«

» Mixed-Inference f(X*M) — maxz H fa(Xa)
(optimal prediction) ™ e«

— Combinatorial search / counting queries
— Exact reasoning NP-complete (or worse)

GMU, 2/2019
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| Anytime Bounds
|

* Desiderata
— Meaningful confidence interval
— Responsive
— Complete




| Approximate Reasoning

* Three major paradigms

— Effective at different types of problems

— Each can exploit the graph... but more

Variational methods

Reason over small subsets
of variables at a time

 Bounds
* Responsive
 Complete

(Monte Carlo) Sampling

Use randomization to
estimate averages over the
state space

* Responsive

GMU, 2/2019

(Heuristic) Search

Structured enumeration
over all possible states

A

B

E '

Clo] !I El I] [o] [1] [o] [2] [o]

A A A A A A A A
[l 1] [o]1Jof1]o]1] EI [1]0]1]
'A'A'A'A'A'A'A'A'A'A'A'A l M M“AIMIM

\_ J

 Bounds
* Responsive
e Complete



| Combining Approaches BELIEERELTE
I The graphs

7

Bucket-elimination

Inference = . o

.. weighted mini-bucket (WMB

Variational y; V . ( )
—

: methods

provide
heuristic J

( )

Search

[Dechtgf 1999, Dechter and Rish, 2003
i d lhler, ICML 2011]

provide WMB-IS
proposal [Liuetal., NIPS 2015]

Sampling o

refine proposal

dynamic importance sampling (DIS)
., AAAI 2017] [Lou et al., NIPS 2017]

AND/OR search (AODFS)

[Marinescu et al 2009, Lou e
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Bayesian Networks (Pearl 1988)

BN=(G, O)

P(C|S) P(B]S)

CPD:

C B |p(D]C,B)
00 |0.1 09
01 |0.7 0.3

\ 10 |0.8 0.2
1110901

P(s, C, B, X, D) = P(S) P(C|S) P(B|S) P(X|C,S) P(D|C,B) Combination: Product

Marginalization: sum/max

P(X]C,S) P(D|C,B)

* Posterior marginals, probability of evidence, MPE

* P(D=0)=Ys 5 x P(S) P(CIS) P(B]S) P(X|CS) P(D|C,B
MAP(P)= maxs ; g x P(S)- P(C|S)- P(B]S)- P(X|C,S)- P(D|C,B)

GMU, 2/2019



| Monitoring Intensive-Care Patients
|

The “alarm” network - 37 variables, 509 parameters (instead of 237)

[Beinlich et al., 1989]
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Phone-free Articulatory Graph
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‘ Radio Link Frequency Assignment Problem
. ICabon et al., Constraints 1999) (Koster et al., 40R 2003)
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|Outline
|

* Graphical models: definition, examples, methodology

* Inference and variational bounds

* AND/OR search spaces

* Variational bounds as search heuristics

* Combining methods: Heuristic Search for Marginal Map

* Conclusion

Bounded error
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(Dechter 1999)

Marginals by Bucket Elimination @

|
P(A|[E=0)=« ZP(A)-P(B|A)-P(C|A)-P(D|A,B)-P(E|B,C)

E=0,D,C,B

ZH<— Elimination operator
— b A

bucket B: P(b|a) P(d ba) P(elb, c)

bucket C: P(c|a) Ao (a d c.e

\/
bucket D: Acoo (a d e)

bucket E: e= O Aoosa (a e)
W+=4

bucket A: p(a) Ao (a) induced width”

//M (max clique size)
=0)

: : wx+1
P(ale=0) Complexity time and space O(nk )

GMU, 2/2019




MAP by Bucket Elimination

MPE = max P(a)P(c|a)P

bucket B:  P(bla) P(db,a) P(e[b,c)”

bucket C: P(cla)

bucket D:
bucket E:
bucket A: Wr=4

”induced width”
(max clique size)

Algorithm BE-mpe (Dechter 1996, Bertele and Briochi, 1977)



| Decoding the Optimal-Tuple
|

5. b'=arg max P(b|a' )x
xP(d'|b,a" )xP(e'|b,c")

4. c'=argmax P(c|a')x
xh®(@' ,d"',c,e)

3. d'=arg max h(a' ,d,e')

2.e' =0

1. a' =arg max P(a)-h(a)

B: P(bla) P(dlb,a) P(e|b,c)

C: P(cla) M@deo
D: h“(a,d,e)
E:- e=0 h°(ae)

A: P(@ h@

Return (a',b',c' ,d',e")

GMU, 2/2019



‘Complexity of Bucket Elimination;
|

Bucket Elimination is time and space

) O (rexp(w*(d)))
w (d) — the induced width of graph along orderingd

r = number of functions The effect of the ordering:

s

“Moral” graph W ( 1) 4 W*(dz) — 2
Finding the smallest in Ud uced width is hard!

2/2019




‘Bucket and Mini-Bucket Elimination

[Ibechter 1999; Dechter & Rish, 2003, Liu & Ihler 2011] AP(A) = max, f(A,D)

2 FOX) AP(B,C) = max, [f(B,D) * f(C,D)]
X F
F(X)=f(A)f(A,B)f(A,D)f(A,G)f(B,C)f(B,D) .
f(B.E)f(B,F)f(C,D)f(C,E)f(E,G) = W - G =

Time and space exponential
in the induced-width/tree-width

Al f(A) AL_f(A)

Exponential in i-bound

f(B,F) ,
AP (A,B,C I AS (A,F) A® (AF)
\
D Gl f(AG) f(B,E) G| f(AG)
f(F,G) :D f(AD) : f(C,E) f(F,G)

AP(A,B,C) = _
max,, [f(A,D) * f(B,D) * f(C,D)] mini-buckets ibound = 2



| Mini-Bucket Approximation
|

For optimization

Split a bucket into mini-buckets —> bound complexity
bucket (X) =

LR oo fon frvns o )

/ Ax (1) = max ﬁ[fz(a:, - )\
{ Ji, oo o } { fre1s - In }

Ax.1(r) = max Hfz(a:, ) Ax2(-) = max H fi(zx,...)

GMU, 2/2019



Properties of Mini-Bucket Eliminaton

* Bounding from
above and below

Relaxation upper bound by
/ i=2  mini-bucket

=5

Consistent solutions ( greedy search)

GMU, 2/2019

(For optimization)

Complexity: O(r exp(i)) time and
O(exp(i)) space.

Accuracy: determined by
Upper/Lower bound.

As i-bound increases, both accuracy
and complexity increase.

Possible use of mini-bucket
approximations:

— As heuristics in search



Add factors that “adjust”
each local term, but
cancel out in total

‘Tlghtenmg the Bound

AM—13(21) o Az—13(x3)
13
A112(71) @ @ A3—23(T3)
@ Reparameterization:
adj
A2—12(T2) A2—s23(x2)
log f(x = max Z 0o (Xa) {inm } Z Il;l(aX a(Xa)+ Z Niesa (24) ]
i— o @ ica

* Bound solution using decomposed optimization
* Solve independently: optimistic bound

* Tighten the bound by re-parameterization
— Enforces lost equality constraints using Lagrange multipliers

GMU, 2/2019



| Anytime Approximation
|

120 T

pedigree20

-108 . i

o =1 o
108 * = s MEBE

u MBE+MM 287
s ———_MBE+G
HE i_ 5 LT
J=
-114 =7 300
* =9
. e 1=11
-118 310
=13

-118 - e =15

-34D

* Cantighten the bound in various ways

— Cost-shifting

i=1
. 1=3
*« |=hK
=7
pedigrees’

e WBE
m MBE:MM
___ MBEHG

1=13

— Increase i-bound (higher order consistency)

* Simple moment-matching step improves bound significantly

GMU, 2/2019

(improve consistency between cligues)



| Anytime Approximation
|

-106

Liz1
* -3 e WBE
'. m MBE#MN
. ——__MBE#IG | |
=1 : I.l -i =5
T . =7 _,
= * o i=11
J: 13. - 15
|
| | -
' =15
L _ - Iy
pedigree20

-34D

Can tighten the bound in various ways

— Cost-shifting

pedigrees7

e WBE
m MBE#MN
____MBE+G

— Increase i-bound (higher order consistency)

(improve consistency between cligues)

Simple moment-matching step improves bound significantly
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| Anytime Approximation
|

-106

.: i: l 270 b .i.:...]:., voe o eeey — e — —
108 v ® =3 o MBE 7 M mgémr-“l
‘ m MBE+MM 280 | v
110 b Il. __ _ _ MBE+ls | ____ MBE+)G .
‘I. - 280 1=3
12 -1 - .
- J‘ S ——— .
+ MM w B - i
114 l.% = ?I g S ..----.1"*-..
1€ ‘{‘*w; L 310 * Iiﬁ‘h
RN i=13 py
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oo | "‘ﬁ;{.\\ Y 1215 320 "__“-_-,1%” _i=13
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122 } ] “@___h__k"h 330 S
edigree20  TTm=-- pai S
-124 'p g = + 1 * = * . * -340 pe.ql;g{ E.EJ? W 1 o 1
* Cantighten the bound in various ways
— Cost-shifting (improve consistency between cligues)

— Increase i-bound (higher order consistency)

* Simple moment-matching step improves bound significantly
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| Bucket Elimination (BE) and WMB

I Holder inequality facilitated weighted MB for summation
[Dechter 1999, Ihler et. Al. 2013]

F(X) :f(A)f(Aa B)f(AvD)f(Aa G)f(Ba C)f(Bv D)

f(B,E)f(B,F)f(C,D)f(C.E)f(E,G) & < )~
Pros: D C
 Computationally bounded
: Al f(A)
e Gives upper or lower bound A
e Cost-shifting Message passing
* improves bound A€ (B) A" (A,B)

(7,0 ] F
Cons:
| AP (B,C) AE (B,C) AC (A,F)
* Not anytime! , - i
, —\" [ f(88) [ f(AG)
not asymp. tight w/o more memory : f(A/D) fEC'D; | ficE) f(F,G)
D) )|
mini-buckets ibound = 2
GMU, 2/2019



|Outline
|

* Graphical models: definition, examples, methodology

* Inference and variational bounds

* AND/OR search spaces

* Variational bounds as search heuristics

* Combining methods: Heuristic Search for Marginal Map

* Conclusion
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|Search Trees and Tasks
|

* QOrganize / structure the state space
— Leaf nodes = model configurations
— “Value” of a node = optimal of sumr of configurations below

F [ofl1][o][1]|o][1][o]1]l0][1]|o]1]{o]|1][o][1][o][1][o](1]|0][1][0]|1]l0]|1][o]|1][o][x] o][1] [o][1][o][1]|0](1]|0](1] /0] 1]|o][1][0][1][o][1][o][1][0][1]|0]|1]|0] 1 ]o]1][o]|1][o][1|[o][1]



Full OR search tree Context minimal OR search graph

126 nodes 28 nodes
OR (»)
0] 1] OR
OR () () oR
o] 1] [o] [1]
o © ©® © ® © ® © @ or

RPN QPR @EER gBED
®* @QOOHEOH D@EHEH @®E® @0 E

Context minimal AND/OR search graph

Full AND/OR search tree
54 AND nodes 18 AND nodes

Any guery is best computed
GMU, 2/2019 Over the c-minimal AO search space



AlBlf,| [alclf,]| [ale[t,] [ATF]f,| [B]c[f] [B]D[f | [B]E[F,| [c[D[f] [E[F]F, C (a) F
olo[2]||[o]o[3][o]o]o]|[o]o][2]]|o]o]o][o]o]a]|[o]o]3][o]0]1][0]0]1
o[1]o][o]1]o][o]1]3][o]1]o][o]1]a][o]1]2][o]1]2][0]1]4a][0]1]0

1lofa][1]o]o][1]o]2][1]o]o] [1]o]2] [1]o]2][2]0]1][1]0]0][1]0]0 D (8) E[B [AE]

ext minimal OR search graph

28 nodes

best computed
e c-minimal AO search space



Potential search spaces

AlBlf,| [Alclf,| [AlE[f| [A[F]f,] [B]C|f|[B[D|f | [B]E[f,|[C[D|f] [E[F]f,
ofo|2||0(0|3|(0|0O|O||O|O|2||0O|O|O||O(O|4||0O|0O|3||0|Of1||0|0|1
of1/0/|0(1|0|(O|2|3||0O|1(0||Of1|2||0O|2|2(|0|1|2||0|1|4||0O(1|0
i1/o|1(|1|0(0||1|0|2||1/0|0Of(1]|0O|2||2|Of1||2|O|21||1|/0|0f(1]|0]|O
1|2|4(|2|af{1||af2|0||2(2|2((2]|a|4||2|a(o]||af1]|0||1|2]|Of(2]|2|2
A
B
C 0] 1] 0] [1] o] 1]
D [o [z [of o] [a] [o] [a] 1] [o] [a]
e DEEIEHGL 109101 (161 0 61 B D6 A
NANANANANN ANANNANN NANNAANNANN
F 014010 10 U030 10G10 U010 AdUA
Full OR search tree Context minimal OR search graph
126 nodes 28 nodes
OR N\

AND

OR |

AND

OR

AND

OR )
E --

18 AND nodes

Any query is best computed
GMU, 2/2019 Over the c-minimal AO search space



OR

OR

OR

| Cost of a Solution Tree
|

P(E|IAB)  P(B|A) P(C|A) P(A) (A
A[B|E=0[E=1 AlB=0[B=1 Alc=0[cCc=1 A[P(A) l
olo],.a | .6 o] 4,] .6, o] 2 [ 8 0l .6
0 5 ] .5 1| /| 9 1| 7 [ 3 4, 9 G
¥/ 3
1 8

0| .7 .
1| .2 .
Evidence: E=0
OR [©)

~——Cost of the solution tree: the product of weights on its arcs
.5 .

fvidence:p-1  Cost of (A=0,B=1,C=1,D=1,Ez0) 50,6, 0.6 - 0.5 - 0.8 - 0.5 =0.0720

= oo|wm
=O|I=|0]|0
1
—
U1|N |W©O |00




Value of a Node (e.g., Probability of Evidence)

OR

OR

OR

OR

P(E[AB)  P(B|A) P(C|A) P(A)
AlB[E=0]E=1] [A[B=0]B=1] [A[c=0[c=1] [A]P(A)
olo] .4 | 6 0 4] 6 o 2 [ .8 0] .6
oli] 5 | 5 i 1] 9 il 7 | 3 1] 4
1lo] 7 | 3
(111) 2 | .8 P(D=1,E=0)=?
Evidence: E=0 v
24408 (p)
4
3028 [o] .1559
3028 (B) 1559 (B)
S .6 1 .9
352 |[o] .623 o] .104
4 (E) 88 (©) 7 (E) 89 (¢ 2 e 52 (¢
4 2 7 o ! 9 A .9
B & 3B g0 sE Wme B @B s
8 7 5 8 (D) (D) .9 7 (D) ()5
.8 .8 9 7 .5
[o] [o] l o] [] [o] [o] [o] [o]
P(D|B,C .
(D] ) Value of node = updated belief for sub-problem below
(B|C|D=0({D=1
olo] 2 | 8
ola] 1 [ 9 AND node: product -
1lo| 3 | .7
1] 51 > OR node: Marginalization by summation
Evidence: D=1

GMU, 2/2019



Answering Queries: Sum-Productseiiet updating)

P(E| A B) P(B|A) P(C|A) P(A) Context
AlBJE-0]E=1] [A[B=0]B=1] [A]c=0]c=1] [A[P(A)
oloL.2 | 6 0l 4] 6 0l 2 | 8 0] 6
olx] 5[5 1] 1 [ .9 il 7 | 3 1] 4
o] .7 | .3
(afa] 2 | 8 Result: P(D=1,E=0)

Evidence: E=0

B|C ‘
oo i B[C|[D=0]D=1
01 0/|0] .2 8
1{0 ol1] .1 .9
1(1 1lo] 3 [ .7
Cache table for D 11415 5
Evidence: D=1

GMU, 2/2019



Pseudo-Trees

(Freuder 85, Bayardo 95, Bodlaender and Gilbert, 91)

4 (1) 6

O—@ ©O——~0O
h <= W* Iog N (a) Graph

(b) DFS tree (c) pseudo- tree (d) Chain
height=3 height=2 height=6

GMU, 2/2019



| The Impact of the Pseudo-Tree

W=4,h=8

® (]
(), (D) ()
O 0 O O & O 6 6
A AN JANEW AN AN A AN AN i PANEPAN AN AN JANE AN

0
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PO OO OO

What is a good
pseudo-tree?
How to find a
good one?
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|Outline
|

* Graphical models: definition, examples, methodology

* Inference and variational bounds

* AND/OR search spaces

* Variational bounds as heuristics for search
 Combining methods: Heuristic Search for Marginal Map

* Conclusion

Variational =
methods y\ v

{Search A

Bounded error

GMU, 2/2019



Search Aided by Variational Heuristics

7

Variational =
methods y\ v
—

J provide pre-compiled heuristics

( )

Search

For MAP, marginal map and partition function

GMU, 2/2019



m O o

| Static Mini-Bucket Heuristics
|

Given a partial assignment, [d =1,é = 0]
(weighted) mini-bucket gives an adm|SS|bIe heuristic:

mini-buckets

4/\>

A

/@ \(. 4 bucket B: ff(a, b) f(b, CS {f(b, d) f(b, e)\
L J [ J

_ﬁ_ \@@@

P

M"mw@'m@wm@@

T e o bucket D:

/
bucket C: Az_.c(a,c) f(c,a) f(c,e) \
| ‘ J

f(a,d) Ag-p(d,e)

“cost to go”:
h(@,eé,D) = Ac.p(a,é)
+ f(@,D) + Az_p(D,é)

“cost so far”: /

9(a,é,D) =f(A=a)

buck ‘ Aesg(a,e) Apoe(a, e)l
bUCkyf (@) Ag-a(a)
| ;
\
\
bound
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|Why Marginal MAP? "™
I

* Often, Marginal MAP is the “right” task:

— We have a model describing a large system
— We care about predicting the state of some part

* Example: decision making
— Sum over random variables

— Max over decision variables (specify action policies)

Sensor network Influence diagram:

P '
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|AND/OR Search for Marginal MAP

@—B—H
F—0D—G

primal graph

constrained
pseudo tree
mini-buckets
IR —
® ® ' " > *
0] [ [ |f(al b) f(bl C) f(b) d)
</ > </ > /
R R s i sy e Apmc(@f(@e) flee)

I N == [ A
% f(a,d)Ap_p(d, e)
il Ilililil[ilililil[ililil[ilil

Acse(a,e)Ape(a,e),

[Marinescu, Dechter and Ihler, 2014] 5y 2/2019 f(a) /113—>A (a)




AO search for MAP winning

UAI Probabilistic Inference Competitions

- 2006

. 2008

. 2011

. 2014
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Anytime AND/OR solvers for MMAP

Weighted A* search [pohl 1970]

*  Weighted Heuristic: [Lee et. al. AAAI-2016] non-admissible heuristic
— Weighted Restarting AOBF (WAOBF) Evaluation function:
— Weighted Restarting RBFAOO (WRBFAOO) f(n)=g(n)+w-h(n)

Guaranteed w-optimal
solution, cost C < w-C*

— Weighted Repairing AOBF (WRAOBF)

* Interleaving Best and depth-first search: (Marinescu et. al AAAI-2017)
— Look-ahead (LAOBF),
— alternating (AAOBF)

<=
\ —
| Lower bound | Upper bound
d
Goal: anytime bounds
And anytime solution _|—'_ MMAP
N
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Anytime Bounding of Marginal MAP

(UAI'14, 1JCAI'15, AAAI'16, AAAI'17, (Marinescu, Lee, lhler, Dechter)

i 00 205 4900, F- 000, -2 5.2, We. 24 -1 e e

° Search: LAOBF, AAOBF, EH;E‘: B _mEm“: s~ ]

BRAOBB, WAOBF,WAOBF-rep S T O S

. heuristic: WMB-MM (20) s J :5
* memory: 24 GB : :’ :_- ’

*  Anytime lower and upper bounds I R T S T S S e >

log (CPU time) sec log (CPU time) sec

from hard problem instances with

Hard Pedigrae20 (M=437, F=437, K5, 5=4, Wc-T8], i-bound=-12 Hard Pedigrae20 (M=437, F=437, K5, 5=4, Wc-T8], i-bound- 18
i-bound 12 (left) and 18 (right). ST N T 6 At I = =
B '«Irbiabn . : P -«:mw : :
*  The horizontal axis is the CPU £ i H
. . . i e 3 . -
time in log scale and the vertical E - L
axis is the value of marginal MAP e 7.;
in log scale. e e ot WA N - B s o i S R
-2 1I; : 12:‘ ' III]" III]: Iil:" 1‘2:'" I'.‘i:‘ 102 II; 2 1o I'!I" III]' III]" 12‘:: “‘
log (CPU time) sec lag (CPU time) sec
Hard Or Chain 8ig (N-531, F=535, K-2, 5-3, We-29}, i-bound-12 Hard Or Chain 8fg (N-531, F=535, K-2, 5.3, We-29}, ibound=-18
o S e .g.]:,!- ! ! e wibRoo] | ! T1
P | A O | ol R SN al. H VT L aaohf | H ]
: | e |
o L e . -
§ 0 S : : — § A F fmmmssmnnd N i =
£21)] - ye=t ¢ : _ !
n-* 113 ! 1::‘ ' ||']'- ||']: 1:I:-' 1‘::-" "yi:-il * |li : 1|i ' |-;|'- ||']- 1|']-' 1:':i J

log (CPU time) sec lag (CPU time) sec



| Combining Approaches
|

7

methods [Liu and Ihler, ICML 2011]

Variational == weighted mini-bucket (WMB)
-
—

provide WMB-IS
proposal [Liuetal., NIPS 2015]

Sampling -«

dynamic importance sampling (DIS)
[Lou et al., NIPS 2017]
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| Choosing a proposal L, Fishe, Iler 20151
|

« Can use WMB upper bound to define a proposalfwmb ()

mini-buckets

w1 A4/\ W9
b ~ w1 q1(0]a, &) + wa ga(bld, €) B:  f(a,0) f(b,c)  [(b.d) f(be)
Weighted mixture: T
use minibucket 1 with probability w;, C: lf(Ca a) f(c,e) Ap—c(a, C)
or, minibucket 2 with probability w, =1 - w,
where f(ab) - fbh ) D: ‘f(C% d) A\p—p(d, ?)
qi1 (b‘aﬁ C) T )\ (CL C) L
B E: Acoe(ae) Ap—g(a,e)
/
an~q(A) = f(a) Agoala)/U | A fla) Ag—a(a)

\

U = upper bound
0 S f(aj)/Qme(x) S U Vz 61

Key insight: provides bounded importance weights!



Probabilistic Lower Bounds

[Liu et al. 2015]

Compute a (probabilistic) lower bound
on the conditioned sum subproblem

—
Pr(Z — A(n,8) < Z) > (1 - 0)
- WMB based importance sampling scheme:
f?') n - number of samples
d - confidence value
Zwmb - Tesult of WMB
Z = Z P(X)‘-'EM 7 - Importance Sampling estimate
Xs
Solving the conditioned A(n.d) = 2ar (w(z))10g(2/6) | 7Zwms l0g(2/9)
SUM subproblem is hard! n,0) = " 3(n—1)

#P — complete
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\Comblnmg Methods: +Sampling

[Lou, Dechter, lhler, AAAI-2018: “Anytime Anyspace AND/OR Best-first Search for Bounding Marginal MAP”]
[Lou, Dechter, lhler, UAI-2018: “Finite Sample Bounds for Marginal MAP”, UAI 2018]

[Marinescu, lhler, Dechter: 1JCAI-2018 “Stochastic Anytime Search for Bounding Marginal MAP”]

relative accuracy

1.0+

S
o

£
)

©
»

0.2

O —o— AnySBFS
—o— AnyLDFS
—-+-- UBFS
LnDFS

1000 1500 2000 2500 3000 3500
time (sec)

l; — lower bound at time ¢
[* — tightest lower bound found

0 500

Average over 150 instances

) e
o w

n
wn

relative accuracy

luy — u*

ACC . = =

grid: relative accuracy (upper bounds)

i
o

—o— AnySBFS
—o— AnyLDFS
—+-- UBFS
LnDFS
s - LAOBF

o AAOBF

1000 1500 2000 2500 3000 3500
time (sec)

u; — upper bound at time ¢
* — tightest upper bound found

0 500

Average over 150 instances



|Outline
|

* Graphical models: definition, examples, methodology

* Inference and variational bounds

* AND/OR search spaces

* Variational bounds as search heuristics

* Combining methods: Heuristic Search for Marginal Map

* Conclusion
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| Continuing work
|




Thank You |

For pu blication see: Reasoning with Probabilistic
. . . . a!ld Deterministic
http://www.ics.uci.edu/~dechter/publications.html Graphical Model

Rina Decheer

Alex lhler
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Junkyu Lee
Qi Liu
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