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\I\/Iodels in Al

Models based on states (e.g., planning)

* Models based on variables (SAT/CSP, Bayesian networks, Markov
networks, MDPs)

* State-based search models are more general
* Variable-based models have more structural information

* Search was always considered for variable-based models, e.g.,
Backtracking for CSP/SAT, Integer programming, search for mpe in
Bayesian networks.

* Here we will take it few steps further



‘ Search Collaborates with Inference

* Inference: message-passing on cluster-tree

decomposition bounds %
Heuristics
To guide AND/OR
search
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Sampling 2 replaces search when summation is hard
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* Graphical models, The Marginal Map task,

* Exact Inference

* AND/OR search spaces

* Variational bounds as search heuristics

* Combining methods: Heuristic Search for Marginal Map
* Combining methods: Sampling
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|Overview: Graphical Models

y Markov Logic
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| Bayesian Networks (Pearl 1988)

ns)  Queries: prediction, diagnosis,
classification, decision making

P(CIS) P(BIS)
Bronchits
CPD:
C B [P(D|CB)
00 [0109
01 (0703
P(X|C,S) P(D|C,B) 10 |0.8 0.2
11 (09 0.1

P(S, G B, X, D) = P(S) P(C|S) P(B|S) P(X|C,S) P(D|C,B)
P (lung cancer=yes | smoking=no, dyspnoea=yes ) = ?

» P(D=0)=Y5 g x P(S) P(CIS) P(B]S) P(X|C,S)- P(D|C,B)
* MAP/MPE = maxs g x P(S): P(C|S)- P(B|S)- P(X|C,S): P(D|C,B)
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Table (CPT)

‘ G ra p h i Ca I m Od e I S Conditional Probability
I

A graphical model consists of: A C FIPFAC) Relation
) 0.0 0] 014 A C 3
X ={Xy,...,X,} --variables 00 11 0.9 ed_Sreen. bl
: blue  red red
H 0 1 1 0.60 reen
D ={D,,...,D,} --domains MORY L blue._bie_ren
F ={fas--+fa,} ~ functions RN Y

fi = (F=4+0)
Operators: \ / '

comtrsinerter n
-

(AVCVF)

elimination operator
(projection, sum, max, min, ...)

Primal graph

Types of queries:

W Max-Inference (MAP) f (X*) — max H fa(xa)
X - T
»| Sum-Inference (Z) Z = Z H fo(%a) 2
X « (@R
D
1 Mixed-Inference Foaaa) = IE&X; 1;‘[ Je(e) -
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|Why Marginal MAP? oo

* Often, Marginal MAP is the “right” task: - O—0~ o
— We have a model describing a large system

— We care about predicting the state of some part A

* Example: decision making
— Sum over random variables
— Max over decision variables (specify action policies)

Influence diagrams
For planning

SOCS 5/8/2020



i (R;,C;,R;,C;)

| Examples & Tasks
— Maximization (MAP): compute the most probable configuration
_ E;(R;,Cy) ,
: H e AT

[[ o

Obj = argmax _ max
E €FEsp

| Probabilistic Graphical Models

R,..Ry ©
3 47
2 8 FFa
T /L
N\ A0,
e ™~ W 4
S ¢
| W
! *.
“henylalani
eryialanine [Yanover & Weiss 2002]
— Mixed Max-sum (Marginal Map): compute the most likely marginal
_Ei(R;,Cy) Eij(Ri,Ci,R;,C;)
RT . H e AT
Eij EEpw

SOCS 5/8/2020

Obj = argmax E H e
Ri..Ryn
C1,....CN E;€E 4

Rina Dechter



| Probabilistic Reasoning Problems
I

* Tasks:
Constraint Satisfaction/Satisfiability NP
PP
Max-Inference: f(z*) = 111&_1XH Falxrs)
Sum-Inference: o = folZa)
211 #
Mixed-Inference (MMAP): v(zh) = max (T &
ixed-Inference ( ) fu () 12"1]\; I:If_ (rq)
NPPP
Mixed-Inference (MEU): MEU = Dll?-l.}.’l-jém Z ( H P;) x (Z i)
Xq...Xn PeP rieR

Counting optimal solutions

Rina Dechter SOCS 5/8/2020



Variable-elimination allows exploiting the structure

Inference, message-passing

Over variable-based models, over graphical mdeols.



lgorithm BE-bel (Dechter 1996)

LQuery 1: Marginals by Bucket elimination @

P(A|E=0)=a Y P(A)-P(B|A4)-P(C|A)-P(D|A4,B)-P(E|B,C)

E=0,D,C,B

ZH<— Elimination operator

A

bucket B: P(b|a) P( b,a) P(e|b, c)

bucket C: P(c|a) Aooc (a d c, e)

\/
bucket D: Ao (a d, e)

bucket E: e= O Abosa (a e)

bucket A: P(a) A, (a) mduced W|dth :

(max clique size)
//M

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

SOCS 5/8/2020



Query 2: Finding MAP by Bucket Elimination

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

a,ed,c,b

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

bucket C: P(c|a)

bucket D:

bucket E:

W*=4 '
"induced width”
(max cligue size)

bucket A:

Rina Ded@€S 5/8/2020



‘Complexity of Bucket Elimination;

Bucket Elimination is time and space

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

r = number of functions The effect of the ordering:

U

“Moral” graph W* (d ) — 4 W* (d ) -9

____Finding the smallest md/g/ced width is hard!



‘Why is MMAP Harder for Inference (BE)?
|

Let’s apply Bucket-elimination: Complexity is exponential in the *constrained™ induced-width

0 5 | B JABIBOBDIEE (g
A o (:,)) 2B } ‘."‘..
/9 & o wulopiaosen gL
" £ T — | (ON
@ © E 1 e I
© D: A(A,D,E) f(A, D) ' /)
e, | | | DX |
© i |
XS = {B,C} -g é E >\D<A,E) : : {)I I\
8 = maxg | \E 4 ;}
max » P(X) /]
v X A: AE(A)
MAP* is the marginal MAP value N A/ MA,C, D, E)
Pen = [ 1
J
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‘ Why is MMAP Harder for Inference (BE)?
|

o e

Xy ={A,D,E}
Xs={B,C}

(Park & Darwiche, 2003)
(Yuan & Hansen, 2009)

Rina Dechter

constrained elimination order
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In practice, constrained induced is much

larger!
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For anytime behavior we need conditioning
- Search

AND/OR Search Spaces
for Graphical Models

And, if possible, lets exploit structure in the search space as well.
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OR

e Computes any query:
OR e Constraint satisfaction
* Optimization (MAP)

* Marginal (P(e))

N Marginal map
ina Dechter

SOCS 5/8/2020 /

pseudo tree

atext minimal OR search graph

28 nodes

Context minimal AND/OR search graph

18 AND nodes

Any query is best computed
Over the c-minimal AO search space



|Cost of a Solution Tree
|

P(E|A4,B)  P(B|A) P(C| A) P(A)
A|B|E=0|E=1 A|B=0|B=1 A|C=0[C=1 A |P(A)
0/0], .4 .6 Ol 4, 6, 0 2 .8 0l..6
0 515 1| ./ [ .9/ ] 4

Ol .7 3
1(1] .2 .8
Evidence: E=0

OR

OR

OR

OR

B|C|D=0[{D=1

olo] 2 [ 38 | the solution tree: the product of weights on its arcs

0j1] .1 9

1ol 3 L7947 (st of (A=0,B=1,C=1,D=1,E=0) = 0.6 - 0.6 - 0.5 - 0.8 - 0.5 = 0.0720

riEvidenge: D=1 SOCS 5/8/2020




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

OR

OR

OR

OR

P(E|A,B) P(B|A) P(C|A) P(A)
A|B|E=0|E=1 A|B=0|B=1 A|C=0|C=1 A |P(A)
0/0] .4 .6 0| 4 .6 0| .2 .8 0| .6
0|1] .5 5 iy .1 .9 iy .7 o) iy 4
1|10| .7 .3
N 2 | 8 P(D=1,E=0)=?
Evidence: E=0 ¥
24408 (A)
6 A4
3028 [o]
3028 Q
N .6 1
352 [o] 623 [0]
7 (E) 89 (c)
7/ 1 9
5 0] .8 |o]

riEvidenge: D=1

mxus .88 '99

Value of node = updated belief for sub-problem below

AND node: product

OR node: Marginalization by summation
SOCS 5/8/2020
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Answering Queries: Sum-Product seiie updating

P(E|A,B)  P(B|A) P(C| A) P(A)
A|B|E=0|E=1 A|B=0|B=1 A|C=0[C=1 A |P(A)
0|0 4 .6 0| 4 .6 0| .2 .8 0| .6
o[zl 5 .5 1| .1 .9 1| .7 ) 1| 4
1rio| .7 3
1/1) 2 | .8 Result: P(D=1,E=0)
Evidence: E=0

B1C |
ofo] .8 «
of1] 9 <«
1{o] .7
1/1] 1

Cache table for D

Rina Ded@€s 5/8/2020
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‘AND/OR Search and Variable Elimination

' AND/OR SearchM
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Variable Elimination Related to sum-product

(CKHABEJLNODPMFG) Networks or Arithmetic circuit
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‘ The Impact of the Pseudo-Tree
I

W=4,h=8

© w1 (® [ascoy [ABCJ] gﬁ;’* .....
O EDRBAOMLNPJHEF G)



| AND/OR Search for Marginal MAP
| B—©

77 MAP ®—B—H

: ¥ variables

R o GITI @ @ a
o SUM prlmal
Y variables Xy ={A,B,C,D}

Xs={E,F,G,H}

constrained

pseudo tree
‘Node types
"N 1OR (MAP): max

o
1OR (SUM): sum
) R JAND: multiplication
il 0] l] ii i 77[0] 1] El] i[ 0] ",,m,/éi:‘“
Iﬂ']' IIII il : ] i ) ! 1] ' il Iﬂl 1] ' 1] [l il IIII [1] Iﬁl 1 [(II il : 1] ' 1

|ﬁ||ﬁ| il




]AND/OR Search for Marginal MAP
B

C-induced-width = 6
1 ® Induced-width = 2

“7 MAP A—B—A
F—0—@G

B Lk LT T e A N LT

A,B,C,D

[di iI il

[Marinescu, Dechter and Ihler, 2014]
Rina Dechter SOCS 5/8/2020




For anytime behavior we need conditioning
And we need heuristics to guide search

Generating Heuristic Using
Relaxed Tractable Models



Query 2: Finding MAP by Bucket Elimination

MPE = max P(a)P(c la)P(b|a)P(d |a,b)P(e|b,c)

a,ed,c,b

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

bucket C: P(c|a)

bucket D:
bucket E:

bucket A: P(a) mduced W|dth”
OP (max cligue size)

Rina Ded@€S 5/8/2020



|Query 2: Decoding the MAP-Tuple
|

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

4. c'=argmaxP(c|a')x
xh®(@',d",ce")

3. d'=arg max h®(a’',d,e")

2. e'=0

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

B: P(bla) P(djb,a) P(elb,c)

C: P(C|a) h®(a,d,c,e)
D: hC(a’ d! e)
E: e=0 h°(ae)

A: P(a) h%(a)

Return (a',b’',c’',d’',e")

ROGSHY& 2020



| Mini-Bucket Approximation
|

For optimization

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

{ A0 b oo frns o )

/ Ax () = max ]i[fz(a:, - )\
{f f { fovts oo o}

Axa(s) = max H fi(z,...) Ax2(s) = max H fi(z,...)

1=1 1=r+1

Exponential complexity decrease: O(e”) — 0(6"") + O(e”_"“)

ROGSH& 2020



| Mini-Bucket Elimination e s nn 0
|

mini-buckets For optimization
— T
bucket B: f(a.b) f(b,c) F(0.d) f(boe)
° \
bucket C:  f(c,a) f(c,e) Ap—c(a,c)
bucket D: j f(a, d) ABD (d, 6)
. ¥ .
' bucket E: Ac—ela,e) A\p~gl(a,e)
OO -
Y bucket A: fla) Ag—a(a)

i

U = upper bound




| Mini-Bucket Decoding
|

For optimization

mini-buckets

— T
b* = arg max fla*,b)- f(b,c") ; rf( b)kf(b )\ ,f(b d)* 0 )\
. a? 7C ? 76
f(b,d7) - f(by€7) — |
¢ — argmax f(e,a") - f(e,e") Apclatse) L @DIEDAnmcleg
D: f(a,d) )\B—>D(d7 6)
a" = argmas f(a*,d) A pld,e) —
e’ = argmax A\cp(a’,e) - Ap-r(a,e) . ')\C_}E@iﬁ Appl0:6)
a® = argmax f(a) - Ag-a(a) A: if(a) )\E—>A(al)

\

U = upper bound
Greedy configuration = lower bound P

Rina Dechter SOCS 5/8/2020



Properties of Mini-Bucket Eliminaton

(For optimization)
¢ BOunding frOm *  Complexity: O(r exp(i)) time and
O(exp(i)) space.
above and below

Relaxation upper bound by ° Accuracy: determined by
- i=2 mini-bucket Upper/Lower bound.

=5 As i increases, both accuracy and

// =10 290 complexity increase.
/

MAP

_I_\'

Consistent solutions ( greedy search)

SOCS 5/8/2020
Rina Dechter



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

‘Tlghtenmg the Bound

AM—13(z1) 9 A3—13(23)
13
AM—i12(21) A3—23(23)
@ Reparameterization:
923 \V/j . Z)\j_;aCL'j) =0
@ a>yg
A2-12(72) A2_s23(22)
log f(x — Hhax Z 0o (Xa) < {/1\1}111} H}(%X [ea (Xa)+ Z Nisa (i) ]
i—> o o ico

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

* Tighten the bound by re-parameterization

— Enforces lost equality constraints using Lagrange multipliers

Rina Dechter SOCS 5/8/2020



Add factors that “adjust”
each local term, but

\Tlghtenmg the bound Concel ot o

M—13(x1) Az—13(x3)
013
AM—i12(21) A3—23(23)
@ Reparameterization:
923 \V/j . Z)\j_}a(wj) =0
@ a>yg
A2-12(72) A2_s23(22)
log f(x maxz 0o (xXo) < min max | 0 (Xa)+ Z Nissa () ]
{hima} 57 Xe i€
* Many names for the same class of bounds
— Dual decomposition  [Komodakis et al. 2007]
— TRW, MPLP [Wainwright et al. 2005; Globerson & Jaakkola 2007]

— Soft arc consistency [Cooper & Schiex 2004]
— Max-sum diffusion [Warner 2007]

Rina Dechter SOCS 5/8/2020



| Mini-Bucket with Moment-Matching
|

 Downward pass as cost shiftinﬁ

e Can also do cost shifting within
mini-buckets:
“Join graph” message passing

* “Moment-matching” version:
One message exchange within
each bucket, during downward
sweep

* Optimal bound defined by cliques

(“regions”) and cost-shifting f'n
\scopes (“coordinates”) J

ROGSH& 2020

[Ihler et al. 2012]

Join graph:

U = upper bound



| Anytime Approximation
|

e

-2

“HE

'vi=- . WEBE
| I=3 : MDC+Mid
L ———— MBE+)G ] |
I J=5
o " i = ?I =9
1 * L i=ll

J213, s

pedigree20 . _ )

S e B

e

* (Can tighten the bound in various ways

— Cost-shifting

=9

pedigree37

(improve consistency between cliques)

— Increase i-bound (higher order consistency)

& LEL Bk A § RALEE &

e WEE
m  MPF+Vid
———— MBE+]&
i=11
1=13
L 3]

* Simple moment-matching step improves bound significantly

Rina Dechter
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| Anytime Approximation
|

e

-2

“HE

ol WMBE
L i
- 1=3 : MDC+\ikd
| H ———_WBEXG ||
T
+ Mkl w g 5__?
| R Y-
1 L * L i=ll
J=13, 1o gs
| '
[ | =
o (=15
[ L R A Wl
pedigree20 . _ )

i b

e

* (Can tighten the bound in various ways

— Cost-shifting

5 B bbbk h B OALEEIELL ook

5§ LLLEE &

e

=1 e WEE
m  MPFMgd
—_ MBE+JG

=3

L

|

"eiz=5

s 57 =g izl
. : i=13
| - *

|

pedigree37

(improve consistency between cliques)

— Increase i-bound (higher order consistency)

* Simple moment-matching step improves bound significantly

Rina Dechter
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| Anytime Approximation
|

-ir - Bk b E RLLAE & ‘J.'“'q L R T h B OALEEIELL Bk A § RALEE &
-

i=1 i=1
s - r =3 e« MWEE ) e WEE
x m MDC+hid _ﬂ; m MPF+HE
as L i — _ WBEHG || ———— MBEXG |
L . ‘I; ~ _ o, i=3
Az +=. J_ R ni =5 B,
ikl w . t
n4 - “:?i-g : 22 | 1
=9 o
HE T \ e |—-U-la . 12 * | i .
I=
as | BT mem oY g izll
! - 1E 520 * - * =12
£ - 'ﬁ" -I--'"'Lf . - - ® .
l“"-.. e Tl . S
2 | :':':'.._\‘-. hd | ———
e (POUGTGE20 . L .. | PedigreeS7

* (Can tighten the bound in various ways
— Cost-shifting (improve consistency between cliques)
— Increase i-bound (higher order consistency)

* Simple moment-matching step improves bound significantly

ROGSHY& 2020



|Outline
|

* Graphical models, The Marginal Map task, Inference

* AND/OR search spaces

* Variational bounds as search heuristics

* Combining methods: Heuristic Search for Marginal Map
* Combining methods: Sampling

* Conclusion

Rina Dechter SOCS 5/8/2020



‘Search Aided by Variational Heuristics

m © DD m x

I [Kask, Dechter, AlJ 2001]

Given a partial assignment, [a=1,é = 0]
(weighted) mini-bucket gives an admissible heuristic:

“cost to go”:
h(a,é,D) = Aq_:(a,é)
+ f(@,D) + Az_p(D,é)

“cost so far”:
g(@,éD)=f(A=a)

Rina Dechter

4

mini-buckets

— T

A

bucketB: f(a,b) F(be)  fbd) fbe)

Y

bucket C: Az.c(a,c) f(c,a) f(c,e) \
( ‘ J

bucket D: f(a,d) 2g_p(d, e)
P -
. e
Acg(a,e) Ape(a,e)
i / l
bucket A: fla) Ag_a(a)

bound

For MAP, nggggj;ga!)z@wap and partition function



'Why is MMAP Harder for Search?
|

Brute-Force Search

max » P(X)
v XS A *Enumerate all full MAP assignments
5 5 Evaluate each full MAP assignment
. *Return the one with maximum cost
MAP

#P — complete

Evaluating a MAP assignment is
hard!

Harder relative to optimization because induced-width is higher and
evaluation of a configuration is higher

Harder relative to summation: higher induced-width
Rina Dechter SOCS 5/8/2020



[Inference vs Search for MMAP

| [Marinescu, Dechter and Ihler, 2014]

MAX e i

( (B.C") L(") ‘\
[ 1, Ul
7= (A ! ) (. F)
(A, F) ¥(D,F)
G ¢(D,G) \ (B.G)
b3
SUM Ir- o0 Hy (3. H) {.;\}U
(8)W
* Pseudo tree TN
[Freuder & Quinn, 1985]  18i(¢) (0)ma
£ = 4 .
O(exp(w*)) 1ABC)( E ) 1801( G ‘,_‘;_: [AD]
(VH“[BGI

Rina Dechter SOCS 5/8/2020

Node value v(n):
- max for MAP vars
- sum for SUM vars



\AND/OR Search for Marginal MAP

[Marinescu, Dechter and |hler, 2014]

mini-buckets

®
fab)fbey  flbud) @ @
Apoc(a,0)f(a,c) f(c.e) h © ® © ® © 6 © ®
ﬁ il "" 1] Ll] x il Q il {O] ‘x il (0] il {OJ il (0] il
v/f(a, d)Ag_p(d, e) %} N —— . W g
v A ;
Acoe(a,e)Apg(a,e) . /
GXE
.f(a) /’{E—>A(a). IQI iI il Iﬁl Mm@
«7 MAP

mmmm - [y, O -

¥ variables
Rina Dechter ConStrQH@QS/ZOZO



Exact MMAP Solvers: Best or Depth-First Search?

[Marinescu, Dechter, l|hler, AAAI 2014]

Depth-First search Best-First search

G

Lower bound

The MAP search space

/

Best-first search is superior
Expanding fewer full MAP
Solutions, thus less
conditional sums

Rina Dechter SOCS 5/8/2020



MMAP: Exact AND/OR solvers

Grid (Total 75 Instances)

. BN aobf M rbfaco @ aobb ™ braobb
Benchmarks: BN obb I bbbtd =3 bbb

Grids (128) 0 e -
Pedigrees (88)
Promedas (100)

Percent of Instances (%)

AOBF

RBFAOO - recursive
BRAOBB

Yuan, Park BBTDi, BBBTD
Time-bound 2 hours

10 12

 AND/OR search+ MB-heuristic are superior

Rina Decht



| Anytime Solvers for Marginal MAP

I [Marinsecu, Lee, Dechter, Ihler, AAAI-2017, JAIR 2019]

Weighted Best-First search: Weighted A* search [poni 1970]
. . non-admissible heuristic
— Weighted Restarting AOBF (WAOBF) Evaluation function:
— Weighted Restarting RBFAOO (WRBFAQOO) f(n)=g(n)+w-h(n)
— Weighted Repairing AOBF (WRAOBF) Guaranteed w-optimal

solution, cost C < w-C*

* Interleaving Best-first and depth-first search:
— Look-ahead (LAOBF),
— alternating (AAOBF)

\

/ 14

Lower bound \\
. Better guidance for depth-first dives L
=

using improved heuristics
« Memory robust best-first search
Rina Dechter « using improved lower bounds




‘ LAOBF (Best-first AND/OR Search with Depth-First lookaheads)

Best-first selection Depth-first lookahead Best-first expansion & update
Ty

Select(Ty)
. depth-first dive at the tip of 7o« Select a tip node n
. compute global lower bound « Expand and Update n
. cache summation subproblems

Cutoff parameter: perform depth-first dive at every® number of node expansions.
best partial solution tree: T,

Rina Dechter SOCS 5/8/2020



AAOBF (Alternating Best-First and Depth-First)

Depth-first greedy expansion Depth-first re-direct 1
Best-first re-direct 1 Best-first expansion & update
Depth-first selection
Best-first selection

Tl Tl Tb Tl Tb

- - - 1 f“{{ g

Select('7)
1) Ezxpand(n)
Select(T))
Update(n) Select (1)

Rina Dechter SOCS 5/8/2020



AO search for MAP winning
UAI Probabilistic Inference Competitions

. 2006
. 2008
. 2011
)4 )
« 2014 \ﬁ (daoopt) :g (merlin)

MPE/MAP MMAP

ROGSH& 2020



‘Benchmarks and Evaluation Methods
|

Benchmark #. inst n k We Bs Wo, I
easy | 15 | 144—1156 | 2—2 | 16-52 | 50— 164 | 15-49 | 48-198

ared hard | 60 | 144-1156 | 2—2 | 25-375 | 42— 421 = =
easy | 10 | 334-1289 | 4—7 | 35-237 [ 51-134 | 15-29 | 60-160

pedigree ["ed | 40 | 334— 1289 | 4—7 | 35-237 | 63259 - -
easy | 10 | 453-1849 | 2-2 [ 10-122 | 42— 174 | 10106 | 43157

promedas Mo 40 | 453— 1849 | 2-2 | 11-490 | 36— 507 = =

Table 1: Benchmark instances. #. inst is the number of instances in each domain. We also distin-
guish easy and hard instances. The minimum and the maximum values from the set of
problems are shown in the following parameters: 7 is the number of variables, £ is the
maximum domain size, w. is the constrained induced width, /.. 1s the height of the pseudo
tree corresponding to the constrained elimination ordering. The unconstrained induced
width, w,, and pseudo tree height, 5, are also shown to highlight the difficulty of hard
Marginal MAP problem instances.

Rina Dechter SOCS 5/8/2020



| Anytime Bounds of Marginal MAP
|

jard Grid 90-30-5 (N=900, F=000, K=2, 53, Wc=246), i-bound=12 Hard Grid 80-30-5 (N800, F=000, K=2, 5=3, Wo=246), i-bound-18
100 T

w=u waobf 1 ol i |v== waobf w=w aobf| i i
ws  |aobf | " o=t waobf-repmsss gaocbf
L P el T — L s = wiotaco

I
1
1
1
1
|
1
1
|
1

«  Search: LAOBF, AAOBEF,
BRAOBB, WAOBF,WAOBF-rep

. heuristic: WMB-MM (20) % ¥} E
«  memory: 24 GB : .
*  Anytime lower and upper bounds m: 055

from hard problem instances with
. . Hard WMED (N=437, F=437, K5, S-4, Wo- 7?1. rbot'Jr.ld-IZ Hard Pedvigmem (N=437, F-437, K-5, 5-4, Wc.Tt’?‘I. i—bm:r'}d- 18
i-bound 12 (left) and 18 (right). e

e—s wibfaoo

In (solution)
In (solution)

time in log scale and the vertical

' '“QH—..__ |
*  The horizontal axis is the CPU ) e |
axis is the value of marginal MAP ‘ AT = -J-'*—' ) 7‘;

I

1

I

1

I

i

1

I

1

I

1

1

I

I

1
: | d=en
2hroms g
| ad

in log scale. IS e - ts0f- e
102 1l‘| " l:‘ UII' 10¢ 107 bl l:“‘ 10-2 10-* pal l\ll' 1|I| UIP l.l.“
log (CPU time) sec log (CPU time) sec
. H Hard Or Chain 8ig (N-531, F-535, K-2, 5-3, Wc-29), i-bound-12 Hard Or Chain 8ig (N-531, F-535, K-2, §-3, Wc-28), i-bound-18
. Benchmarks: Pedigrees, o A s M == I T B
1 ¢ we  lachf : : 1} ) : : v |aobi t : H

promedas, grids, planning. A B L mott | ! » el | e g

fraction of variables selected as o BT o e T T

MAP (10% hard instances). - - ! | - ]
g " H E - ___,/‘ g I
8o o et :- “r = |
! o} :
100f-.... ... i o i
w3 1 w 10° 10* 107 10° l::‘ :'vir\ ot ]FI' 10* 107 1w
log (CPU time) sec log (CPU time) sec
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In (solution)

‘Anytime Bounds of Marginal MAP
I

i-bound =12

i-bound =18

Hard Grld 90 30 5 (N 900 F 900 K—2 S 3 Wc-246) Ibound—12 Hard Grld 90 30 5 (N 900 F—900 K-2 S 3 Wc_246) Ibound-18

100 . I I T i ;
5 = = waobf v Iaobi 0
: #== waobf-rep === aaobf| : :
[} ]| Erm— bozuawesazs e S T R L RS

1) I SRR SRRV SUSURR I ¥ e

B 7)Y ER VU RIS (SN NERI SYRR | B '

.
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|
|
|
|
|
L
|
|
l
|
5
l
I
¥
l
¥
¥
l

2 hr time |Iinlt

eadul

- e== wrbfaoo

=
L
> | ! z =
§ B0
N =
N —100 | ~ opdiscee

7 o
50 __________i__________ — WaObf v v |aobf B
' : s==s waobf-rep ===a aaobf

B .

=
o
T

|

\

\

\

\

L

\

\

\

I
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\
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\
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:2hr time Ilmn
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log (CPU time) sec
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| Average Gap Quality
I

pedigree domain
mem AAOBF mmm [ AOBF mmm AFSE === \WRBFAOO|

1.0

&
o0

ook
=p

Gap Quality

00 1 | 3 o aaal L 1 T L L T R | |
1 sec 10 sec 1 min 10 min 1 hr
But, schemes are limited to |Og(sec)

tractable conditioned-summation
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|Outline
|

* Graphical models, The Marginal Map task

* AND/OR search spaces

* Variational bounds as search heuristics

* Combining methods: Heuristic Search for Marginal Map
* Combining methods: Sampling

* Conclusion

Rina Dechter SOCS 5/8/2020



[ Importance Sampling
|

* Basic empirical estimate of probability:

Blu(o)] = [ p)ule) ~ a=- 3 u@?) 50~ pla)

Rina Dechter SOCS 5/8/2020



\Choosmg a Proposal- WMB-IS

[Liu, Fisher, Ihler 2015]

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

b ~ w1 q1(b@,€) + w2 g2(b|d, &)

Weighted mixture:
use minibucket 1 with probability w,
or, minibucket 2 with probability w, =1 - w,

where
) - f(b.e) e
. q1(bla, c) = [f()\ag—fc(];( C)C)

a~q(A) = fla)- Ag—a(a)/U

Key insight: provides bounded importance weights!

- (5’3)/ C]wmb(a?) SU VT socss/s200

F.b) fb.c)  f(b.d) f(b.e)

mini-buckets

w1q /\ wz

r \

J

T
flc,a) f(e,e) Ap—c(a, c')

\lf(av d) AB—D (dv 6)
!

Acwela,e) Ap—e(a,e)

~
lf(a) >\E—>A(al)

\

U = upper bound

[




Probabilistic Lower Bounds For MMAP

[Liu et al. 2015]

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

Pr(Z — A(n,8) < Z) > (1—19)

WMB based importance sampling scheme:

= n - number of samples
7y} —

d - confidence value

Zwmb - result of WMB

Z = Z P (X )|’73v1 Z - Importance Sampling estimate
Xs
Solving the conditioned Al 3 — \/Q@ra.r(w(:c))log(Q/(S) T Zwmp log(2/8)
SUM subproblem is hard! (n,0) = = T T 3m o)
#P — complete Empirical variance, decreasing as 1/n!/?

Upper bound U, decreasing as 1/n

Rina Dechter SOCS 5/8/2020



| Stochastic Anytime Search for MMAP
|

AND/OR Search AND/OR search over

the MAP variables only!

AND
OR
AND
OR

AND

f‘? O DAL O i A0 B

AND
| CI(“) I(n) Expand(n) Update(n)

MAX
q(n) : upper bound at n
* I(n) : lower bound at n

— - - -

* Ty : best partial solution
tree (partial solution tree
where OR nodes direct
the child m with best g(m)

» re-direct best partial

* backup q and | solution tree

values

Rina Dechter SOCS 5/8/2020



| ANYLDFS

I
AnyLDFS (anytime learning depth-first search)

Best-first update
Best-first selection Best-first selection

Tb Depth-first expansion

{D Expand(T) T}, solution tree -
Select(Tb) Upd(]fﬁ(Tb

* Greedy depth-first expansion Select(Tp)

to a solution tree )
T3 solution tree

e Lower bound SUM
evaluation based on the
WMB-IS scheme

Search is conduced over the MAP variables only!

Rina Dechter SOCS 5/8/2020



Stochastic Anytime Search for MMAP (Grids)

| [Marinescu, lhler, Dechter IJCAI-2018, Lou, Dechter, Ihler AAAI-2018]

ANYSBFS: Anytime Stochastic Best-First Search
ANYLDFS: Anytime Learning Depth-First Search

1y — 17
l*

grid: relative accuracy (lower bounds)

accp, =

ut—u*

ACCyup = -
U

. grid: relative accuracy (upper bounds)

3.
1.0
- i 3.0
Ve |
Ragdaaa it S —————— :
0.8 el b
a -------------------- " a ‘
o | || 00 TTTessn FOTmfm —o— AnySBFS ©
o | 5 —_—— 3 2.0
3 0.6 \L = AyLDFS S +
o ] LnDFS ©.5] |
£ iol? —w-- LAOBF 2
L -—o-- AAOBF o i
o &%\ P10l |§ —o— AnySBFS
Q%‘nnc%m { —+— AnyLDFS
0¢ . 1 —+= UBFS
0.2 0.5 by LnDFS
. N -v--- LAOBF
0.0 (R bt tbatrtass T AAOBF

0 500 1000 1500 2000 2500 3000 3500
time (sec)

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

Average over 150 instances
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0 500 1000 1500 2000 2500 3000 3500
time (sec)

u; — upper bound at time ¢
u”™ — tightest upper bound found

Average over 150 instances



‘Stochastic Anytime Search for MMAP (Planning)
|

planning: average relative accuracy (upper bounds)

B_
oy
@ 6 — UBFS
3 — AnySBFS
g —— AAOBF
P —— LAOBF
241 —— AnyLDFS
L LnDFS
g

24

D_

0 500 1000 1500 2000 2500 3000 3500
time

planning: average relative accuracy (lower bounds)

\
357 |
304 |
|
> \
2.5
@ . — UBFS
3 I —— AnySBFS
gz.o- —— AAOBF
= —— LAOBF
215 \ —— AnyLDFS
o : LnDFS
4 |
1.0 }
0.5 T
0.0 —
0 500 1000 1500 2000 2500 3000 3500

time
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| Software
|

* daoopt
— https://github.com/lotten/daoopt
(distributed and standalone AOBB solver)

a5 D
— https://developer.ibom.com/open/merlin
(standalone WMB, AOBB, AOBF, RBFAOO solvers)

\_ open source, BSD license )

pyGM : Python Toolbox for Graphical Models by Alexander Iher.

Rina Dechter SOCS 5/8/2020



Future work

Examples & Tasks

— Maximization (MAP): compute the most probable configuration
Lj(C‘i’C_j)

Obj = argmax max
R;..Ry C1,--,CnN

.-y CN EIJGEpu
SOCS 5/8/2020

Zhenylalanine
— Mixed Max-sum (Marginal Map): compute the most likely marginal

P a— awma\
1\ C

Rina Dechter



|Planning as graphical models
|

Find a sequence of decision that maximize the expected utility/rewards
S Sy S

/F;J_:/ h\_" . GEB \f;? _> / \/O'ITI
CF— A% e
o 40 | o |4 o\ —+| 42

Y oo ¢’

\are

____;;{J’
Expected utility (fixed policy)
| Influence diagrams &
EU = Z an,(;f;a) Zu@(wa\) optimal decision-making
I\/Iaiximum expected Utlllty (the “oil wildcatter” problem)

MEU = nan (u(x)]0)

5
:nmxg u( ||p B |5 ati) ||p‘ g sty
5
€T

ieC ieD
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