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‘Tractable Islands: Tasks and Methods
I

Bucket-elimination: Time and space O( n k")
Cutset-conditioning: is O( n k#¢) time, linear memory, leading to anytime schemes

Tasks | CSP/SAT

Optimization Weighted MMAP
(MAX) Counting (Max-Sum)

Tractable
(Sum)

Islands

Trees © © © © ©
Graph (w=1)

based ] y.trees © ® ® © ®

Cutset- © © © © ©
trees

2-SAT

—

Language- Horn
based—=

Tight ©
domains-
— scopes

Row- ©

Mixed
L+G

convexity

Sub-
modular

©
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| Tree-solving is easy
|

CSP — consistency

Belief updating (projection-join)

(sum-prod)
mYT (Y) mYR (Y) mZL(Z) mZM (Z)
Myy (Y) Mg (Y) M, (Z) Myz (Z)
MPE (max-prod) #CSP (sum-prod)

Trees are processed in linear time and memory

Dechter, TPM 14/19



| Traveling to trees via Inference
|

Traveling to trees by clustering
Distance: n exp(w)

; BDEF ;

FHK

Inference algorithm:
Time: exp(tree-width)

Space: exp(tree-width) foopigth=4-1 =3
treewidth = (maximum cluster size) - 1
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| Traveling to trees via Conditioning

Traveling to trees by conditioning
Distance: exp(cycle-cutset)

Cycle cutset = {A,B,C}

eaa ::
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Traveling by Inference and Conditioning

w-Cutset: Balancing Memory and Time
|

Graph e Inference may require too much memory

Coloring

problem e Condition on some of the variables

o\W-cutset. Time exp(w+c_w), memory exp(w)

Dechter, TPM 14/19



‘Bird's-eye View of Exact Algorithms
| Inference

exp(w*) time/space

Search
Exp(w*) time
O(w?*) space

1 o]
1 Et[l Et
G ARA N
0/1/0(1/0{1{011/0( 1|0/ 1/0{1|0]1|0{1|0{ 1{011| 0 1/0{1{0f1|0{ 1|01 1] Of 1| 011/011/0{1|0 1|
™
Search+inference:

‘_ o = Space: exp(q) q: user
Time: exp(g+c(q)) controlled
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‘Bird's-eye View of Exact Algorithms
I

Inference

exp(w*) time/space

-

Context minimal AND/OR search graph
18 AND nodes

/

o i
T el ot ot ot
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Search+inference:
Space: exp(q)
Time: exp(g+c(q))

Search
Exp(w*) time
O(w?*) space

g: user
controlled



‘ Bird's-eye View of Approximate Algorithms

Inference

1

Bounded Inference

h Search
Sampling
Context minimal AND/OR search graph
18 AND nodes j

ﬁ Search + mference

i % i % Sampling + bounded inference
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Our approach:
Use tractable islands in Reasoning, rather than in Modeling



| Anytime Bounds via Tree Search

* Desiderata, meaningful confidence interval, responsive, complete

*  Winning frameworks: search, or sampling guided by heuristics
generated via tractable islands.

A

+ bucket B: {f(a, b) f(b, cs (f(b, d) f(b, e)\
l |

/
bucket C: Az_c(a,c) f(c,a) f(c,e)
|

l
|

]
bucket D: \ f(a,d) Ag_p(d, e)”
| ]
v v
bucket E: Acsg(a,e) Ap_g(a,e)
l 1
bucket A: fla) Az 4(a)
l l
\
\
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| Anytime Bounds via Graph Search
|

* Desiderata, meaningful confidence interval, responsive, complete

*  Winning frameworks: search, or sampling guided by heuristics
generated via tractable islands.

A

1+ bucket B: {f(a, b) f(b, cs (f(b, d) f(b, e)\
l |

/
bucket C: Az_c(a,c) f(c,a) f(c,e)
|

l
|

]
bucket D: f(a,d) Ag_p(d, e)”
{ 7 J
v v
bucket E: Acsg(a,e) Ap_g(a,e)
l |
bucket A: fla) Az 4(a)
l 1
\
\
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| Anytime Bounds via Sampling
|

* Desiderata, meaningful confidence interval, responsive, complete

*  Winning frameworks: search, or sampling guided by heuristics
generated via tractable islands.

A

o< wiuy A
u
0

AB, AB
X Wpy Upy

A

r A ( A \
, bucket B: f(a,b) f(b,c) f(b,d) f(b,e) x wiABCupBC
L | ( |

/ ~ q(-|ABC = 010)

bucket C: Az_..(a,c) f(c,a) f(c,e)
\ ;

T L ') 'D
bucket D: f(a,d) Azp(d,e) | 11

| |
[

v v
bucket E: Aesg(a,e) Apoe(a,e)
l ;

7

bucket A: fla) Ag_a(a)
L J
\
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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
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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

Bounded error

Dechter, TPM 14/19



| Graphical Models
|

o RN N e

P(B|A) R(A,B)

P(C|A) R(A,C)

P(D|A,B) l l ‘ ‘ R(A,B,D)

P(F|B,C) W R(B,C,F)

P(G|D,F) NG o \ / R(D,F,G)
a) Belief network (directed) b) Constraint network

(undirected)

P(A) @(B)
/ w (A B)

pollcy

/\/\ o

bechter ov ) INfluence diagram d) Markov network




| 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)

Dechter, TPM 14/19
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'Why Marginal MAP?
|

e 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: -, makin
— Sum over random variables

— Max over decision variables (specify action policies)

Sensor network Influence diagram:

P '

Dechter, TPM 14/19



| Marginal Map

I
primal graph

=Graphical Model: M = (X,D,F)

—variables X =1{X1,..., Xu}
e Dtpr ]
—functions F={fi,....f}

Px) = 214

=*Marginal MAP task:

Xs={FE,F,G,H}
Ty = argmazx,, Z H fi
Xs 7

Why is it harder? intuitively
Dechter, TPM 14/19



Finding Marginals by Bucket Elimination @

Kigorithm BE-bel (Dechter 1996)
P(AI[E=0)=« ZP(A)- P(B|A)-P(C|A)-P(D|AB)-P(E|B,C)

E=0,D,C,B

ZH<— Elimination operator
b A

'l N




‘Why Is MMAP Harder for Inference (BE)?

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

@"’G S C PB(ATE,D,E\lf(A, C) f(C, E)
E 2 — ZC/

© € s 7o acaDE) f(AD)
XM:{AaDaE} g | max

= D
XS — {Bz C} g o E AP (ﬁg

S =
max » P(X) \, e
Am o A: AE(4)

v
MAP* is the marginal MAP value
reo=| 5
J

Dechter, TPM 14/19
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| Why is MMAP Harder for Inference (BE)?

)
X
QO
O
—

upper
boun

SUM

constrained elimination order
unconstrained elimination order

>
=
Xy ={A,D,E}
XS - {B?O} v v
w* =4
In practice, constrained induced is much
(Park & Darwiche, 2003) larger!
<
(Yuan & Hansen, 2009) mgxgﬁb < ;mgxﬁb

Dechter, TPM 14/19



|Why is MMAP Harder for Search?
|

Brute-Force Search

max P(X)
Mo X T *Enumerate all full MAP assignments
5 5 *Evaluate each full MAP assignment
*Return the one with maximum cost
MAP

____________________________________________________________________ cost(Tpr) = Z O__

H#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
Dechter, TPM 14/19



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.



AlB[f, | [a[clf| [AlE]f| [A]F[f,] [B]c[f] [B[D[f]| [B[E]f,]| [C
olo[2][o]o[3][o]o[o]|[o]o]2]|[o[o]o][o]o]4]|[0]0]3] ][0
o[1]o] [o]1]o][o]1]3][o]1]o][o]a]a][o]2]2][0o]2]2]]0
1]o]1] [1]o]o] [1]o]2] [1]o]o] [1]o]2] [1]o]2] [1]0]1][2
1]1]a] [a]a]a] [a]a]o] [a]a]2] [1]a]a] [1]2]0] [1]2]0] |2

Flacis) = max 3 T fuxo)
A o]
5 - : - :
c ORtree = AND/OR ORgraph AND/OR
D tree graph
E
¢ time 0(k™)  O(nk™ O(n kP?¥*)  O(n kw")
.ontext minimal OR search graph
memory O(n) O(n) O(n kPw*)  O(n k") 28 nodes

C
OR OR
OR OR

OR
OR

Context minimal AND/OR search graph

Full AND/OR search tree Any query can be Computed

54 AND nodes 18 AND nodes
over any of the search spaces



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 [ .
Evidence: D=1 Cost of (A=0,B=1,C=1,D=1,E=0) =0.6- 0.6 - 0.5 - 0.8 - 0.5=0.0720

= oo|wm
=O|I=|0]|0
1
—
U1|N |W©O |00

27



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

UMD 5/3/2019



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

UMD 5/3/2019 29



|AND/OR w-Cutset
|

Start from a pseudo-tree, terminate when reaching a cutset, and apply inference

ONRERG G ® ®
© © O o e O © © O ®
©® & W o 6 O ® & O ® & W
® @ ® ® ® ® ® ®
A pseudo-tree 3-cutset 2-cutset 1-cutset
start pseudo tree start pseudo tree start pseudo tree

Dechter, TPM 14/19



Time vs Space for w-cutset

(Dechter and El-Fatah, 2000)
(Larrosa and Dechter, 2001)
(Rish and Dechter 2000)

« Random Graphs (50 nodes, 200 edges, average degree 8, w*x23)
60

P Branch and bound
50 -

40

Bucket
30 - «—— elimination

W+c(w)

20 A

time 10 -

O T T I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I
N v o) ® N e R\ ‘19 (f/b (1‘;0 (19) 2

w-cutset time O(exp(w+cutset-size)) w Space
Space O(exp(w))

Dechter, TPM 14/19




!AND/OR search for Marginal MAP

constrained Xs={E,F,G,H}

pseudo tree

® ® Node types

OR (MAP): max
OR (SUM): sum
AND: multiplication

n
J

M@ O O M0 o

[Marinescu, Dechter and Ihler, 2014} 1tor TPV 14/19



|AND/OR Search for Marginal MAP
| . e =
c@‘ A—B—~™H

=~
) D——G

= A,B,C,D
il il il il

[Marinescu, Dechter and Ihler, 2014]
Dechter, TPM 14/19




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

Generating Heuristic Using
Relaxed Tractable Models



| 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,...)

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

Dechter, TPM 14/19



| Mini-Bucket Elimination e a0
|

mini-buckets For optimization
—
bucket B: f(a,b) f(b. ) F(0.d) f(boe)
(A —

bucket C: f(c,a) f(c,e) Ap—c(a,c)

bucket D: ] f(a,d) )\B—>D(da 6)
. ¥ .

' bucket E: l)\C_>]_z;(cz, e) AE%E(a,'e)
® ¥ | e

bucket A: If(a) )\E_>A(al)

l

U = upper bound

Ao—pl(a,e) =max...
Dechter, TPM 14/19



| Mini-Bucket Decoding
|

For optimization

mini-buckets

—

b7 = argnpac flat, 0) - (6, ¢7) B f(a.0) f(b.c)  F0d) F(be)
S ) - F(b, ) M '
¢’ = arg max flc,a®) - f(c,e”) - Apsco(a®,c) - ‘f(Q 2) 1(6:€) Apole, C')
3 org s F@ D) App(d e D: \lf(a, d) )\f_m(d, 6)
e” = arg max Aoe(a™,e) - Ape(a”,e) . ‘)\C_)Eajﬁ Ap—p(a,€)
a* = arg max fla) - Agp—a(a) A: lf(a) )\E—>A(al)

l

U = upper bound
Greedy configuration = lower bound PP

Dechter, TPM 14/19



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.

=3 As i increases, both accuracy and

// 10 90 complexity increase.
/

MAP

_I_\'

Consistent solutions ( greedy search)

Dechter, TPM 14/19



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

Dechter, TPM 14/19



Add factors that “adjust”
each local term, but

\Tlghtenmg the bound Concel ot m 3

A—13(x1) A3—13(x3)
013
AM—i12(z1) A3—23(T3)
@ Reparameterization:
O23 Vit > Ajoalr;) =0
@ adj
Aa—s12(22) A2—s23(22)
log f(x maxz 0o (Xa) min Z max | O (Xa)+ Z )\7:—>a(£137:)]
{Az%a} Xo ico
* 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]

Dechter, TPM 14/19



| 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”) /

Dechter, TPM 14/19

[Ihler et al. 2012]

Join graph:

U = upper bound



| Anytime Approximation
|

-106

Liz1
°* -3 e MEE
m MBE#MN
———— MBE+]G
J=5
o l= ?i - g
* L i=11
J: 13. - 15

pedigree20

-34D

Can tighten the bound in various ways

— Cost-shifting

i=1
. 1=3
*« |=hK
=7
pedigrees’

e WBE
m MBE:MM
___ MBEHG

— Increase i-bound (higher order consistency)

(improve consistency between cligues)

Simple moment-matching step improves bound significantly

Dechter, TPM 14/19



| 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

Dechter, TPM 14/19



| 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
18 :}:% * ° =15 l---.\“: =J , = 8] . =11
oo | "‘ﬁ;{.\\ Y 1215 320 "__“-_-,1%” _i=13
2 s .}‘ -“ﬁ._j- i-""-l‘-..-..""-!.:ﬁ-.. '.'-n-.,...
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

Dechter, TPM 14/19



\I\/Iml -Bucket for Summation ., ;. ..,

* Generalize technique to sum via Holder’s mequallty

She e < [Saeh]” (S a0k

Wy + Wy = 1

* Define the weighted (or powered) sum:

w1

L S = [ s ]

I

— “Temperature” interpolates between sum & max:

— Different weights do not commute:

w1 w2 wy . . o
EI:E flz1, ) # E_J E:f(fﬁlaﬂ’?z) w—0t E;f(;z:) ax f(2)

Ty T2 T2 T1

Dechter, IS 4/18



| WMB for Marginal MAP
|

M5c(@) = ) f@b)f(b,c)
b

Msn(d,e) = ) Flb,d)f (be)
b

(w1 +w, =1)

Apoa(a) = maxAqg(a,e)lp p(a,e) Maxg
e

U= max f(a)lga(a)

Marginal MAP
Xg bucket B:
C bucket C:
maxp| bucket D:
bucket E:
max,| bucket A:

v

Can optimize over cost-shifting and weights
(single pass “MM” or iterative message passing)

Dechter, IS 4/18

mini-buckets

— ™

A

r

fab) fb,0)  f(bd) flbe)

v
l/13—>c(a» c) fla,c) f(c, 6’)'

|

f(a,d) Ag_p(d,e)

| Acsg(a,e) Apog(a,e) |

/
If(a) Agsa(a) |

l

U = upper bound

[Liu and lhler, 2011; 2013]
[Dechter and Rish, 2003]



|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

Dechter, TPM 14/19



!AN D/OR Search for M

Ao g
R 8
%] AESRaFATL Y. TSR

constrained
pseudo tree
® ®

h

arginal MAP
E—©

@

®

B—
D—G

primal graph

mini-buckets

f(a b) 1 0 fod
Aeoc(a,)f(a,c) f(c, e),l

DO 0POO0POOOPOOOE

0o O oo md o

B

0N O NOM0DGdodnD O N0 D0 o0 @ od o

OO OO

[Marinescu, Dechter and Ihler, 2014}, tiqr TP 14/19

f(a,d) AfﬁD (d,e)
uAC—>E(a) 8) AD—)E(aI 8),

f(a) /1E—>A (Cl)




Exact MMAP Solvers: Best or Depth-First Search?

bepth-First search

4 A D

\
The MAP search space

/

Lower bound

Best-First search

¢

Best-first search expands
less full MAP configurations
Less conditional sums

E,F,G,H

Ll

upper bound Dechter, TPM 14/19




MMAP

: Exact AND/OR solvers

Benchmarks:
Grids (128)
Pedigrees (88)
Promedas (100)

AOBF

RBFAQO - recursive
BRAOBB

Yuan, Park BBTDi, BBBTD
Time-bound 2 hours

Grid (Total 75 Instances)

B aobf M rbfaco ™ acbhb ™1 bracbhb
B obb 1 bbbtd 1 bbbti
L —

Percent of Instances (%)

AND/OR search+ MB-heuristic are superior

to OR search using “unordered heuristic” [Park and Darwiche 2003, Yuan




\Anytlme Solvers for Marginal MAP

Weighted A* search [pohl 1970]
¢ WEIghtEd HeurIStIC [Lee et. al. AAAI- 2016 JAIR 2019] non-admissible heuristic

— Weighted Restarting AOBF (WAOBF) Evaluation function:
— Weighted Restarting RBFAOO (WRBFAQO) f(n)=g(n)+w-h(n)
— Weighted Repairing AOBF (WRAOBF) Guaranteed w-optima|

solution, cost C < w-C*

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

<=
Exploiting heuristic
search ideas ./
| Lower bound | Upper bound
'
Goal: anytime bounds
And anytime solution MMAP
_—
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Anytime Bounds of Marginal MAP

UAI'14, IJCAI'15, AAAI'16, AAAI'17, JAIR 2019 (Marinescu, Lee, Ihler, Dechter)

Hard Girid 90-30-5 (N-000, F-200, K-2, 5-3, Wc-248), ibound-12 Hard Girid 20-30-5 [N-200, F-000, K-2, 5-3, Wo-248), i-bound-18
T {1 I L

- Search: LAOBF, AAOBF, ” = 'a‘ﬁ'j: W '
BRAOBB, WAOBF,WAOBF-rep __

- heuristic: WMB-MM (20) et

* memory: 24 GB = AR }

¢ Anytime lower and upper bounds I T B R L

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

from hard problem instances with i - _ i .
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). ﬂ ......... i J ﬂr

*  The horizontal axis is the CPU
time in log scale and the vertical T .
axis is the value of marginal MAP B et S o N as

in log scale. - —-——}“"""E oy B L

In {solution)
In {solution)

i i ; ; i i i ; ; i ;
[T ( R | io® 1ot g 1w 1 102 in-* 10—t i in? i 1w
log (CPU time) sec lag (CPU time) sec

Hard Or Chain 8ig (N-531, F-535, K-2, 5-3, Wc-29), i bound-12 Hard Or Chain 8§y (N-531, F-535, K-2, §-3, We-29), i bound-18
" T T T T T

1] = -g-i
A

But, limited to tractable B nnEm i T .,; u?,:,=,_:,.

In {soltion)
In {soltion)
]

condition-summation

1] ——

I

af-... wet

1}-... PR . Z e .

22 omomog
—

w1t ot 10 10* 1 jlig [ S (VR {1 10 n’ 1 blig
log (CPU time) sec lag (CPU time) sec



|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
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Choose a Proposal Combine w Search

Building blocks in current algorithms for
Markov Logic Networks

* Probabilistic Theorem Proving: Gogate and Domingos, CACM 2016,
* Lifted Importance Sampling: Venugopal and Gogate, NeurlPS 2014.

T e e - - flligenza
Artificiale, 2011)]

* /Dynamic Importance Sampling (DIS) [Cou, Dechteﬂj@
2017)] T

 Abstraction Sampllng [Broka, Dechter, Ihler and Kask (UAI, 2018)].

* Finite-sample Bounds for MMAP [Lou, Dechter, and Ihler. (UAI
2018)]

*  WMB Importance Sampling (WMB-IS) [LiG Fistrer, Thler (ICML
015)]

Dechter, TPM 14/19




\Choosmg a Proposal- WMB-IS

[Liu, Fisher, Ihler 2015]

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

b ~ w1 q1(b]a, é) + w2 g2(b|d, €)

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

where
a b ° b w

&~ q(A) = f(a) - Ap—ala)/U

Key insight: provides bounded importance weights!

0< f(aj)/q\vmb (ZU) <U Vzx Dechter, TPM 14/19

\

mini-buckets

w1 4/\; w2
Fla.b) £0.0)

J

[

f(b d) f(b,e)
p—
f(c,a) f(c,e) AB%c(a,c,)

\lf(a7 d) AB—D (dv 6)
!

a, 6) )\E_>E(a, 6)'

~
|f(a) >\E—>A(al)

\

U = upper bound

|>\C—>E(




Probabilistic Lower Bounds For MMAP

[Liu et al. 2015]

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

—
Pr(Z — An,8) < Z) > (1)
- 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 gy — 200 (w(@)10g(2/8)  TZumslog(2/6)
SUM subproblem is hard! (n,0) = . METr—
#P — complete Empirical variance, decreasing as 1/n1/2

Upper bound U, decreasing as 1/n



|Experiments
|

« Anytime Algorithms
- State-of-the-art
« |LAOBF [Marinescu, Lee, Dechter, Ihler, 2017] )

* AAOBF [Marinescu, Lee, Dechter, Ihler, 2017] . Hybrid best+depth-first search
* LnDFS [Marinescu, Lee, Dechter, Ihler, 2017] |
« UBFS [Qi Ihler, 2018] |

- Proposed schemes
« AnySBFS (p = 0.5)
* AnyLDFS
« Benchmarks
- Grid, pedigree, promedas, planning (UCIrvine graphical models repo)

- 10% of variables selected randomly as MAP variables
« Hard (intractable) conditioned summation subproblems

- Parameters: confidence 0.05

Dechter, TPM 14/19



‘IVIMAP Combining with Sampling

[Lou, Dechter, Ihler, 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”]

|lt = l*l B 7. Ut — i
ub —

accCyy —

u*

grid: relative accu curacy (upper bounds)

1.0+
| Perer
0.8{ [Fop
SEL—— 4 .
& P000000 0000
3
So6
© 0
2 =LA
04 ® 10l —o— AnySBFS
—o— AnyLDFS
i —+— UBFS
0.2 051 W ~+ LnDFS
: s ~v- LAOBF
il 4 -—o-- AAOBF
0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000 3500
time (sec) time (sec)
[y — lower bound at time ¢ uz — upper bound at time ¢
[* — tightest lower bound found u”™ — tightest upper bound found
Average over 150 instances Average over 150 instances

(Lower is better)



| Combining Approaches
|

7

Variational =
methods i; v
. WMB — )
provide heuristic provide  WMB-IS
j x proposal  [1jy et al., NIPS 2015]
Approximating
p . Summation sub-problgms
Search {mmmm | Sampling s

.

R

refine proposal

For MAP, marginal map
and partition function

Dechter, TPM 14/19

dynamic importance sampling (DIS)

[Lou et al., NIPS 2017]




| Dynamic Importance Sampling

I [Lou, Dechter, Ihler, NIPS 2017, AAAI 2019]

° Interleave
— Building search tree (expand Nd nodes)
— Draw samples given search bound (NI samples)
Z <U = hgg+ hgro + ho11 + g

(For partition function)

hy

hog hoy

* Key insight: proposal changes (improves) with each step
— Use weighted average: better samples get more weight

N 5 N 1
IO E 2[5

N Ui i=1

e

— Derive corresponding concentration bound on Z

Dechter, TPM 14/19



| Finite-sample Bounds for DIS

Theorem: Define the deviation term

2Var({Z;/U}N ) In(2/6)  TIn(2/5)
A = HMU) (\/ N T3 1))

then, Pr[Z < Z+ A]>1—6and Pr[Z > Z — A] >1—.

@({2@/@}{\;1) empirical variance of {Z/Uz}fil
—64

IIIIIII Search
66! sampling
. mm two stage

_ 681 ==DIS

= 68 ",

= “a

5

o)

L0

=~

Q

=9

o

=)

10° 10"
time (sec) Dechter, TPM 14/19



| Individual Results

I (For partition function)

—120r
>
[—
O'J
S 125}
|
Eﬁ A0BFYS
= -130r ~—WMB.IS
—DIS l'g\'g:l, Na=1)
~-DIS (N;=1, Ny=10)
. —-two—stage
10 10’ 10
time (sec)
(a) pedigree/pedigree33
-260F
E’f 265}
o0
w
T -270¢
]
[=Ix} o
= -275; &
; DIS (M1 N'=10
-280r : . —-—twc»sEta[ge =1
10’ 10° 10° 10

time (sec)

(d) pedigree/pedigree37

4

logZ ( unknown )

[Lou, Dechter, Ihler, NIPS 2017]

-85
=90
-95
-100
TORERRE wm)
-=DIS E'\,l l Ny= 10)
-103 —two-stage
10 10° 10
time (sec)
(b) protein/lco6
¥
b 'V [—=AOBFS
V= WMEB-1S . :
i ! ==DIS (Ni= 1 Na=1)
! |-=-DIS l'\\,l ,-'\"dzlﬂj
—95¢ ' |' —two-stage
10° 10° 10°
time (sec)

(e) protein/lbgc
Dechter, TPM 14/19

logZ ( unknown)

logZ. ( unknown )

-20¢
-25¢
-30¢ t
" *DIER\; 1, Ng= lé
" *DIB(\; 1 Ny= 1:]
_35k " —two-stage
10 10° 10"
time (sec)
(c) BN/BN_30
-120f
-130r
-140r
-150f
- AOBFS
-+ WNMB-15 i
: —DIS (Nj=1, Ny=1)
-160r I - DIS L.'\'ir:l,.'\"dle)
. | |——two-stage
10 10° 10° 10°
time (sec)

(f) BN/BN_129



|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

Dechter, TPM 14/19



| Continuing work and Conclusions

|
* Exploiting the graph-based tractability coupled with
variational improvements can take us far into non-
tractabile lands when pursuing anytime probabilistic

reasoning

Variational
methods y‘ ‘V
—
i /

\~_

[ Search

Dechter, TPM 14/19



Thank You |

For publication see:

http://www.ics.uci.edu/~dechter/publications.html
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