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Summary

A new decomposition method for bounding the MEU * (Definition) Powered-sum elimination for a valuation algebra Algorithm 1 Jom Graph Decomposition for IDs (JGDID) herlerd
= Join graph decompositien bounds for IDs (JGD|D) - generahze elimination Opera’[or by LP-norm Require: Influence diagram M" = (X, ¥, O), initial weights ' F @ )
: . : . ) w; associated with a variable X; € X, ¢-bound, total itera- (Acse(0,2).71c(0,2))
* Approximate mferqnce algorithm for mﬂu_ence diagram / ) \ tion limit My, iteration limit M2 for updating weights and [
Proposed method is based on the valuation algebra Given ¥(X):= (P(X),V(X)) over X costs before updating utility constants. N
«  Exploits local structure of influence diagrams (w,A) — W Ensure: an upper bound of the MEU. Lyzu. b@ i il d@ Qa0 D) 1@, 1)) e @
. Extends dual decomposition for MMAP Lx e R)=(L ¥ PR, Lxh(PX), V(X), A)®(1-A) '+ gonciate Join graph decomposition D g (& 8) 0 )
labeling function ). Initialization
: e . . : . : w __ 1/wlw . e
with f(X) = [Z ’f(X) | ] 0<w<1 2: execute single pass cost-shifting by messages generated by _ ..
Significant improvement in upper bounds compared with earlier works Lx X MBE algorithm based on the valuation aleebra (MBE.VA) - JOin graph decomposition [Mateescu, etla 2010}
= Translation based methods P()()(V(X) _|_A) if VX) +A>0 3: initialize weights w7, VC; € C by uniform weights. . L _
»  Pure/interleaved MMAP translation + MMAP inference h(P(X),V(X),A)= PX) ) 4: iter=0, Lypy = inf - Mini-bucket elimination [Dechterand Rish, 2003]
= Direct relaxation methods k 0, otherwise. / g w?ile itei:‘ < IL{;I OE(LME[)j(iSdHOt converged do
*  mini-bucket scheme with valuation algebra 7. “E;E; iazin(e LMEE UPD :TE-WEIGHTs(gJ, X)) Outer optimization by Block coordinate method
« relaxing non-anticipativity constraint 8: end for - optimize subset of parameters for nonconvex LMEU

*» (Theorem) Decomposition Bounds for IDs 135_ for cach edge (€, () € S do

Lveu «<— min(Lyvgu, UPDATE-COSTS(G 7, {C5, C5}))

» decomposition bounds interchange elimination and combination 11: end for Inner optimization by first order methods
12: i iter > My then - Weights per variable: exponentiated gradient descent
S . / 13: for each node C; € C do . [Kivinen and Warmuth, 1997]
Background — Intfluence Diagram /" Given an ID M := (X,¥,0), the MEU can be bounded by ) 4T i g UPPATE-UTILCONSTIG5. ) Gost per edges: raciet descen “
oward and Matheson, 2005] W (Wa A) 15: end for
: : .. : ’ 16: dif 1F : -
< A graphical model for sequential decision-making under uncertainty §1® U, (X,) < ® 2-\ U, (X,) 1 e e -UtllltyconstézrltlsperntodeS-gradlenttilescent
with perfect recall | acly acly /, To\ta) 18: end while X =x"—s- [Vf(x')]
Chance variables C = {50, 51,52, 53} O O

/ Factored MDP as an ID \ Decision variables D = {Dy, D} with w; = Zaeh w; for wand w® Va € Iy
Probability functions P = {P(Sy),---,P(S3|pa(S3))} k A :={A,Va € Iy} /

il i U = {Uo(pa(Uy),--- ,Us(pa(Us)} : : :
Utility functions < MMAP translation + approximate MMAP inference
Partial ordering constraint O ={Sy,S1} < {Do} < {S2, S5} < {D1} [Maua 2016] [Liu, Ihler 2011, Marinescu 2014]

Reduction of ID to MMAP + WMBMM (Weighted Mini-Bucket with Moment Matching)

WMB-MM ' ' ‘mini-bucket cliques

POIicy functions AO = R(DO) — DO Al = R(Dl) — Dy
Task — compute MEU and optimal policy

Bucket X, :
maXD maXD ' P. ' . . A . ‘ [] [] [] [] [ [ [] X X
2,8 D0 2, 5, WX, [ Lpep Pl vcuv [ a ea B4 < (Proposition) Parameterized decomposition bounds by introducing
optimization parameters relativeto a join graph
[Liu, Ihler 2012] [Ping,[Liu, Ihler 2015]
B aC kg rO u n d Val u atl O n AI g e b ra KODtimization parameters over join arpah \ Utility constant parameters ReductionofIDto mterleaved MMAP +  GDD (Generalized Dual Decomposition)
o overnodes A, TERERERIT 0 EDERTRInENED
[Jensen 1994, Maua 2012] (Col( x(Ca) = {Do. 5. Sa} ) Ci oy
. ) . o ] (Acy,0.(83)sncy 0, (53)) Pe, = P(Ss| Do, So) (Acw,c, (Do, So),nc.,cy (Do, So)) AH,,(E,),
*» Algebraic framework for computing expected utility value (a.k.a. potential) Vo,— 0 I
([Ol — ~ . - WW Cost shifting valuations
- - - . : Ch) ={D1,52, 9 x(C4) = {Do. So, 51}
Variable elimination with VA Valuation: V(X)) := (P(X), V(X M) = Dy % 5 Ac, over edges § —(\ . .
/ : () ) ) b'(l' (X), V(X)) Pe, — 1 Ac, acH ™ re. = plsnres) Ci,0;=(AC1,0;5 7101, ) % Direct methods for bounding IDs
BucketD;: variables[Dq, So, Ss] P(X proba ||ty V(X) expected utilit Ve, =Ua(D1,83) +Us (D1, Ac, Vs =Uo(Do,51) + U1 (Do, .. . : : :
[ — (X) exp 4 Mini-bucket eliminationwith valuation algebra (MBE-VA) [Dechter 2000, Maua 2012]
(P2 = (1. U2(Dr. 5902 (LW | | combinat nalizati D ST -
! ombination Marginalization (sl x(C) = {50, 51, 52 Weights from LP norm over . . - . . |
s e (50 DN I * 55 thesariables c, Information relaxation by minimum sufficientinformation set (IR-SIS) [Nilsson2001, Yuan2010]
BucketSy: variables[Sp, S1, Sa, S3] | \I;l - (Plavl) \112 — (P2’V2) .= (P(X), V(X)) Y C X !‘3,02 2), NC;5,02 (S2 C's chzoo, 1 C4,05 (S0, 51). ey ,04(Sos 1/ Wx = ZC@'EC ’U)X
[ (A%2,1%2) = 30, [(APr,nP) @ (P(S2[So, S1),0)] ] Uy @ Wy:= (P Py, LVo+ P V) >y V=00 v P2y V)
| max ¥ := (max P, max V)
BucketSs: variables[Sy, S1, Dy, S3] l - Y Y ? Y / . . \
VD) =5, S ot T 0P e MEU Query in VA Parameterized decomposition bounds
? _ S1 So 0 S3 ’ = =
(P(Sp),0)®(P(S1),0)&(P(Ss| Dy, So), 0)@ U= {(F,0)|F e PtU{(1,U,)|U; € U} prObablllty wCi o, : : : s Benchmarks » Algorith
(1, Uo(Dy, S1)&(1, Ur (D, So)] 9 maxp, 3 maxn. @+ U, Lvvar=[lo.cc Lo e with re-parameterized functions g
SO Sl DO S2 S3 Dl ZEI‘I' t ¢ v / Domain n f k S w i
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Background — Join Graph Decomposition inods | GDDwih mereaved | ieraive
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