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Background Abstract Graph Neural Networks Dynamic Abstraction Sampling

Graphical Model e Abstraction sampling is a sampling Bipartite Context Graph Evolutionary Strategies
o Variables: X = {X1, Xo, ..., Xn} scheme for computing the partition e GNN maps context representation to e \We use a (r/1 + A)-ES scheme:
function over probabilistic graphical node-level abstract state assignments. o L: population size
o Domains: D = {Dx,,Dx,,...,Dx,} models. e Bipartite context graph serves as input o m: rollouts per iteration
| - 9 9 i+ ity of to our GNN: o r: number of parents
o Functions: & = {WU,, U,, ..U/} * tLS peb c:rmetl_ncef eptgn fho?. © qLéa Yo o U: the set of frontier nodes o Fitness function:
- € absiraction tunction that Is used. o Y:a node for each value for each m
Probabilistic Inference e In this paper we develop a method for variable in the context of X | f0:) = —— Z | Zest — Zi 5117
e Task: determine configuration probability learning the abstraction function using o Nodes in U are connected to nodes in
reinforcement learning and GNNs during Y if the nodes context assignments e We optimize with respect to the current
Pr(X = x) = [ Wi(x) the sampling process. match the variable-value node running average:
o o 1 \Ijl, (E Y11 Y12 Y2.1 Y2.2 77’1\ A
20 i Wil) e Our initial results on several benchmarks m m Q f) Dot = > > > Zii
e Denominator is a normalization constant show good performance compared with Sgs \7 B0 artite Context m - L g
known as the partition function (Z) currently practiced abstraction functions. Glrpaapl)rhl c Lontex “
° SearCh sPa_CGS: Alterna_tlve Reinforcement Learning Problem - J ® Empirical results fOr 1 hr Of COmpUtatiOn
representation for graphical model ny ns T - e n | ONN
: . rooblem Instance rut an
© Z can be computed recursively: Key points: Architecture grid20x20.12 201732 | 291310 | 291.537
Z)= 3 eln)Z(n,,) e Better abstraction functions induce a * Aggregate-Combine GNN cid20x20f10 | 1311983 | 1302819 | 1307786
ny. oh(ny.) lower variance in abstraction sampling. e Each node in the bipartite context graph grid20x20.£15 1962.977 | 1944.677 | 1949.414
’ o Task: Minimize expected variance of has a vector in R where d is the number g];‘ié-§8><20-fi-5.wrap ‘527593362 ‘52636543180 ;26085%97
. .. . e |
- - - / L 2 9 e Output: distribution over abstract state rbm22 66.553 | 61219 | 65.454
e Can estimate Z using sampling 0 = arg 11(}f E[(Ze — Z) ] assignments for that node. or_chain_10.fg -8.330 -8.810 -8.391
Abstraction Sampling e Each frontier node has a context I h e Transfer learning: small instance (1hr) to

assignment that uniquely determines the large instance (1hr) in Grid benchmark.

e Sample subtrees (probes) from root: value of its rooted subtree.

o Each level has a set of frontier nodes Base Truth RandCB | GNN
o Abstraction function: assigns each o AC-GNN for 1 Trained on grid20x20.£15
o ot ) .t etat Markov Decision Process layer of oridd0x40.15 | 2792.203 | 2743.674 | 2747.990
rontier node to an abstract state: - .
: combputation grid40x40.f10 | 5491.076 | 5402.128 | 5392.410
st * States: subtrees of the search space P orid40x40.f15 | 8198.61 | 8022.986 | 8037
1 : e Actions: abstract state assignment of the grié-ggxgg-?o é I lgg . 503% - ;(l)ggé -
X R R | ' or1d80x80.11 |y 1223, .
Q Q frontier nodes grid80x80.f15 | 32550 31655 31750
y Q e Transition: given a current state (partial L _
odbaiTon ot | brobe). we can define transition e Some problems show significant gain
! Q “ Q orobabilities to the partial (or full) probe e For each output vector, apply H: R — when using learned abstraction function.
T T TR - 1,...,d} to get the final assignment for a
| Van, Q ------- Q i Frontier _ _ node to abstract state. Future Research
e Reward: negative variance of a full probe

e EXxplore architectural changes, different

R M eact State State 1 0)

o Select representative for each state e An abstraction function is a policy for optimization algorithms, more empirical
using importance sampling selecting an abstract state assignment for »  Example H function evaluation

o Add representatives to probe and frontier nodes (action) conditioned on the (argmax)
repeat for next level current context (state) This work supported in part by NSF grant 11S-2008516

and AFOSR grant 1010GWA357.




