Directed Graph Grammars for Sequence-based Learning

Existing sequential graph generation methods lack a principled mapping between graph and sequence.
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Graph Grammar is a formal framework for describing graphs as a sequence of rewrite rules. Results show DIGGED’s superiority on downstream generation, prediction and optimization tasks.

Unconditional Generation — How well we can generate samples by decoding from a Gaussian prior.
Predictive Performance — How well the latent embeddings of DAGs can predict their performances.

Grammar Induction >

Autoregressive (AG) methods generate node-by-node. Figure from Zhang et al (2019).

®

Bayesian Optimization — How well the learned latent space can be used for searching for high-performance DAGs through BO.
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Sequential Decoding (SD) methods generate an equivalent sequential description of a graph. (Left) Predictive Performance of Latent Representations on CktBenchl01. (Right) Test error distribution across the parse length
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s |7 o Il s || - (blue). For reference, we also include a count of the number of test set examples of each parse length (red).
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Onto (dataset D):
DIGGED’s grammar induction 1s also a parsing algorithm, so every graph in the dataset has a parse.

AG and SD can always generate the dataset.
Deterministic:
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(Left) We show graph size |[H| asa function of iteration (same as the #rules induced). Lower legend follows the format initial — pre-
termination — post-termination. (Right) Controlled study comparing with simpler node-order encodings.

5

Initial, Terminate and Final |V| for each Dataset

DIGGED’s grammar 1s deterministic. _ _ _ 2. Compute possible 3. Check for rule compatibility Valid Unique Novel RMSE Pearson’sr Ist 2nd 3rd
SD enfs I 1. ldentify candidate motif 1 edge redirections among all occurrences LOT™77" ~=" IDJ{ckt, enas, bn): 1000, 19020, 200000

enforces teacher-forcing. @ Graph2NS-Default ENAS 96.1 99.17 100  0.746  0.656 0.746  0.744  0.743
AG methods can take many action trajectories to arrive at the same final state. @ : £ %97 BN 95.8 964 94.8 0498  0.869 -11590 - -11685  -11991
Valid: : c CKT 802 71.0 96.8  0.695 0.738 220.96 177.29 148.92

° . O O 7
DIGGED uses context-free grammar (CFQG) , so an arbitrary derivation still produces a valid graph * Exiract opimal grammar e (LHS I ) g CraphzNS-BES PRAS 408 10 100 0800 095 0746 - 0.790 - 0.745
U HeC 8 | ) y aety prodt valld gtaph. | g 07+ BN 22 100 100 0591 0.819 11601 -11892  -11950

AG can ensure only actions that retain validity are taken. . . ”Or:]';z;m;z”a' p < daughter graph D 2 o — CKT 0.1% 100 100  0.676  0.751 i _ i
SD methods do not guarantee an arbitrary description encodes a valid graph. - @ . » @ @ 1 5 Graph2NS-Random ENAS 0% - ) 0859 0508 ] ] ]

: I = 051 BN 84 100 100 0.535  0.857 11523 -11624  -11909
Stateless: | | | | . y : ¢ = iter 465 CKT 0% - . 0.680  0.760 - - .
CFGs are stateless. Generation terminates when a terminal rule 1s selected. . \ . N \ N 0.4
D) i o cantEllEn Eneeen \_ J S —— ckt: 47877->22007->5000 Iter 7504 DIGGED ENAS 100 08.7 99.9 0.912 0.386 0.749 0.748 0.748

4 ~ mg. . . . . b @ @ f e la* a*) (b | 0.3 — enas: 152160->57785->19020 BN 100 97.6 100 0.953  0.712 11110 -11250  -11293
AG methods require tracking the intermediate graph as a state to filter out invalid actions. . ) . L | [ 2dd out-edges to both nodes of ¥ | | T Pr 2000000>1279567->200000 CKT 100 100 788  0.627  0.787 30632 296.82  265.53
0.0 0.2 0.4 0.6 0.8 1.0

Ilteration # / Total Ilterations



