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Abstract

In the last few years, characterising the expressive power of Graph Neural Networks (GNNs) has
become a major concern in order to theoretically rank the plethora of existing models and to design new
provably powerful GNNs [1]. In this field, the Weisfeiler-Lehman hierarchy, based on the eponymous
polynomial-time test [2], is the most common way to characterise architectures. However, most of the
time 3-WL and 1-WL are only bounds of expressive power. A recent way to refine this WL hierarchy
is to study the substructures GNNs can count in a graph [3]. A complementary way of measuring the
expressive power of a model consists in assessing its spectral ability, in order to take into account the
effect of the model on the signal handled by the nodes [4].

Taking into consideration the three characterization aspects mentioned above, this talk proposes a new
GNN design strategy and a new model called Grammatical Graph Neural Network (G2N2) resulting from
this strategy. Our strategy relies on the MATLANG language introduced in [5] and more particularly on
the fragments of MATLANG called ML (L1) and ML (L3), shown to be as expressive as 1-WL and 3-WL
in [6]. Starting from the operations sets L1 and L3, we propose to build Context-Free Grammars (CFG)
able to generate ML (L1) and ML (L3). Since the amount of possible operations in the corresponding
CFGs is pretty high, those CFGs are reduced, keeping the equivalence with 1-WL and 3-WL. From
the variables of those reduced CFGs, GNN inputs can easily be deduced. Then, the rules of the CFGs
determine the GNN layers update rules and the readout functions. A direct benefit of this design strategy
is that GNN abilities can be deduced from the study of the language derived from the CFG.

Our strategy provably ensures that our G2N2 model is (i) exactly as expressive as 3-WL since it
inherits expressive power of ML (L3), (ii) able to count important substructures both at node-,
graph- and edge-levels, surpassing the counting abilities of existing MPNNs and subgraph MPNNs
and (iii) able to approximate low-pass, high-pass and band-pass filters in the spectral domain
while most models and in particular PPGN cannot experimentally approximate band-pass filters. These
theoretical results are confirmed by numerous experiments on various well-known dedicated graph datasets.
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