Scalable Higher-Order Topology Identification from Nodal Observations
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Introduction

Why learn relationships in data?
* Understanding complex systems (brain, social circles,...)
* Use learned relationships as

* bias (e.g. graph neural networks)

* features for downstream tasks (e.g. classification)

Why learn higher-order interactions in data?
* Many systems involve interactions between multiple entities (nodes)
* Methods exploring pair-wise interactions ignore higher-order interactions
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Problem formulation
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Given a set of IN nodes, atarget node signal z € R
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Infer the higher-order topology with interactions up to order D
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The autoregressive graph Volterra model (AGVM)

Structural equation model (SEM)
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The canonical polyadic Volterra model (CPVM)

Interaction tensor

Z=g0---0z € RVX XN
1

with zZ = {Nl e R
X

CPVM using weight tensor

Low-rank weight tensor
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Methodology — (CPV)

Optimization problem

T—-1
my%;n Z (th - <W’ Zt)F)2 i )\’R(W) Solve D convex problems per iteration
L min Im — G@DTyvec(WD)|12 + AR(W (D)
s.t. CPD-rank(W) = R, vec(W (@)

Take one factor matrix out
W,Z) =Wz, ®--0WP) ' z,)R®z,] vec(W®)
For multiple observations of target node

m =~ G(d)TveC(W(d)) Computational complexity
m=/[z,...0r_1]' crv O(DTN?*R?+ DN®R?)

(d) (1)T (D)T AGVM solved using ridge regression (RV) O(TP?*+ P?)
r &= (W 20O W Z) oX/ AGVM solved using lasso regression (LV) (’)(kTP)
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Simulations

N = 20 nodes

R = 3  rank

P = 8855 model parameters
D=1 order of interactions
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Experiments

Co-authorship dataset consisting of 12499 papers, 17431 authors, 1903 keywords
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Conclusion

The CPVM is a scalable model
Requires storing and estimating only RND parameters
The low-rank constraint acts as regularizer in ill-posed conditions

Future work
Account for temporal memory
Dynamic scenarios
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