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Can we capture complex network failure modes with a parsimonious
model?

Data. k binary snapshots of the

state of an n-node network: Physical network G

QP

¢®-
.
o

o

X ={xM, ... x( e {o,1}k*n

O



Can we capture complex network failure modes with a parsimonious
model?

Data. k binary snapshots of the

state of an n-node network: Physical network G

X = {x®, . xR ¢ 0, 1}kxn o
..‘

Ising model on G = (V,€): @

@
S oo ®
p(x | p, X) x exp(Z X,/,L,-i-z X,XJ(T,J) ®
i

i<j



Can we capture complex network failure modes with a parsimonious
model?

Data. k binary snapshots of the

state of an n-node network: Physical network G (Estimated) “failure”
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correlations?



The missing piece: (global) covariates

Introduce covariates. Replace the scalar
threshold u; by a covariate-informed linear
predictor:

hi(zi) = aqiy + IB;E;)ZI
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The missing piece: (global) covariates

component failed?

age, load, temperature
base failure rate by type
covariate effect by type
residual coupling

Introduce covariates. Replace the scalar Concrete example: power grid
thrzs.,hold- u; by a covariate-informed linear x € (0,1}
predictor: z € RP
T Qi

hi(zi) = aviy + By Zi ﬂiii;
so the joint distribution becomes gij
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From model to discovery

Approach: covariate-dependent Ising model with spike-and-slab prior — EM
edge-screening — Gibbs sampler for posterior uncertainty.



From model to discovery

Estimated

Approach: covariate-dependent Ising model with spike-and-slab prior — EM
edge-screening — Gibbs sampler for posterior uncertainty.
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