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Motivation

Multiple Information Networks

@ Graphical models describe complex dependency structures.
@ Shared subgraphs - joint information

e Multiple brain imaging techniques.
e Finding similar molecular structures for drug discovery.
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Each information layer — distinct representation
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Shared Structure Learning

@ Graph samples: X; = [X},..., X?], X;~ fiforie {1,2}.
@ Objective: Observe X;,X, — estimate G; = (V;, E).

@ Baseline: estimate Fy, F» — E, = E1 N E5: vastly inefficient
@ Joint learning of G, only.

1
@ Ising Model: f(X) = — XP < > AX“X”)
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Problem Formulation

@ Goal. Learning only the shared subgraph G;.
@ Graph decoder vs: maps the data samples to class of subgraphs.

P 1 XVP x XM — T
@ Exact recovery: Perfectly learn G

. .
PL(Zp) = jmax P(EAL| #0)

@ Vertex sample complexity: N(nr) = 7%, Vs (k)|
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Algorithmic Framework

@ An adaptive algorithm focused on learning only Gs.
e Pruning step and joint learning step.

Pruning
(VS estimate .. //
g. £ (‘G,és)

Joint Learning of
Shared Subgraph

Gs & (Vs, Ey)
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Algorithmic Framework
Similarity-based Pruning

@ Form coarse estimates V,(k), E(k) at each iteration k via:

min Eg[X"X?] > tanh A — \/alogp/2k, Vk

1€{1,2}
@ Importance: Narrow down sampling to only V; adaptively.
P(V, CVi(k)) >1—-2p"°, Vk

logp
22

P(Vi(k) = Vi) > 1 —2p“.

@ Sample complexity: k = O(a
ensures

) in correlation decay regime
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Algorithmic Framework
Joint Structure Learning

@ Joint multiplicative updates at every iteration

B

wi’(k+1) = w;" (k) - exp (2(611“’(16) + eg”(k;))) , u,v € Vi(k)

@ Importance: Joint updates improve learning of E, and samples

from only V; (k) suffice.

@ Sample complexity: When g, is isolated, and pruning localizes V,
for ensuring PL(Z;) < (1 - 2),

1
Joint (ours): O (AZexp()\d) log ﬁf) where ¢ = |Vs| < p

1
Independent: O (AQexp()\d) log p)}\?) (Klivans and Meka, 2017)
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Simulations

@ Erdds-Rényi random graphs with p = 200 vertices, |V;| = 20.
@ Baseline approach: learn E;, E; separately and form

E, = FEi N Es.
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Conclusions

@ Novel problem of learning the shared structure of two graphs.
@ An algorithmic framework and its evaluation in various regimes.
@ Sample complexity analysis for specific settings.

Varici, Sihag, Tajer Learning Shared Subgraphs AISTATS 2021 9/9



