A1l UNIVERSITETET | AGDER

Fast Graph Filters for Decentralized Subspace Projection

Daniel Romero, Siavash Mollaebrahim, Baltasar Beferull-Lozano, and Cesar Asensio-Marco
Dept. of Information and Communication Technology, University of Agder, Grimstad, Norway

Decentralized Inference in Sensor Networks
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Goal: Decentralized Subspace Projection
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Example of subspace projection: Least-squares estimation
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Contribution Relative to Prior Art

oMaximum convergence rate
[Barbarossa et al. ‘09] [Insausti et al. ‘12]

»No memory

» Asymptotic convergence

oDistributed subspace projection via graph filters
[Sandryhaila et al. ‘14] [Safavi et al. ‘15]
[Segarra et al. ‘17]

>Memory

»Convergence in finite number of local exchanges
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Edge weights
are designed

Edge weights
must be given

Contribution:

Weights for convergence in a nearly minimal number of local exchanges.
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Decentralized Projections via Graph Filters

. Graph weight/shift matrix: matrix S ¢ RV > suchthat (S)nn =0if (n,n') ¢ &
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Minimizing the Filter Order
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Decentralized computation via L-1 neighbor exchanges

ysp = Py, z

Subspace Projection
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Decentralized computation of projections via L-1 neighbor data exchanges if

ysp =YGF VZz

YGF = Zz 0 ClSl
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Problem Formulation
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* Step 1: decompose S

R(S”) R(U))
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o Step 2: rewrite

U U =[UV|,ULV.]

« Combine

UV, ULV { : } { VTUHF } = UV}, ULV Z {
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Simulation Experiments
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Fig. 4: NMSE as a function of the number of communications
performed per node (N = 20, r = 3, 8 = 5, Erd6s—Rényi graph with
Pmiss = 0.6, p = 0.1, Inax = 1000, n, = 0.9, n; = 0.1,e =0.1).
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Eigenvalue index, N=20, r=5

Contributions

= Z drawn from a zero mean,
unit variance Gaussian

distribution.

= U generated by applying
Gram-Schmidttoan NV X r
matrix with independent and
uniformly distributed (0,1)
entries.

=Peformance metric
NMSE(H,) :=E [||¢ — H;2|3] /E [||€]3]
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Framework for subspace projection with graph filters

Novel convex relaxation approach to minimize the filter order

Approximate filters when the topology does not allow an exact filter

Theoretical analysis of the feasibility of a projection with a given topology

ADMM solvers



