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Overview Low-Complexity Inference

Data deluge carries technological challenges: = =
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Why is dimensionality reduction even possible? where \/ o9 (5 ) ' C T R

e signals and data may have low-dimensional structure,

e statistics of interest may involve low-complexity inference, Detection
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Common link for success in these applications is a concentration of measure phenomenon:

e let X eRN and let ®: RN X RM be a random matrix with iid Gaussian entries; then Classification N
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This property has substantial implications in a number of settings y — ds3ll, (Johnson-Lindenstrauss lemma)

e compressive hardware under development

Low-Complexity Inference

Low-Dimensional Models with Low-Dimensional Models
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Sparse Signal Models - :E'l.'.' N Estimation, Detection, and Classification
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low-dimensional structure of sparse signals :l - i M K-sparse IDEA - Incoherent Estimation and Detection Algorithm W'{WW’W’W*'WWMWW’W‘WHFWWWW*M

— | Lkt i '.,Wily'I‘yl"‘i’)ll|| '[;}[’4_@ i‘,]ll.}]'f[u“l\"

u e greedy algorithm for obtaining a partial reconstruction i |
Concentration of measure allows embedding H . . . 1 < —

BN - e estimate and cancel sparse/compressible noise ‘ — Detecton
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Probability of Error

Case study: Wideband chirps in narrowband noise

Decreasing Complexity of Signal
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Manifold Signal Models Manifold Learning Laplacian
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Decreasing Complexity of Inference



