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Introduction Structured Random Matrices Are Just as Good as Gaussians
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sign far more efficient algorithms. Here e; € [ is the ith standard basis vector. A SparseStack is equivilant to the row tiling of ¢ CountSketches. & B o]
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e Sketching time: For A € "/, the sketch AQ requires only O(¢ nnz(A)) operations
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Oblivious Subspace Embedding (OSE)

Sparse Randomized Trigonometric Transform (SparseRTT)

A random matrix Q € F?*¥ is called an (r, a, f)-OSE with subspace dimension r,
embedding dimension k > r, injectivity @ € (0, 1], and dilation f > 1 if the following CountSketch - SparseCol =2 - SparseCol §=4 —m- SparsellD £=2 = SparsellD £ = 4
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holds for each fixed r-dimensional subspace 7" C F¢. With probability at least 19/20, D e F**? is a random diagonal matrix, ExpDecayMed-SparsellD ExpDecayMed-SparseCol
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Oblivious Subspace Injection (OSI) Khatri-Rao T
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A random matrix Q@ € F?*¥ is called an (r, a)-OSI with subspace dimension r, ~O- Gaussian —®= KRGaussian  —— KR Sphere —+= KR Rademacher
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embedding dimension k > r, and injectivity @ € (0, 1] when i1t meets two conditions: AR , _ oH ' o
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21.9 Injectivity. For each fixed r-dimensional subspace 7° C [F“, with probability at least o (r,!5)-OSI guarantee with k = G(C’r) for Kronecker depth £ where C, is a distribution 10 :
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Then Q satisfies the OSI condition.

Supported by the Caltech , the ONR, NSF GRFP, and DOE CSGF - .
°p Y Arxiv Link to paper




