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1. Research Backqground

 Nonnegative matrix factorization: NMF [Lee+, 1999]

- A method to approximate a nonnegative matrix by the product of two
low-rank nonnegative matrices.

— NMF has been widely applied to audio, image, and biomedical signal
processing.
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— Auxiliary minimization with non-ﬁegativity & norm cénstraints
— For generalized KL divergence + Dirichlet prior regularization
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For the Lagrangian L, the stationary point 9L /0w;, = 0 gives non-negative
w; . Within the index set 5 (defined for each k).

2. Reqularized NMF

+ Sparse NMF[Hoyer, 2004], [Le Roux+, 2015], [Marmin+, 2023], etc. 4. Numerical Experiment
— L1-norm regularized NMF that induces sparsity in the factor matrices.
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3. PI’OpOSGd Method True basis matrices (oracle) Basis matrices (simple NMF) Basis matrices (Dirichlet NMF)
. Dirichlet Distribution Basis mat. (oracle) Basis mat. (simple NMF) Basis mat. (Dirichlet NMF)
0.00e+00 FRILERLN 2.00e—-01 2.53e—02 PRV 3.73e—01 0.00e+00 PRI 2 00e—01
— Adistribution over random vectors satisfying non-negativity and
norm Constraints (Vectors on the Standard Simp|ex)_ 2.00e-01 2.10e-02 | 1.42e-14 | 1.80e—01 0.00e+00 | 2.00e—-01
- Standard Simplex — Dirichlet Distribution (PDF) 2.00e-01 KRN 2.206-01 | 1.56e-02 0.00e+00 | 2.00e-01
r , \ : __ 1 a;—1 0.00e+00 | 0.00e+00 | 2.00e-01 2.10e-02 | 1.16e—-15 | 1.80e—01 0.00e+00 | 0.00e+00 | 2.00e-01
81_1:<XERI‘X7;ZO\V/Z, S:XZ-=1> ); p;X’a)_B(a)IZ[Xi
. / ! 'V / Random '\ H-F(Oz-) 0.00e+00 | 0.00e+00 | 2.00e-01 2.10e-02 | 7.39e-15 | 1.80e—01 0.00e+00 | 0.00e+00 | 2.00e-01
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5. Application to Howling Suppression

« (Case of a 3-Dimensional Random Vector
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