
LINEAR REGRESSION ON SPARSE FEATURES FORLINEAR REGRESSION ON SPARSE FEATURES FORLINEAR REGRESSION ON SPARSE FEATURES FORLINEAR REGRESSION ON SPARSE FEATURES FOR
SINGLESINGLESINGLESINGLE----CHANNEL SPEECH SEPARATIONCHANNEL SPEECH SEPARATIONCHANNEL SPEECH SEPARATIONCHANNEL SPEECH SEPARATION

Informatics and Mathematical Modelling Technical University of Denmark

Mikkel N. Schmidt Mikkel N. Schmidt Mikkel N. Schmidt Mikkel N. Schmidt andandandand Rasmus K. Rasmus K. Rasmus K. Rasmus K. OlssonOlssonOlssonOlsson

SeparationSeparationSeparationSeparation by Linear by Linear by Linear by Linear RegressionRegressionRegressionRegression

InputInputInputInput
Mixed speech waveform.

FeaturesFeaturesFeaturesFeatures
a) Amplitude compressed mel spectral 

magnitude features .
b) Sparse non-negative matrix factorization 

features (see �).

Linear modelLinear modelLinear modelLinear model
Clean speech estimated linearly from of 
features.

EstimatorEstimatorEstimatorEstimator
Maximum a posteriori estimate from 
speech mixtures.

This requires training on speech mixtures. 
We make approximate the MAP estimator 
to train on clean speech.
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���� ProblemProblemProblemProblem

Separate a single-channel mixture of speech 
from known speakers

Ŷ
∗
i = W ⊤

i (X
∗ − µ1⊤) +mi1

⊤ + N

W⊤
i = ΓiΣ

−1
i

Γi ≈
(
Y i −mi1

⊤
)(
Xi − µi1

⊤
)⊤

Σ ≈
P∑

i=1

(
X i − µi1

⊤
)(
X i − µi1

⊤
)⊤

Overall Male
Female

Male
Male

Female
Female

0

2

4

6

8

10

12

S
ig

n
a
l-

to
-N

o
is

e 
R

a
ti

o
 [

d
B

]

Linear regression on NMF features

Linear regression on spectral features

Sparse NMF [4,5]
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���� ResultsResultsResultsResults

���� ExperimentsExperimentsExperimentsExperiments

Training dataTraining dataTraining dataTraining data
From GRID corpus: 40 minutes of speech 
from 8 speakers. 4 male + 4 female.

Test dataTest dataTest dataTest data
9 minutes of 0 dB mixtures of all 
combinations of speakers. Same speakers as 
training set but different sentences.

ConclusionConclusionConclusionConclusion

Linear regression on sparse NMF features
leads to better signal separation than linear 
regression on spectral features or sparse NMF 
by itself. 
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SparseSparseSparseSparse NonNonNonNon----negativenegativenegativenegative MatrixMatrixMatrixMatrix
FactorizationFactorizationFactorizationFactorization

We optimize the following cost with respect to 
the matrices D and H [1,2]

The cost balances the reconstruction error
versus the sparsity of the solution. Sparse
factorizations allow for meaningful solutions 
with large dictionaries. 

Fast and simple multiplicative updates can be
devised [3]

where R=DH, bold operators are elementwise, 
and overbar denotes normalization.
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AbstractAbstractAbstractAbstract
We use linear regression to separate multiple 
speech sources from a single channel 
recording. We show that using sparse non-
negative matrix factorization features is 
significantly better than using spectral 
features.

���� SparseSparseSparseSparse FeaturesFeaturesFeaturesFeatures

On training date we compute a sparse NMF 
decomposition for each speaker.

A mixture is mapped onto the concatenated
basis matrices of its constituent speakers.

The sparse encoding matrix, H *, is used as 
features in the linear regression.

Y i ≈ DiH i

Y ∗ ≈ [DADB ]H
∗

C = ||Y − D̄H ||2F + λ
∑

i,j

H ij

s.t. D,H ≥ 0


