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Challenges

e Feature learning approach based on nonnegative matrix factorisation (NMF) [1]
e Inspired by group NMF [2] and recent work on NMF for speaker identification [3]

e Take speaker and session variability into account as in joint factor analysis and I-vectors [4]

NMF for feature learning in speaker identification Experiments
Speakers e Validated on a subset of the ESTER dataset [5]
—Train ~ 6h, Test ~ 3h,
2 s W |x b —95 speakers, N = 236 unique couples (speaker, session),
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Session 7 Session 2 e Speakers repartition according to training data:
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Standard (unsupervised) NMF: min D(V|WH) (1)
st W>0 H>0 e Convergence of the different criteria.

Class and session similarity constraints
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