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Introduction Nonnegative matrix factorization Results
Speech separation (Cocktail-party problem) @ Intuitions € DNMF vs. NMF
€ Goal: - Represent speech signals with nonnegative magnitudes of their mel oo
Segregating each stream of sound from spectrum | DNMF | /%j
mixed speech of many speakers. - Model mixed signal's spectrum as additive sum of each individual B B B T Y e e YT Y //,,/
i I o ! 700 3.10, 3.10 3.41 381 4.04 412 4.06 |
‘ Appllcatlon. >OUrce:s SpeCtrum 140 3.10] 3.29 3,59 403 417 4.24 417
- Robust speech recognition: 280 3.13| 338 366 410 427 433 423 3 G\M/
560 3.24/ 3.48 3.74 4.17 432 438 4.29 oo memm s

preprocessing noisy or multi-speaker
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SpeeCh data —_— wa\}to mel spectrim Female speaker a Male speaker b(high Mixed speech c (energy - OUtperform NMF in imprOVing SNR
- Improve speech quality: boosting signa ¢ Models e
noise ratio for targeted speech - Let D;4, D;5, ..., D;x denote speaker i’s speech prototypes (e.g., one € DNMF vs. SNMF compo |best bDelthF best bSeI:LVIF
for each phoneme’s spectrum), S; denotes the input signal’s spectrum of - No significant improvement "™, Jemabee s jambdspeta sr
speaker i € Why similar results? g2 b 2 14D
Current approaches - Minimize the difference between input signals and linear - the dictionary D from 28 2 1 433 5 2 43l
€ Non-negative matrix factorization (NIMF) combinations of those prototypes for each speaker training and the activity H 4o 44 o
- Model non-negative data using parts- from testing are different sEtad
jonnesd e fee e P F(D,H) = ) KL(S; Il Dyfy) 8 . e
based, additive representations _ - the reconstruction, DH,
- Exploit speaker-specific parts to : ‘ : : imilar. . . .
P . P P P ‘ Learnlng How to Iearn prOtOtypes D WlthOUt k"OWlng h? dare S|.m||.ar difference of D difference of H difference of DH
separate mixed speech € Pairwise DNMF vs. DNMF

- Iteratively learn D and H for each speaker

_ Update rules* - Compare one pair of speaker (different gender)

- Slightly better than DNMF, need further investigation

€ Sparse Non-Negative Matrix
Factorization (SNMF)

ini DiTSi/ SiHiT/
- Extend NMF by sparsely combining Hoef. . Dii ). . D;H;
parts l l Z D; l l Z H; component 35 140 560
. - . del i dnmf i dnmf i dnmf
- Estimate over-complete dictionaries mode pair nmf  pair nmf  pair nm
SNR 5.57 542 5.72 5.70 5.96 5.97

& Limitations

- Learn parts independently

- Does not adapt to other speakers'
interference

Discriminative NMF
Conclusion

We have developed a new method for speech separation.
The key idea is to learn speaker-specific parts discriminatively.
Our method yields promising results, improving the popular
approach NMF.

Our method is applicable to other problems where NMF is
used.

€ Intuitions
- Reconstructed speech from clean conditions should also be optimal
under other interfering conditions
- Learning jointly all prototypes and consider the sparsity of H
€ Models
- Let 5;; denotes the mixed signal’s spectrum of speaker iand ]

Our approaches

® Main ldea

€ Discriminative non-negative matrix
factorization (DNMF)
- Learn parts jointly for all speakers

- Let fij denotes the reconstruction of the mixed signal’s spectrum
. ) H;
F(D,H) = Zl KL(SL | DlHl) + Zl,] KL(SU | Sl]) + AZHL where Sl] — [Dl D]] X [Hl]
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- Optimize parts to be maximally
effective in segregating from other speakers
& Pairwise DNMF
- Extend DNMF by distinguishing only
pairwise speakers
- Reduce computational cost

€ Pairwise speakers <Di>TZ %y 5
- Limit the speakers involved during training Hyo Hie—5 505
- Easily adapt to multiple speakers Z SU 4T 4 U(VHT  D,) » D,

90 j

€ Optimization algorithm D,
- Optimize each speaker's prototypes alternatively U(E %H?‘-&)-Diwﬂ
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* Divisions and dot-multiplications in update rules are element wise



