On the Use of Spectral and Iterative Methods for Speaker Diarization
Stephen Shum, Najim Dehak, Jim Glass

CSAIL MIT Computer Science and Artificial Intelligence Laboratory, Cambridge, MA, USA

{sshum, najim, glass} @ csail.mit.edu

l. Introduction IV. Spectral Clustering Explained VI. Experiments

» Speaker Diarization - Use the K largest eigenvectors of normalized affinity matrix (N x N) to project data | *Summed-channel Telephone Speech

v “Who is speaking when?” onto lower-dimensional space (i.e. K-dimensions) before running K-means. [3] v 2000 NIST SRE subset of multilingual CallHome data
v Model Selection + Clustering + Re-segmentation Row-nomalized Afinity Marix o cemwauesotey Eigenvectors (corresponding to sorted eigenvalues) v 500 recordings, 2-5 minutes each, 2-7 speakers each

1 IMS 1 1 - l - v’ Benchmark for comparison = Castaldo 2008 [5]
Previous C urre nt . 0.4 . : - Final System Results (K-means with cosine distance)
Approach [1] Approach : | | |
Model . Spectral : - ol l as
. Given (K = 2) PECtr ? 1 ? _

Selection Estimation 8 | 8 :
: K-means or 9 — 9

C I USte rl n g K'mea nS H ! 0 -0.5 L L L L 1\- = o : " ' ' . : . . ! ] .Number of sﬁeakers given;

SpeCtraI ? 2 4 § 5 10 1 2 3 4 5Index8 7 5 g 10 1 2 3 4 5mdex5 7 5 9 10 1ok Na Hieralive patinkatan

o Number of speakers estimated;
. e . . . N A . Vi terative optimizaton
GMM-Viterbi + » Estimate number of speakers by fitting an exponential to decaying eigenvalues; 1

1 1 ] I I
2 (303) 3 (136) 4 (43) 9 (10) 6 (6) 7(2)
Actual Number of Speakers (Numher of Conversations)

Re-segmentation| GMM-Viterbi Iterative then K, is the smallest value where the derivative > 0. 4] | |
Opti m ization - f‘«fﬁnity rﬂat‘r.ix o.fva S-Spt.a'aker _Conver.s?tion Exponential Decay of &ffinity Matrix Eigenvalues | First P.ass Comparis.ons (number.ofspeakers given) | ¢ F I n al SySte m O Utl I n e

0.9

o SR SRR o] RO s i i T
T &0 it st 2 T3] e . 2 4l . - : .
: e 08 I ey : v Model selection via spectral estimation
50 : S 3 =5 Sl LRE Fitted Exponential S 30
RN AN Ak R 4 e I £ 45, syt g Lo 0L B el Estimated Speakers L . . .
. ([ - B e T e > 5 20 vE———r— v K-means Clusterlng (Cosme dlstance)
Flnal Pass I-VeCtOr |'VeCtOr 100 ; Ls i £ L ";;:t (1 57 121 1 P l..:..-’}.:.:' ‘ L, S5 0.6} S o— Spectral v It t t . t f t b d . "
. » » RN e % ey b ane B laa @ 80T . . | =+ Castaldo 2008 | erative optimizatuon or segment ooundaries — usin
Refinements [1] K-means K-means 150 i e e et s ke B el S 05| TG0y a0 a¢s 500 6@ 7@ ' ' g ' ° ' °
e DA T bl e g b s Viterbi Re-segmentation — and cluster assignments
R ey o : SRR e s i *-»{ : 04 First Pass Comparisons (number of speakers estimated) v Ei ] o o
200 Py 42 08 3 « 7 _:':. 3. "“«"i-::'.,;" 25_32.-_-':1"‘_* ."- @ 40 - ----- [RXEEE R R SACEEEREERE Y AR R R R R R gu e - -
s SN R 5 \ 5 5 5 B Final Pass Refinements (“i-vector K-means™)
:{f ! 1:; " ‘ CHJ—‘;‘;"J?‘*T\; : 1’:;*' ‘;f ’fé % 30k S UURRTTUUUUE SUURRRRTROS ' R _ﬂ+ ......
2ol BRI H e e S S RO SR S 0.2 = _— .= :
- FE CR e b g g REEA 3 Tt e B Ceteri oy pek e e o 8 L : T :
peaKer ~nepresentiation e T e e 01 g —— Kmeans (casine) | uture vvor
[ | e M e e B e g W i, A = K-means (cosine) -
e i z ~ Spectral
Fogl £ BECREISe o San 0k 5 10T — + - Castaldo 2008
PI e Tl S sy R R e TR : 1

° From GMMS to FaCtor AnaIyS|S B 50 1005—1}0 200 250 G0 1l > 3 4 5 6 7 6 3 10 2(303) 3(1i38) 4(23) 5(i10) 5 (6) 7 (2) ° From K_means to 3 more probablllstlc

Eigenvalue Index Actual Number of Speakers (Numher of Conversations)

v Model a speaker’s distribution of acoustic features ) ) - — - clustering a ‘oach (e.a. GMMs. etc.
(AF) using a Gaussian Mixture Model (GMM). 1. Algorlthm Details V. Iterative Optlmlzatlon g app ( 9 ’ )

v' Consider variational methods for model selection

v’ Create a speaker supervector by concatenating all

mixture mean components in a GMM. . . . 5:370I: Jvector L[ spectral | Glustaring [+| Reseg . Temporal MO deling of conversations "
> 20 dim (AF) x 1024 mix (GMM) = 20,000 dim Viterbl Re-segmentation

| | | segmentation 3 l
[ ] ] n / ‘ ] [ ] n
. Total Variability Subspace [ Apply the Viterbi algorithm at the Utilize multiple B VIIl. References

acoustic feature level to re-formulate | | £inf £ new segmentation No | Converge?
v Assume all pertinent speaker variabilities lie in some segment boundaries and re-assign eVeIS Of Information Yesl [1]S. Shpm, N. Dehak, E. C.huangs.uw.a.nich, D. Reynolds, qnd J quss,
low-dimensional subspace T of the supervector space frames to each speaker cluster. v’ Clustering on i-vectors outost | Fina Exploiting Intra-Conversation Variability for Speaker Diarization,” in
provi des 300 d resolution S e Proceedings of Interspeech, 2011.
M - m + Tw fOr S eaker |dent|t lterative Optimization (K-means, number of speakers estimated) [2] N Dehak’ P Kenny’ R Dehak’ P DumOUCheL and P Ouellet’ “Front-
| | | _ e Final Pass Refinements [1] P Y- g 5 g g g g end Factor Analysis for Speaker Verification,” IEEE Transactions on
v wis 100-dimensional i-vector _ _ v Re-segmentation using Audio, Speech, and Language Processing, May 2011.
v Use cosine distance to compare two i-vectors v Extract .a single I-vector for each acoustic features prow_des [3] A. Ng, M. Jordan, and Y. Weiss, “On Spectral Clustering: Analysis
: ‘ respective speaker better temporal resolution o and an Algorithm,” in Proceedings of NIPS, 2001.
g i R i o v Re-assign each segment i-vector to for speaker changes. 5 [4] H. Ning, M. Liu, H. Tang, and T. Huang, ““A Spectral Clustering
l l l l l the speaker whose I-vector is closer v' Alternate between both : Approach to Speaker Diarization,” in Proceedings of ICSLP, 2006.
i i i i i In cosine distance until “convergence” (in the = |5] F. Castaldo, D. Colibro, E. Dalmasso, P. Laface, and C. Vair, “Stream-
: : : : : v’ Essentially K-means, where the DER sense). e | e based Speaker Segmentation Using Speaker Factors and Eigenvoices,” in
t t t t t ] 7 Irst Fass .
| ? ? ] ? ? | “means” are computed as i-vectors. ol o S . s Once | Proceedings of ICASSP, 2008. ) | | N
! L ; ; i — +Castaldo 2008 [6] M. Johnson and A. Willsky, “The Hierarchical Dirichlet Process
C'”Siering e e ber o e eokars Mmoo Comtciions) Hidden Semi-Markov Model,” in Proceedings of UAI, 2010.




