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 PLDA is still problematic when (1) the model is deployed to
new environment (in-domain) that is very different from the
training one (out-of-domain) and (2) there are insufficient
labeled data from the new environment.

» Silhouette values Is used to quantify the quality of clusters. Each
sample has a Silhouette value

s(1) =

Stepl Compute a pairwise PLDA score matrix S from n

training i-vectors: - Performance of the iterative retraining method for different

numbers of iterations on SRE16-dev and SRE16-eval

SRE16-Dev SRE16-Eval

b(i) — a(t)
max{a(z),b(7)}

where a(i) Is the average dissimilarity of sample i with respect

Sij — SmpLDA(xi, xj), l,] = 1, .., N.

« This paper proposes using out-of-domain training data to

pre-train a PLDA mixturg modgl_and applying the mixture Step 2 Convert S to a adjacency matrix A with elements: to other samples in the same cluster and b(i) is the lowest Iteration EER(%) minDCF EER(%) minDCF
que_l on the '”'d"”?a'” training data to compute a average dissimilarity of sample i with respect to any other 1 17.12 0.812 18.72 0.952
pairwise score matrix for spectral clustering. The . cluster not containing i - : - -
hypothesized speaker labels produced by spectral eXp { (samax —si;) } i £ ] , A _ 2 16.31 0.789 15 32 0.883
. . . J . = - : : :
clustering are then used for re-training the mixture model Aij = 20° . . s(0) _ +} z samp:e Lis well mat(;:rtwe(tzlhto 1S own Iclutster
10 fit the new environment. 1 otherwise s(i) = — sample i is assigned to the wrong cluster 3 15 79 0.751 13.62 0.829
- Experiments on NIST 2016 SRE demonstrate the | | | * Results show that lterative-SC has 4 15.68 0.774 12.79 0.798
effectiveness of the proposed framework compared with where s,,.« IS the absolute maximum in S. . I|:I|ghest avt(_erag8e Iﬁllhotjtette score : Y 0799 1973 0779
agglomerative hierarchical clustering (AHC). " LEss negative SIiNOUETe SCoTes . | ' | |
94 9 ) Step 3 Compute a Laplacian matrix: * S0, Iterative-SC produces clusters with better quality 5 15 74 0.782 13.03 0.792
—l —l 300 . . , . . . 300 — 300 . , , [ .
L=1-D 2AD > 7 15.79 0.788 13.34 0.801
where D is a diagonal matrix with elements d;; = Il ) _
?:1 Ajj- 5 « Performance of PLDA mixture models on SRE16 using different

Background

speaker clustering methods and with and without covariance
matrix interpolation (Cov. Interp.)

Step 4 Pack K eigenvectors of L with the smallest eigen-
values to form V = [v, ..., vg] € R™**X,

| E
[

1501

100¢

DNN-driven mixture of PLDA (DNN-mPLDA):
K
P(X;;) = Zkzlyxij (Vi )N (X, Im, V.V + X))
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Step 5 Normalize the row of V.

Target speaker’s ( ) ) Vi fEgss  EER(%) minDCF EER(%) minDCF
utterance Y. ), Vij S s 50} sl
| PN = 5 PLDAMixture |S - (x 2. -
UBM l-vect ovsion (5%, (% —‘_ Euclid-
" -vfc or ONN 2 (yk ) Model WPl 7 1) L ______ L P 0 — 1 ALC N 19.54  0.937 18.68 0.932
3| Xtractor . s A t N B -02 0 .0’2 04 06 08 1 -04 02 oS " 02 0</ | 06 08 1 0 0.2 | 0.4 0.6 0.8 1
Step 6 Applv K-means to the n rows of V. Silhouette Value ilhouette Value S|IhOL_Jette Value
Testutterance 7 — P S APPY AHC-Euclic AHC-Cosine terative-SC 2 N 1823 0862 1637 0846
Unlabeled SRE16-Dev I-Vectors 3 ARC Y 1636 0.818 1412  0.832
T .9
g |l-vector 4 Iterative- N 1504 0799 1273 0779
Preprocessing X
g SC
I I ¢ 5 Y 15.21  0.809 12.60 0.816
DNN-mPLDA.
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