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Speaker verification system combining attention-long short term
memory based speaker embedding and I-vector in far-field and
noisy environments
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ABSTRACT: Many studies based on I-vector have been conducted in a variety of environments, from text-
dependent short-utterance to text-independent long-utterance. In this paper, we propose a speaker verification
system employing a combination of [-vector with Probabilistic Linear Discriminant Analysis (PLDA) and speaker
embedding of Long Short Term Memory (LSTM) with attention mechanism in far-field and noisy environments.
The LSTM model’s Equal Error Rate (EER) is 15.52 % and the Attention-LSTM model is 8.46 %, improving by
7.06 %. We show that the proposed method solves the problem of the existing extraction process which defines
embedding as a heuristic. The EER of the I-vector/PLDA without combining is 6.18 % that shows the best
performance. And combined with attention-LSTM based embedding is 2.57 % that is 3.61 % less than the baseline
system, and which improves performance by 58.41 %.
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Fig. 1. I-vector system framework.
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Fig. 5. Attention-LSTM model training framework.

Table 1. Attention-LSTM model architecture.

Layer Output
Hidden 1 [100, 108, 256]
Projection [100, 108, 128]
Hidden 2 [100, 108, 256]
Projection [100, 108, 128]
Hidden 3 [100, 108, 256]
Projection (= LSTM output) [100, 108, 128]
Attention (= Embedding) [108, 128]
Similarity [108, 108]

Yol 2+ 3121e] H g 0 &2 GAbE S Alalalo]
2418 T151H= GE2E loss U © 2 3}A} L E-S 845
-]_93\]:1_ {“T':OHHL u é]gq(ﬂ.o g}xl_mg}_

1, oF2 32} sk 0 32 2H= 3 )3} cross-entropy
2 2185}0] 2418 AXFeFI P Fig. 5= Attention-
LSTM 2 el0] E& 714 ehiih. Table 12 67
3}2}2] 187 BHal= A5+ wf] LSTM cell 2} &) |
o 28X} sYF o] JLxo|th

¢

|
F

Of

r

4.3 RAIE B
4002+ 9] T-vectore} 1282+ 2] ¢lH &

7] Y8l FALE 4B e FH A e A=

& FAHE 45 AlAbsto] ARg-SHGITY.

71t 2B AAR

A3t

score, = (1—a)*score; +a*score,.

0<a=<1) @



Attention-long short term memory 7]%}+2] S}x} AW P 1} [-vectorS

4.4 & 2t

1'm, 3m, 5 mo] 7] 2] of 4] 74323k &7 (off), pub
ZF-S(pub), B} 2 (wind), 712] 3 pub} HlEHo] 4
Q) HE5(wNp) 27 ollA] uho] A.9] At - Zof 4]
=g HAE dolHE A B7Hs stk

Table 2. LSTM, Attention-LSTM, I-vector/PLDA and
|-vector/PLDA combined with attention-LSTM based
speaker verification performance evaluation (EER
[%]).

A AA Y E S oM Y] B HE darels 141
Table 2= LSTM ¥ Attention-LSTM . &2 =73} 3}
A} ol v 7} PLDA S A-8-3F [-vector Al 52 ZF &

ol Tl Azioh 914 ATFS-S Bt W 2HAsket.
LSTM} Attention-LSTM A] A 8] ©] EER©] Z+7} 15.52
%, 8.46 % | 1, I-vector/PLDA A] A Hl 9] EER©] 6.18 %
2 43tslr] A 71 2L A58 H o) Attention-
LSTM 7|4t |2} I-vector/PLDAS 235191
o EERO| 3.61 % 7FA3} 2.57 %& AFtjz oz of
58.41 % A5 FAS E ) Fig. 62 Table 22] EER
g e zolt.

Attention-L| I-vector/ | Proposed
0,
EER [%] LSTM ST™M PLDA method g
Z
off 14.58 8.21 6.37 293 V- = E
pub 16.45 8.43 5.81 2.20
wind 15.76 8.72 6.00 2.55 H = Fof A= Fo] A= 7| Hu} GE2E loss = &8
wNp 15.30 8.49 6.61 2.60 3 LSTM 7|4Fe] 32} o) 3} [-vector/PLDA 2] 7
AVG 15.52 8.46 6.18 2.57 2= A3LS A oFst ek LSTM gl o] oluj| o) K} 2=
(a) ® |
40 - b LSTM 40 1 LSTM
N K Attention-LSTM R Attention-LSTM
N — =~ ~ l-vector/PLDA S — ==~ l-vector/PLDA
Proposed method A Proposed method

[False negative rate (FNR) %]

[False negative rate (FNR) %]

0.10.2 05 1 2 5 10 20 40
[False positive rate (FPR) %]
(c)
<
40 N LST™
R Attention-LSTM
SR — — =~ l-vector/PLDA
Proposed method

False negative rate (FNR) %]

[

0.2
0.1

0.10.2 0.5 1 2 5

10 20
[False positive rate (FPR) %]

40 e

False negative rate (FNR) %]

[

0.2r
0.1}

0.10.2 05 1 2 5 10 20
[False positive rate (FPR) %]

40

Fig. 6. The plot of Attention-LSTM, I-vector/PLDA and combined system based EER performance in a clean

LSTM
Attention-LSTM

N — === l-vector/PLDA

Proposed method

0.10.2 05 1 2 5

condition (a) off and noisy conditions (b) pub, (c) wind, (d) wWNp.

The Journal of the Acoustical Society of Korea Vol. 39, No. 2 (2020)

10 20
[False positive rate (FPR) %]

40




142 o}, 794

o] AZ 71 A& Awlg o] ol o 43}
Atk o] 2H AWFE AHEATE Qo2 A o)5te]
AHg-3l= LSTM el o] HAH-S e ol JaFS

n) 2= T Qo] 7128 ah4eto 2 i | Ae 4
A= AL gl =31 T-vector/PLDA A| A

3} 2SS O EER2ST%E 71 & A 52
o= ]
AX

H =10 o)A sl 2015 XA AA5H] Xl
o

References

1. P. Kenny, G. Boulianne, P. Oullet, and P. Dumouchel,
“Joint factor analysis versus eigenchannes in speaker
recognition,” IEEE Trans on. Audio, Speech, and
Language Processing, 15, 2072-2084 (2007).

2. D. A.Reynolds, T. F. Quatieri, and R. B. Dunn, “Speaker
verification using adapted gaussian mixture models,”
Digital Signal Processing, 10, 19-41 (2000).

3. N. Dehak, P. Kenny, R. Dehak, P. Dumouchel, and P.
Ouellet, “Front-end factor analysis for speaker veri-
fication,” IEEE Trans on. Audio, Speech, and Language
Processing, 19, 788-798 (2011).

4. E. Variani, X. Lei, E. McDermott, I. Lopez-Moreno,
and J. Gonzalez Dominguez, “Deep neural networks
for small footprint text-dependent speaker verifica-
tion,” Proc. ICASSP. 4080-4084 (2014).

5. V.Peddinti, D. Povey, and S. Khudanpur, “A time delay
neural network architecture for efficient modeling of
long temporal contexts,” Proc. Interspeech, 3214-3218
(2015).

6. Y.Liu, Y. Qian, N. Chen, T. Fu, Y. Zhang, and K. Yu,
“Deep feature for text-dependent speaker verification,”
Speech Communication, 73, 1-13 (2015).

7. D. Snyder, D. Garcia-Romero, D. Povey, and S.
Khudanpur, “Deep neural network embeddings for
text-independent speaker verification,” Proc. Inter-
speech, 999-1003 (2017).

8. G. Heigold, I. Moreno, S. Bengio, and N. Shazeer,
“End-toend text-dependent speaker verification,” Proc.
IEEE ICASSP. 5115-5119 (2016).

9. D. Bahdanau, K. Cho, and Y. Bengio. “Neural machine
translation by jointly learning to align and translate,”
arXiv preprint arXiv:1409.0473 (2014).

vt o urote|x] 39 M2 (2020)

[e]

10. S. J. D. Prince and J. H. Elder, “Probabilistic linear
discriminant analysis for inferences about identity,”
Proc. IEEE 11th ICCV. 1-8 (2007).

11. B. Fauve, N. Evans, and J. Mason, “Improving the
performance of text-independent short duration SVM-
and GMM based speaker verification,” Proc. Odyssey,
Stellenbosch, 18 (2008).

12. F. Chowdhury, Q. Wang, 1. L. Moreno, and L. Wan,
“Attention-based models for text-dependent speaker
verification,” arXiv preprint arXiv:1710.10470 (2017).

13. L. Wan, Q. Wang, A. Papir, and I. L. Moreno, “Gene-
ralized end-to-end loss for speaker verification,”
arXiv preprint rXiv:1710.10467 (2017).

14. Q. Wang, C. Downey, L. Wan, P. A. Mansfield, and 1.
L. Moreno, “Speaker diarization with Istm,” Proc.
ICASSP. 5239-5243 (2018).

| mxt o=

» tif o} 2} Ara Bae)

A

201944 22 : NSty HFEHISE
StAt
201961 38 ~ Sixlf: QM ZHRES

ST AR

» 2 2 (Wooil Kim)

@

1996131 224, 199814 88, 200314 8L : T2
L&t FMApZsha} ShA/HEAL
201215 82 ~ BiX : QIMCHEI D HEEZ

S ST ITES






