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IEEFE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, May 2020, pp. 6459-6463.

2. J. Thienpondt, B. Desplanques, and K. Demuynck, “The IDLAB VoxCeleb Speaker Recognition Challenge 2020 System Description,” arXiv:2010.12468 [cs, eess], Oct.
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Table 3: Experimental results on VoxCeleb. Boldface values are
the best results.

Embedding EER(%) DCF10~2 DCF10~3
i-vector [1] 3.657 0.5016 0.6593
statistics [3] 2.556 0.3079 0.5582
self multi-head [20] 2.709 0.2804 0.4032
attentive statistics [18] 2.593 0.2947 0.4322
self-attentive(1) [19] 2.667 0.3002 0.4307
self-attentive(2) [19] 2.773 0.2940 0.4877
self-attentive(5) [19] 2.635 0.2887 0.4041
vector-based attentive(1) 2.582 0.2894 0.5126
vector-based attentive(2) 2.466 0.2726 0.4286
vector-based attentive(3) 2.641 0.3070 0.4107
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1. Y. Wy, C. Guo, H. Gao, X. Hou, and J. Xu, “Vector-Based Attentive Pooling for Text-Independent Speaker Verification,” in Interspeech 2020, Oct. 2020, pp. 936-940, doi:
10.21437/Interspeech.2020-1422.




Table 1: Speaker verification EER (%) and speaker identifica-

| R R

Loss EER | Accuracy sity
Softmax 10.43 80.51
Triplet Loss (cosine, a = 0.1) 8.41 82.62
GE2E Loss 8.30 83.74
AM-Softmax (m = 0.0) 11.36 79.12
= Mz » AM-Softmax (m = 0.3) 9.85 81.53
j:JI_\' 9% I_l‘j ‘ é& . %Ju\ IE—[J EE §[J Z‘jj 0 IE—IJ EE‘: VAR %U HH ‘[_A\ AM-Softmax (m = 0.4) 8.01 84.61
AM-Softmax (m = 0.5) 7.38 85.28
AM-Centroid Loss (m = 0.3) T2 85.14
() DAM S GEZE%D AMCL AM-CentrO}d Loss (m = 0.4) 6.59 86.37
AM-Centroid Loss (m = 0.5) 6.14 86.51

centriod angular margin 17

¢

angular margin

centroid

) C; C

2 ! ]
|
[

gentroid
‘ angular distance
. [ ]
angular bisector angular bisector & CN

decision boundary decision boundary

1. D. Zhou et al., “Dynamic Margin Softmax Loss for Speaker Verification,” in Interspeech 2020, Oct. 2020, pp. 3800-3804.

2. L. Wan, Q. Wang, A. Papir, and I. L. Moreno, “Generalized End-to-End Loss for Speaker Verification,” in 2018 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), Calgary, AB, Apr. 2018, pp. 4879-4883, doi: 10.1109/ICASSP.2018.8462665.

3. Y. Wei, J. Du, and H. Liu, “Angular Margin Centroid Loss for Text-Independent Speaker Recognition,” in Interspeech 2020, Oct. 2020, pp. 3820-3824, doi:
10.21437/Interspeech.2020-2538.
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Table 2: Evaluation of all fine-tuned systems in the final fusion
submission of the closed track on VoxSRC-20 validation set.

Close to p— Close to Architecture Variant EER(%) MinDCF
+ one +90 -©® one of K .

® sitive e pusitve ECAPA-TDNN Baseline 2.89 0.2274
— \ T ECAPA-TDNN  Tanh in CAS 2.86 0.2274
Bateh '\ Batch . ECAPA-TDNN BLSTM 2.88 0.2360
Sample —W\ sample  ~3C - ECAPA-TDNN  256-dim emb. 3.15 0.2578
-8 Ah:”iv*flmm : ® A:i" j:’m '~ ECAPA-TDNN FBANK60 2.92 0.2389
L4 ﬁle' a)tive I Le' a)twe ECAPA-TDNN  SC-AAM & DD 2.83 0.2298
O/ o \@@~n N ResNet34 SE-blocks 3.03 0.2605
" SE-ResNet34 CAS 2.89 0.2306
SE-ResNet34 SC-AAM 2.98 0.2437
ArcFace Sub-center ArcFace SE-ResNet34 ~ SC-AAM & CAS  2.70 0.2215
(a) ArcFace vs. Sub-center ArcFace Fusion 2.41 0.1901
Fusion + QMFs 2.16 0.1795

1 J. Deng, J. Guo, T. Liu, M. Gong, and S. Zafeiriou, “Sub-center arcface: Boosting face recognition by large-scale noisy web faces,” in Proceedings of the IEEE
Conference on European Conference on Computer Vision, 2020

2. J. Thienpondt, B. Desplanques, and K. Demuynck, “The IDLAB VoxCeleb Speaker Recognition Challenge 2020 System Description,” arXiv:2010.12468 [cs, eess],
Oct. 2020, Accessed: Nov. 12, 2020. [Online]. Available: http://arxiv.org/abs/2010.12468.
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[1] S. Ramoji, P. Krishnan, and S. Ganapathy, “Neural PLDA Modeling
for End-to-End Speaker Verification,” in Interspeech 2020, Oct. 2020, pp.
4333-4337, doi: 10.21437/Interspeech.2020-2699.

[2] B. J. Borgstrom and P. Torres-Carrasquillo, “Bayesian Estimation of
Plda with Noisy Training Labels, with Applications to Speaker
Verification,” in ICASSP 2020 - 2020 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain,
May 2020, pp. 7594-7598,
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Figure 1: End-to-End x-vector NPLDA architecture for Speaker Verification.
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Table 1. Performance evaluation on NIST SRE-10 condition-5

frame
level

System EER(%) (minDCF08)
core-core core-10s 10s-10s
i-vector 2.31 (0.0129) 6.376 (0.0353) | 12.09 (0.0570)
X-vector 1.82 (0.0104) 4.866 (0.0256) 9.89 (0.0513)
c-vector 1.33 (0.0073) 4.19 (0.0235) 8.24 (0.0439)
uc-vector 1.60 (0.0084) 4.69 (0.0248) 8.24 (0.0449)
Score fusion
i+c 1.395 (0.0076) | 3.691(0.0212) | 7.509 (0.0398)
i+uc 1.395 (0.0077) | 4.027(0.0202) | 6.777 (0.0387)
X+C 1.367 (0.0073) | 3.523(0.0215) | 7.326 (0.0391)
X+uc 1.451 (0.0076) | 3.859 (0.0208) 6.96 (0.0376)
c+uc 1.283 (0.0069) | 3.523 (0.0194) 6.41 (0.0348)
I+x+c 1.353 (0.0074) | 3.356(0.0197) | 6.777 (0.0359)
i+x+uc 1.367 (0.0075) | 3.188(0.0189) | 6.777 (0.0354)
] i+x+c+uc | 1.241 (0.0068) | 2.852 (0.0182) | 5.495 (0.0317) ‘

Signal and Information Processing (GlobalSIP), Ottawa, ON, Canada, Nov. 2019, pp. 1-5, doi: 10.1109/GlobalSIP45357.2019.8969551.
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5 T./F: Multi-task learning + Phonetic adaptation

Speaker Labels

Speaker Labels (Senones) [ pemm—
[ Softmax ] [ Softmax .
! t [ Fully-connected
{ Fully-connected ] [ Fully-connected ] .

Segment-level

Segment-level [

Fully-connected ]

) §

| [ Fully-connected

? . . .
Statistics Pooling ] I Statistics Pooling

- — Table 4 Phonetic adaptation results on VoxCeleb

i Table 6 Results of systems using hybrid multi-task learning with
& different configurations on VoxCeleb
EER(%) minDCF08 minDCF10
. x-vector 268 0.0144 0.4645 Frame-level —
rame-level —
( x-vector-mt (1-layer sharing) ~ 2.58 00132 04027 |
x-vector-mt (2-layer sharing) 273 0.0145 0.3977
x-vector-mt (3-layer sharing) 2.83 0.0151 04700
x-vector-mt (4-layer sharing) 2.92 0.0151 0.5001

Fully-connected J Phonetic Labels
3 (Senones)
} [ Softmax }

E EER(%) minDCFO8 minDCF10
X-vector 2.68 0.0144 04645
/q x-vector-pa (¢ = 0) 2:52 0.0137 04111
(" x-vector- pa(c=0.1) 226 0.0126 0.3651

I x-vector- pa(c=02) 2.24 0.0132 0.3289 ]
x-vector-pa (c = 0.3) 232 0.0124 0.3533
x-vector-pa (c = 04) 232 0.0126 03531
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SRE18 Dev SRE18 Eval
System
‘oA EER(%) minDCFI18 EER(%) minDCF18
I 2 1 VAN %
* 5&‘ E’\_‘L é:[_: x-vector 743 D484 780 0.550
EF-TDNN 6.35 0.452 7.09 0.500
« VoxCelebAISRE1S T
Table 13 Summary of results obtained with different systems on (1-layer 6.86 0.489 7.09 0512
VoxCeleb sharing)
EER(%) minDCFO8  minDCF10 fe-vector
X-vector 2.68 0.0144 0.4645 (1-layer 6.34 0.418 6.85 0.492
x-vector-pa (c = 0) 252 0.0137 04111 sharing)
x-vector-pa (¢ = 0.2) 224 0.0132 0.3289 fevector
x-vector-mt (1-layer sharing) 2.58 0.0132 0.4027 (3-layer 6.59 0.433 7.07 0.509
sc-vector (1-layer sharing) 252 0.0142 04333 sharing)
[c—vector (c = 0.2 + 1-layer sharing) ~ 2.18 0.0129 0.2994 ] foretonar
(5-layer 6.26 0.467 7.10 0.513
sharing)

1. LiuYi, Liang He, Jia Liu and Michael T. Johnson, “Introducing phonetic information to speaker embedding for speaker verification,” Eurasip Journal on Audio, Speech,
and Music Processing, vol. 2019, no. 1, 2019.
2. Tianyu Liang, Yi Liu, Can Xu, Xianwei Zhang and Liang He, “Combined Vector Based on Factorized Time-delay Neural Network for Text-Independent Speaker
Recognition,” Odyssey 2020 The Speaker and Language Recognition Workshop, 01-05, Nov 2020, Tokyo, Japan, 428-432. e
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Table 2: Ablation experiments with different conditions

YIZEEE: Librispeech (1252 N, & A20E%) Conditions EER ACC  Convergence
MREE: TIMIT (630N, 3BR¥EM, TEMIED w/o GAN 204% 90.17% 60 epoch
w/o softmax loss  3.34%  88.63% 80 epoch
w/o triplet loss 271%  89.51% 60 epoch
Table 1: EER (%) and accuracy (%) of different systems MTGAN 1.81% 92.65% 100 epoch
Methods Equal Error Rate Accuracy Ran.dom (#60) 3.13% 85.26% 330 epoch
. . Semi-hard (#60) 2.90%  88.73% 500 epoch
1.—vector/ Cosine 8.48% 81.92% Random (#600) 2.75%  90.03% 250 epoch
i-vector/PLDA 5.61% 85.78% Semi-hard (#600) 2.68% 90.45% 200 epoch
Softmax loss [#] 3.61% 88.23%
Triplet loss [4] 2.68% 90.45% 1252 people 1.81% 92.65% 70 epoch
MTGAN 1.81% 92.65% 2484 people 1.33% 94.27% 100 epoch
O R B AMEHTTER © HLBCREETERX © LEBLNZR ABHIX 7
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Figure 4: Changes of ACC (%) and EER (%) with the time of
training. We choose the first 80 epochs to show the trend.

OO PEVIZEEMACC & EER 354k

Wenhao Ding and Liang He, “MTGAN: Speaker Verification through Multitasking Triplet Generative Adversarial Networks,” INTERSPEECH 2018, 19th Annual

Conference of the International Speech Communication Association, 2-6 September 2018, Hyderabad, 3633-3637.
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Relationship between step 1 and step 2.3
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Optimized posterior probability
in step 2,3 used as the prior

Optimized posterior probability
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problem.

The main difference between step 2 and step 3 is whether Y is known.

e Instep 2, YV, is unknown, p(A;,, Vs|ims) is factorized as p(YVs)p( X | Vs, tims)-
Putting ), in the position of parameters provides us a way to optimize it.

o Instep 3, Y, is known, p(X,,,, Vs|in) is factorized as p(X,, )p(Vs| X, ims)-
We can take advantage of S speaker constraint. It’s a close set recognition
problem which will be much easier compared with the open set recognition

Note that, the modeling of step 2 and step 3 can be different as long as step 3
can use the ) optimized in step 2.
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o HARSZHEL. VREEAL, VB-Ivec—PLDAMIVB-Ivec—SVM

) i Extract feature } Fixed length ’ 5wy s
X and VAD segmentation Q utialize ¢
Estimate
>
Ws (9)
ittt H
Output E C L op( X, Vs) :
result ; PLDA (12) :
S— C—PLDA
| p(Xm, Vs) Training SVM

SVM (15) for each speaker :
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o SEIG4AERL, NIST RT09. CallHomeOO

Spea ker # LC M—lveC 54. Castaldo, F., Colibro, D., Dalmasso, E., Laface, P., Vair, C.: Stream-based speaker segmentation using speaker

B I C VB factors and eigenvoices. In: IEEE International Conference on Acoustics, Speech and Signal Processing, pp.

PLDA SVM Hybl’ld 4133-4136 (2008)

Yes Yes Yes Yes Yes . -
20.32 | 10.67 | 9.80 | 9.91 | 9.83 o ertive apposch. 1ECE Tranactonson Audi, Specch, ond Langge rocesing 21(10). 2015- 05
3561 4866 1968 1987 1740 (2013). doi:10.1109/TASL.2013.2264673
29 " 1 2 1 1 " 15 7 - 02 7 " 14 7 " 14 55. Senoussaoui, M., Kenny, P., Stafylakis, T., Dumouchel, P.: A study of the cosine distance-based mean shift for
37 . 27 35 . 85 3 1 . 99 32 . 37 2 1 . 82 . zzlgfg)one sp‘eecvf; diariza’tiovnv. IEEE/AéM :I'ransactions ’on Audio Speech, Language Processing 22(1), 217-227
61.54 | 49.05 | 44.67 | 43.05 38.53
N IST_20080227_1501 4_032 3997 2476 2566 1396 33. Sell, G., Garcia-Romero, D.: Speaker diarization with plda i-vector scoring and unsupervised calibration. In: 2014
N IST_20080307_0955 46 62 23 50 22 . 86 16 44 1600 56. Povey, D., Ghoshal, A., Boulianne, G., Burget, L., Glembek, O., Goel, N., Hannemann, M., Motlicek, P., Qian,
ave rage - 39 97 31 . 26 22 . 98 22 06 1781 Y., Schwarz, P., Silovsky, J., Stemmer, G., Vesely, K.: The kaldi speech recognition toolkit. In: IEEE 2011

Workshop on Automatic Speech Recognition and Understanding. IEEE Signal Processing Society (2011). IEEE
Catalog No.: CFP11SRW-USB

DER[%]

given speaker #
EDI_20071128-1000
EDI_20071128-1500
ID1-20090128-1600
ID1-20090129-1000
NIST_20080201-1405

OO B BB

[y
—_

speaker # 2(303) | 3(136) | 4(43) | 5(10) | 6(6) | 7 (2) | Average
Table 2 in [54] 8.7 15.7 15.1 20.2 25.5 29.8 11.67
Figure 5 in [37] * 5.0 12.5 17.7 20.5 21.5 33.1 8.75
Table 5 in [55] 75 1.8 149 | 228 | 259 | 269 9.01
[33] - - - - B - 13.7
Kaidi [56] - - - - - - 8.60
VB+windows 6.68 14.51 18.68 26.78 24.88 | 25.35 10.53
LCM-Ivec-Hybrid 4.26 13.12 17.96 25.74 24.70 | 25.35 8.60
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[52] hidden distortion models (HDM) - 12.71
53| GMM-lvec - 9.8 -
T2 + ours VB + windows 6.58 L 7.59 | 10.08 * 8.09 -
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Fully-connected

Dataset N#| ST ANZ BT 1< (h) x—vector«—[ o ] - Segment-level

SWB 2594 10.9 1139 -

SRE04 310 26.4 197 | statistics Pooling | \

SREO06 2228 15 946 7 ////////

SREOS 1328 202 724 HT 7

SRE10 506 15.4 286 F & . Framedee)

SRE16 221 53.5 121

SRE18 213 10.8 X

SRE19 195 11.1 X

SRE-ALL 5001 18.4 X

VOXCELEB 7146 230 24200 HAWIEANECARIA UL, milm IR

TIMIT 630 10 x| 1. AJYIZRAAEE? Softmax + Triplet Loss

SITW 299 9.36 x| 2. MERERERE NE?

1. P. Matéjka et al., “13 years of speaker recognition research at BUT, with longitudinal analysis of NIST SRE,” Computer Speech & Language, vol. 63, p. 101035, Sep. 2020,
doi: 10.1016/j.cs1.2019.101035.
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Table 1: WER on the Librispeech dev and test sets for the Libri-light low-resource labeled data setups
of 10 min, 1 hour and 10 hours. As unlabeled data we use the audio of Librispeech (LS-960) or the

Self-training and Pre-training are Complemental’y larger LibriVox (LV-60k). ST (s2s scratch) trains a sequence to sequence model with a word-piece
. vocabulary on the pseudo-labeled data from random initialization while as ST (ctc ft) fine-tunes
fOI‘ SpeeCh Recognltlon wav2vec 2.0 with the pseudo-labels using CTC and a letter-based vocabulary. All results are with
language models at inference time.
Unlbld dev test
Model data clean other clean other
Qiantong Xu* Alexei Baevski* Tatiana Likhomanenko Paden Tomasello 10 min labeled

Discr. BERT [27] LS-960 157 241 163 252
wav2vec 2.0 [24] LS-960 6.6 10.6 6.8 10.8

Alexis Conneau Ronan Collobert Gabriel Synnaeve Michael Auli
/ﬂ'- ST (25 scrarchy—£S-960 471 7.0 570 81
+ ST (ctc ft) LS-960 3.6 6.6 4.0 7.2
Facebook AI Research wav2vec 2.0 [24] LV-60k 50 84 52 86
+ ST (s2s scratch) LV-60k 2.6 4.7 3.1 54
+ ST (ctc ft) LV-60k 2.8 4.6 3.0 5.2
Abstract 1h labeled
\D_'ls_cr BERT [27]  1.5-960 85 164 90 176
Self-training and unsupervised pre-training have emerged as effective approaches wav2vec 2.0 [24] LS-960 3.8 7.1 3.9 7.6
to improve speech recognition systems using unlabeled data. However, it is not + ST (s2s scratch)  LS-960 2.9 5.6 34 6.6
clear whether they learn similar patterns or if they can be effectively combined. + ST (cte ft) LS-960 28 55 3.1 6.3
In this paper, we show that |
are complementary in a vari llﬂ %Dj . abeled

labeled data from Libri-light ﬁERT 271 LS-960 53 132 59 141
hieves WERs of 3.0%/5.2 VEA D ) e = =N LS-960 235 255 244 260
?icvallggsihe bests p?lblisheod sy IR ﬁl:] 1ﬁjﬁl‘i E 1}” éf? ;FD Tﬁ T}” éf? ’ ﬁl‘i*&//l\ %*ﬂ‘ V£ vec20mm 1S90 29 57 32 6l
(s2s scratch)  LS-960 2.5 5.1 3.5 5.9

T MR AR SRR, WEALOARI RS e w2 % 3 5

1. Q. Xu et al., “Self-training and Pre-training are Complementary for Speech Recognition,” arXiv:2010.11430 [cs, eess], Oct. 2020, Accessed: Nov. 20, 2020. [Online].
Available: http://arxiv.org/abs/2010.11430. a
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(a) Extract d-vectors (b) Build a graph

Fal

(c) Add profile segments (d) Label prediction

TEZE

Tsinghua University

Figure 1: Overview of the proposed method: (a) extract d-
vectors of audio segments with a pre-trained speaker embed-
ding model; (b, c) build a graph of audio segments based
on pair-wise similarities of the corresponding d-vectors, using
both profile and test audio segments; (d) predict labels for test
audio segments by graph-based semi-supervised learning meth-
ods.

Multimodal Features Attentive Memory Fusion Network

—————————— coamenl---¢ Table 1. DER (%) on the NIST SRE 2000 CALLHOME [opentace 71 /
Refined embedding D |:| |:| |:| |:| |:| D D D dataset. SC refers to spectral clustering and AHC to agglom- , T
. - . ; : : .LCOVAREP(N)] B o S LG4 LY
S . Reﬁnedafﬁmt;‘m atrix erative hierarchical clustering. c;*i,igi Y -
NS ,\\", No i e (Glovevec (300)) A ~
GNN layers y % VAW Method DER(%) Speaker A:...  SpeakerB: .. : ) Eﬁ
< Baseli x-vector + PLDA + AHC (5-fold) 8.64 Speaker Level Embedding ' 4"' Speaker Aligned Graph Memory Block : )
I sisnscionl AU+ vector + PLDA + SC (5-fold) 8.05 Pretrined GhostVLAD Network - 450 fo
Wang et al. [12] 12.0 T SN erbeiine % ; / Eﬁ]
A O Recent | Selleral. [33] 1.5 ([T 8
o AT Work  Romeroeral. [34] 9.9 | _ ! A o
A = Zhang et al. [13] (5-fold) 8.5 pinnE KX R o, | It ) e @ ﬁ
i ey = Lin et al. [26] (5-fold) 7.73 i T A~ > o
NN Ricta Ours GNN based (5-fold) 7.24 eariont WY } ot roduct } -% - / / ’ fﬁ

Figure 1: Our framework SaGMN has a multimodal backbone network with a speaker aligned memory block. The similarity of speaker
embeddings extracted from pre-trained speaker recognition network are used to derive adjacency matrix for the graph convolutional
layer in the memory block. The resulting memory vector and multimodal attended vectors are used for the final emotion recognition.

1. J.Wang, X. Xiao, J. Wu, R. Ramamurthy, F. Rudzicz, and M. Brudno, “Speaker Diarization with Session-Level Speaker Embedding Refinement Using Graph Neural
Networks,” in ICASSP 2020 - 2020 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, May 2020, pp. 7109-7113.

2. ). Wang, X. Xiao, J. Wu, R. Ramamurthy, F. Rudzicz, and M. Brudno, “Speaker Attribution with Voice Profiles by Graph-Based Semi-Supervised Learning,” in
Interspeech 2020, Oct. 2020, pp. 289-293.

3. J.-L.Liand C.-C. Lee, “Using Speaker-Aligned Graph Memory Block in Multimodally Attentive Emotion Recognition Network,” in Interspeech 2020, Oct. 2020, pp.
389-393.
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