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Language recognition
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I-vector system
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DNN system
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Statistical pooling
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Attentive statistics

ee=v" f(Why+b)+k,
Table 1: Performance on NIST SRE 2012 Common Condition 2.

exp(er) Boldface denotes the best performance for each column.
oy = —————.
' ZZ exp(er)
[ Speaker IDs ] Embedding DCF10> DCF10® EER (%)
~ T T i-vector 0.169 0.291 1.50
L= el T = the ©he —p©p, average [7, 8] . . .57
OO0 -~ 00O =3 ach G=\> hiOhi—pOR ge [7,8 0.290 0.484 25
Utm;‘_ancc-lcvcl : Utterance-level t t attention [10, 11] 0.228 0.399 1.99
eature : feature 1sti
statistics [9] 0.183 0.331 1.58
extractor (OO O~ OO0/ 7~ 7~ attentive statistics 0170 0309 147
I
[ Pooling layer ] Woeighted mean Wzlegvhiz?oitam?rd
Frame-level feature | {hy, h,, ..., Ay} ] I
[O OO0 -~ 00 ]}] [ Attentive statistics pooling layer J Table 3: Performance on VoxCeleb. Boldface denotes the best
Frame-level RE==s=sssssmssemssmoomoec ' performance for each column.
feature i
extractor v .
o [O 00 -~ O O]} _ Welghts @ | Embedding DCF10?  DCF10° EER (%)
- | / i-vector 0.479 0.595 5.39
Acouste feature (X, Xa, X1} [ Avcoionmoder | average [7, 8] 0464 0550 470
. . » i ‘ . attention [10, 11] 0.443 0.598 4.52
Figure 1: DNNs for extracting utterance-level speaker features I \T frames statistics [9] 0413 0.530 419
| Frame-level features & || attentive statistics  0.406 0.513 3.85

Figure 2: Antentive statistics pooling

Attentive Statistics Pooling for Deep Speaker Embedding, 2018.



Interactive transfer learning

INTERACTIVE LEARNING OF TEACHER-STUDENT MODEL FOR SHORT UTTERANCE SPOKEN LANGUAGE
IDENTIFICATION, ICASSP 2019.



Attention pooling
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UTTERANCE-LEVEL END-TO-END LANGUAGE IDENTIFICATION USING ATTENTION-BASED CNN-BLSTM,
ICASSP 2019.



Adverserial training
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Fig. 3. Cuus/EERY results by employing speaker AMTL-DNN
BNFs on dev_ls. Back-end is cosine scoring.

Table 4. EERY% results with/without unsupervised PLLDA adapta-
tion. Back-end is PLDA.

No Adapt. | Adapt. with cluster number SOTA [41]
[ 10 50 100 200 500
Dev_1s 7.56 6.84 6.6 6.49 699 T.20 N/A
Test_1s 878 — — 7.53 — — 7.91

ADVERSARIAL MULTI-TASK DEEP FEATURES AND UNSUPERVISED BACK-END ADAPTATION FOR LANGUAGE

RECOGNITION, CUHK



Multi-time scale modeling
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Fig. 2. Attention Mechanism in HGRU.

I Output sequence from Level-2 (2.....z,), 1sec window, 1sec hop I
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| Output sequence from Level-1 (y:.....ym), 200msec window, 100msec hop | Table 1. LRE2017 evaluation results on clean evaluation data in
B ny i terms of accuracy in % (and Cavg in parcnthesis) for bascline system
oru|—leru [ GRU‘ arullarul .- Jeru el . .. [oRG [20], LSTM model [16] and the proposed HGRU model.
I | I I ] | | Dur. (sec) | ivec[20] | LSTM[16] | HGRU
l e T T Sl | 3 538(0.53) | 54.7(055) | 55.1(0.35)

Input sequence of BN features (x.....x,), 25msec window, 10ms hop

10 72.3(0.27) | 72.1(0.35) | 74.1(0.32)
30 83.0(0.13) | 76.1(0.28) | 83.0(0.23)
Fig. 1. End-to-end Hierarchical GRU RNN with attention module 1000 56.2 (0.54) | 42.8(0.79) | 53.5(0.62)
and duration dependent target layers. overall | 67.9(0.37) | 64.3(0.48) | 68.5(0.42)

END-TO-END LANGUAGE RECOGNITION USING ATTENTION BASED HIERARCHICAL GATED RECURRENT UNIT
MODELS, ICASSP 2019.



Unsuperivsed feature & semi-learned GAN
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Fig. 1. The UBNF feature extraction diagram. Sigmoid non-

linearity is used with softmax normalization for the output layer of
DNN.

SEMI-SUPERVISED LEARNING WITH GENERATIVE ADVERSARIAL
NETWORKS FOR ARABIC DIALECT IDENTIFICATION, ICASSP 2019.

i-vectors
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Fig. 2. A conceptual semi-supervised learning framework with
GANSs. The “feature matching™ trick is also employed to construct
the generator loss, as proposed in [22].

i-vectors

L=- Ex,y'vpd(my)[10gpm('y|x)]
= EXNG[Ing‘rn (y =K + 1|X)],



Highlights

* High-level feature extraction by CNN

* Temporal feature extraction by LSTM
 Attentive statistical pooling

e Adverserial training to purify other factors



