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Abstract

Small-footprint keyword spotting needs to use only small memory to run
on computationally constrained environment. In other words, we need to
strike a balance between accuracy and latency, under the constraint of small
memory. To achieve this, end-to-end model is more suitable than Large
Vocabulary Continuous Speech Recognition System (LVCSR) since it usu-
ally requires less memory. Previous state-of-the-art work based on ResNets
achieved good accuracy on keyword spotting, but the model still used more
than 200K parameters. To address this issue, this thesis presents a time de-
lay neural networks (TDNNSs) with adversarial training, which can generate
phonetic features with less speaker information to achieve better accuracy
and reduce number of model parameters. We used publicly available Google
Speech Commands dataset to train and evaluate our models in this study. The
best model of our study has 10K number of parameters (achieving 96% re-
ductions of the ResNets model) with error rate 4.4%, which is comparable to
the ResNets model’s 4.2%. In addition to the number of parameters, latency
is also an important metrics, so we put our models on a mobile device to
compare all their performance, including latency. Based on this performance
test on mobile phones, we can determine the model that suits our needs for

various applications.

Keywords: Small-footprint Keyword Spotting, Time Delay Neural Networks,

Adversarial Training, Edge Device
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Chapter 1
Wk

11 L A

FFLLFELAREEY ORPFRE A PEERFEFERL IR ETME ¥

> A Google 375 B4 ~siri~ FFE fa % - TLASFTERY FREHAR
B RpAREFlpt > PEFHFE - FNAF - &
BHiE ORI F L E w4 42T (keyword spotting, KWS) » & 5 E 5 ¥ £ :iE4F § op
PRMET j@@»&;%i}ﬁﬁ]/\ CERY R 2 FRRYFE N RFIRRT
FAF R G GEES S 55 VRE % E o

EEF R FEF AT E TR PRET > FINFF R g F L5 B4

TR~ MAESE ~ ML B o Bodr e 2 B iE X PR 5 7S (large vocabulary
continuous speech recognition, LVCSR) [7][8][9] ~ M4 F /& v F £, 5 ¥ % i 7|
(keyword/filler hidden Markov model) [10] % 5 > 2 igdt = 2 7 & 2L 4 + chizfp
By B o7 E kd WEREEY (] @A JERE M F P e (Deep
KWS) [[I] = 5 2 imenficd] » iR A "';&ﬁ*éﬁ?] NN - = SO ﬁ?] DT D
il § R BARER LR E 0 R RITIM4EF o &2 LVCSR ~ keyword/filler
HMM jpit > FARA SRepf F{ H > 22 xR 3 EE 02 mRBaR* o p
a4 0T residual networks (ResNets) [2] i 3] 7 4.2% s %5 > w v 2R ig *
TlATHE 20 § enfdic > ¥ Mat B MR R R BApE 3 fleno

Aawm2 Al fEhR* 0 T AEFF L NG A DAR RN

7 3% 0 pE e A e B (time-delay neural networks, TDNNGs) [4] #5 fie 258 9" 3
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(adversarial training) 73 /2 > 4 I B 5 b I—‘ﬁ T R RECA 2 FR
= @*“WE}’E%& FFdFaER IR F PR A R HOR D R o
P AR PR fE KT FAFROEE S 2 TP AR

TP Er o EREFEAST Foni M ER > N2 RIER R BpF

1.2.1 Pytorch

Pytorchl £ ~ 1 # ** Torch & Python B Rt B4 ¥ #2:8 & > i & d Facebook 14
_—L;ar'%:,J q;] FIEJ? , )\%i?fhﬁézﬂ m, , ,J.ijp‘: P\?'F%Nb E‘ T\%‘gﬂi ;ﬁ’_@fi" ““J‘FL
Tensorflow % {544 5 % B8 554 » Pytorch it 59 i & s2 #40 SL R chig g

@B FE R {3 Tensorflow °

1.2.2 Librosa

Librosal £ - & * »t 3 54T > RJ2 e Python 1 B & > % REE 7 T AL W T Ao

B%Jtpﬁ:}ﬁ- Bk P o R iAo mﬁ.ﬂ x 4 BL S 20 R b i 8 & hig

BB A o S B IE A R B B o R~ § L B AR

1.2.3 Kaldi
KaldiB 8 p #4582 * (hl Rsess [12] > @ G- 2% £ 2% & %42 Danial Povey
B35 5%

o EF N BB HMM 0 i ~DNN 2 > ~F 24K E  + ¢ 3

AW B 50 FR PR kB - B Kaldi # it iaE 1 K

%

THCR R R S el B8 R E R SRR DR L B r g AR S AR

Uhttps://pytorch.org/
Zhttps://librosa.github.io/librosa/index.html
3http://kaldi-asr.org/
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&L o ¥ ¢h Kaldi 8 #* 4e 485 "k i & 4% % (weighted finite-state transducer, WFST)
REEFEBFRE A P2 F A DR B 2Py i o 0 10 I dE kST -
BRNA K GURFEE o A E# 2 & DNN-HMM #3204 » & * Kaldi % #i% <

FEE O BRI F AT B AR RS -

1.2.4 Pytorch Mobile

L7 Ak # ¥ ML B e ML > PyTorch 1.3 B 45 % # f&_Python ¥ & iOS 4r
Android b #8 % sy ¥l 1 iFik - & Pytorch Mobilef o i 535 % + 18 7 ML %
PAXKARER > T A BT AES R Ml o v Ao A Y L g

W p A H & £

1.2.5 Vosk

VoskB £ #_Alphacephei = @ #7# 2. 3R F FEB 0 APL > ¥ 1238 24 i 8- Kaldi 2"
A gl (R SRS SO -I

13 % &

>

AEhY A ar BEa:

- R Bk AR RERY ST AR R Y h1 B o
FZ RGN E AL il AT LB

e R Pm - ARRY DOTHE S FRIBOSL L FEDF U2 P HRE

“https://pytorch.org/mobile/home/
Shttps://alphacephei.com/en/
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Chapter 2
o Ak

2.1 M&F GRIFRFR

211 ##

d Google * 2014 # & &) [[I] > » £5 % TAEFTH o PLBrenh > o AR 4T
FER O ¥ N Ao 3P FPHF T NF 0 BTG S b lattice ¥ A2 7B

EF ent FE iz ¥ o lattice ALAARE < > fRBATE PFER Y 2 K o 3FF ok fRB R
Bl gy e A TR FATLRFDHEET > HMM 0 2
7 0 R e lattice R TR R ALFR B A AR T F & DR o T
PR R RA SRR ONE R B0 LG B BRI
Grodplic: TP ARRIALTE S FALLBGAMET > KPP AKPE - 7 F EHR
LR EE FoAR I ERER .

212 30 %
MAETHP1 & A 5 = B9 F (4o Figure R0] #77):
1. 3 it P~: 4 P~ PLP (perceptual linear prediction) ## i 5 #-3]#5 » -

2. A G R BATR: BRI R RRE BRALS- BE o TR LBF s o
?'J %é /%1-‘/;- °
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L R PR PG RIFIMEET o
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(i) Feature Extraction (ii) Deep Neural Network (iif) Posterior Handling
Figure 2.1: Deep KWS 7 [
B fS RJL P ﬁ—‘l%j VDTSSR S H GRS 0 FIM F R EHE TS TR

F AT it (posterior smoothing) » 4 {555 p; & ¥ j BB R 1 B AL

‘?E‘hﬁk:‘ ’p;j é\—l/g‘“ i E‘h#‘é};‘ ’ Eﬁ;_" 'J‘ 7"5" Wsmooth ’ Ell] 2}5\: ;";:

_ ’ 2.1
P .] - hsmooth +1 Z Pik ( )

k= hsmooth

;E"\ v hsmooth = max{l,j — Wsmooth + 1} > gp?f: *%'F\ RN ﬂ}%}ﬁ:‘ ﬁjéﬁﬂ%’fb °
£ k3 ¥ o dpdkc (confidence) » % j B fcenf g B F &I LS LT R

R E o SRS Whee ? B2 5

n—1

con fidence = "7} max  p., (2.2)
1 hmae<k<j

1=

HP hpge =max{1l,j — Wpae + 1} > T F P % - B F kit o

B BEARET B :J‘ﬁ #icl @ 0 JE ¥ DET ¢ % (detection error tradeoff
curve) kv FUF R FEL 2 HMM 2 2 and > X #h 5 45 35ek iR (false alarm rate,
FAR) ~ Y #h 5 45 35489 5 (false reject rate, FRR) » F]pt o T o ff A% A% 4 o JE_
FigureR.J ¢ ¥ P &g 5 11 > iR R it 2 " HMM % {% % > 2 % 0.5% FAR P > iF
B ps2 >t HMM i 3 45% cecig o
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False Alarms

Figure 2.2: HMM vs. Deep KWS [[I]]
22 MEFdRFRALPE

221 Hi

Google . #% d'mv o A L e < {8 0 I & @ * 7 convolutional neural networks

(CNNs) 3] £ 7 27-44% ehigH [13] > e N £ * 7 7§ §gehdd 4
UG RPEFRET B DR o FRA L R (ResNets) f27471 iF & £ 4 i3
BOTDVRAR AR 0 B B AR > EE O AT Harek: o At Bk [2]
PIH-H 8 % TI3F 3wk ARAOHCG] P o

222 * A%

Residual 7 ff4- Figure P.3 2 L rersm o KA gl § 1 2R A A FIEE > 500
FRAGE BRI A AL EAREHE > RS E 4L f\%'iirmﬁ%] oo R R R
B AF D R o B kg o A4 %Kﬁ‘]ﬁi%] G owo DRGSR L H(x) o 03
é’ﬁ@,]k.,aF ’»ﬁ}{gb]{ r)=F(x)+z g Hx)=F(z) {#5Y » £ 3 F
BHCA G AR IR o @ A BEfA 2 €7 ReLU £ batch normalization e
% BHCA % Hde Figure Y+ 230957 5 % - K 5 3 7 bias ch ¥ ff K o 4o
ReLU % batch normalization - 2_ & P'| #_— & 8  if ehrresidual 2¢ ﬁf_ B AF ) i
® 6 B o e b MEF K #icH 4o eh dilation (Figure R.4) o ¥ s B 4o 0T F X B A or g

Tl TF o B {5 i iF average pooling % softmax > ﬁ%l A BAEE e S o
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Model Testaccuracy | Par.  Mult.
tpool2 91.7% +0.344 | 1.09M 103M
resl5  95.8% +£0.484 | 238K 894M

Table 2.1: CNNs vs. ResNets

B % g1 a7 Table R[> U % ¥ 1 F N> 58 residual hles o 033 7
L f RIS A BB o £ P R Slcenilict 0 97 CNNs ehT & 2
- > AP HEREET AR ariiE o

———————————————————————————————— . MFCCs

y

l 3x3 conv, 45 J

3x3 Convolution J y
|l 3x3 conv, 45

v

[ 3x3 conv, 45

RelU
W

Batch Normalization }

v

3x3 Convolution J

|L 3x3 conv, 45

v

J

i » A O a3 e

RelU
Batch Normalization J L 3 cj:w, as |
|: 3x3 conv, 45 ]
Avg [pnnl
softmax

Figure 2.3: ResNets #-7] 7 # ] [2]

23 MeEF QRPN TRRERELL T LB

231 ¥

# 6 #% Pl ResNets fE 17 7 (i end > e £ % 1§ Fehgde 50 Rk
SRR M E e [B] 4 d Rt A S e B (time delay neural network, TDNNS)
#EREL R p LR 54 (shared weight self-attention, SWSA) > p L & ##1] (self-
attention) [[14] 7 # & o~ F R MAF KA hRAL > P ASERL £ F R
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L comution filter

] Receptive fieid

Layer 1 Layer 1 + k Layer 1 + 2k

Figure 2.4: Dilation convolution [2]

LS eni > T E A g ARG xS S o #0348k (12K) E 3] 7 ResNets

232 *E 4%

H-3) % 4 4o Figure .3 #r% o % - & % TDNN sub-sampling ° :12:—@?] »endF ik B
el xRt AwmYATRANSDSWSAK > = & e K 5 H S TDNN >

f

RIS HTH AR T35 i softmax K A4 G 114 » %5 10 BR4ES 2
Filler % 4 #75 enzbpf 45 -

% 7] self-attention 7 i% % 5% & #4 g [14][15][16] @ * % #% < 4% ) SWSA
kgt 4R 0 RILW 4o Figure R.3 ¢ ek =40 0 8~ § L5 8 SWSA &
+ 8 2 #f (long term dependencies) & » £ i i ReLU 2 2 layer normalization °

J 4 e self-attention ¥ 128 =

T
Attend(Q, K, V') = softmax(

WV,
VD 2.3)

where ) = UW,, K = UW,,V =UW,

Q € RTuxPr v K € RTwxPr ~ 1V ¢ RTuxDv 4w 5 query ~ key % value » U € RTu*Pu
S~ e o T, g~ L U SE R 0 Dy QK SR 0 D, LV iR -
W, ~ Wi~ W, Bl#-U R E 53 F e @

B2 7R self-attention B 7 A4 ehi > L= BHRPEL W, ~W, - W, F & #

* b el o ¥ 5 self-attention st EIA G PAFEL > AP R B
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Model Error Rate | #Para.
resls 4.2% 238K
tdnn-swsa 4.19% 12K

Table 2.2: ResNets vs. tdnn-swsa

L EHEIR - B E o dogt A lF“,T&EE #-SWSA B =

T
Attend(V') = softmax(

W,
VD 2.4)

where V = UW

W e RP«xD 2% & % jg & ﬁiﬁ“iﬁé-ﬁi%] > B3 value o £ F 3k iv #- attention 1§ & A
value + > F|pt#rd * Pl BiaEEd = B 5 - B o FigureR.6 B 77 7 SWSA
SWSA = # 17 ik self-attention — % 2f ¥ = multi-head 35K & » ¥ 17 8 &

Multihead(V') = Cat(hy, ..., hy),
(2.5)

h; = Attend(UW;)

H¥ n % head tlc® o W; € RP(P/m) % & i head it 4B > D/n & 5 ¥
#c o #7102 head hiB#c? € B2 SWSA ch%#ic® o 5 £ #-47F chhead @ 324 %

EUAR I

)=
,‘m

B gt A Table R0 5 48 SWSA # 73] S ¥ 15 & ]
H %1t ResNets :B4F 7 0.01% > T I8 e dbdF e £ o
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Layer 6
Layer 5
Layer 4
Layer 3
Layer 2

Layer 1

Figure 2.5: TDNN-SWSA 3] % 1§ [3]

XEBUJOS pajeas

Figure 2.6: SWSA 2+ & = ;% [3]
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Chapter 3

3.1 MEEk

R LAETAFEEY G XY AL TR U F AT ¥ oh
FUERFE R ML > M EE s MR 2R B BEEF2 I0EE
Ao AR R ER R R R 2 o Arg B4 T R B F AR TR
Rl 4 F KB 7RO e B0 4o Google 7 “Okay, Google® ~ Apple =0 “Hey, Siri*
e ﬁti”lﬁﬁj'\ F i ﬁe?]t'i P anfg cdplic FH o EARET L LR R
BRI R EMEF  FZRiE LT B ETERPRYEFSIS - B
FEE RS = = I X
¥ "5%*;"]”7@1] FRTAERE S AR KRR A - s FERY P

EERFFHES A B3 ﬁ*vﬁ‘gj rERCRE AR 0 5 g T A 0.01 )
£~ R HCRE TR 0 Aot 2 ETE EAFAR T o d SYHCARRIPE R AL 3 0.01

By B AR TR AT R SR LR

3.2 5 ch B

321 B AF S ol thik

'http://speech.ee.ntu.edu.tw/DSP2018 Autumn/Slides/7.0.pptx
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Speech signal x(n) X (k)

= . N — Mel
x(n) Al sl ESTE ALEE filter-bank
Window | i)
energy Log(l |2} H
) l
;-1-4' [-’JI '{,n' ()f
y.={ Ay (ated t — | gerivati : Y, (m)
<L [A"}f (/) a‘[”, derivatives v, () e o \m
Al (hate ) " 3
¢ &al MFC( |—|
Figure 3.1: MFCC ;% 2 @I
¥# {4 I 5] 3 % #ic (Mel-frequency cepstral coefficients * MFCCs) ¢ Davis f= Mer-

melstein >+ 1980 & S ) > = L F F FERF Y o BE e B E S B
Bt T ATA PR M T ENIEHAE  (cepstrum) o 15 AR S W A R4 A A
WEZRE L ZRERA - Apt B EBEPE Y RE IR o RS
AR G B S AREY MRS BY > AT g
7 4 éh% TR o Figure B.] % & B MFCC e 8 jn 4% o
ER R L &

1. #-3F 3 M 5L7F 5 v (pre-emphasis) > Tl iE— BB gk B o

2. #¥— BEEF AL f25 5 B 5 4= (frame)

3. BT E 2 A B T

4. WA 3 (spectrum) i EH F AL B (2 S EdE T) 0 BB AR -
50 A F BEE R RPHELE -

6. ¥ o BEF SR FRICE - EF @ BT G Ee o MFCC 3 0 )
#2 3 Bl ety B (amplitudes) o — i * 12 B ¥ 23 Ea 24 @ 138
i o

MFCC # fiich B~ iR 4260 % — ) F8 5 FF 5 i (pre-emphasis) » P & 5 7 3} G %
FEAey B foll Baoifl o R RS AR DIE § K TR PrF A (T
- RGP E R L AR OERE) c AMP PRI T A LAY - A
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Fhps EFPREAAFY DT B5 (voicedsound) > ¥ - BRI A L P A
¥ g #5 (unvoiced sound) 0 H ¢ 3 B HIE S MELOA TR K IEG o
Filo e B canRapines d b @@y i $RG B3 L RWIER - 3
WS RA T o SROFFEPER-BELLFF FTAINL > bk RE B4
(formant structure) % 17 7 P? &g > Fg 55 it T ¥ KA i L & T3 2 0 FF 5

FARFTI AN E- BF A AR AT 5
H(z)=1—a-z" (3.1)

Bk Rde B B APEE b 2 s(n) &7 0 Pl 3B TR 58 1 {

Y

.

He gl ¥ 420940 1.0 2 -

HRIE L BE R4 s(n) 5 Z # ¥ (Z-transform) {87 % 7 5
Z[s(n)] = X(2) (3:3)
TEoe (b e B 2wkt R G
Zls(n) —a-s(n—1)]=X(2)-(1—a-z") (3.4)

Flp oo AR P BB LR Y (1—a-27t) A ARSI S A EL o L B MO P
BT 0 ARABHATRARRIT L VAT HFES WY RRDFAINA o
MFCC # ficdd Py A2 eh % = B0 5 Msa 5 2 5 5 B 12 (frame) » 715 £
A EEFMT A Banc v Pt 0 AEePFRFIEN Ao FEFE T
MFCC # fiicdb P~in A2 60 % = % 2% 5 47 ® = ¥ @ 3 (discrete fourier transform,
DFT) » o P30 50 e s b e i3l F (g VAR > 97 Mn SLIS PR 38 g 3 T
BOREZRGEAF > @RS M BLAL S 4E 3 (spectrum) o

Zhttp://speech.ee.ntu.edu.tw/DSP2018 Autumn/Slides/7.0.pptx
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Time domain signal spectrum
A A .'. i ,qu f

! _cﬁ..,_._n_l_sg_u..a_n_.
v WV -
v

"u.Jk\n

x(1) Xi(w)

Figure 3.2: dt4ci® = ¥ f# 245 f Jhit =D

MFCC # ficth B~ A2 e % v Jh B8 5 HF 3 85 Jp ik B3 (Mel-filter bank) >
L p B2 thlcde o doFigure B - R AR BH L 24 Bz 4 F A AR
Lomik B2 A RIAE S BAEAE Y (critical band) o i B4R Y Ak gy A S

= e

1. Kﬁﬁéﬁp\ﬂﬁ_r‘é;ﬁl{# RIWDF e HEE P f TR A 2
I2 5 Ap AR eH -F;»'Li‘é\'?' %mgﬁ‘ﬁ'rﬂ’&ngure@ F] ML AR AR R 42
W BRI LEG L

2. NBARF TN T AT FOMEF ARG o A P F R EE AR - > E
PP RN £ (X 200Hz T 1000Hz) - #4F 5 3 £ i Fig i E @ > e RFage
FRNF £ (¥ 1000Hz 2. §8) > RT3 dp e & 4o Figure B3 » i3 18 & A #F
SN DR G R TR RL > LT H AR DR R

MFCC £ B~ en® 7 H B 5 Bflicac £ 0 @ % w0 - %ﬁ%b’ﬂé%ﬂ 124 B
GERPFHES TS > LEAHEEY o B SBR T

1. A SR L A st 8 20 Bep o
2. MUBCEE RAGA D~ A ) iE 2 AERE L S
3. dv A9 R A B E BB R TR o

MFCC # fiicdd B-in A2 b (8 9 3% P34 > ® F # 4% (inverse discrete fourier
transform, IDFT) » #-5 — # 28 3924 3 (gt IDFT > 2 X iR 5 6 12 B %
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oo A ERAEERE S A - BEU MR BOREA > T LR KT F
HEFf AdBenthiv ospt 2 ARG RGE AL ¥ - B A el

BRAB - BRIER 27 5 o(t)  Bl- ¥ L2 8 hdce 23282 58 5

e=10-log()_x(t)?) (3.5)

t

PI¥ JEF 13 e f 4 3% 5]3% % Bk (Mel-frequency cepstral coefficients, MFCCs) o
¥ MFCC feié * pF o> g L3 E - - ppigdic et RA 138 & 39

MEFCC -

1,500 Hz S — =

cochlear duct ["

base
I.
¥

20,000 Hz

\TA:I% Hz
-~ 1,000 Hz 4,000 Hz

basilar

T.O00 Hz membrang

5,000 Hz

Figure 3.3: A #genp A *}#fﬁﬂ

33 REEEH

33,1 PR SRR

P 2 A9 45 e B2 (time-delay neural networks, TDNNs) 2 iTHP 3% 5 F % 18 * ol &
PREH P DAL TR I i@ 8 T #& -~ DNN ¥ #f <0 senone 4~
Mo rr S o g a F A E S FEkartk o

TDNN ¢ 1989 & 3% ) [4] > P o &_#i 3 % #%3 (phoneme recognition) ° 4

Figure B.4 #t57 > B éﬁ{?ﬁ;ﬁt'}ﬁg}» 115 B3 A TB,~TD,~TG, ¢ v- B3

3http://speech.ee.ntu.edu.tw/DSP2018 Autumn/Slides/7.0.pptx
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% ’313?]%;% 15 16 ehg 42 o % - & 2§
HziphZB R SRpATLS - A TEES APk PREAHBE - B
FIE R L EET - BREFEREERA FAT

i{z?—}* .—gl’fﬁmallfgxa"ﬁ,’q-\}a Rl %

Y RFEY R B (S tH] s t12)

TRl FREY R S B IER G
YEY RO S FRABE S
- BH1= (7 DNN) > % - B =25 f@;;m_&agg;wgﬁ - B E

Fgraild PRRABIPFTT = EL efhkanZEfdck - B A 5
4 B (convolutional neural network, CNN) o % ig3adp 5 & <7 TDNN » &8 {3 m%l
R =EE SRR SRR S R R R SV
BREBRPFLGEPDINE 2 TG 4 o i RICAIF Y 3 { F e ik o
Fap TP NG IS BRI R FAAAEG FF B b i
AFEE KA OTT o R PN F B IR E AN IR L EF
PR S AR TF S AT R 50 fE42 B AR 0 sub-sampling H T
2015 # 4% 41 [B] © 4 Figure B3 #77m - 3ty t kg 2 27 (- 13) 3 (t+9)

23 BFHAZOF I 0 L F sub-sampling kT 0 3R E T AT I Al d s

S+

R H e d MR T o T IR S B i 2R A
oGRS T2 St R s Sl o S BT I MENATRA ~ R
Box tgd oo
TDNN it 43 B ﬁ"ﬁ?a?] > F LR R o B B i’fuﬁr?#é & e B, (recurrent
neural network, RNN) #7 2 » £ %] &> DNN 2 TDNN ¢ B85k £ ¢ 2 4c¥ -
nﬁk‘ig«@mﬁﬂi’mRNN“‘m‘fﬁ?ﬁﬁ]f Felem - BREFR O ﬁ] g
Boed - BBl Y A o B fRNGHER 1 RNN B35 T 8 Y 5
ERAFL G L RAADBEERY 04 R REARRRE LR PRI A
PR AL 0 F1- TDNN $3035 3 FR R AR 5 3f & enE e -

332 EfN ERE

¥ A (5 B (convolutional neural network, CNN) [[17] 2 & & * & % "94 % (com-
puter vision, CV) 473 » H 3¢ 4 4- Figure B.d 17w o &% A SRR o &R R
#F 5 Bye (kemel) 0 F B § A ORI Y EESHEE 0 SHFEL AL
Beprs @ g R Bl ¢ TR P T F (pixel) 4p 3k T AP 4 18 FI3%
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Output Layer

integration
= .
= Hidden Layer 2
- |
gl
! ‘,_
—
LY
A
T e e
[ 1 R W .
..... smEn = Hidden Layer 1
eln mm AN =EE c
- - sEmEn 2
wfulm = = . ch
[ ]
PN N — (Hz)
A o 1 5437
[ asar
e |z el irazr

F:H'EIE""E"-IBII'-.- 3187
-aEEEEREE 672
il - m = m o m m ow| 2150
: = m B EE m W 1922
- aEEEEEE OGN
o EEEBENEN w06
- AEAEEEEEN 1219
t-umEEENER on

rm B HBEREBNR s
i+ HAEEER®S 8 65
EEEEEEE = a5
EEEEEEREE

mm = = H F E B = & = 141

Input Layer

16 melscale filterbank coefficients

Figure 3.4: pFag 4 35 4 B 28 4 [4]

T g e ie 4o Figure B 477 » BEB B PR 2 HEI T BRBFET B RS
FHE > F AT AR EER Y S TP - % B MR (feature map) > EF
BT o Pt - BRI AEFHLREY > F - FFY TR LY
BF B 0 SR A gl AR kBB R PR ke BES A
B Y LA RS @I R EAR A R RSB )
B pR W T

B f &R o

a1

Joo AL FIIREY 2R e s RA S

“https://mc.ai/convolution-operation-comprehensive-guide/
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Layer 4

«3\» P N N .Y

A8 A /\\ AR
A, s 'y .'t\ N ; :
(X -\_'/\:)’\ A

Layer 3

Layer 2

Figure 3.5: P& 4¢ 17 % B 7 4§ sub-sampling i+ [5]

D$:::haﬂ coo

Figure 3.6: ¥ 4! 5 7 X B

333 HHRH ERE

8 B4 5 e B (recurrent neural network, RNN) 18] i & iz * & p #X3% % AJT (natural
language processing, NLP) ~ #ci= 3% 5 A&JZ (digital speech processing, DSP) % Af %
# % fde Figure B8 177 A JFRA S RE o AF BREFBCAY G S B
G Bl ) b B G L - BT Bl 0 0 B R
BB Rehr i TN HE G B ART TR RE R o LR
PG AFCRFFEEONE ) S BRFEAL P ey P FDfEL

£ &4 22 15 (long short-term memory, LSTM) [[19] & & % 4 &2 VT A e B AP
oo H BT U R Y el BB R AT - B AT E K R D

%3+ 0 4o Figure B9 #rn » &k @ o & iﬁfﬁiﬁg&g&é’r@%} N TP LI

(neuron) # » ¥ § #5 » @ F* (input gate) k441 P T By~ LF &0 P G Ay
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2 4 9 1 4

2 1 4 4 6 1123 51

1 1 2 9 2 X 4| 7|4 =

7|3|5|1]|3 2 -5 1

2 3 4 8 5 Filter / Feature
Kernel

Image

Figure 3.7: % #% & ¥ 7 2, M8

N

¢ x5 BB LR (forget gate) 4] - BIFERGERYIL & EF UL T L

o BefeF B R (output gate) 3 A X f‘uz’v’vﬁ%}:”.o - RRA SRR A
R Y TRA G RRE RS- TR BER RSN 2R
E/ “‘}L—‘ﬁ')\; 'E:_‘ lI} B*Fm» 19 g N p‘:"a-: ‘i \-’J/’J’E‘ ;IL ’ ’E\ '/@ﬁp I‘% Sr é n Fﬁ F'E m":"}:;
o PMNERTAREE DT A DRI LR AT AR > FILHEFREDOTH
T~ ;ﬁ;ﬁi f;t °

o o2 T N

model — maodel — model ——— > model
T ~ T ~
Xt Xo X4 sse Xi

Figure 3.8: #534! 587 X Bl

3.4 Hi PR

£

.
H
ml4

Pl R FORIOTA S FAXF - FH PP REE O ERT

ARG R EFRAR DS Fl A RER Y 0 v %;jﬁ{;w £ &

FOAE - 05 pR AR R BRI NG 2 F T ek § IR0 dy

oA G RFBAGERDLR S F L AF F ISR > FRER NG F

F e ek f A0 ]mﬁﬂ)\ cA @R R d 2D FR G
Shttps://zh.wikipedia.org/wiki/ £ ‘& #p 35 {8
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Figure 3.9: &

feature disentanglement sk jiv > gt Fopie e 5 B e S Fad % N e N i
FERDF o

4 PR (adversarial training) & B ¢ — B av 53 R It FakenS E o AR AL
kA R PR TR AT s (domain) A BT ERE S AR AL 0 fLG
¥ #5820 9 (domain adversarial training, DAT) [6] » T & 5 A Foihd = i

¥& (generative adversarial network, GAN) [20] # » 7 ¥F;V 05 A o B st i

o

SEH FTREEETAL A BYRD B BEHIOS ST Y A
- %

gy

RERAP R S RRE YV FTREFRFF TR dos - R kW
Feature Disentanglement r3c % o

ﬁﬁ#ﬁ%ﬁ@mﬂnﬁﬁ’&Jﬁ%&fé%&ﬁﬁﬁ’#%{ﬁygﬁﬁ
PRI DB TS [ Ed AR AT AT EEY I FEeh
PR L BT S ed A RAFHARE O KATERY IS EBRE
FoH¥ 23 ~gELFFRAMENT 0 PR AL ESS TR TR
et g loss s Fow B R TR @A BAFERAFVIED PP
NP PBRE . NPT LR g 8 gk p A B A DA oss
PRPPF-FODEIRF YR IR -BAF A FIRAFFAHE
e1loss & Jf fudE (gradient reversal) > K p % F & 5 Beiloss B 7 % > 1516 loss ¥

Pt g > REHEPPFFYINTT > T B F F ke
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<

Oy B L Gy(50,) » FEEO, P2 FAEE S L Gi(ba) & T
04 FH A E

AAPF LMY T 4 loss B13F 4 A loss A B & T G

Ly(07,0,) = Ly(Gy(Gy(wi;07):0,), v:) (3.6)

Ly(05,04) = La(Ga(Gy (x5 65); 64), di) (3.7

BEAPLEFLREAN{IT > A BLFEZTES | ML phlossy @ P BB

BB b2 3 preloss ~ B ki P% Frienloss 0 Flpt = B A EOH R T E

80 oLy
oL!
0, < 0, — p—=—->= 3.9
Yy Yy 69y
Qg < O0g — M‘Z‘gj (3.10)

HvY u Z8Y % (learning rate) » N\ TAZ 28k (hyperparameter) » & B 4 5§ B 5 F b
?—;)" f;ﬁ o

p O L

oL, Uty

55 c‘m., Closs L,

' |:> Eclms label ¥

label nuhtmi Gyl 8y)

O
g
<
m
<

3 somyea
!

,.
<
I
v
Q_)Q)
S e
‘“»s:_
%

% g domain classifier Gy4(-:64)
%, —r
o Ve
* feature extractor G /"’@-J%
cature extractor rf{ ) (?}?} "!cg/

R

E> a domain label d
AL
Uy
E> 90, O‘Ld
forwardprop  backprop (and produced derivatives)

Figure 3.10: 32 $$#75% 4 2 % £ [6]
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Chapter 4

R %

41 FHREAE

Google Speech Commands #_ - B = B 7 F £ & > 4 Google *+ 2017 # 8 *
D[R] 4G - R F 64,727 B - i+ e A o sample rate ¥ 5 16,000 0 £ k
poL88L BiFEE > F 73 30 Bl Table 4.1 -

AT THREN DRAK T B 10 B F * keywords > FT 20 B R
% & fillers 4 Figure .1 #777 o gt ¢b » & Fei 3 & 51,088 @ 5 4% ~ % & & 6,798 B
FAh RRR 6835 BE A 0 £ 5 80% > 10% ~ 10% 0 # 1 H FALE P K T
Flz s B 33 ot o

Brh o O R RAR W AR DRV S AR P R R B

FARTREF R IR R BRSO £ o

“dOWH“ “gO“ “leftu u u “Off“

>

Keywords c “ “rlght“ “Stop“, “up“’ “yeS
“bed“ “blrd“ “ “ “dOg“ “happy ,

e <c (T3

Fillers “house*, “marvin shella tree®, “wow*,
Zero“ “One“ “tW 13 “three“ “fourﬂé,

“five®, “six* “seven“ “eight®, “nine*

¢ ¢

(1913

Table 4.1: Google Speech Commands dataset
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4500

4000

3500
3000
2500
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5
0

o
o

mbed mbird mcat down meight mfive mfour mgo W happy
B house N left marvin M nine  ®@no off on Hone Hright Mseven
W shelia W six Hstop Mthree tree two Mup WOW yes zero

Figure 4.1: & B 5 ##&

42 Rk

4.2.1 BF RN

DNN-HMM % & > F i * ch 5 F e i MFCC > 3 #% chP~ % & (sample fre-
quency) 3 16000 5 1=+ ] 5 400> F =& K = L B 5 160> F]p = §i48 &
3 101 B § 4= » 'T} 4.3 101 B MFCC #Ffix > g * 40 2 3 247 & MFCC
(40-dimensional high resolution MFCC) > ¥+ 40 # Mel-frequency bins 357 4R 7% &
#% (discrete cosine transform, DCT) {¢ » £ # CMVN (cepstral mean and variance nor-
malization) - i¥ 5= TDNN mﬁg?] ~ pE o> & 1 kernel ¢ £ ¢ 5 30 Jefvi-vector > K
kernel |- 5 N Rl » 5 40N 4 30 35 ik [22] -

PP I 5 BB P EE i MFCC > 3 4 B~ & (sample frequency)
516000 F=+ ] 2 S12 FHEF XA EHE RS 128 Flt 2§48 5 5 126 B
- )’I*uf’n-\’ﬁ 126 i# MFCC #fic e g * g ¢ R 40 23 f247 & MFCC

ol

(un-normalized 40-dimensional high resolution MFCC) » p#* % google ¢ * # DNN i
A% #c > 4 40 B Mel-frequency bins 8 % » 2213 13 H4c t — P& % = P ipdkE

% 139 % MFCC % 3 % F o
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422 HERRFH

DNN-HMM $% 4 i¢ * STL-TDNN #: 73| (Figure 1.2) » %% # #c’5i6 5 & TDNN
layer » # {6 - & 5 > & & (fully-connected layer) » % — k& ¢35 512 B4 55~ »
B 18 ﬁ?] 41 triphone-state (senome) > Figure ® & i TDNN layer & 5. ¢ e#icF %
7+ layer-wise context F 3 > 0 &7 5 THREEFEto -1 3 (t-1)> 1 & (t+1) > % 7%
- % TDNN layer #- (t-2) T (t12) 7§ i » #r o £ 9 » 355 ¢ fapeny 3

sub-sampling > i FE R K % R A4 Kaldi ¢ WSJ et kg A o “,ﬁ% L

20 SET HCRROA § BRGEHAE E SRR M AL F (0% AR+ 4o Figure B3 4r T -

| Triphone States ‘

T

Fully Connected

T

TDMN (-6, -3, 0)

T

TDNN {-3. 0, 3)

)

TDNN (-3, 0, 3)

T

TDNN (-1, 0, 1)

T

TDNN (-1, 0, 1)

T

TDNN (-2,-1,0,1, 2)

T

Features

Figure 4.2: STL-TDNN 2% 1 |

ERIIHIS AP E A B PR F - BEHES 5K S TDNN poenE
AR AR L P CE RS R B R T ARl
BB KA L P gk

% TDNN $3) % 4 B 4 Figure B4 #r 7 > Br R R 404 F R R
MFCC » % - % * sub-sampling ié’rﬂi%l ~ Bk )i‘fﬁl R A E R
BB K - S TDNN K o 2 PR g {200 s Rz A2 = F e o B

TERMATF FlEEF TS KT - BT AT RS L 5 softmax K F
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DOWN:DOWN
GO:GO
LEFT:LEFT
NONO

OFF:OFF

ON:ON
RIGHT:RIGHT \
STOP:STOP I

UP.UP

I
|

{

BED:<UNK> |

BIRD:<UNK>

é DOG:<UNK:
0 %@

SHELIA:<UNK>
i
TREE:<UNK> ’

WOW:<UNK> |
I

ONE:<UNK> /
I

wo<onks /[

THREE:<UNK>
FOUR:<UNK>
[
FIVE:<UNK>

SIX:<UNK>

SEVEN:<UNK>

EIGHT:<UNK>

NINE:<UNK>

Figure 4.3: 3 7 -3

BA A iR (7 R AR T chA 4F o
FFAPd S TDNN A I8 > BR A i 3 1% it 5% {45
78 Wl Figure §.3 #7 5% > BA® - kAL i P~ F (encoder) ﬁeh] I |
&A1 40 B F 317 R MFCC > i M4 5 R CRRAF G E TS B s
E 4w s MeEF » 8 E (speech classifier) £ 3% 4 ~ 47 & (speaker classifier) » B
FFLFFOB LR MR TREMET DL A RTH IR H AREE
RIERF RO - RPiEA P g Lo B8 EF SR H
loss > 2 G377 o Bah 0 Hd SEOTATR AT Y B L8 o RN RP
(R < g;iumgss»b o AT N R A Bk 3T F
WacH e oo VT MR Y g Bl JT MRS A S loss 0 A - AR E B B4
ORHCATR & MAET A T RT LB R E A denloss s frdet T f B
ifu{i% SELATE AR RFH DRI B NS - B wpd A
EA TR g SRR - = s R b fih{; 7§ 3R feature disentanglement > %’gﬂ WEANE

AR o PGB L B Y #@B’»g—‘gﬁgmﬁv#‘rg{’ mEY R FF NN
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P ROEFPHRCATF 2 F TR FoMET SRS Lot 20 d
WA (TEFAHE) AR ETMET IRAEE T F R o T
B3] enig * S ¥ TDNN #0304 e e

Wi e ? o 5 = BIA > & B 5 encoder ~ speech-classifier ¥2 speaker-
classifier» 0 P % ¥ F R * 7 bR g Kt 2 Bl &rFlgure@
T FEF AR AR R FERFEMET ST g T
TDNN/CNN/LSTM % » izH i €7 O A € T Ap& 7 v » 3 2 2P 14
F BHCAIFNR Y AR en Sl D R i 0 R ash T o

| SOFTMAX ‘

T

Fully Connected

T

AvgFPooling

T

TDNN

TDNN

T

TDMM-SUB

T

Features

Figure 4.4: =8 3| =4 #-3]-% TDNN 7 £ Rl

423 YIRS S8R T

DNN-HMM #-3] 2 & £ 2" 5% GMM $#-3] » GMM 2 3R ¢ 4~ Bk 751 3 Table ’
tril ¥ tri2 & * § i@ o triphone H-A] 9" R o tri3 4o » AR 2] W] 4 45 (linear dis-
criminant analysis, LDA) % # * 7 #X 4 14 ## 3 (maximum likelihood linear transform,
MLLT) * &i& & - trid £7 tri5 4c » 7 3% "ﬁ A iF &3 B (speaker adaptive training,
SAT) -
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Speech

/—\Lsm
MFCC - Encoder —-{ Features Speech_Classifier —— Keyword

—>»|Speaker_Classifier——> Speaker

Lspk

Figure 4.5: =8 F| 24 B0 -4 03 20 SR B

model script num_leaves | tot gauss | num_iters
mono | train_mono.sh - - 40
tril train_deltas.sh 250 350 35
tri2 train_deltas.sh 350 550 35
tri3 | train_lda_mllt.sh 350 550 35
tri4 train_sat.sh 350 550 35
tri5 train_sat.sh 500 800 35

Table 4.2: GMM 2" ‘% #c

1. mini-batch size : 128, 64

N

. initial effective learning rate : 0.001

(O8]

. final effective learning rate : 0.001

o

epoch : 2

5. sample-per-iter : 1500000

P PAIR LR ¥ R I P MFCC F AR 73 2R S ek e ™

1. epoch : 300
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Keyword Speaker

]

‘ SOFTMAX ‘ | SOFTMAX ‘

Fully Connected Fully Connected
T A
‘ AvgPooling ‘
TDONM/CNN/LSTM TDNN
T A

TDMMN-SUB/CNN/LSTM

T

Features
Figure 4.6: = 1 5 2] -$403° " WU BE 8 1]

2. batch size : 32

3. initialization : Xavier initialization [23]

4. optimizer : Adam

5. learning rate : 0.001

6. learning rate schedular : + 100 i epoch % 5 -+ & 2. -

7. loss : cross entropy

Wi el S B loss > 145 DAT A e 2 > AP 7 d-loss % 7 &

oL, oL
_ y d
oL
0, « 0, — ”agy (4.2)
Yy
By 04 — ,u)\ggj (4.3)
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HvY u Z8Y % (learning rate) » N\ ZAZ 28k (hyperparameter) » & B & 5§ B & % b
;\J" ‘l‘ﬁ o
424 »cHiFig3 PN

ot B BREEATE s AP R R I B e B ERE TR o FE A { 2o fhas

¥ & BRADRY 0 - X G SRR
Loy a3 0 iy AR SR o RO g P iR e

2. SR HAET %5 'R 5 dclcE o Table B3 5 A P i) S

3. gkl A SR - g i B AT (7 ehgk % = ik o Table 1.3 7 )
PR S (B RS i N B

4 BHABFE R BRI E NP GRE 0 FAHAER TF T ER
B o

5. DET (detection error tradeoff) curve : i% KX T 7 F e ff & > 3+ 5 false alarm

£ false reject E ] > & AT G fF AR ARG o

6. ARAL % LA E - .’rﬁ@?]ﬂ:ﬂflj’* TSNE %> # X it g 12 “’f;%’%fpx

Wk o

At TDNN 5 638 % #ic#ic® & 5 i = Beeh B & % 4o Figure 170 Rt 0 7 12

#para. =W - Dy, - Doy (4.4)

#mult. = W - Din - Dot - Tout (4.5)

H P W % kemel size ~ D, Doy % % ﬁg?] » @?] D aa i >~ T, {ﬁig?] e prdic

o

ek

29

doi:10.6342/NTU202001860



Cutput features

A
[ |
DDL’It nomow " omow
F F Y I Y
TDNN TDOMNN TOMN
Dlﬂ L | LI |
W J
T

Input features

Figure 4.7: TDNN % #c:* & B

425 BHRE
% DNN-HMM £ &4 Pl 603120 0 % & (5 > 2 0 -5 8 53] 4 »]35 18 Vosk-api &

Pytorch Mobile % % % £ % » PI3FF % F (Fenpdb B > @ * < % §_ Asus Zenfone

Max Pro -
¢ * Vosk-api P > decoding &2 T pF % ¢ » A F & 4 = HCL 2 G % % graph >

@ % §_HCLG [24] » = i graph £+ #% + decoding ¥ ¢ £ & = 5 HCLG > & /& it
SR FAEF A B
ILHCL 2 GARPF - % 407 & % %+ &4 5 HCLG (4 4r i3 4 4p e 4 40
AR FH%RE TR EERFIE L Grgraph & *g&i M ATAL o
2. F15 HCL # G & B - 55 #0330 @20 § e -
Poo Az 3R £ g % CH 7 f 17 o
Pytorch Mobile 531 #* = ;% 4v Figure .8 #777 o 34 1 3 & #7542 % i) 2 % {02

%% ® #4457 + TorchScript module » 7 3 & & {7 iz P R o 1w 258304 i ¥
JAVA i =9 iv> N 2 & 55-%] » #& 3 = JAVA tensor P ¥ o
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4.3

4.3.1

20 5 validation F &9 7 4% > test FFEH 1 3% o “,’T‘. S

Layer w k| d [ | #Para. | #Mult.
Input -1 -140] 126 - -
TDNN-SUB 313 (32| 42 | 3840 | 161280
TDNN 311 (32| 40 | 3072 | 122880
TDNN 311 (132] 38 | 3072 | 116736
Global Pooling - 132 - - -
Linear - -] 11 - 352 352
Softmax - - - - - -
Total - - - - | 10336 | 401248

w % k 4 % % TDNN = kernel size £ step size ° d

LI AVAR S éwé]ﬁﬁu#iﬁ(m{)ii R o #Para.
3 #Mult. & %) 5 3%k S Fla i 2 aE gk
EIEN i
Table 4.3: TDNN-AT #-%] % #c# 3+ &
Error rate
Model MFCC Filter bank
train | validation | test | train | validation | test
H % TDNN | 1.5% 4.9% 4.6% | 4.3% 7.5% 7.5%
I | 1.9% 4.5% 4.3% | 4.3% 8.2% 8.0%

Table 4.4: $F+Hi:" 2" 2
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Fuk Sorird

45 fcenis & 0 MFCC 3+ ¥ 4F 3¢

% ; filter bank &2 X 5y $ -7

"J-Eu »hji,le

AL PRI 2 R ki s o ) Table g 7 v

e R A e ek

=

shos Ay 7

i h SR
i 7
B g A PP Bt chat B o (e R (R R R

FEET A4 FI LA PRISEER

MFCC % IF%] * Fr o 2 RE A2 B4 Figure B9 #757 » HF DRI 2+ B loss R

IR R BV R 0 R

-

w 53

st P s G G 7R B E e overfitting e

#F

-

)

FAPHARL N R REA B A S

31

ST R U2

# TSNE [25] #-encoder (% - %)

doi:10.6342/NTU202001860



AUTHOR A MODEL IN PYTORCH

MODEL OPTIMIZATIO

torch.jit.script(gmodel).save(“ny_mobile_model.pt")
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Figure 4.10: TSNE
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Encoder | Speech-Classifier Error rate #Para
validation | test
TDNN TDNN 4.7% 4.4%
TDNN CNN 7.3% 7.2%
TDNN LSTM 9.9% 10.7%
CNN TDNN 5.2% 5.7%
CNN CNN 18.8% 19.1% | 10K
CNN LSTM 6.9% 7.1%
LSTM TDNN 11.1% 10.8%
LSTM CNN 15.4% 15.9%
LST™M LST™M 8.9% 8.7%

Table 4.5: 7 Fr 4 e v*

Error rate #para

Model Use 1-vector No i-vector

validation test validation | test

H % TDNN 11.0% 12.1% 4.9% 4.6% | 10K
I 2 13.1% 14.1% 4.5% 4.3% | 10K
DNN-HMM 2.7% 2.1% 2.6% 1.9% | 7.8M
DNN-HMM 7.6% 6.9% 9.2% 7.9% | 10K

Table 4.6: DNN-HMM 7 =8 3| =5 7)) et di
4.3.3 DNN-HMM g = 5= el fR

3£ 31 3% DNN-HMM £ =4 3] =3 $3) ch £ B > 53 Table > # ¢ &y b e §
7@ % i-vector ¢PF: % » DNN-HMM = i ¥ & i¢ # i-vector X # 3% % T3l » 47
HIAAPF PRSI EF TR L LR AP RS BRI RS
%%”?W%“@°P'é*MWHMME%ﬁﬁﬂﬁﬁ,gﬁgﬁykéﬁ
Fffcr Ao % S PR HCUR T 2RIk 49 P DNN-HMM e S £« ¢ %
i-vector P » FE DI Hh e HCR Y RIF A 4F 0 AL L F A Sl b 0 A2 ERP
MRk ndF i o DNN-HMM 8 4 » $odic 5 B i-vector 70 i = A-§T 84 o Sodie®
FE - BRIEJ o ¥ oa A F] 5 $#3° DNN-HMM # £ #23]F &~ /] > i-vector &v % #%

R L
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Model Error rate #Para | #Mult
validation | test

Resnets15 [2] - 4.2% | 238K | 894M
TDNN-SWSA [3] - 4.19% | 12K | 402592
TDNN-SWSA* 5.5% 5.6% | 12K | 402592
¥ % TDNN 4.9% 4.6% | 10K | 401248
¥ 2 4.5% 4.3% | 10K | 401248
DNN-HMM 2.7% 2.1% | 7.8M | 387M
DNN-HMM 7.6% 6.9% | 10K | 1.6M

* Reimplementation

Table 4.7: &2 H is 22 L i

ﬁ’»wf’ BB B s 53 Tablel.7 o 2 ResNets15 4p st » 24 e cifis
AR AEIEE L 5 0.1% 0 & Sl o2 = Badid b 2t o ¥ TDNN-SWSA
ARt o AR N RCRBE AR A FS L 50 0.11% 0 i Sl 0 0 2000 0 & 3F g
Aekd 5o L ERREEREEL > F Al LB o gt b Al % DET
curve kb #e & B HA) e e Figure A AP s LS H R e
Al FEmFEREFTUE R EY B H2 el o AN P afid) Y v —g a o
FHF RO DET o 8T g ff ] 0o f]&i“ PAF OO 0 e AR E )
ePpF iz > % TDNN 3+ X9 FAR » 2V iP5 5 3o 2. %) 5 % TDNN ¢ filler 94
BEECE 0 T LLT}’; G MR B filler enfE o dp iy B 1 g o FlUt s 3 g R R
TR R FHIN R R A - B e R H G AV g s SN 0 false
reject rate % 0.05 pF 5 &2 > A i e ) F $] 0.05 0 false alarm rate » H & $73] PY

F_0.01 » 5304 2% P 0 dss o 2 o

435 FRRAEFER

F K E 2 Bt 153t Table 8 EE PFR 100 X F %% T o9 E - 5
LA PRBH B B #0090 TDNN-SWSA pFRF 25 0.9ms > b7
A FBE T S R B o Resnets chg R kp Hi R o ¥ i@ * Tensorflow
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Model P B~ (1§54 3) | 531355 | Total time
Resnets15 [26] - 0.8ms -
TDNN-SWSA* 118ms 2.0ms 120ms
¥Hbusl 2 i * 118ms 1.1ms 119.1ms
DNN-HMM** - - 120ms
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Confusion matrix
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