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Research on Long Speech Accent Recognition Based on Deep Learning
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Abstract: Mandarin accent recognition is one of the important technical tools for identifying judicial evidence. At present,
Mandarin accent recognition technology is mainly based on traditional machine learning methods, and is not specially
designed for long speech,so the recognition accuracy is not high. To address the above problems,this paper proposes a long
speech accent recognition method based on deep learning. The method firstly cuts the long speech into multiple short
speech at sentence level ,then extracts features using pre-trained X-vectors model ,then fuses the sentence features based on
different methods, and finally uses Amsoftmax to maximize the accent category interval and perform classification.
Experimental results on a real public security accent recognition dataset show that the recognition accuracy of this paper is
94.1% , which is 21.6% and 2.1% better than the non-deep learning benchmark method and the X-vectors-based benchmark
method , respectively, verifying the effectiveness of this paper and the accent recognition ability for long speech.

Key words: deep learning, accent recognition,long speech , mandarin
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A B8 2 R FIAL G i e R A AR T A T2 2] AT AF R e B il AR B R Al i o B &
UEW TR 27 ) 7 vk B B3ROy 7“2 IR 27 ) fE

BEXF LA PRSI R AR SO T B IR B2 ) AT & i U ik, XEF i —  $2 0 TR XKk
B THESE DR T U000 o 2N R ) 20 B BT R RS I, S TR TR Kernel X S HUR Y4
TESEAT 2 R AR HETR A, X Il R I 2Rt () X-vectors B VRN 4 8 B RRAESRERAES , JF- 0 FH
Amsoftmax PREL S IR (4 112 0 3 B8 T, T DA A0 AS 8 4 B 1 08 o B U 2 i AR et 1 4y
fiE. X-vectors'” JEAT AR A H Y FE T IR BE 27 2T I 1 RRAE 4R B3R | 72 UETE A UUIMT 55 EHUAS T e ek oF,
A ] LASETHEAS [FUE 55 1 iz 1k hE

A SCHY DR FE2EA AL — R AD TR S KR D RO 5 2% O R AR TR
22 AW AE LM P REIE 58 = AR SO AR RS E 1S RO B AR RIS N 94.1% @8 ad T
BEE T
1 AR ERE

FESE 5 1 5 ) Hou 2800 BEF MFCC i 3 iR s B3 5 B3 A1F |, fifi ] Sl 35 1) £ L ( support vector
machine , SVM) T2 ZFEAEIR A PEARAE" i F )RR AL , R i iR S R A T2 2 IR i ) 4R
DU 45 7 A3 X R3E 5 113 ,  F AT K TR 3-8 s Z IR g R AR W5 & B Ar oM, Pkt
F AT O S PU. BAR b B R RO 4 Tk LA B M LA FE A2 AR AR v A 2R R R O
. B SCHE R B SR B TR« St U PR K PE 20207 (accented english speech recognition
challenge 2020, AESRC2020) "' Xf 3& [ [ | HASE 8 AMEIZ IS A& 47 1. F 90 ety i oy 5k
YRR A AN A JZE01 Transformer , Y45 3 BoR , 283 B 2R 12 J2 Transformer Y5 T e 4 19 45, Zhang
SEUU R B A BB RIS R AR U T S S IR AR AR I T — R A A XSS T
PSB85 25 ML PSS G AL, Wang 250 SR A BB M 0 2
Ve Mt , 0 FH 380 U4 28 0 28 A J Ry SRR AE , AT TR R R rh s in 1 & VR34l B A 55 2 ik 2ot 40
ARSI T ARSI K RECHIRFFIE IS BIBE F). Peng 45 5VKE 115 PR BT 45 R 5 SUAIT: 45 2801 THK
AINGR, A PR ] B BBV EA R TR 5, 25T DNN-HMM AEZRI 2% T Zih 5 U R SE.
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FRIE by, 00, REFEE N AT S5 36 F i-vectors ( Dehak %5 ,2011) L R T ST A R 5
1Y (universal background model , UBM ) F145 5254 4 X K 4 254 7 T W B 1 4006, R IBCE IR 4 R 1iE 36 7 BRI
A i-vectors. ¥TJLAE , T X-vectors! "™ B 7V N i-vectors BB T %, X-vectors F T 22 J2 B I [i) ZE 38
25 W 2% (time delay neural networks, TDNN) [16] Gtk E R R R  RE HEBURRTE. AL Z R, X-vectors
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Fig. 1 General framework diagram of the method

BRI, ABFFE I pydub 1 BEATI 53, i B (E 1 -70 dBFS, #& Had 700 ms W7 L)
3. G U)o B R E A S A e K B U IR RN T 3 s B9 S R T — BEU e AT
I ARBAYI R BERT 10 s, ME R HI0 A Z KB/ T 10 s AR E AL
2.3 EEHEHERE

I UM 55 Il A SRUIME 55 [ 2 0003 26 1m) B, HA — S AR, B4R, X-vectors B3P ]
FASMAEGETE ANPUINE S5 BRI, P AT X-vectors S35 BEAT 40 7 SRR i 4 B, X-vectors )
P25 EE R LR 1.

#£1 X-vectors HIM & L5

Table 1 Network structure of X-vectors

= WA ETX SRz I A/ T 1) S 2
TDNN1 [1=2.+2] 5 5 %24/512
TDNN2 {1=2,0,1+21 9 512 % 3/512
TDNN3 {1-3,1,1+3} 15 512 % 3/512
TDNN4 {t} 15 512/512
TDNNS {t} 15 512/1 500

Statistic pooling [0,71] T 1 500 = T/1 500 * 2
FNN1 {0} T 3 000/512
FNN2 {0} T 512/512

WG A JZ S MJEURE B A8 R AR B 24 4ER Fbank FRAF 38 18 55 B 4 25 ms JBIFEN 1 ms 330
% 75 2]. TDNNI | TDNNS5 43528 5 /2 TDNN 4% FE & it bk fr it b2 ¢ fmit i) sl B —J2 D e
S TR SO TS B, BE A SO RGN, Bz B A G, 21 TDNNS B RTJE 15 Wi B
A FEAS— | SR BB AR IE 4 i K /N—2, 7E TDNNS 50 A T Ge it 4k )2 ( statistic pooling) , %
JIFAS WAS 3 4 [ B RN 7 2%, fieJm , FNNT FI ENN2 g B i i 2 B 28 2. 35000 &, 16 2k R AiE 4R
UG, AR RINREm R z, e R,

YNGR 58 KRR R BRI , SUEE 1135 0 AT S5 B B AR 2SS AN FE 40 i 10 R, F1 5 IR BT 55
FAM T AEE S R S AR IUTE 55 TP A5 2 B T 2R SR RS . ASTFSE 68 B T 7€ Voxceleb $0#i4E I
TR X-vectors A JpRAE FEECER 0 . gk J2 U, 26 UEAT 1 35 IR BB B I 2Rt , 36 1 R A9 S 50R 2
BEHLI IR AL, T2 B2 DA SCHR[ 20 ] RSB S8 TR AR 1L
24 KEFNSTEME

St P15y MU S R UG , W30« ThAR I Z AR R i 2,2, 0,2, , K L E BT LA R 2R
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A ERAHE Iz, A REFAT T P 0 &40 2E. BE R AN R R IE S S U)o AN Rl B0 1Y A s
BT m RN FAR R E . AR 22T AT 4 RO [E] A Rl S AN AR ) 12 09 5 125, T AE SE 30 R 4y
B HACR.

(1) FHI{H ( Average)

2 M z,,2, 2, DY .

(2) e KfE AL ( max pooling)

z M z,,2, 2, DY R K(E.

(3) LAk (statistic pooling)

X zy,2,00 2, B NHEREROF BB RN 7 22 FEEAT IR 3 2 R, St A S8 B b2 L P 2418
Hahn TRy 2 i, SCHR[ 18 ] B, Ty 22 I i AT LA R TR AU A 2.

(4) ZUa S IC 2P 2% (Bi-LSTM)

N FESHAZ AN TRV R E 0 [A) (4 52 AR 2R O 28, (S HIAG BR e 22 I 2 R AT R ASE, A it DR P 471 27 T Y
JEETH O FIRS BE IR E PR S e FH K S 30910 12 50T (long-short term memory unit ) U BRszE AT WS 22]. it
BAXIA(D).

z,=LSTM(z,,z,,",2,,) ,
z,=LSTM(z,,,2,,""*»Z;) (D)
2=z, lz,.
1,20z, 200 R 1) AU 6] B LSTM BB — N i 1) i SRS ) i 2 o 8 ROPHE, |1 s ) &
HRIHE.
2.5 AFENE
B B AR DN DRI 09 S 5, PEEA T 53 IS 2 0 2 2H N AR B B AT RE N 2R 2L I R 5
SRATRER. A5 F Amsoftmax JHERHE a1 5 2 X F F &y, (RS AT IR AR IR F 2 4 A 22 [0) (1 ]
B, SR T3 28 0 X o7 L.
T 5, RRHIE z FEAT PR RSP Z2 28 O RRAE A2 46t .
h=W,LeakRelu( W z+b,) +b, , (2)
b, W W, AR, b, b, i B, LeakRelu S ULAYARZ A pR AL
HREET b X BT IR 1B AT 03

AMS(y,)=

ex # (cos H}j—m)

N
es ® (0059}]‘7"1) + z es * cos 0
i,jl =j

A m W, BERORIFIE 2 10025 m B s PRI BT 50 B, DA cos BRECH 08
700, 111, YK AR ML B0 118 BER ISR T, cos 0, WIJE 2 By, M 60 ATZICH

, (3)

W, -z
cos 0}/=7|W”| . 1z (4)
W, Ay, R S H |
TEAF 3 DS RERAG I35, SR R AR RISy 2 X B & A o« Y 1
()= argmax, AMS(,) (5)
YGRS, A FH 58 SUR 1 % pR
Loss(y,,x)=— z log AMS(y,), (6)

x e YIZRgE

y, Fe IR Th e A 1 5 o2k,
3 S
3.1 SLBiEE
3.1.1  HIELE Ao mlAn ok
AR ST S50 FH A1 3 M VTV B 2 e I 28 78 v U 48 42 10 38 3 16 KB, TR SRR 5 TAE T Y
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B SO N wav, SREEFOY 16 kHz. Kdls 9 HARGETT U3 2. U0 Jm i E AR B /N 7
PR F YIS RIS £ B T A) 7R #6519 AR DI 1 3 B 4R Bk
AN 3 550 , A [ 11 BB e JF AN, oKt HOA 100 MEEAS T E 2547 600 M REAS , 23 X Il 4k
G —E RN, 3.5 AT 1 ARN AT
®2 HEEZITR
Table 2 Statistical table of the data set

B 3550 220 450
NSRS 137 s i 400
NS R 498 s

YN 20 s : R 300
JEViNEN 133 h ‘ e 600
" AT 3 1K A Jbat 600

o 13 451 S
RIS 565 o 100
Y145 % 595 Bk 10s ZEl 250
TN 3s i 600
B 104.5 h I 250

VPIBRE N U R B

o BULERRREAN
= A (7

312 REFE

JEVREE 2 ] 7 ik I T ZAFIE AL 19 MM DU 35 1 R 507k 2 vk 08 = TR A R gioxt
FEPRIE AT Fhank 4 0F 1724~

X-vectors' " s 2 X-vectors J7 kX i & A TARMESRIURN 73 28, R 2% R KB 35 1 FR 1 Xt &
T T AT 55 10 AR HE T V.

Transformer J5 3% : H T3 3C 13 40 JEBF 50 (I 2 22 0 vk 2 — 11020 4RI SCik [ 10 ], /N s
Transformer-3L 7£ JC I 2508 B VE A SR 38 5, B R BYAR A Transformer- 121 7645 01311 25 550405 BeF vE A 2R 458
&, B Transformer-3L A1 Transformer-12L 1 3L v 7 .

TESEYR I ABFGEIR X A3 7R BE 27 21 J5 ik i /AN (it Tt il R B g 45 1. e Al T Fot 1] R AsE AU B
X-vectors Jy A SO Bt — 1 T SCHR [ 20 ] ZE v ii AR SIE S5 B R Bl SR il Rk, — 3 45 SR 10 e
BT T Transformer J5 08 A 218 E ROl A0 S 2B 0 ) DR b mT EE PR RS 559
3.1.3 %4z

KI5 A8 SCHAIE Ty 2%, ¥ B BEOL YT 32 5 0y, BN ZRISHR R % 4 VR IIEREE | 1 OV il
AR B ) IR BN 5 IR SRR (1) T- 2445 2%

S SE AR Iz AL RE T, A R SRR R B £3 EXFENTESHRE
PNk, AR E A SR RAHLIM %4 (0.9,1.0,1.1) Table 3 The main par?met.ers configuration of
ZIA]. A BRI | ff ] MUSAN B35 5o 42024 the method In this paper
BEHLTE 0-15 db HEAFIIPEMRFE IR 4. ADFFE Rk 3 Biii@ :%m ii? %W%M%

S, N 1-LS = VAN
F SpeechBrain #E17IF &), i J T 1 £ RTX3090 BLLSTN 41 || e M
GPU ﬁﬂﬁﬁ”%,ﬁll éﬁ‘“%jtg/‘:’%?g 4 mln,ﬁ”éﬁ?#/l\ T8 1o 28 ) 2% 2 i 512 Amsoftmax—s 32
PR R E 2 h 244, DIERY 32 e 0.001
¥ RS dam B R nf 3] .
PR T EESHOLE 3. LELAR Adam || BAHEI%K 00001

32 HELER

AWFFERGTT 12030 3 B2 AR 7 2 05 i R BE 5 2 7 vk (T Ok ) TR 8 2 ) 7 1 (AT Tt 45 ) |, 552
Beah R 4. FEFCA T A I R0 9 AS SO0 (Bi-LSTM) U 1 d5c s BURS E 0941, X He Z Hif
1R 38 1 11 U i RIR BE R T T 0.216, 3ESE T A SO A Rk, [l 2 T BN SRt A SO vk
(Max Pooling) FHE BE L X-vectors HEFE T 0.069 ; 745 I ZRAT , A SC 7% ( Bi-LSTM) AR B e X-vectors $&
FET0.021, X K WIAH LG B3N] X-vectors T , A SCHESR W] LU R AR B S B D553 280E 7).
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Table 4 Classification results
ik e % ik N
IR r ik TR A R g 0.725 || B rk CAHIZER) X-vectors! "] 0.92
TREE 23] ik ( Tel| éfﬁ) X-vectors! 7] 0.754 Transformer— 31,0 10] 0.909
Transformer—31[1°] 0.772 Transformer— 121! 1] 0.923
Transformer— 121,110 0.749 R 37 (Bi-LSTM) 0.941
AR 3CT5 1 (Bi-LSTM) 0.761 AT (Average) 0.925
ARSI (Average) 0.817 ARSI (Max pooling) 0.93
AR H5 ¥ (Max Pooling) 0.823 AR SCH ¥ (Statistic Pooling) — 0.921
AR SC ¥ (Statistic Pooling) 0.808

M4 T LA EILLT 3 SAhie .

T, ARTREE 2 2] R I R SR AR TR 2 2] ik, R IR 0.725, FUIRBE 2 2 ik
(LTI ZR ) HkE BE B IR Y X-vectors J il ZAK 0.03. X —BLR W AF A3 JLAF U6 AR B0 40038 ) % e
e BARTR L 27 ) S B W HE R 1 45 2850 3% R SR BEHE T R 240, PRt 7038 58 3 1 R ) 45T

FLUR, TN ABa AR DA K B2 4t v TR B8 2~ 5 i ) i EODIORG B2 . b T A AR BB 2 2 B3k e
BN HESEWIRLT IS T 10%~15% FAEEEELTE. BN X-vectors RYAEEE M 0.754 $2T15 T 0.92, A3
75 (max pooling) FYAH EE M 0.823 48 F%1 0.93.

e AETCTN RN, /NS 8 8RS i 2R e R . FETE T 2RI, Transformer—31L (R i BE 2
H Transformer—12L & 0.023, i A Y2k, KAHE Transformer— 121 FIAEE™Y &, F Transformer— 3L 5 5
0.014. [FIFER, AR ST (Bi-LSTM) 2 80 245 T A U7 ¥ (average ) (AR SC 5 15 (max pooling ) 55, 75 G
FAVNZRE R FEAS /A ABAEAG I SRR, A SCT5 % (Bi-LSTM) BRG BEA T W1 4 vy, S 1 g /s
AL X — AL AN SCER 10 ] A4 IR —3
3.3 AEFHEREH ERE

el 2 KRB B 4% Ol SRR 19 10% .30% . 50% . 70% A1l 90% , L4 T S [ A5 AE gl A T 3k 14 19000
JE. FEAE B ZRAE A 18] 2 (a) oY Average J7VETE R 28R S IS TR IHE B, T Bi-LSTM J7
AR WA T B A 7k (BB B A 10, Bi-LSTM J7 vk B RS B2 4@ TR et e fdt I )1 2
BAE, ] 2(b) W Bi-LSTM J7 i AE IR f 55 NS D0 RS BEAR T B 3 Moy ik, Bl Ul 2R B B 1Y
KB T HE . Bi-LSTM 76 W (5] i R A — 30, AR T e oA B 5 B R DR 2500
fAk. Average Max pooling Fl Statistic pooling 4% & F-AHIMHFZ44, 11 Bi-LSTM JZ25| A T KEMHISE, 7
A FH IR ZRBE A | P R S OB Y () 288l T A i S B0 a A, — e R EE 22 7 RBEi 28U
TRy, T LA Bi-LSTM TE N85 8 i 509% IR BE ey . AN IS0 SR AL, 22 [ s O Ak 1) 2 80
%, Bi-LSTM IRURAME.
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Fig.2 Accuracy of feature fusion methods at different training data amounts

— 115 —



PSR 4R (AR R 55 45 B 4 11 (2022 4F)

2 b Bi-LSTM 24t 1 B4 ARHIE Al BE 0, (B 2R B A DRI AR B (BN 2505 B+ 10 3 2026 B A
#it) ; Average \Max pooling il Statistic pooling 7EA [A]{E 4t T K I L 8 F2E , AT 38 o 76 M4 [ i RCR 17
HEFE.
34 SHEHBRMESN

ABFFENS TN AR (9 Bi-LSTM fill & )5 7547 1 S U 7 A7 1207 B 2 AE BT A 45 R bR T
S T2 W BN S AR & T 2 A4S Bi-LSTM (1) $0R 2 24K, Amsoftmax H (1Y [H] B m il
AR E s AR 3.
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Fig. 3 Parameter sensitivity analysis
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Bi-LSTM RYZHCE/ N B W e 20K HERZ R
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Kl 4 s 17— 5 Priubas R AR EH IR 18] BRI OR , XA 2k i B FRIE
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AR, R BB R AR R, A AE A N B 1D SRUER SRR, A AC A 35 4 5 0RO W) b e e
F&. MM e E & WA 4 a7 R RE & AR A 5, 20 A H ol 4 DR
BT AL ZadiEH N EEE R HK AT N EF K, AR E A 1R A R AR B T
BAEN LIRS PR, At YR VA 2 T REAF AERY. MBI 22 o] B RER TR, R FER AR AS A 20 4,
PRIV ZRAEA I /N T B R X R IR B9 AS T8 70 AN 1 AT BE 0 2 36 7807 ~J YR 58 A v 1) AT g

K5 JER 1 AR B 3 A 70 28 P R AR . AR SE B iRl v, e 5 ad e S B 491 ok
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Fig. 4 Confusion matrix of accent prediction results
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Fig. 5 The classification error rate on different video lengths
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