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Abstract: Alzheimer’ s disease (AD) is a degenerative disease, as the disease worsens, the patient’ s language ability
gradually decreases. Some researchers have already used acoustic features such as Mel spectrogram and Mel frequency
cepstral coefficient (MFCC) to classify AD patients and healthy individuals, but there is a lack of further exploration on us-
ing neural networks to extract features from raw waveforms for AD detection. In this paper, we propose an end-to-end AD
detection method based on raw waveforms. The method uses one-dimensional convolution to extract time-dimensional fea-
tures from the original waveform and uses a residual block containing an inflated convolution to extract more complex fea-
tures. To further improve performance, the squeeze-and-excitation block is introduced into the residual block. On the na-
tional conference on man-machine speech communication (NCMMSC) 2021 AD dataset, the model proposed in this paper
achieves 86.55% and 81.35% accuracy on the long audio test set and short audio test set, respectively, which is 6.75% and
7.35% better than the baseline system, respectively. On the INTERSPEECH2020 ADReSS dataset, the accuracy of the
model is 66.67%, an improvement of 4.17% over the baseline system.
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IR 275 Sk U ER Y G2 BT JR 2 T SRRE 0 A 07 A
5 1% T2 R A e 250 B A ) 0 A R S M — R Y R
2, FC VRS FIOIR A AG A DR SRR A PEAG | I IR
IS M IR MO 1 T 4R AR 5 2R AR i ) o
2 A B8 R R I 9. S R 1 e W RE R 2 —
JE TR T eI AL, G B RN, R R
T8 A PRI SR IR T 0 T 5 D, F R T A
R BT 7R 2% g SBRAE i A T B 1 — N4 ok H Ak 4R
YRI5 45K

H i 2 &AW H DG PR IR Tty 2
FRIEFIE 5 2R TR B 25 A0 1E 5 AT 55 Bl SR P IX.
i fele B NN K g BRRE S8 SClk [ 7 )il A A
G B A 28 M 2 ( Convolutional Recurrent Neural Network ,
CRNN) 1E R FFAE 77 0 A il , DTS B A 6 5008 e e 2
FRAE (Filter Banks , FBank ) BRAE FP IR 51 H 3 15 75 I ad
FRAE P 31, 8K J5 (8 FH 4G 30 Bl 28 ) 4% (Recurrent Neural
Network , RNN ) X {8t FiE A\ F0 BT /1 2k 1 2ROGE £ 2 4T 4y
25 SCHR LS B E Tt FRe A RIBAT Z v R A8 5 1 1Y)
IR B %A 1% 22 %0 (Mel Frequency Cepstral Coefficient,
MFCC) ,eGeMAPS (extended Geneva Minimalistic Acous-
tic Parameter Set) "VAEERAE | IR IE 5 R SO L 4R
TR 5 A R AR, SR IBCRA M P P 2 R AR T SRR AR
L K 7 b R IE Rl A5 SR W 08 1] 32 8 (] A AR AT
ok

AR A ARS8 I A6 BT AT B JR 2 R
G, AH 32 20 2 X & A R IE 2R AT 20 B . STk
(O I BT 7R 2 T8 3R RE A8 4 8 3 O R o A R84 (Ml
Cognitive Impairment, MCI) 1 f@& ¢ A\ (Health Control,
HC) =Rl (1 i 647 2 ik, a2 S G B i
B BT DL K v R R A ] ) B A R
AR 2 BCSE GETHRA IR A = SR B s AT 2 I
SPARAESS . SCERL10 ] S et 3 & 75 RS0t iy B[]
AP 22 I 18] | 350 375 782 28 5 5, 0 i 350 A ] [R] Bl | 3t
T FE B YME 5 28GR THRRE , DT S5 IR B 7R
Vg RO S R RN 4325

BB AL a7 > 1Y A T AT e 8 fit ] o 3] o D) 2%
IR P v 27 2] R B AT 55 RAE DT 5 DR BIR 2
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FEAE A 7 2 O A 98 B AT T 23R R, Tl
FHA 28 0 258 PSR vh S SURRAE 47 B 2R 2 T R
R e D — 2 R R

2N T8 AR A AR T S FE AR GG A 28
[*] éﬁm] (sample-level Convolutional Neural Networks,
sampleCNN) Jii & , T A1 H sampleCNN #5781 1 422 DA i
B Y S AR T v A O ARURR AR T BT 2R R I R A
T . 2SR Al A B R/ R 3 B — ZE G B B4

AR B IBCRFAE , 38 5 HE /B s TE LR B RS2 B Y ]
B, A R ) T R AR AR A AR A Bhbs
e EHUS TARGF AR . (HEXT B 2 KT 5, 2
W28 2B 2 ) K 2 AR IR AR LR R, SR
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B TR Z UCRIE B 38 1 2 8] A A R AR R A . S
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AR 73 M R
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W o E S A B AR R ) R B, I HARAR B B 1)
H—EMES . ENZGET KT 850 R B SR
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2.2 ETFREHEFA sampleCNN =2
AT XS A AY sampleCNN # A HEFT A28, IF:
553 F Mg /R ik 1 0 B 2 I 8 B R R AT A KD 2
(a) JJE 2(b) 53 50 B T Mg 7R 135 1 0 A5 FR b 28 ) 245 A2 781
FnAd R AR TP A sample CNN 574 fif {7 £ 0 4% 2544 .
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(a) BTAPHZE LAY (b) sampleCNN 4

P2 fi A R A 2 i P e A B R 2 I 4 T R s A BB 5 1
sampleCNN 571

Mg IR R T T3 AT S e . XT3 00 B
S 3k G W T R A L I AR A | e B AR K SR A
Wi 2 40 45 A0 T P I A5 5 78 Sy — IR R
SR PG IR % RIS — > 4 G VR i 2 25 1Y
AP E 20a) FR BB Z M 406 ] 24 4846
FH- i Kt AL A B (Conv2D-max ) $2 BUA [] J2 Yk AR B2
FAYARFAE , T R A S — A B — YRR [ &, A1)
S ZE (FC layer) X FR 4 SEAT BU . 75 22 1 21K
S PR I AR S, I K B R AR IR
W

sampleCNN 5 Y 5= 2Ly — 4k 345 FHZ Fil— 4 b AL 2
. AL BUZ IR B 1 T R 2483
AFEA U E AT DIK SRR SR T/ VRL B R AE . (4]
2(6) 42 VAR IR I TE Ryt A B4 v 3] 35 sample CNIN 45 75Y 1)

BLBh A5, R 1A — B B2 1A R R AR R
(Conv1D-max) VA HEAE HERT e £ B /N R 3,3t
RE R/ 3. (R — AP B RZZ 5 94
B - AT U] ] 2 B E A RRAIE , B (] 4 i
PR JEAT T
2.3 Res—sampleCNN & %Y

S A7 P B T 2 118 ) 286 i U ek T 9 R AIE L FRATD
H4 sampleCNN H 1925 FRUZ B4y sk 22 e . SCiik[ 23 ] 1
BT N ) S5 46 5% 25 oo X M BR A S DA A 0
bR BRI 7E A B2 Z A, I R 5% 25 B 9T (pre-
activation residual unit) , FLEF 2% 5N %5 2 (AL .

& 3 (a) J& Res-sampleCNN H fff FH %) 5% 22 He i 25
), FATE PR K A ARUZ AR ik 22 45 M T i 5 — A
FRUZ , DA feft T TR R DRI B 1 17 100 48 s 24
YRS Y

M — 2 MR Y e ROTHE 5k 22 B 2R
— 2B Y, e RO TR

Y,=StriedConV1D(a(BN(Y))) (1)

Horr, € 14 5 4R 838 50 TR 4EE , StriedConv1D( - )
SIRE 3 (a) R — S BB SR 3 2 K o
H2,0(-)FKmN ReLU iR EL, BN( - ) KR it & 10 — 14k
(BatchNormal ) BRI . %y H il T %K C, BRI AGEBEECY

P, T, R
= V;kJ +1 (2)
S
R B T R Y, e RN
¥, =DilatedConviD (o (BN(¥,))) (3)

Hrr, DilatedConv1D ( - )RR K 3(a) T HIEIKETZ,
HAGBRRANE K s 30 R 3 1, KR d R 2, fitt
AT LA A2 BT P

F=k+ (k-1)x (d-1) (4)

TE 25 R S RN S B AN . AN, R T B I
G TEM A G RRZE Z S A —~Z 808 0.1 (9 drop-
out)z2.

K 3(h) ZFRATHE 1 Res-sampleCNN [ 2 25 4,
XA BRI 1 e f s |V BRI N3
KR 31— 4k 85 25 6 B2 (Strided Conv 1D) e 42 B[R]
Ak FERFAE A GEIEECK 1, E ROk 645 485 T
PR/ 3 K R 2 (41 ik 45 B2 (Dilat-
edConv 1 D) $& B AR AZ Y AR AIE |, S AR ) 7 3 1
Bk 645 a5 H 24 8] 3 () T 18 5% 22 B HUE
SR BRHIE , R o Ja — 5% 22 By 5 T A S B2 Dy 4
WA AR AR R R AT R R RSN B AR 22 I R
TR 1A B2 DR O 2 Y B RO AR 2 2R 47 R Sk
FE .48 5 i ol > 4 i 2 2 A 7 T
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Loss=—ﬁ y,log(p,) (5)
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m »
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Strided
ConvlD V
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* E@
—— addition +
¥ ReLU FC
MaxPool +
* label
(a) Res-ConvID f&ER (b) Res-sampleCNN 157

%3  Res-Conv1D L FI Res-sampleCNN i}

AN EE R 6 s SRFEARR 16 kHz (& T,
Res-SE sampleCNN #7125 2 1y it a3 1 s
2.4 Res-SEE#R

R TR 2.3 1 R 2E 2k 2T R D, FRATT
TE Eo i A B - b (Squeeze-and-Excitation ,SE) &

Hel2U B R - B R Bk B R (Squeeze ) FIEL il (Excita-
tion) PR AELHL B, L5 NI 4 () BT/ , A5 mT L
ol b 22 ) 28 T G 3 AR R, 1 K B 3 R AR 17 4 IR
SR ) A AR Y TR AT B TR AR B A Ay J
ARHTTHMEIE 3(a) B iy sk 22 5200 E 4(6)
Jfr 7 B4 Res-SE Bk .

B -Vl AR 1 S FRAS 2 A RRAE A T 5 TR
A A4 R T B Ak (GloAvgPool ) 15 315 18 14 4> J)
FRAE . fBise L — )2 P28 it RRAE R ¥ e RO 5d 3 42
S L A SR o (T R Z B U e - (R 3t s i
ze R 25 e MILE N

z,=GloAvgPool (u,) = iTE u,, (6)
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Hort,u FOR YIS AT .

IRJE T g BEAT PR BRAE , IR A T o P A 4
RSB, v U SR o R R R I 4R
el s e RO

s=0(W,.0(W,.z)) (7)

Horr,o(-)Mo(- )52 ReLU 75 p& BUHI sigmoid
PREL, W, R W, R )R B AR E 0
223t sigmoid PRELIL IS J5 , W 452 > B8 38 2 W] A0 15 B
TR R AR B KN B I ARCER 5 % A R REAE 38
TEAH A AT 15 B INAUS RHE .
2.5 RBURK

X F— 2R I 5 400, $ BR AR 2.1 15 B SR 1Y)
Jikar 8 24 e B A 28 26 8 %) i Be i AT
P o 225 R A i R o & bR 28 . 2k
g5 b 25 B AR [T K BT A e B o 2 45 R A%
FEOXGT I P 248 AN, 1110 5 0 A X oy 48 B SR F- 2, P38
{FL B R P 4 32 B A A R P 28031

%1 Res-SE sampleCNN R & ZH H

H AT N 6 s (KR 1x96 000)

JZ4Fx LHIDNAN ZHRVLE
Strided Conv1D 3-64 64x32 000 stride=3,dilation=1
Dilated Conv1D 3-64 64x32 000 stride=1,dilation=2
Dilated Conv1D 3-64 64x32 000 stride=1,dilation=2

Res-SE block 128x8 000
Res-SE block 256%2 000
Res-SE block 512x500
Res-SE block 1 024x125
Res-SE block 2 048%15
FC 2 048%1
FC 2 048%1
softmax 3

TE:“Conv1D 3-647 1,37 FIRURIL AR Y/, “ 647 KR ] 64 M UE YRS .
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K4  SERIHLF Res-SE Btk

3 ZWRESERSH

3.1 #EE

AT H NCMMSC2021 AD F1 INTERSPEECH-
2020 ADReSS #4843 ) X A6 U g A7 Ik . 2. %3
A3 e B SR BT HE S . NCMMSC2021 AD il
AR B 280 S518 & B, 43 A BT IR PRI R R 1Y
TN B R BN N R A AR G 93 AME A B
(AR Y 108 MBS BB . B AR EURIK 24 28~60 s, L
B2 4.18 b, B8 1Y R FE 3 16 kHz. 5 & N AL
B R st A A4 M 119
A 44~60 s BT BERT 1 153 0K 6 s A48 3 B
o B A B R il R FR R DA
i A RECE I N 1044 .23 44,2044 . VIIgR4E
IR AR Hh o R TR R S R DU

£2 NCMMSC2021 ADHIRESITHEE

Ze5) Epibie s /s S /b
AD 79 29~60 1.20
plERS MCI 93 28~60 1.62
HC 108 28~60 1.36
. K%ﬁ 119 44~60 1.94
S A 1153 6 1.92

INTERSPEECH2020 ADReSS %i 8 5 -4 156 418
B EAE BT 2R U BRI AR BT R P I BRIE (non-AD) 1)
HEBURAIE T8 5%, 430k A 78 45 IR I T8 A i
N A N E R R RS s 4. & 48R

K245 26~268 s, BN 29 3.24 h. 11255 o B R P07 R AT
FNAR BT 7R P U R 1) & R 2R 54 45 ISR
24 44 AD 3 F1 24 45 non-AD [935 55 5008 . 155 50 10
A T .

%3 INTERSPEECH2020 ADReSS #IE&E S5 2

el A /s /R
) AD 54 28~224 1.23
pIlEZS
non-AD 54 30~135 0.93
A 48 26~268 1.08

3.2 XWEE

i T U250 4K B R ], H NCMMSC2021 AD %
TR N 6 s, FHILIRATH K E 6 s H#
R 2 s B B[] B XTI R B 2R AT 401, Ao B
PR 2S5 i A AR 25 AR [A] , B I NCMMSC2021 AD
YRR 1Y) 280 % 451 431k 6 929 F I 4%kt . XF K
HFEIA 1 119 25 MR8 0 | (58 A AR [R] 09 J7 i 47 4
], EJE19 5 3 245 584 . ADReSS ¥ 45 7 K515
3] 3 626 £V 24 KR A1 1 860 S5l AL ¥ . 75 I
B, X8 4 B A B SR A T I R 2 R Y
AREAE A 1 I3 1 A 2 1) . e B 9+ 1 B LA I 2
S EPNI GRS I UEEE I 258 UG 1M A [ EfT
HIFEW

TERR AN JF IR P ) 528, AT Adam L4k
i BT R 22 I 4 AR, 22 2 ZREE R 0.000 1, iR/
327 I BRI G — N R EZRRA T 12
A 0.5 1Y dropout 2, B K-S B 1) 8 28 a N
116" 5 T 7E 46 A N AR 3% 5 9256 o, i FH T 20 ms
WAL 10 ms A9 00T %0643 F 5 B9 & 30 Btk A7 ol 2
J& 12, {8 ] torchlibrosa T ELAE B 64 4 (1) %R /R 1% 1
BERFAE 28 A 45 R4 7 U1 2k, AR AL 28 19 2 BORE /)
S AR IR R I () SE B AR [R) . 75 24 A2, L
B Model 14X FH 7 SCHik [ 28 1HF AY CNN Y M 28 454 , R
o BN AER A TS5
3.3 RS

SR8 Ay 4 T M AN R B A SRR AT LR
RN PEMFERR , 85 2R FH Macro 80U 545 21 (RS BE
A5 FUEVE AN TG R .

MNCMMSC2021 AD #4425 SR (e 4) 1]
PIE W LUR IR IIEAE R i AR R R R 2 T
Model 4 FEZE 2 45 (1 HERR %, IF H Model 8 . Model 9 ff £
B 2 e o R AR T T (RS | ok 2 B fiff I ok 22 4544
1) sampleCNN 152 21 A] G M J5 4 P rh $2 BB 1 B 10
BOHRRE T & M5 B . R s 2R (R 5)h,
Model 8 il Model 9 1) ¥ i 2 43 ] Lt 5 2k = 6.83% .
7.35% , i DIARER i VR A e A AR . e A2
SRR TR B LR, 5 —4E ) CNN , ResNet # B4 L,
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Res-SE sampleCNN WL 3L T A4 19 3 2k fg . &1k & 5. & 6 431 J& Model 9 7E NCMMSC2021 AD K%
I B S S 4 0 v A ol o T A, FRAT I e AR T TR VB SR R B T LR 31, K
WA T AD MCUB F B S RIEATRE , il & SKAE T HC 1A I h s, U RGBS AR 4T IX 43
BERT R AR, B MR N Z RAE SRR A S 774 R AR AD MCILE S, (ELJE 8] 5 FilE 6 H MCT A [l %4
IRIA . ROJESBIAILE ADReSS B 5 FAZEAR . NE (IR, JF HBARZA S MCLAIW AD, T BE/Z T AD Al
g B rl LIA ), Res-SE sampleCNN 581 L 263 /= MCIAIBSAHEZ WA R EZEA . K 7(a) JE7(6) 52500
4.17% , Vi FARSE I NE T BT JR P U6 BRAE AR BT /R KM ERAE - Model 9 7E NCMMSC2021 AD FIINTERSPEECH2020 AD-

BABH X ReSSERAE I, YIIZRAE FNERAIEAR (Y401 2k R B S AR AR 10 .
F4 NCMMSC2021 AD KESAMIXE LW ER
LN FA MR PEI e K RE F1{§
Model 1 CNN142 0.798 3 0.783 6 0.793 9 0.7822
MR Model 2 ResNet"! 0.8151 0.799 4 0.804 5 0.798 1
Model 3 MobileNetV3? 0.8235 0.808 0 0.814 4 0.806 2
eGeMAPS'™ Model 4 SVM(baseline) 0.798 0 0.785 0 0.799 0 0.786 0
Model 5 1D-CNN 0.773 1 0.779 3 0.790 1 0.773 4
Model 6 1D-ResNet 0.806 7 0.808 8 0.806 8 0.806 0
SRR Y Model 7 sampleCNN!"7 0.806 7 0.8029 0.829 8 0.796 4
Model 8 Res-sampleCNN 0.848 7 0.854 1 0.863 1 0.846 2
Model 9 Res-SE sampleCNN 0.865 5 0.861 8 0.867 4 0.8617

7 : Model 4 & NCMMSC2021 AD b3 AR 354008 AR FE4R 554 1 hitps:/github.com/THUsatlab/AD2021;Model 5 (4 41k /9 https://github.com/Juma-
bek/net_intrusion_detection, ffi F H: A ) — 4 CNNS R HEF 75256 Model 6 Bk A hitps://github.com/geekfeiw/Multi-Scale-1D-ResNet, fiff Fi H: /74
RNy 3 1 S B AT 9208

£5 NCMMSC2021 ADEE MK ERBER

A [ NiRTGES A a1 K RE FU{H

Model 1 CNN142 0.773 6 0.759 4 0.763 1 0.756 2

MR Model 2 ResNet'"”! 0.790 1 0.776 3 0.7815 0.773 5
Model 3 MobileNetV3™” 0.779 7 0.763 9 0.771 5 0.759 2

MR % Model 4 CNN(baseline) 0.740 0 0.737 0 0.723 0 0.718 0
Model 5 1D-CNN 0.749 3 0.7515 0.758 0 0.748 5

Model 6 1D-ResNet 0.784 0 0.781 4 0.7815 0.781 4

LG I Model 7 sampleCNN!'7 0.780 6 0.776 7 0.801 1 0.773 2
Model 8 Res-sampleCNN 0.808 3 0.808 8 0.8118 0.805 9

Model 9 Res-SE sampleCNN 0.813 5 0.8142 0.814 2 0.8119

1 : Model 4 J& NCMMSC2021 AD U (1 A i A FE 4R, 842 hitps:/github.com/THUsatlab/AD2021.

%6 INTERSPEECH2020 ADReSS ${#B & S216 45

A H Y T A Inl 2R K RE FL{H
Model 1 CNN14%7 0.583 3 0.583 3 0.5889 0.576 7

IR Model 2 ResNet"”! 0.625 0 0.625 0 0.6259 0.624 3
Model 3 MobileNetV3®” 0.645 8 0.645 8 0.659 3 0.638 1

ComParEP Model 4 LDA(baseline)>’ 0.6250 0.6250 0.6350 0.620 0
Model 5 1D-CNN 0.604 2 0.604 2 0.604 3 0.604 0

Model 6 1D-ResNet 0.562 5 0.562 5 0.563 5 0.560 8

JRIRIOE Model 7 sampleCNN!"” 0.583 3 0.583 3 0.5857 0.580 4
Model 8 Res-sampleCNN 0.645 8 0.645 8 0.646 1 0.645 7

Model 9 Res-SE sampleCNN 0.666 7 0.666 7 0.701 7 0.6515
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Q c
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TR

516 Model 97E NCMMSC2021 AD 45 25 450 345 14 1R v 4 I

0.30 r0.35
025 7Trai_nin€g loss b 0.30
Validation loss
2020 [0,
2 g
o F 020 —=
Zo1s E
.g rol1s =
£0.10 =
=~ \ F0.10
005 1 W '
N y [ r 0.05
0.00 1, " X 5 B pete e 0.00
0 10 20 30 40 50 60 70
Epoch
(@) NCMMSC2021 AD
0.8

— Training loss 0.8
11 Validation loss
0.6

o
=N
— -

2 2
é‘) 0.4 1 \ =
£041 | 04
z ‘ £
= 0.2 1 b 02 %
N i

\\/\'W%\,—,}%_ﬂ,

0.0 1, : ; < 10.0
0 10 20 30 40 50 60 70
Epoch
(b) ADReSS

7 Model 9 7E£X 4 I (1451 2k PR EAR b

T8 B 7E i CNN | ResNet 55 1 28 ] 25 4b BHIE 5 40
Pt S iE - B A A EROR IS &
S A BsF (R A B A S, T — 4R BRAT LLAE i) Ak B R
FE B0, 4R HCERT (70 248 A R 6 T BT R K T R AE £
FRUE, FOE B PRI RN 3 T T8 A A4 45

A IR A g AN [R] PR tbiE 5 3 {45
[F1) B ) B4 B AR A A O R A R AT 4 28000
Model 8 H, 38 ixf f FH 75 A7 2 i A5 R i) B 2 ek hn e 74
PR B R AZ 8 AT B BT A R i ) RUBE A ARERAAE . 1T
#£ Model 9 Hv, il A 455 He -l A B (2 (AR 70 2 > A []
WA RS AR R —

AT 4B R, 2 W 2 JZ B0 [R) A, — 2 5 R
SRR I H R B RS E TR Ak, H
THE A A 28 G, T B R PR A Y. CNN | ResNet
LMW SER L2, T2 KNG A e s
BAFRPERE . X BT R P BRAE A I S, TR 2 AR
FAEE 247, XE LAARAS KB i U 2Rl , mT e FH — 4835
BURBIF .

T IRGHT R X sample CNNARHITT K-
AR A A G TR R 2 Jf sk 228 oA
BB R A B AR . R S LA
o, 7E NCMMSC2021 AD AR AE 5 Ak 4
o B T 6.75% . 7.35%, 1 INTERSPEECH2020 AD-
ReSSE R4 FHRTF4.17% , 38 1 SEEUE S, 3 F R iR Ik
JE 1) Res-SE sampleCNN J5 1547 Bl 52 BIUHE G (1) Bl JR 2%
TR BRRE T .

4 Zig

ASCEEH T — LT AR IIT B st 2 el K SRR
K 75 5 , 7 NCMMSC2021 AD HI INTERSPEECH2020
ADReSSEUE 4 FHEAT TR . FRATI L g8 B A7 T
BE I 5% K sampleCNN i A 5 BB B 40 ok & 7
2 ik 45 FRUR 5% 25 B ) B A Ak 2 B b fin A 455 s -l 85
e DL R BT 4 2568 ), ST TE B R AT 4 HY Ao AR 7
XoF T B R R it R R A B BAF ) Ay SR RE L AR, TR
ATPRE R RN [R) BT %) B 7R 2 U BRORE R0 3 0 R AR 1 25
S, IEAFFE AN ) RUBE AR AE XA 7R 1 R 4 52 i)

S% 30k

[1] MATTSON M P. Pathways towards and away from Al-
zheimer’ s disease[J]. Nature, 2004, 430(7000): 631-639.

[2] WORLD HEALTH ORGANIZATION. Dementia: A public
helath priority[EB/OL]. (2012-04-11)[2022-01-06]. https://
www.who.int/mental_health/publications/dementia_report_
2012/en/.

[3] FOLSTEIN M F, FOLSTEIN S E, MCHUGH P R. “Mini-
mental state”: A practical method for grading the cognitive
state of patients for the clinician [J]. Journal of Psychiatric
Research, 1975, 12(3): 189-198.

[4] NASREDDINE Z S, PHILLIPS N A, BEDIRIAN V, et al.

The Montreal cognitive assessment, MoCA: A brief screen-



%

12

WREA0 5T Dy TS ) i 80 i 5] 7% 0 5 SBRAE AGH 7

3589

[10]

(11]

[12]

[13]

ing tool for mild cognitive impairment[J]. Journal of the
American Geriatrics Society, 2005, 53(4): 695-699.
SELKOE D J. Alzheimer’ s disease[J]. Cold Spring Harbor
Perspectives in Biology, 2011, 3(7): a004457.
MUELLER K D, KOSCIK R L, HERMANN B P, et al.
Declines in connected language are associated with very
early mild cognitive impairment: Results from the Wiscon-
sin registry for Alzheimer’ s prevention[J]. Frontiers in Ag-
ing Neuroscience, 2018, 9: 437.
CHIEN Y W, HONG S Y, CHEAH W T, et al. An auto-
matic assessment system for Alzheimer’ s disease based on
speech using feature sequence generator and recurrent neu-
ral network[J]. Scientific Reports, 2019, 9(1): 19597.
CHENJ, YEJ P, TANG F Y, et al. Automatic detection of
Alzheimer’ s disease using spontaneous speech only[C]//In-
terspeech, 2021. Baixas: International Speech Communica-
tion Association, 2021: 3830-3834.
KONIG A, SATT A, SORIN A, et al. Automatic speech
analysis for the assessment of patients with predementia
and Alzheimer’ s disease[J]. Alzheimer’ s & Dementia: Di-
agnosis, Assessment & Disease Monitoring, 2015, 1(1):
112-124.
LUZ S. Longitudinal monitoring and detection of Al-
zheimer’ s type dementia from spontaneous speech data
[C]//2017 IEEE 30th International Symposium on Com-
puter-Based Medical (CBMYS).
IEEE, 2017: 45-46.
YUAN J H, BIAN Y C, CAI X Y, et al. Disfluencies and

fine-tuning pre-trained language models for detection of

Systems Piscataway:

Alzheimer’ s disease[C]//Interspeech 2020. Baixas: Inter-
national Speech Communication Association, 2020: 2162-
2166.

ZHU Z N, NOVIKOVA J, RUDZICZ F. Detecting cogni-
tive impairments by agreeing on interpretations of linguis-
tic features[C]//Proceedings of the 2019 Conference of
the North American Chapter of the Association for Com-
putational Linguistics: Human Language Technologies,
Volume 1. Stroudsburg: Association for Computational
Linguistics, 2019: 1431-1441.

EYBEN F, SCHERER K R, SCHULLER B W, et al. The
Geneva minimalistic acoustic parameter set (GeMAPS)
for voice research and affective computing[J]. IEEE
Transactions 2015, 7(Q2):
190-202.

PALAZ D, COLLOBERT R, MAGIMAI-DOSS M. Esti-

mating phoneme class conditional probabilities from raw

on Affective Computing,

[16]

[17]

[19]

[20]

[21]

[22]

[24]

[25]

speech signal using convolutional neural networks[C]//In-
terspeech 2013. Baixas: International Speech Communi-
cation Association, 2013: 1766-1770.

MUCKENHIRN H, MAGIMAI-DOSS M, MARCELL S.
Towards directly modeling raw speech signal for speaker
verification using CNN S[C]//2018 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). Piscataway: IEEE, 2018: 4884-4888.
HOSHEN Y, WEISS R J, WILSON K W. Speech acous-
tic modeling from raw multichannel waveforms[C]//2015
IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). Piscataway: IEEE, 2015:
4624-4628.

LEE J, PARK J, KIM K L, et al. Sample-level deep con-
volutional neural networks for music auto-tagging using
raw waveforms[EB/OL]. (2017-03-06) [2022-01-06].
https://arxiv.org/abs/1703.01789.

SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition[EB/OL]. (2014-
09-04) [2022-01-06]. https://arxiv.org/abs/1409.1556.

HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognition[C]//2016 IEEE Confer-
ence on Computer Vision and Pattern Recognition
(CVPR). Piscataway: IEEE, 2016: 770-778.

YU F, KOLTUN V, FUNKHOUSER T. Dilated residual
networks[C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Piscataway: IEEE,
2017: 636-644.

HU J, SHEN L, ALBANIE S, et al. Squeeze-and-excita-
tion networks[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2020, 42(8): 2011-2023.
GRAVES A, MOHAMED A R, HINTON G. Speech rec-
ognition with deep recurrent neural networks[C]//2013
IEEE International Conference on Acoustics, Speech and
Signal Processing. Piscataway: IEEE, 2013: 6645-6649.
HE K M, ZHANG X Y, REN S Q, et al. Identity map-
pings in deep residual networks[C]//14th European Con-
ference on Computer Vision (ECCV). Berlin: Springer
Verlag, 2016: 630-645.

KIM T, LEE J, NAM J. Comparison and analysis of Sam-
pleCNN architectures for audio classification[J]. IEEE
Journal of Selected Topics in Signal Processing, 2019, 13
(2): 285-297.

LUZ S, HAIDER F, DE LA FUENTE S, et al. Alzheim-
er' s dementia recognition through spontaneous speech:
The ADReSS challenge[C]//Interspeech 2020. Baixas: In-



3590 W T

g
==

i

2023 4F

[26]

[27]

[29]

(30]

[31]

ternational Speech Communication Association, 2020:
2172-2176.

SRIVASTAVA N, HINTON G, KRIZHEVSKY A, et al.
Dropout: A simple way to prevent neural networks from
overfitting[J]. The Journal of Machine Learning Re-
search, 2014,15(1):1929-1958.

PRIYANKA M A S, SOLOMI V S, VIJAYALAKSHMI
P, et al. Multiresolution feature extraction (MRFE) based
speech recognition system[C]//2013 International Confer-
ence on Recent Trends in Information Technology
(ICRTIT). Piscataway: IEEE, 2014: 152-156.

KONG Q Q, CAO Y, IQBAL T, et al. PANNs: Large-scale
pretrained audio neural networks for audio pattern recog-
nition[J]. IEEE/ACM Transactions on Audio, Speech, and
Language Processing, 2020, 28: 2880-2894.

HOWARD A, SANDLER M, CHEN B, et al. Searching
for MobileNetV3[C]//2019 IEEE/CVF International Con-
ference on Computer Vision (ICCV). Piscataway: IEEE,
2020: 1314-1324.

EYBEN F, WENINGER F, GROSS F, et al. Recent de-
velopments in openSMILE, the Munich open-source mul-
timedia feature extractor[C]//Proceedings of the 21st
ACM international conference on Multimedia. New
York: ACM, 2013: 835-838.

KIRANYAZ S, AVCI O, ABDELJABER O, et al. 1D
convolutional neural networks and applications: A survey
[J]. Mechanical Systems and Signal Processing, 2021,
151: 107398.

E& &I

BRIBH] 95 ,19924F 12 F iR T B 45 5k
ETT . BUORIE R T TR R+
WEgEAE . FBEREIE T 1) A A0 A 17 Je%
P

E-mail: chen-xc20@mails.tsinghua.edu.cn

kDR (GERIMEE) F,19794 1 T4
T b e B . 2002 4 F Hr LA K2 R
HE AR A 247, 2005 A F A6 B TR S L T
T R AR 427, 2009 4F T R 2L 7 T
PR R AR A2 07, 201 7 AR AR K Ui )2
PR E AER 2 T T AR R EIFIE 61 . 258
J7 AT 5 E A B

E-mail: wqzhang@tsinghua.edu.cn

o B B 197743 H WAL FIREH
Urili . 2015 A FALEE Tolk K 2F 75 B 54
T RSB ARAG 207 . BT IR M R 2k
Uil , N 5 A 5 A B T AT A

E-mail: may@jsnu.edu.cn



