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Research Advances and Perspectives on the Cocktail Party Problem and
Related Auditory Models

HUANG Ya-Ting"? SHI Jing''? XU Jia-Ming' XU Bo"?*?

Abstract With the rapid development of electronic devices and artificial intelligence technologies, speech-based human-
machine interaction has become increasingly prominent in recent years. However, the performance of these technologies
in open complex environments, such as in the cocktail parties, is far from satisfactory. It is still a very challenging task
to develop a computational auditory system with strong adaptivity and robustness at present. Therefore, the in-depth
exploration of cocktail party problem plays an important role in the tasks of the intellectual speech processing field,
such as speaker recognition, speech recognition, keyword spotting and so on. This paper reviews the auditory models
related to the cocktail party problem and their developments. We first briefly introduce some relevant hearing research
and computational models attacking the multi-speaker speech separation task for solving the cocktail party problem.
Then we discuss the auditory attention modeling method inspired by cognitive science. We believe that the auditory
model integrated with the memory of voiceprint information and selective attention is more suitable for complex auditory
environments. Afterwards, we briefly review current works of multi-speaker speech recognition. Finally, the difficulties
and challenges that the current computational models are confronted with are discussed and we give some views on the

future research.
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T N ZE W B 38 8% 1 B R, W (5 S e fh &A%
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FE A AL B TR B — N4 Fh 1 (Tonotopy). 44
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Hr, ZRg Ty (McGurk effect) 't 7R I fs 1 0 JF
BBl K3 A B Ve X S iE AL R 2 e e . K — 1
B “ga” FERECA EAE “ba” BYRHERENAE B0 2 B
SuAE, BRI B E A E “ga” AR
“ba”, T2 “da”P4. i HBEEHM NS EIR =
TE RS L ZEM G, LA BT A IEFE U TG 1
JK, REAE Y 5 T 0 B JZ 00 5 i Y R AN H R U i
B0, 56T L2 WU e A AE AN B
HEIARAEIL, A=Mlag: — 2R %S (Barly
integration), FEAH 24 B ALBE By Bk R AT Rl A, 2
—/MHIER (Pre-attentive) fil Til#2, RIEFILK )
RO HEZ A 1 (a); RRMIEA (Late
integration), {E 38 A g FE R E S 5030
HEZLE N 1 (b); =217 & (Parallel integra-
tion), R & Az B 01 E & 340 A2 W0 40T B & B ke T3k 1
1145 Al AR IR EY, HEZE AN 1 (c).
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WIRME IR [ > WIHIE R R

(a) L WIEA AR
(a) Early integration framework

2R INIX

WILERLGL 2 W =

(b) HEIHHE A HEL
(b) Late integration framework

LRI

A 4 A 4

WIRMIL LR [« > B B

(c) FATHA ML
(c) Parallel integration framework
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Fig.1 Multisensory integration framework!
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BB TEEMER. L2 MiEEE B E
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P23 ML EIEH (554 5 (Blind signal separa-
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W, FEGIER - Bl (Delay-and-sum) 3 5E
SRR — 20 (Filter-and-sum) I BB 3.
B 38 N I AR 50 R 10 8 I e S B0 1 D 22T
W E S TIGES g B, S —En
T 00 SR A0 DB e A 2 K, o B TR DA e R AR e L
(Maximum signal-to-noise ratio, MSNR) ¥,
/N )22 (Minimum mean-squared error, MMSE)
HEN], H /N5 25 Fo 2k B . (Minimum  variance
distortionless response, MVDR) i Ill| F1 £k 14 24 7
fx/N % (Linear constraint minimum variance,
LCMV) #EN]. Hh 3 R BB S A1 25 (5 SR
BB, Y H i A R AL A ) B,
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EAAAE IR GBI, #id 22 5w IR E A
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X(t) = H(S(1)) (1)

W R BEE SR 2 E gt BB RS, AT PASE ARk
X5 S IR AR G T R Gl = Se I AR AN ) 8. PR 0t
u] PASE B 37 5043 437 (Independent component
analysis, ICA) SEXJ4r B FE G FAT @RS B
5%, W (2). HEw B THIEHE, (55
15570 BB 15 R M

S(t) = G(X (1)) (2)

— ORI, BB IETEE ) B WA TR Oy B A
PREE. TS 30, BRAEITR 1 I 2 il 5 ) B
5, TR E S BRI R Il IE T > 8. R TR
AR, R85 2 RS AR W e 5 2
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— PR ZHOE RS W R H R, A5 2
eG5> fi#t (Non-negative matrix factorization,
NMF)HL NMF fif % 7248 31 15 35 s b JE 68k
PR A Y. fE NMF 9 ELad B3] AL fih ey
R, AT AR S NMF §R R AEF. Fi NME 4143
X NMF MIARB AWK, K5 s R et &
FUNME PR3 X 4 fift s i B 2 AR g 2 =Xk ok
Fisf (R AR TR AT FBEASE,  obb sl 5L R R il B 1) 22 Ak, B>
ik 20 %) 2 M T A2 2 R A, SR A It T
A4k, RNMF (Robust non-negative matrix fac-
torization) NJ¥ NMF 5 RPCA (Robust principle
component analysis) Z5& R, REIIE 7 il ol
HE SRR ZE, HrpEEE B AFIES, MR
2R E MRS BT RN R TR ER
A, B M AT AR A R At AL A, T A &
AR AR MR, R X FR R 8 T 1 B, ANBEXT
FE I IO S L. R T Z 3R & T
ZEEM AL KRR, JE A TAER NMF 36 8 1
G245, i DNMFUS L-NMFW 2454, M
B8 THERRIOE KT, i, M Ak
B, BRI SR B3k, 295 9%
o S SRR AT S TR
ORI R, 35 AR, A DA A2
SCIr i 2RI SR %, o d 0T
54 #Hr (Computational auditory scene analysis,
CASA), BTEHENI RN —FEAL G R 2 7] Y
BRERGZ M BER AR AT R RS BR
P v 5 3 A 5% AR 2 A — S R 0] S L ) St Xl

X S % IR R R AT T A

CASA RGN BB FRAESE ORI
MRS 5E (I BE, 20422 18] (38 4 BEUY) . AR SR R
B Bt Zad — AW ot M AR E B 7 B RR AR R
P, SR A AR P I e R AE JE MR AT 4 AR 2R [F] 1
Wr4E i (Auditory stream). 5 %7 4L 7= 5
P, Wil 44 (Grouping cues) A B ih
T/ BRSSO a), 8 g4, B, R E &0
MR LG FE AR H], CASA FA F%n] DAy
S = BT DU HE T RN A A, BT R 0t
SA A AR A B I TR R T R AR R 40 i e
T B AL PR3 2H 2 [R) 0 5 S FORE Pt AL ] ) A I
NIV NI S o Tk O e SR RS 4
(] ) 5 4 285 U AH 5%, 38 2 1 8 4% 4341 2 [8) ) S T R
FEOR LI TE AL, [R] B SRR A3 R A5 3 1 I &5
S T o 2H A %50 ] [ E ] ASPERR ). Barniv 4§
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Y 5 NS RR T — A BE R BHE, & L —
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W0 3 22 TR 1) e e DA 0 428 5 22 ) P 410 o 22 482 2k 52
P XL R T AR R I &R
(Neural oscillation)®!) #|#, % F 4% 7 ik i ¥ 4% >
X B FE AT @R, Wang S5 L 2 4R35 ik v
i 22 10 28 1LY v ok ] R R 2% Ay (Local excitatory)
4 /A (Global inhibitory) HYZhZAHLE], R4
&% 1 2 18 R A Mok 4 B R TR e e P2 T
PR TSI AL I G 35T DL S 4 DRy g B 24— A
A B T AL AT AR, Rad MLl SEAEAL AT
LAY AR T FOAL R, B2 TR ok B 7S i
W3R 25 1Y 28 7R BEA T8 1E AN 2 A0 [7] 7 5 T e i 2
[ A SR AR R L SE 4 53 L s 1) R Tk e Y
IR AR b — 15 21 5 i) B AH PR X 43 2 Fe
T, EEANCIZ A BB dr, . a] DL Sb
TIAFFIALHI P46 %of Hoix = i, BT Ui
AR AU AR B 3l HL A T AIL ], T e 8 B A R L
T A TP BB R LA X PR AN BT
D P BT W A A 28 7 S AT T 3 T 00 S B 3 2 (1)
AR L, AH A AR AR L %, e &t A
AL A B0, T H AR 4 . BT D S e
BB A 2T A AR %, FRAE SR EURI AR 45 5
(A3 AR A 43 2H 22 [8) 1 S S e R AH Lk N7 Yy, HLSE
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AL AT 18 DAL T e e iy e 7 2 1490, fH
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Je 3T W 3 5 A A F 9T A5 21 i) — LB R0 R h AT 2
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ARk, Bl VA AR 1 R AR 5 T S50 B ) 42
15, TEE T AT S5 1) 3 BB R S T e DR Bl 4
Ik, JLHRWE S k. CASA Biff)—A4
FHEERRE A EER (Ideal binary
mask, IBM), ek g 5k v i H A5 57 W0 L2 s A3
G (Time-frequency units) 35, Wang 55
B AT B TR B R AEAE R FE R 22 4% (Deep neu-
ral networks, DNN) Hy#i A, kf27 > 3] B FRHEF 5
IRFHE PR A —RAE A, FIH 2% SVM #47
IR E| IBM, fE—ERRE LR TR GEE
3 S W R DATE K Bt b AT I g 1) AT —
J7 T, B ER TR R B A% 5 T B SN N
g7, A= X 0 A R AR R M A, T
VEARASTE 5 W I 25 G5 M R R AR PR 58 —J5 T,
IBM (fiit s i, )2 S85u5 B2 dat kP8 7
Ja 2 LAY, Narayanan %555 AH S8 717 10 thAE 4
A g n A, SRR LK (Ideal ratio
mask, IRM) {8 DNN [#i)Il 25 H br, H0E 1S 50

L B FRL VA

145090 R Y I T4 o A A D I s 4
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Fig.2 The structure of the proposed deep learning based speech separation system by Huang et al.
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Fig.3 The structure of the proposed PIT-based two-speaker speech separation system by Yu et al.l™?
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