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Figure 1 Connections between cognitive sciences and computer sciences on the language understanding problem
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BN ST F AR E WA S AT B (56 4 7)), SEAR R BB 7P R ) SR e A
MEESAMN T CHE S AR SRR AR (56 5 ), AL B, b T O B E TR R R E,
I H B g AR AT AT WO [ REAT R ER (BF 6 79); SR 3G T84 (38 7 7).

2 KXTESAFNENRR

2.1 EFAHEX

ASSCHRE B (8 FINFHR NIRRT 6 5 B, AR MRS G & SORSEE B, Wt ML
RGNS S PRI R AT 5 E B R B F AR AR IARNERE, AR UORAS [F AL
& 4, LA RIS 545 BRI TR S AR, B Hs i s 2 AR s =2k, Holnis & 2w
AL R BT B R GO T A P SRR AT G 6, B8 538 SRl R 1R X s 2 PR,
B AT LLSE IS 3 B

2.2 FEMRER

BE R, Nk — AR RS, IR A iE 50 TR R 7T 2 AR5 BAT Bk k. —
J7 1, 15 E A ANE AN BT, a0 BB FE N 1 S RN, R DO R E F BT N LAE e Y
AN RWE? RINAE N i 5 A RE R, A2 15 2 AR AR S TC /R Dy e O I L T We? 1X R T o 41
(RIZE 1 AN R AL

I3, KRINHE BN TR IR Rt AR AME AR AR (% DXCon L fs, i Hon
TRFFA YA G, X8 S NI XS 50 T (Rl 3ERE A 0T 70 70 0 B O R IR 2R 2 SRS 3 AN

T 7] .

1750



FERE EERY: 528 10 M

G, TCVR A R DX S 0 L P R U R 3 R e R 5 i AT IR IR, X Le 5
AR AL THENLHEIR? X2 BRI 4 AT L

(1) IEF AR ITHYEE. EFEEIEEER, BE 2T E L T REAR KD AFEEYPIE
BT, WAE AL, . R WL WA ERAE. I F AT I 0 A SR R, X
EH IR BB S RN TET U TR B — S ES 382 0 SR KA T8 5 B AR A0t i m T
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BEfEILHR (functional magnetic resonance imaging, fMRI) 254 AR B NI 78 1E & K 115 5 Thag e
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—IRULH, BRI E RN S FUER, MARERNE LA AT IN L. 55— R, R —
MNERERE EER 4 M (ein S, SER 2 RAR), SR XASDNEER B, XA AR E G
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BEAREHIE S, ER AT LTS 5, BUe w R THE B E T DI A S, (B2 AEIES . XPIMk
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-+

R B B S SR — SR S B . O 2R SR W A B K SR AT X — 45 i
[PWg? —R& M ISR 7SS J8 Sh RS AT R AL, IR Le 200 R I 3] Jkeep/ ZJ5, NI 2
L) captain, caption SEia|7C (IR A2 EE I 2HAR Y (Fodn /da/) 2 a5k, 1 H., Wr ] —AMa 2
J&, 5K E SCAH ISR 245 230, LW ) captain ZJ5, AR ship SRV AR 2 56
PR 0T AR 21 2 T b, ENES R — NERITIZIN 400 ms B HRIA L N400, N400 FE -5 18
AR B SAE BB VIR G LU, ship 15 B N40O FIME FEE AR T 7 i — el 20 A0 — M) 2 captain,
ship 75K 1 N400 M A XS 30N, an FEmT i — AN 2 A A DG RTE (L apple), ship 5 & 19 N400 1
FERXTER (U — Ay, SRR — A AT 2, W BT S B2 5, KEwl A
WO, HRREE W BIE BN, 58005 BRI SO, B2 R R 20 € — N W] RE AR Al
T 0L R 2 Fir LA AT I 1R B B3R 2 B O s 5 nisi B B B R I B AR, W AE
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XX — W NBEAT T WETE, W TS AR B B B AT RS N400 AR, (H 2K e 7T R R
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(K22 A ML, Bdn— R B A W R N400 AR T 2 Bl 75 Al DA P —— wr RAFE
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B N400 R BERUD . (B aX S 15 2 — L8 SE MRS S IR, IR I WA R e T AN 5 Sk 1
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(2) AEAEETXREE HITE 5 IR . I EIRL 2SI AR R AR 42 ] RS2 30 0T, BERTRRE ), H 2
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NG
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FEG W T RADR, T HETBOL T 20, SECS ML 18 2 MBS INXE. thin,
W SEIR T TE A DA [FI R A )1 5 AP RE AT UGS AN R RO X 75 5 A R SRR F i i mi oz, {EL2 i SR AE
R FUIC R, BES 5 YR RA TR AL Gn ] — 25— 2D M BR A — IR AR fi] B iR A HLsigf
ANEE.

3 XFESEMITERE
3.1 BEIHTENENX
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)T FIRS B B 25 0 OB SURRMT, SCRTF S 54T R e 04, &R RIS EME 5 1 H 1.
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SN ER B ORIE S, B R EIEIE 5 A S G Bt LT UAC B A A, X i
FERIR A SCARRIRAESS. N 13— D SOR A R AT RIE MG 2, e BT SO S5 AN A5 2., B
BEAT G ANE S TR 55, 20k, HLERANE T ARIE S5 MR R, 0T 260 5 155 5 /b
FOREIRAHRER, 4 BB ANR—REHE EHARE T T 120 A 43X LA 2 2E0F 7 il A

(1) XCAFRRTTIE. 1 E RH/NITR RS A & BRI S IT i, R BRI S HE i &)
TR R AR 5 RIE T, TR e B A IR SCRARE, T ] Y1 AR 2 7 B 2 AN, A7 BIR Ay
] LKA [ 3R AT 2 6 T AG 385 HH I 55 R SCA B e, T BTV AE A e X, e 178,
BREG (701, e R (8O0 g (8 Ay i el v KK SRV T L 20 07 ik (B2~84) e e 1Y g A kAT R
DN AL) RS BB DL PS8 SCAS B 1 £ S [B5~8812 Sk el 4 35 T AL (1) S 1) .

(2) SR Tk, SR — o N RRE R o i AN B AR e M55 Serh, ROVREEH 73 Tt
TR ) 3R] T AL A RIS OR 2R, s B A5 A4 73 Ak FE IR 5 B B & rh ) 1 2 RV 21 A AR
R ZR . XIS HT AT DL A A SCAS T S5 R IR, 2 T N SCAR ) AL B g, 1 8 SCA (98 SC o3
Fft T A AE R, B S 5 B AR A AT B~ AT i ) S BRI AL ) R LA AT
Tk BRI AR AR LR I st vt B sh e 5. IZRTAR AR LRI A Klein 45 921 S
FET R (¥ J 15 G544 43 BT T3 V2R Chen 55 1931 3 HH 1R T 420 D00 446 PO AR A 45 ) 43 AT 7 1.

(3) WX M I5ik. X F AR BIE 5 HAL, W ST RS AR X RNER U, 3 X RE
AT AT 3R] SO AN AR PRV ] )3 OOR R (BAE S S0 TR B BEAR M R AR 55, X1
KU, 1 o WA SO BRI« T8 SCRHT  SOAR TR SCAAUME TSNS & 2% R I R0); xR sk
Y, 1 X TSR T AT R A AR R A R DG AR IR S BN SO R KRB AN 5
BRARSCAS A R (RO, ey 222 i RO Lo s 94981 S i 5 R B

(4) FRFIR S5 KRBT, ASCRIFRRZ AR T RR L P se Rl HARTERR . & 22 RHT 12K
Flr KRS, SRR AR R A — FiaR . AT AR SRR BLARF S 30 107 sl A 2 v R 98]
AT, 8 I K R B B 48— (1 2R 2 8] R SEIAE 5 AF S AN AR OCE. b, anfel v vk RN
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EAOME: EFAMSIEF I —— NS0 S B

i % 2T B 3% SRR RS R X RHT A OCHE 09~101 0 534k, Toig e NIk plds, BEARIRME &
Frg g 3, AR EOR AN SO RNREAT R, W BLan [ <rh S b5 e Bk i —FE, b lald
FIAANZ HC, JEIR IR BRI ) P SCAR I, (B A AT DAASE i SCRETE 5 DA D b REIAUA H i 3,
B MR REEISR 102, F, TR S RS AR T R R F TS SR AZ

3.3 KRB IZEFITK

AT FR A A SE KA ITE 5 2Rk, QRIS SCAS S 300 R AR SOMES #3E4T B sh i A e 1
BTSRRI CBEIA T, B — EURNLERE 5 BRI im0 — D B EEPRAR. LTI I B 2RE 5 AT SS,
BIUALES R E . B B A 2 A AN 154, HRAI T XA AT 5 P 21 B SRR ATHEL.

HARE S B LR R IR, SURFIRITEZ T T NS BT 5 R R BIIELE ) & R R 1k
REA. BRI 5 R B E AN BRI A5, B35 T AR Y 4E B2 45 T30 R B one-hot [A]
B, M4y 1 HARYEHRE 0. XA RIKR T, A3 NI T 5 R AR AR R SRR IR, 1954 4F
Harris 193] £F “Distributional Structure” A SCE PR R AR R &, 7ERE S I L AR R R —
FE RN B BV IX AR T B RS I SCAR IR 7 18 L RE SR 45 e DL G 10 77 AR URFE JF
THEAE 5 BT A RARACME, T2 5 3 35 i i 1) R, O B Gl g am] i 2 F) 03 SORBLE. 23
A PO 8 () B R A8 T 05 SOTHERRI RS &, AR BT DU PRRITE . ) 1R 2 18] B v S A )
Harris 1031 F1 Firth 104 7355 1954 1 1957 552 3 IF IR 1 3115 A 70 A 30l — ARl 3 SO
Fo B ocoE, BYER SOMRAR) 318 1 SCHARBL. HE B 23 A R0 A 8 I 265 2 2 2 3] 1 AT 2l AR OR
(RIPROR AR Forfy ) A28 0 45 S AT AP ok 27 2] 43 A 2K ) B o di R IR AL 2003 4, Bengio 45 1199
PR PR X 2810 F AR, SR TR 2L (i S8 i) B R R BRI T, JF AR 3] n JOTRIRRY,
brE T 94 OCAR R IR FF . Mikolov 25 1801 7F 2013 E3E HA$5 CBOW Fl Skip-gram P AR 1)
Word2Vec J5%, AR 118118 1) 73 A 2 ) 5 5% 2] 771k, AT AT RA 78 43 0 g B T by SOAS B8040 e 25
SOV ENE R YEESL  B R, 2017 4, A BAER H I Transformer #5574 (1061 8 3o ] YL (6] 5 4 1 55
(177 25 I v R 2H BRIV R 1R SO SRS SCAR IR UR7R. IS, 5T Transformer 4244 (1) KA
AR U0 BERT 107)) Transformer-XL 1981 GPT3 109 £ 7F &% 1115 = AL HE B F o KR %, #E—2
BEE 1 A ) B R OR SR .

I AT KOOI AR 1 5 SR 5 IR A5, ORI 27 2] B T B AR & AL AT
S AT, HES) T SCA B AR AN A% B0 5 55 S I R BEME A . (HJ, AT J7 ¥t Z 5 4R B SCACTE S
AEEFAT B, TovA RO BRI B S e Sy 51 R SCRA B ) R s 3 1) 548 I8 S5 35 B
G O~12] i AR« AVE S BT R RS T A A 7 AL RO TE B BB L HA AR R,
NIRRT R T a5 E B

VB ST A2 15 oA g BARGR R AR 5%, "I ST W r e BSR4 5 AT RS2 48 1K), B AT LA
BB HE R (2RI ). BRI I SRICE) 1 Rl 1 S, RN AT OR &R, BLA
KRN RG] 7 1R R 81 [R 28 3 ORE 5 A AR 55—, B U Tt i 1 5 TR
[0 GETH I RI R 22 WY 28 (R VR I G A . RVE H RTEE T 9 2% 1R TR SO IR IR e e AT AR DR Ik
A ABFEZIPEN IR R B BN TARE I, 8 ST e v R EAT T, Joik e S TE S
fift. BT LIRTE UM AL, BRARSCAR B E SCBS AR L5 1) b, TER) T4, S5 R M ek A\ 1
B3] FP A o3BT th & PR E R 7 B RVE G K, TR N RAE SR S A AR AR S K o AT B S5 A8 7 d
W A)TF MR E A B SRR, B SRR R 250 S0k, IXO2& 1957 4F Chomsky M4 G137 ()15
B A A R — . WA S R SGE T YT 20 R T AR SURSC &R, BT 1959 AR
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FERE EERY: 528 10 M

Tesniere 115 $& . TERS T L0, S50 53 Tt 50 (2 BLIE 08 55 v A) -2 I AL S RIS &R, H AR 2
MNEERR b 53 B i B 25 A0 T B A 5 . THROTE B R — RO A RV 21 43 i SE I 5 B AR
LIRS, HA IR BT T SCRIIEE R, A B BRAR SCAR & X ABSR, 1B LR & O0E 5 A BT 55 F
Y IR SR W FE L B Ny (AP N E Ay s i G AN v R Y SN AR e W N7
FIATIHIE R, CAREIAE 18 5 A 2 75 0] DARR QM % =) B R Ay U, AR e S R) TR g5 a5 4L
TG T BT 15 0 BEAE ] 7L

B BRRR T RS G AR E B ST R R AT Z Ab, IO TR R IR R I R
73, s i BIBRR, B LR SCMAEEE RS . ARG R RIR R IR 7 VR T B AT 5 B S
B8, 1Lk Prolog AARGR AT — B AIHAR R B S HERE 5 A LA /R 0] K (Markov) #2248 M A4
F MR AR &5 D7) e v JE KB AT RS A AR RN 5, (ERAE MR se s B I N Bk = 2 (b fnike
BIE X RRE 7. AR, BEAE RS SRR, AR RN TR F 2 Tt 48 I 28 1) J7 12K 2 o) siefk
MR RBIFRIR, X P T RR 5 S 2 A M RE SR 47, S A R T B A3 A T2 AR AE AN v
S I AR TR AT RS B (A8 T AN B (L18~121) R ol T S B R RS R S 53T
FoRE 2 B AAE XU B AT S5 6 R AR R FR R R i I S
3.4 WRAEE

[F TSR HUR U8 2 B 7 07 17— 8, BAATE S HIEE B RMEE, —M it 5E, 7
— PRI SR T, SOPRER IRl B ik, BT RO R v EE T SRR, X R TR
RNBR R —HB 5018 5 i 5 AR SR, & B e 05 F0R s T ik e asE s pLas 5 ) 732
AVRRZE P 2 7325 (BRPRIR L 5 21 J732), XA 7124 e N R 2% 13 5 S5k 2 T DL 5 RIZR: 2] 2
(9. LATR 43 IRE X P e 7 v 134T 1 B4 24,

(1) ZETFHM 7% BT BHRE S EAT FE T AN S RS i & B = AR5 14, M
TURAARE B AR AR 6 B, DRI 1A B 2R 5 AR B A 0 1 R R 732, i kit X — SRR PR 1R )
BIE S MR ORI A 2 N BE S B AR, VA9NiE 50 fOE, Lo BT HHEBIR: A (0 7
HEE IR 77 kb DA bR SCTR B VELE )2 43 BT e 8 P I FH SR 61 S 23 35 T 0 7 v i) e A D B 220,
fan, TATE WS BRSO R

G=V,V, S, P),

V., = {S, NP, VP, N, V, Det},

Vi = {—A, /N, B, — R, ),

S =8,

P :{S — NP VP, NP — Det N, VP — V NP, Det — [—4], Det — [—H], N — [/NZ], N — [},
V— [1Bi]}.

FET RSB, e E TR R BCE R ) A b ] AR IE FER, AR LA E TR AT S
ATV, 1, MVILERES S JFeh, BT b r R, EFEE P PE Ak B R H
b, BRI 0 A7 10350 53 (6] ) 7 R R SRl AR DC G, WG EC RS, PR 25X AN sinl. SRS, dkalxdd
NG TR E BT8R, —E o 2la) 745 ovib. BAckul, 78 LiRsefid, M PR T,

(a) EFE S — NP VP HUN, JCVCHEL iR, BB A) T AN ZIBE— R,

(b) IEFE NP — Det N #UIU, JTCVCHCLELA], B A) T “—N/INMZIBEE— R

(c) EFE Det — —A, ILEL “—/N, B A) T “NZIBHE— R,

(d) IEHE N — /MK, LA Nz, B A7 “BEE— R,
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S

N

NP VP
2 NN
Det N \% NP
| /\
one kid chases  Det N
a cat

2 AER R

Figure 2 Example of a syntax tree

(e) EHE VP — V NP, JCULACH1d], B FE A) T Bt — R,

(f) EF V — 1B, VTHC “JBH”, B AT «— R,

(g) #E#E NP — Det N, JCUGHCLHH], B A) 1 «— 7

(h) ¥ Det — — K, ULHL «— K BHAAT 7,

(i) W N — J, ULEC <A, Joist i a) 1

MR IX A R RIS AR, TATOT A A A) 7 =AM B EE— R AEM R 8 E 2 B
gEH.

(2) BRI 775 NET R RARENIES, MU AR e S 5, RO i 2
NG Gy; A, EVERE T 0 25 A A3 R AR ¥ I o 5% SR 5 4 3B 118 5 IR B a UKl 7y 724 2%
TN LGl BRI e, FEAR AL AR B T 202 R AE B PR RFIE OB E, R RStk —
PR, Hd Rl B 5 iR B G SR T iR R e W 48 T vk, TR T4 R PRI O VIR AT A 4R,

BTG E S vH VA OO LSS 0, A TR S I TR B (R A A i i
FHIESE), R GEvt52 071 R DU 5 A R S L nT ReME (ER) K0S, gk if DAk 9 i Ste v Sk
FEAI AT ESE 3 (7] oAb UIE 5 BB BN B B8 VR IR AR SR, AREMEIAE n JeiBTE AL

B A B AR T R RN M IR, R TR T s R EANETEA R
SRS OLT IR IR P(s) = p(w) x plwa|wr) x p(wslwiws) X - X plw|wy - - wy—1), FeH, 77
A 0 AN w; RBP4 0 — 1AM wiws - w1 RER. A BRI, AUR AT
[ n— 1 AR —MAVCE, B2 n JniBVE AL i, —ooiEEE A R p (— AN INZIB
HEE— R = p(—A [(bos)) x p(UINZ | —A)x p(EEE | /MZ) x p(— R | 1BE) x p(i | —R). H+,
(bos) NIFUEFF. — MR KA TFRITE p(wiwi—1) FIZAMER: P(wilwi—1) = %

ST W I 44 0 775 B 4 oL S5 M S 22 I S5 MR R AL M 25 28 . AL, 3%
MTCAYE A 22 I 25458 R R e SCAR 2R IR ) JBA ), A R I 48 7 v O S A S AR PR X 4 2 i 5
A28 1) —Fofr, FEK AR B P B BRI BE SR OC R, Bl B R R LU A AN ZB - HUE,
------ 7 ONTR EIRSCARATROR, T SO B AR RN BRI AR 25 L ] 3 BT, AEFR
28 P 8 AR R R 38 ) 7 TR RN, R 2 ¢ X RO w, il — AN SHE RE o, A E—A
B 2= R R E R R by BHATAS, BRX 2R R &

hi == c(Wanay + Whnhe—1 +0),
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FERE EERY: 528 10 M

one kid chases a cat {eos”
A A A A A A
i
!
> h
h, h, h, > h, h 5
4
x, x, x, X, X, X5
<bos> one kid chases a cat

3 TEMREMLEIRG]

Figure 3 Example of a recurrent neural network

Hrp, 755 “=" Lok €N, 0(2) = 1/(1+exp(—2)), Wan, Wan F b RS L. B H AR R AL
e f KA B ST R SR AR, 5 TR H A pR 02 e MR 52 SO 2K : Loss = — 3 wy log yy,
Horr w, FRFESLH) R CANE, v R R BZ R & by TR SCRTE: v, = Softmax(Viyhe + ¢), H
Vi A1 ¢ AR,

AT b3 H 5 e BOE KR TC R SCAS b2 IR R S48, (AR A ] LB B SO T s 52
WE. R AR, 1 SRS R TR R R A, R, A7 R A ] DR B JE AN %
73 B FRUR 1R B B 2 P B= 130 & (1 B K BT i A 45 R

3.5 BAEWMRIERMY

DA E S AL A TE MR — PRI 5 AORERE, 2 i I Fr) 5 22 1) e, AP SE sk =
BRI H 2 BN R RBOCIRETT S0, BAR AT DU IS 4

(1) CARFR A B AR X A FRAE S (A FAVE RN AR Y
SCARHTT), Gt R H G A R 2 BRI BB 1 . 3 g B A ) TR A 2 P AR R I )
R, B H T AN T AFRASCOR B 315 B R IR, BRSSP E R, Se i I R SCA S
— ARG B E RS AR SRR 107 3, ARG R, A7
FERBESHICR.

(2) BERSGh=Z WML, SR L S S 7RI IR T T B AR E 5 A B 2 M 55 O TR RE, (HZ
F AR o e R R A S SOAN R, JCIR AT 46 o B — OB S B ST AT 1R ERAE, B
ok gy ARG BIRRR 5 R A SR Y. XA A B I 45 RO Al 5, [RINHB RS 1A 4 it
AVERERIRE— B 52Tt AR, A SRR B & TR, T DU N —RER A BIZEA G50 B SR A, T840t
AT DA SO AR R 25y, b SR AR A M . L, TE IR P AN B 5 2k T AR R Y B SR, A8
RIT PAZE R B B 4518, RN 45 PSR 3 R RS SOA J B 2 52 1 IX 218 I e iin] IRy
) WAL A B PR A B

(3) BR= B R MRE ). BUE R & — R E S S I R EeE 5, KA “UIZk — Ml /Y
RT3, Tk B R R ZRAEAS 1L SN ZRAOREY, AR — AR 55 Il ZR R At xik LA 3
HAESS h. AR TS S AR S5 #0 / B AL 2640 5 RAE AN B AR A BE 70, R BB 55 7T AR T 22l Zxdir
BRI FE L EE A b2 ST S e AL B0ME B RN B 8 ST RE 0, B AR BT 55 T4 o
>, AEBEHER_E A2 ST AR S AME IE O RIFIR, — DR RGN B Fr 2L AW 2 2T ) g
Pk B 5 A RCR.
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(4) MBI — B ZR B, BUAE S TH ™ SRR T I ZRRE A (0 o AR,
IZRIER R B BT AR 8 5 a5 ANE 5 RIER TR, ROWAFAEF G 5B, R
M P RSFEAS RIS B, JF HLOGETE LA B AT BLSE 2 — N IARE B = 3RaA. i, 5%
SRR XS, AT A “e2 R R m WALy, BB a K735 5F
Bl -skEA KT KR SR BB RE Y i, BIEZ AR WAL, BTty AP iR )
HXR KRB, IX UL 2 A B R AN ELAN FERIAIE A, (R R ER & A 2 R S5 BT R/ MEAR
) R AEAT

4 BSINNMSESHEXLL

BRI LUE H, 18 5 ARIANE 5 T RAUE0E U NS 5 B R AR — 5, A
MIEARTE F B ITHIGR ST AR 10, QR IR FL 2 5 08 BRI SCAS BT, B 5 ARt S AR S iBe. AN A
FRIE, T AR SIEB8 7 R AT S 1R ) R i A AROR DO, 1 35 A T 20 SR < st — it sk
~ B IIL R B BISEIR T B T S TR ORI R - MR — AR S5 IR R T e
(K75, AERTFTIRE L, 8 F AR TC O 1) 45 ) RUFS A (0 SR R, T8 5 T ST SO0 R DRV R
R 7k, 2R 1 B X T P U 3 EE NS, T DU, T E DRI ST AR
FEAR B TORNEFE AR I o 10 2 (8] R AL AT [ 2R, DUt BRI A R D EXT T 5 BRI
WEEAER, A ERWE =2 o Osttar PR 8 S TR AT LE TR Rt ) > R 1
E, RRE R R G A TR B8R, R SCARTR BN TTR N IIRER R &R, EERLIE “E4
T B il AL

EREFOVEFARANE SRS Gk T ERRIBERATHLIE. PhiE 115 5SS 1
RO TERE L2 8. 1 5 AR BT 98 B0 ARG 5 19 Ja M S e el el TR AR
BRI, H A8 i 2 P B A AR R B PR R, SR = AT S BRA) « 4mi HLE R AR LA B
R e, 0 TR SCRRRAE, 16 F SIS B AR TR B 1 8 28 SCGRAELERE, W7 1 HOR 1A B
MZEIRUK, FAID AL 1 — B ARA, (H i T HOR B RYBR M, 3 CVE KGR0 3% 8 0K B I B i
KRR ZETEZ, BT T8 SUE B KRR 2 R B AT 507 AR B R, [FRER, TH
T SRR TU IR AU B R i S B B 2R, AR AT RS T X AR ORI AT, s S
SRR IR A 25 B8 AR NI AR 55 RO TR RE, 10 200 1A ) vl AR AN SRR S ek IR, A0 —
AR NFEER “BE T, S TR ARME R A8 = B A

N PR R R OB, i R R Bk, A2 NIRRNE (BER) RAE L, Wang 55 [129)
WEFE T Sl G CAE R AR AL, AT I Ay i P R A R RNV R R 2R (BT iR Ge v Sl ia]
TEROR AL T35 SCRMAE AR ), U 1 PR O il G S R AE A S R e — PSR e 20 31
YA G RAL 2 LA 5l B R SCRIBORERIR Y, B il SURHIERFROR ). el af RK
W, PR R (3Rl VR AR R R A L T 35 PR RN, AN R R TR il SRR s 5 13
I RE I XA G, T3 T 1 SCRAIE i A VE2os B0 SRR RIS =, 5 K 2 A X
ARG, BRI, AT A i G AR VAR R AR AR S0y R X, I EL A R R R 45 652 IXAMF 7 4
7 IR 4 el i G ARV RV SCAE 2 AT B[R I AL 35 T8 5 2 A SURFAE. 1068 T — 25 A R B A v
FARR R HRX AN T, RIE B R AR E. THENR S B TR
I35 2 A ) Y AE I R A LA SCAERE, PRSI . B, <R SRR, R ORI R e e
TCREAT ifi? XML IO BIAER T A5 B7 R e MAF AT A R R T EATH AR R AT
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T E R A5 R

%52 % 510 W

Table 1

x1

EEAHMES HESENEEN R, &

Main concepts in language cognition and language computation areas

Language cognition

Language computation

Language processing unit

Language is organized according to
different levels of structure
(such as morphemes, words,

phrases, sentences, discourses),
with different levels of information

(phonetic, grammatical, semantic.)

Word is generally used as
the basic unit,
and they are integrated
through language models

such as neural networks.

Word representation

The neurons or neural networks
related to the word are activated.
It is generally believed that
the neural representations of
multiple words can be

activated at the same time.

Encoding words into a form
that can be processed by computers
(such as symbols, vectors,

matrices, graphs.)

Word form analysis

Morphology information encoding

Remove the affix to get

the root (plays — play)
or transform the complex form of
the word into the most basic form

(are — be).

Information integration

The process of assigning syntactic
structure and semantics to

the corresponding input words

Analyze the semantic and syntactic
information and their relationships,
then combine word representations to
form the representation of
sentences and discourses through

a composition function.

Multimodal information

World knowledge (common sense)
and language understanding scenarios
can affect language processing,
which may involve the interaction of
brain language networks with

sensory and motor networks.

Associate language symbols with

other modality information

Task effect

Language comprehension is regulated by
cognitive functions—
if cognitive functions such as
attention and working memory
are adjusted through experimental tasks,
cognitive neural processing of language

will be affected.

The parameters of the computational
language model are determined
by the objective function—
once the objective function of
the task changes, the parameters
of the computational language model

will change accordingly.

A7 b3 T I 5 AT DAL R R A i RV R s AR A SR
R, 8 5 TSR A S i iV S, AR IRl 2o 9 2 FEAS T ) SR P, S fv 8 D )
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EAOME: EFAMSIEF I —— NS0 S B

RAGIGFENCAE S XA H R AETHEHURT DL ot A B 5 75 5, AT e i I 5 4E55. &
SR AE AN AT AR 1A ) AL RS AR T AR R e il SRS+ 2, (B RIF B niE 5 A
EFERAE, X6 T R e 2 B VA X — ) R B B R s, IR R A B T AR, A
FHHR L5 A A3 L )3 SC ] AR N AT A it TSR i b 1 A A (5 B AT 1 TRl
VESBOLAE T IS 80 BRI, XM S FE 2 75t ] DUARRE N BO1E 35 A BT T SRR g
ARSI T8 5 AR AN, i P 75 AT B (AR BRAR Y 25— R BT B TR K
IBAT WL 1] L.

g b, B E FIANE 5 TR E SO E T LA R AE T AR, IRk, 2 E AP
322 5 R LAOA U5 s R (0 R 7 AL, il dn, N RAETE 5 BEAR AR T, A A i R R E i &
AT AR R g, 1 B ER . TARCIZSE AR D RE A L~ xhE 5 gahdid fE k1T /1%, A
B, W E AR — AN A R AR HMRIASERE R, H A — BOOR T 5 — [ % B b 25 2R
TR SR AT LA 3 NN Eh A AL, BN NICTZ  VE 0 SR 18 3T 115 5 THER, IX R
R VF A A BIE LB RIR, R ZIER R 57— Mgatdh. 3, SRR Y, fEHLaE 5 B
FEAR, I A R AR s BES NEIE R on I R R A R AL & 07 30 XM B B 3h 22 2] BIRiE S 4
RO AT DA 507 S0 NSRS R RORT FUaR it — L3 i) R Bk P B as A 2 8
PESTESS 5 F1 6 T 4.

5 INHMS5IHENRME

AR, BR R 2 BT FEN ST AR BB R AT SRR 2 U AT 52 SO RS, R A48
T IANE 5 T 5080 T3 A AN A A 2% A

5.1 FMAEBESHEREES AR

MEEESR, ORI (B TN BOT A5 BhiE 5 tHE575, 18 B IR SO I SRS RIAR A T BT L N ik 1
BRI, XTI SRS A BA A R AR R R T AR SR, BE T, AT R T A
fegt i iy, AT HORE S N T ER N B T BRI 0. BARORUE, IXRTPERERIL . AT
B e B AR TR Sh B, SRR I 5 T SR g A S, A M 4 5 ) O RSOTT TR
PRI T BN T 2 2R TV ) S A

TE R G ] FEAE AR 28 S ) /L, 2008 4 Mitchell 55 B4 7E Science &R ICE, MATRIMATE
[5¢) 52 44 18] IS ) EMIRT H5cdfs 7T DA SRS S A 1V S v U A 2. HAARCR G, TR AR 1 il B
B 60 MR (B 7 + 1EES0AR) I IMRI 8, 7E8E 507 AR E b 7 ) 15X 60 A
A H 25 S5 RGIZ SRR IS (40, B WU Ui 125E) IR, IS R4 Y 25 48R
IR, ARG B A8 XIIE (leave-two-out cross validation) 77 A ZRIX LeR 7R ] &= 1M fMRI
Helfe i I AR —— RS SRR 2 T 2 ASIAIRVE Y MR $dfs, JEAIECSER IMRI Hodfa it
1755 LA E AR e il 6. 45 AR BH, [RIABEAL G MRT 045 b 4 i Brids R s i AR g KT
BEALE A 73 B, B 1 IRl R AR AU EMIRT 50408 - 1) 4776 B4 B AT 0000 69 5 2R, DA A R AL
ATl SO S AU I B SR k. XA TAR AR 1 DA A Bl i v SO 18] (56 LR S & R AL
I8, ThRE T AT AR TE BNl & 0 s AR aag ik, Rk T TR SRR 2 ORI FE T A

53— MR LAER 2016 4F Huth 55 B9 KRAE Nature BFISCE, AR FHTE 5 1SS N
ST LT FUAS R PR SA5 S22 ] A2 R 2E AT B . BARORAE, A ATIRER T gl i 2 42/
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FERE EERY: 528 10 M

B A (JREHE 10470 ADNASE R ) B MR B, 7EiERHE R T 985 AN A 3=
TR EEACAE AN R A SRV, g W AR RS SO th G il e ] VAT 985 AN FEATRIC 3L
AR RSB RAAE ©—> 985 41, SRS ARATIIZRIE B A BRAE 1S 985 Ak ia] L ) & TR
fMRI F04f AR R, o, BRI AR <085 x RN KIS EUEFERA 985 AMiE R
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Figure 4 (Color online) Schematic diagram of the cognitive experiment for natural language understanding driven by
computational theory
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=  Machine translation

=  Working mechanisms of neurons
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Brain activation and behavior data .
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Brain activation data Language computational model

5 (MERFE) ARAMIIEER XMNESIHEERREE
Figure 5 (Color online) Schematic diagram of a language computational model inspired by the cognitive function of the
human brain
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Abstract Language understanding is the key scientific issue in cognitive science and computer science. However,
the two disciplines are quite different in selecting specific research questions. Research in cognitive science focuses
on analyzing the working mechanism of the brain and describing its response to language, while only a few research
studies investigate the brain’s language system as a whole. In contrast, computer scientists focus on the efficiency
of practical applications when choosing research questions and often ignore essential laws of language. Thus, the
research question becomes: “Can we combine these two disciplines to develop new insights into building intelligent
language models and studying cognitive mechanisms?” This paper first reviews the research question, history, and
methods of language understanding in cognitive science and computer science, focusing on the current research
status and challenges. Then, it compares the commonalities and differences in language understanding between
the two fields. Finally, it analyzes the existing work that combines the insights from language cognition and
computation and prospects the future development trend.

Keywords language cognition, language computation, human language understanding, machine language un-
derstanding, interdisciplinary research
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