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Abstract: This paper briefly explains the language processing mechanisms, mathematical foundations and theoretical
implications of ChatGPT and other modern large language models. Firstly, it demonstrates the performance of large
language models in semantic understanding and common sense reasoning by testing ChatGPT’ s understanding of
ambiguous sentences. Secondly, it introduces the transformer, which is equipped with what is referred to as multi-
headed attention (MHA) and functions as a novel module of these large language models. Additionally, it presents
word embedding and real-valued vector representations based on distribution at semantics, as well as the role of word
vectors in language processing and analogical reasoning. Thirdly, it details how transformers successfully predict the
next word and generate appropriate texts by tracing and passing on syntactic and semantic relationship information
between words through multi-headed attention (MHA) and feed forward network (FFN). Finally, it provides an
overview of the training methods of large language models and shows how they use the method of “recreating a
language” to help us re-assure relevant design features (including: distributivity and predictability) of human natural
languages and to inspire us to re-examine various syntactic, semantic theories that have been developed and

formulated so far.
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1.5l 5: THRERNIESIEAENKIER

KE T REARAIE, ChatGPT S5 B KA IE 75 1 (large language models, LLMs) 7F 15 75 B 5/
BTSSR AR (B, R TR ETn AR =0, IERHLEI A& 5 . B4, ChatGPT 4§1#
B R AL B IR B 2R B AL AL 7 REAN BB F—Fhih 5 2 L R 3R 1) O ke T P b i R —
T 7 REARI X AR E S A FEHLHIAEE 5 2 e WA A& L7 W2 E S % TEE (B
FEAF 5 A RO ) EL 28— P8 1) 19X A T3l X Py ) A

AR SRR G 235 A R 1 SCHR I 152 RV 1) & b R, SR A28 Fl Rl i sl i, o 77 (8, &
K LR TP FEM AN D T s (— ) T 43T A inl ] 2 s MO LUHERR N RE, () 2 T 50
AR T 7 RS 183 g ML R T 5 0 265 108 T AR RIL B

2. ChatGPT HiE X B fE 5 B IR HEE K FHI7R

AT — A F PR, REEA XMW T, S BT AR 2 BN A : ChatGPT 118 LA Al
HORHESL S L, A AR e an, AR RIS AT 5 (19 19145 (anaphora) BSR4 7
X [ 5 ML Al A VR Y L 3 SR TR AR, IR RS A Z 7 XA AR A e B
KIFAAEGHE, TRIRE WS 4t 5882 (FEULIRZUM 1995: 227-253){H )&, ChatGPT I AJ L)
TEIFA P28 A 2 O BS B A 0L T, AR — ST R — 4, BES LU ABERG M R Un A AR 5
AT, 15 AR 09 B 09 48 BRSO O B, 8 BR A% 1WA s Rl s B g B ER o O D 22 AR
2024a, b) b, B (1)-(3) 2 FATHIZE A 5 4845 X (Winograd Schema, WS) 411, Xt £ #E 17
Ao T

(1) a. Pete envies Martin because he is very successful.

Q: Does he refer to Pete?

Q: Does he refer to Martin?

ChatGPT: In this sentence, “he” most likely refers to Martin. The phrase “Pete envies Martin
because he is very successful” indicates that the reason for Pete’s envy is the other person’s success,
suggesting that “he” is referring to Martin.

So: Q: Does “he” refer to Pete? No.

Q: Does “he” refer to Martin? Yes.

b. Pete envies Martin because he is very unsuccessful.

Q: Does he refer to Pete?

Q: Does he refer to Martin?

ChatGPT: In this sentence, “he” most likely refers to Pete. The phrase “Pete envies Martin
because he is very unsuccessful” suggests that despite his lack of success, Pete is envious of Martin, which
could be for various reasons not stated in the sentence.

So: Q: Does “he” refer to Pete? Yes.

Q: Does “he” refer to Martin? No.

O Ff1Z% T Levesque et al. (2012)Fl Bernard and Han (2020 ) 25 SCHR X T4k bAs s A 6 (1551



A] UL, ChatGPT REEFIH “envy” BUIE L (A EE A CUAEABE . Z25 . M7 | 35838 55 Uy ThT RS N —F
I, AHJR A IR F, BT LANC AR IRAZ ) BOAH DG TR B0 AT 68 0I5 190 2 AN G A8 A 68 B g A
RECAR, et i BN “(un) successful” (JEBE N Pete i JE: 4 i & Marting MM T H TH 4 C i) “he”
T FRIEL S, If HIA REME 1A A A2 3K R AR 38 o

T, TATHKE —T ChatGPT XFHI 5 1 IUE )T 1 B g

(a. hrLa R L Ea, HALFTEER EGF BARKE T

BIAE AAG Y JIERBT? I RKRERS, EREERS?

ChatGPT: £ 8 F a ¥, “tb” RizAge9 2%, FEXZH T, AFHELABAIREK
ARG B TR EAR AR RB B LT A, RIFER S, MAAKR,

b.RERAENEET, HREAETRBZHR EWGF, BARKET,

P, M AE Y SR KET? /R K, LRI E KA

ChatGPT: £8 F b ¥, “W” Rz -4 %, e k&T., O FHELRAR NG KL,
A EIRE G, ARAE B EMR T, T, AR RE, M RRAR S,

Al UL, ChatGPT AN BB AR 7 18] “J5 1~ 0= 5L, B e OB 250 “CR) &7 i “CROE” 1y
B, PR E SRS BB B SG H, BN O T AR S AL E TS RE AP B R 1 R
N, 75 DAZE A ) 3 R 1L, R DT 2 XIS A o A5 R, e R 3 A g e AN AR 3] “f”
IR FE AR Lo A TR B R AR A EA LR 5C T i Rk 0918 5 A, FRATTEH] (2) S
JCT T 1 E A1), R A ChatGPT:

BGaGrLaRbEnmn, LAEFHERENGF BARKS T,

AR AL HE? /RS T? I AKRERS, ERAPERG?

ChatGPT: 28 Fa ¥, "W"RiZIEWRGTE. bZXZ T, o FTHEDLRIPMEM TR ESR
B EB, LR EDNERENF BAKS T, A G ERES, I RAER S,

b AL AN EE®, Lk FFEREGF, BARKET,

B A JHERET? /I RAKRERE, TR R KEE?

ChatGPT: £ & F b ¥, “t” Rizfge9 &, FERET, 9FHZLRAPERTLAE
ARE S @, AR ZHR LT AANEKRET ., T, RAEERE, A% T,

ALUL, XTI R SOB AR Al R 1 19 75 8 323K, ChatGPT #FAEHE AT IEBA 1 SURFEE; I
H., BB GE R 7 (L A AR = 2 B 15 T G 34 1 R, A AR 0] mT BB A8 FRIsE S .

RESR ChatGPT 45 AAR YA 4Ntk 5 K W1 542 FHRE 1. T DL b A e i b AR A2 09 A AR R 5, OF
A B A 1 A SR 35 15 I SCAS s B4, 2 R R B ] SR 2 RT3 A TR 2 G ] A 381 3 —
RUEWE? R, FRATIEMGE T 2E 0 AR A G S ORBIRL TAENLE

I

s

3. E T ERMESEB MR
MHA i, ChatGPT &5 KA AR —FiF 5 ## (language model, LM) ., FTigiE 5 AL $50 A
K HARTE S IS iAo, Sl U, SR B AR ORFoR BARE S . e, R A i
WVEAEE 5 U — 1 HIZE & A ARG, FEHE S AU (rewriting rules) e L A]F. il
W (FE W Chomsky 1957: 26—48):
(4)Z: Sentence:
(i) Sentence — NP + VP
(ii)) NP> T+N



(i) VP — Verb + NP
(iv) T — the

(v) N — man, ball, etc
(vi) Verb — hit, took, etc

X AT DLA AR T 77 A2 3 (production ) AL ) 2 1 25 441151 (phrase structure grammar) K25 A
K AR T BB (modeling) o {HJ2, BRI TR 9 7 S O B ey, HLAS Joik 2R P, 2&
AR, TR AERCF AL L R ok S8

HHORF], THEMURNE SR FE TG R 508, R A58 B K5 & h B — Mg By rl g
P, B3 4ii (probability distribution) o FAK Iy 2 HE XA T BOMEA S5, Ak by 28 B 1) 2%
AT A BRME SRR G AR B BRIV ER 4R A — AR 3] v A g — 1 9 AR (SRR 30 ) AR e, 75 30
CIERIOL 2 S ZY NS /N Wy B

(5)P(W)=P(w,, W,, ..., W) =P(w,) P(w, | w,) P(w; | w,w,)...P(W,, | W,W,... W)

AR IR R R AR AN BEH Wi ) 2 A B 1, (HU AT DARRAE 45 8 — 4] I i T i) B
(previous words) B, IR AT T — A0 B BB E— MR EER . b, EEAR AP P(w, |
wiw,), BRI 38 2k 0 — i RIS ) BCSE SCAR B Ge vt AT DA RR I R AR wow, 8 b A R N3
S R R B R 7E wy (O 1 LA % PSR, Ge it I ek A o 4 A ) £ H 0N R 0 A A0
B, RFPIHRITE IR S S o AR T (4) X R L TS A5 A TR A I TE LR, (5) NS
BT 1A% (word grammar) B, n-JG 15 1% (n-tuple grammar, n-grams ) 1915 5 #58

T PG T LR ChatGPT XA 44 PR L. AT Chat, Ui BHICOZ— & E TR N T4 6E
At 1A+ GPT 2 —MAj R, 2 FRE Generative Pre-trained Transformer(4E iz % e es ).
O e e%” (Transformer) 8 — PP HAT R AT A AT TR RE 1 0 2 J2 0 #2828, T LA B 511 4
P (AN SCAS | 153 BURAE), B WS TE 5 AR SERTZH 4. 40 8% — b R 4 i 45 (encoder) i1 i
fih £ (decoder) WA~ 43 2H WL, FiT 4 FH LA A A (14 7 91 B8 08 e 488 kg — i 4 B2 AH W] 9 4 1E 3R (feature
representation ) ; R —Ff ML A(BERCHR 2S (hidden state) 19 ] & 36 7, ‘B 0T LURTHE BRI RR AR FIAS 2 )5
HFHDIARYE SR B 25 (0% A A B RIRES, 2B i i B O 58 BUA AT 55

DLBHIEAT 55 01, gt 25 0 AR RIS 5 10 a) o ARG 28 AT DL — IR Mk b B ), B
g HAe—A— A i, 2N, B IR (auto-regressive) AL HEEARYE H C (R E & W H
KA IRE ) T [ O O 1 B S0 b o i 1) i ) o ARt 2 LA SR T R 2] 1) — SR 55 1 A Sk b B ikt 21
B4 A, —/ 1 (token ) —1~38) 5 Ml [a] 45 5 % (shifted right) o R, 76 BHIFRAT 55+, ) 45 5% B 4
()& YR ECHE R 55 % N ) B AR 5 1 — > — A 1 A e B i i 1y o XA TAEI Y, A1 25
i BOZIFAT B, AE T B B SR AT Y . B A2l “Hi Adk A7 (input embedding ) $1235) 5] 4 % 1 43
X FoR B &, RS O E SRS (positional encoding ) A 2 it A — A~ TR 9 (57 B A5 L TR M iy
ABANCEAGE, 4558 “Sme N7 F “Awe ™ A Xl . AR5, 8 23k 0 & 1 PLH] (multi-
headed attention, MHA ) $2& B a1 5] 5 1] 5] 22 [B] (9 A 5P . 482 F Ok, alad “SR 1A —" (Add & Norm) i
1 “BR 2 %4 (residual connection) Al “UH—1£” (normalization) . B #5 AT JL)Z (14 iy A % H2 5 2 11
2, Biiak “BREETE R (gradient vanishing); J& #4530 12 7 3 sl A0 BUOHE 1) 22 5%, DACRIIE I 28 (1943 200
SR, I “HT 47 (feed forward network, FFN, —FhFIL S 1] ij 1% 36 320474 P 2 6 A0 326 422 11 )
25), Bl 2 S SR R . GRS UG RS A A BRI A% o i 28 B AL g I a5 R 2L, H

©@  ETIET AR HAEM n TTiEEE (n-grams ), TEWLZERZE(2018), 46 45-50 11,



2 TR 2K TR AL

FER AR B () LA SRS A B I HLE MHA. (3£ UL Vaswani et al. 2017). £ZLiEE T
BLHI R4 28 A% 0, B AT Ak il SR8 G i i A sl o 508 rh e o 2 sl e AR DGR 43, IF BB 4k
P 22 ] A BB AR O 2R, DA T 44t v S 78 ) A R0 A B8 7, DA e A B A % (R URT H AR E T -
— AR AR A A S5 4 AR A 15 B B 1 HL ] (scaled dot-product attention ), {H &
HEMS IS

SR, ChatGPT HAT RS &%, AT il o IXHE, T R BRAR I8 Z 1 AR B % Flcds ke w ~ — 1~ %%
P, A BE R B 25 fE A AN B P 91 . IR, 3X & —Fh A 1 E (autoregressive) 15 7 AL AL, &1 15
“HE 7 (Generative) 48 — R ER “H0 51 X %97 (discriminative) A8 X% 1 1L #5 2% 2J (machine learning)
TR, Ji5 25 38 2k TR — A PSR i AR AR K] 43 20 6 1 2, T A 38 A A ) A S i i B, Ak
BT ZHAEA B B A A5 B, 1T LA SR A BOREAS, BIF A& T T (R 0L Microstrong 2020) » A2 Al
T T ARy S A SR SR AR A T R P ), AR S A AR ke U 2 T R R T e s B IR . 1B
T “TNZRRY” (pre-trained) AT “THYIZR” (pre-train), 5 3k T R AUE B EXHE SR A G TR —I
9k, AT BRI SO U35 (n: e, ) f2E . SCRAMESS), S8 LIRS, FRAR 3 1 H
Gy SR AL 55 19 RS B0, %) 5 B84 47300 (Fine-Tuning, FT)

SCHk PR, GPT X R R TE S ARy “OF 5 ) KBIAY” “RAE FRIRY | s “B R
W E R RO Pl 5 SR A S R A X 5 4%, B 2 R G T AU B R P 2R I 4%, T
SRR Z . N, AE R ChatGPT FE6ili ) GPT-3 4 1750 42484, TS T8 WK A ) Sl 2t ke 245 1 o 28 Do 4%
B 1750 ACAPRATT 55 2 (0] 1% 42 S HAE (weight) o (HE, NBCE: LR, AMEIBFRZ A8
7%, AT IR —A R, AT UM s R “F (x) =7 IXAERY R Ebdn, B x pY e R 9l
I, y MBUEREIER 5 B4, £ 3XA BREUIE — MESE BB riE SRR, 9K, KNG
R E A ERH SRR 20,

BT ) R R S AR ROR RS R SR, PO R T — T e el ) A

4. BN FFRIENEAEXHRART

T T A5 AT B (arbitrariness ) 3 % i 29, 18] A 20T AN i S it 1] (9 20, AR AN E S A
R FR) i) 76 2 X W ) S A T o Fe i, FRATTAE B M7 TR LG AR B AT CURT G, CEDT R
M SR TN “557 3. IR, FRATEE AKX s CE SR 7 A A — R T4 ) fiy
TA)E 22 (A5 AR I B0 SRR TS FR I8 (referential theory ) 1737, B4 118 F st & & F
FEFR S5 a5 T — 0, T A SO R BT PR A S = ] B0 6 2R R R
NATTAT DA 1) A SR B e 2 [E] B AR RU: , SR AR A5 A DG TRlE Z [ AR PR A IR . HR, X Fhs
1 X 2% (denotational semantics) Z T BTAIR, A28 5 b T B4R (9 il i 1) 15 =2 0] 38 SCRR UM A I
o M, WRR ) Wittgenstein (1958) i 538 (use theory) B 573, IB 4 “HIR B LR EEIES
g FH 708k % 14 Firth (1957) 57 3419 : “You should know a word by the company it keeps!”
CULHCAR, 1 H: 725 ) o @ik b 00 A5 38 i 416 55 3 35 2 O 8 25 32 “words that used and occur in the same
contexts tend to purport similar meanings” (# F T A0 - BLAEAH [6]_EF SCH A i) A 38 I AR A =

XA i AR UL, 32 SR 2 0 (2023)

TRILIRZUM(1995) 55 1 7. #5FKi, 5 5-16 T,

TRILIRZIM (1995)55 6 Bt Flvkit, 4 83-85 T,

R IR IIETE: “a man is known by the company he keeps” CIILAR, Z1HA) .
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SO) D3 S5 S R A3 A 1 X2 (distributional semantics ) F %0 JEAR

AR, XA OB T U GE 1T X 2 (statistical semantics) [ 366, 1 L2555 TE 1%
] YERAE B A RIS 2 () U SORRRLA: A i s 3 A o) el o A o %) SCAS 1 R 43K (topical regions,
Qi A /AN FRER TR, ) S MAA SRR R . BRI SHES) ARG LR
(e e R L T IE B R, 55 ) S5 HARYERE T A AR, B0 AN [ 2851 i 1) i A o SCHE
& byl IF 5, BB — A 2 48 (B m 4ERE ) B9 & %5 (] (meaning space), 55 15 & 2# I FRIE
Z3 [6] (linguistic feature space) .

TR A [ A SO B P RE S, FRATTSETT LR 2R 8 57 Ak bR 2R (coordinate system) 737k, ok
ffy R A [R] (A TR) 18 A s S ] A B 7 B S A 7R o\l L, BT Al A (word embedding) B /&
R A5 18] 1 78 B R S s [8) o 67 B T8 IR — 807 (— O AL, Ok 2 SC5 E (i) AR
(9 37 T E RO b AR o 3R R T 3 i AP T i 2R B S L O R T 9 B SCRUTE (4 )
KE A, TAUH 4ok =on; R GE S EMAETEHILA L 2L TFAENMES R T2, 5
AT Y 1) A — KRB (%R ) o e, 2013 4F Google & Al T word2vec 1 5 B & 300 £
4. Google 5T B BA 4381 T M\ Google it ] H it 42 150 s SCAY, 8 WIS B3 o ) F 11 B AZEAH
IR AT, St 2RISR, LR 2 I 2% 2 2 8 ) al s SCREBLG BRam) Cln 487 L “F” Fn “e 4™
S ) B AE ) s (A AR B . HL AN, word2vec HEIEIE FLIR] “cat” (i) R M AE 300 ANHERE [HR
{19 300 4~ % 5 9 %% 41 -2[0.0074, 0.0030, —0.0105, 0.0742, 0.0765, —0.0011, 0.0265, 0.0106, ...,
0.0002].

(EAF— PRI, B BUACE 5 B RS A 9 O, LT FH ) ) ) o 9 4 B Bk i 22, DUAE 3R
FEN A AN AE B . F A, OpenAl 7 2018 4E & Aii (19 GPT-1, i1 T 768 4 11l [ 5 HA%
s A 12 )2 W%, ST i Z B B HEAE SECR 117424 JUAS A DU & A i GPT-2, H
T KRIAPA 1, 600 AR [a] &5 AL IRA 48 EM A ML, P47 i 2 0] i A E 2505 15
24> 2020 4 &A1 GPT-3 HA 12, 288 ZEin] ) it ; HALHRERA 96 |2 4K, il 2815 sl 2Z (8] 1Y
HEHANESHCA 1, 7504240 Xk, 18 5 BIRURN{LRE I X 43 [F] & 18] (U0 “bank™ ) B AN ] 2 L (447
vs.JAT B, T FLAEAS (X 51 £ SCiA] (U “magazine” ) (S [l 2 X (24t vs. 2ozt ) @

T o3 At SCEE R IRE 1 TE SCs 0], AN BRI S Bein) v 2E A 2 S5 T W SR B i, 1 HL, i
B S WA [7] 1) 288 1) 1) 18 8 4 i P 25 1R TP A 067 B 0C 385 e Il 1 S5 ) v A DG ] i 22 (] ) it £
AT B9 15 86 5% 2 (parallel transport), FJ LA 2 21 — 2 - 17 ok B S0 B b 48 75 o g (1 L
Wolfram 2023),

TXRE, S BRI 7 5 4 0 T8 SC2s [a] A 0 A A7 B 4] [ i, AN AT DA 31 30 2 A 7 sl o)
S HOTE SR AR, 1 LS AT LIRS T 1] & B ez AT RIE B R e R TR, EL U, Google WF5T A1 BA
FH “biggest” (B KB By ]k 25 “big” (KA B ] i, FN_L “small” (/NEY) B 1] o, 4521 B4 ] e Fe
BT F “smallest” (F/NAY) RO &, FA)iE v, “biggest” AY A &I “big” WM &, 152/ =L T
e “eest” W] B gk “eest” MR EIN L “small” {9 1], 25 R H AR R RAT T “smallest” A9
Mt A, iR “man” 5 “woman” FE{LT “king” Fl “queen” , #E4T [l fis B, AT LA2E 2 1]

@ B W Harris (1954), 3¢ F 43 4i i X 2%, ¥ WL Distributional semantics, WikiPedia, https://en.wikipedia.org/wiki/
Distributional semantics,

1L Word embedding, WikiPedia, https://en.wikipedia.org/w/index.php?title=Word_embedding&oldid=1170647139,

©@ PRI Lee and Trott (2023 ) K HA SUHIEAR

PEIL Lee and Trott (2023) & H A U IFAS



fe, M H AT RAES “EBH 37 XM (“king” 1Y 17 fE 98 2 “man” (14 [8] = “queen” Y i) 9 2

“woman” f il = “royal” I ) o T2, ATLAM “ERRENT 5 “EREE” LT “RIENT MK
7B, e “EATX M MRS RETELT WA EET B, s
CEER XM N ORIERERT 5 AR T ORRTRER” A RTRERY” I, fay RORART
X M “mice” 55 “mouse” ZE{BL T “dollars” I “dollar” |, % 2x “FHOER" X &, Mz,
Ak T 2 I O T R O R O BRI BB ) — AR AT A Sl

5. BiRSRE S B S WA AT IR iR T A 2

bSO, ChatGPT FYHTH GPT-3 B YR 85 A7 96 J2 P48 [ 2% Hovh i — 2 P2 — 1%
Wi, FOHEZ— FR A L A SCAS AR XS B 0 ) s AR A O B, B — 2 AR 1R SO BRI
L, T BV T A DG B SCEUROR ) T 1) R S, LR S G b RO T — T RR S BRI . e, fBROE
i A\ SCA S “John wants his bank to cash the” (25 AH bl (AR AT S0 B ) o 3 2L L] 3 SE Bk R m hy
word2vec XU Y [ &, JFAL 3% 255 — A e i X4 a8 vl REAR IS R SUE L, B 7E “wants” il
“cash” #RI& Bl i0]; SR 5 B 2338 b 8 o] i) 15t 00 77 SORAEARIX — 15 5 o X0 ] B FR A “Feoi
ARA” (hidden states), F-A% 3% BI5E AN S ds . X5 AN AT BEASIN T 50 SN R) B TR SOfF
B, R BB “bank” FRARTT, MIAEAEI A 3 H, “his” M5 56471 “John” o F5&, B/54T 5
— I BRECIR A ) o IR ) S R R B R 2 i 2E S B T A (R R . A WESE S, GPT-3 Bl
YT JLJZ e V8 T B ) 1 AT, JT ok b SCis B SCRIAL J5 TLZ WSO T B S Beig 1Y e
JEUAE B, B seA AP | AR . BRI R A EOC R YR R DRI AL E L A B RS
o M 184 R 1k, PR A WA T4 TS 5 RBALR B IR B X (5 By, R
EWT: BEALTE &2 Bl 22 N 26 2 ) 45 126 15 U2, 0 A0 ok 6 e B R 285 T A S 9

REF VB —TF, GPT-3 B freoii WA BAT 12, 288 ANk B2 B4y 1) i b5 it U, 45— i)
HOH— LT 12, 288 MEUCFRECT AN TR TR . T, B— D0 BRSO FA S5 B ARS 5]
Tadsk, JF BT RS TR 28 R S IORMB i, SRR, NI T RBERLXT TR A A (L dE R S
T TN IR AR ) SCAS ) 0 SR B, T ELRE T I £ 1 B JE — R R — A TR AR B B
AR, st BT T — A~ i) .

N, AT RFE — T AR N TARNRE O . S dn e SR i A BT By B> )
() BRI AS I, A A B e D TEVE R 1 TR v, P28 I 48 S 70 g — 1) 1) Jo] L A L8,
AR A AT SO L AR B AR . 2)AERTIRE R T, s g & “CBET AN fE
ATEE R PR R RAE S, IF B 22— 5m] . o 1 EDW, K0T LI I PLE A
Y 2 B ) 2 1] Y — b % 45 IR 55 (matchmaking service) . i 28 W 4% Sy 45 — 4> 1) #0 1% B —= > ] &
(A4 F =3k A A 2 ). — N A1) 7] £ (query vector), 314 1% ia] BIF 3-3% AY 1115 AU ARAE ; — AN e 1)
1t (key vector), iR 118 A & BYFFIE; A — A2 (H [ 5 (value vector), BT 22 7 INAUS B3] )
oo PR O £ 3 o I A ) o R R A 0 ) St AT L GRELE TR SRR, SRR B A AR U Y B
i, — HARBIVCEC AT H , fh 28 X 26 G A 7 Az S 1o 2 1) 53] 09 015 B, A% 388 317 A6 A i 1] &2 (1) B
il Fbln, 7EACPE AT SCHE B A9 4] F “John wants his bank to cash the” B, 7 #2% P35 A9 I i #EAR mT

@ X—INE, HEIL Wolfram (2023) il Lee and Trott (2023) XA SCIRIFAR . HAM, KT word2vee Flia)m i fia 5., ¥
TLEERAR(2022)82, % TF[h) 125 (vector calculation), 3L Mikolov, et al. (2013) .
©@ XA, EEARYE Lee and Trott (2023) M HA 3w,
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AE R IXFERY: “his” YA ] 1 W] RE R S SR B MR 4437, T “John” fY B ) 4 AT
RESFRN B — R B R A o PSS IR TP DD, TR A “Tohn” Y] A
5 B4 “his” M & .

WE QN AT, BN ER R 2 “ER KT o XS LR B A il R T DL AR B
— 2 LS 2T T, IF B — N E R T k& B T A F A5 A it 4 IR I, D
BT 48 56 25 A RFRAT IR R B 22 IR, T BRI G A ORI N “Joe” A “Biden” %5 JLAN #Lii]
PR R, WA S 1k 4% 58 A 44 524K (named entity) o BEIXKE, —/NT 12 L HIBRESS
BN T =2 — A EE kB A . S5, B AT TS AR m B s 2 A R Sk
RET VMG —T, GPT-3 WESRMUAA 96 12, B— 2 96 N EE J1k; R, H— ki~ —4
A, GPT-3 K447 9, 216 ANEE S #R1E.

A HLA Redwood Research 245K Wang, et al. (2022) /28, i 1#F58 T ChatGPT [ Hij
5 GPT-2 [ERETI T — N Himagad 2 . A1 & BE, %FF “When Mary and John went to the store, John
gave a drink to” (3T A1 2958 iE A R DUJG , 29848 —ARIRORHG T ) XA BETE , A = Fh 2R 0 1
F13% R B X R — A~ BE] “Mary” FE T 5TEk: DATIRRZ R “ZFkF2 55357 (Name Move Heads)
() =R TSk, 045 BN “Mary” 1) 5 5 1 24505 10 AR “to” 19 ) 5 2) T TFR 20 “F B
il 3k” (Subject Inhibition Heads) i PUAVEE Sy 3k, BATARICE T8 —A4> “John” (11 &, BH 1L £ FR 8 5))
LA HIE F 1B “John” X424 775 3)MATIFR 2 A “& il i3k (Duplicate Token Heads ) 1) 4™ {4
J13k, BATEEE A “Tohn” Ay [ B ARIC M EE —A “Tohn” [ 1] 2 1Y 2 1 B A, 5 B =18 30 41 =k s
ARz “Tohn” o 33X PR R TSk DI fE, AT i X GPT-2 13133 R kA 7 34 2P 3 )
WP LAY . X =R LA VR, 15 GPT-2 Fth & M Rt P “Mary” JEIEFIAI T
— AN, WA UL, X LA R ) Skl 15 GPT-2 RENE Hifi# “John gave a drink to Mary” J&A & X7,
1M “John gave a drink to John” Z¥A B LW . Mk, i TEFR Tk Kik 25 TR SC, KM
S AN ART P RN IE 3 R B TSk o ik DN T e ke B2 5 A RE GPT S5 A RS SRR T4
BL, B — A TE He B R i TR, AR AT B A ] 52 1. ©

TEAN bSO, 7R VR ) 3k 5 2 AR AR B LUG, B M 4g 2 BT A i O

3 5 WL g N A D 5 5 ] 1 = N R T el 21 B & S Vol (= SO (E DT 1170 e/ VAR VS S A

1], JF HAT LA ) 2 A 3 300 Sk S AR {5 8 o Wit J2 A 48 oo 2 T H A H i A IACRD 1 £k
PR ATIZEZ T LA K, SRR B A KA ES .t b J2A 12, 288 A2 o0 Gt i AR L Y
12, 288 Hiinl[nl ), BUZA 49, 152 LT, B AEMZITH 12, 288 ANt AME (A4
JCAT 12,288 MALESH) . X E M, BEARIEEAT (49, 152 % 12, 288+12, 288 % 49, 152=)12 14
MNESE, XFE, 96 NHTEZ LA (1212 % 96=) 1160 124580, XA S T4E R ChatGPT LA
) GPT-3.5 IS EUE (1, 750 {2 I =4y 2~

PLEFARFRLLE R A 98 N 5L & B, iR 2 38 e A DE B R AT TR B2 vh i B w2t
HBHE T EC S A SCAS R E AR, F A, 2SS L “substitutes” 45 2 A TAE A, RS AT ST H L
“base” Ik “bases” 4% F& (1) 1S3 41, LA (136 R 25 2 i iRl 17 90 (i “AE R0 3 A8 7 fz i)™ ), iR
HLAL T H A SC RS T 51 (n “JR R 19 NBC H [RIIRAS, CL& AR ), 5855, AR ) 2 A1) 171 114 )2 DT
T 5 19 BRLR], T A JZ2 DS FE B0 )92 (038 SO A A0 . 24—l 2 s R H: o ) — AR SR T i
B, B2 R IR B . BARKEE(E B B BTE AN KA 5 iR, (LR EVF 2 00T, iHg#raT

B X—FHE, EEARYE Lee and Trott (2023) M Hd 3w,



PATE X T — A ] (e B P B0 o T A B R~ 7 N B3 A B, i J2 A ek A A SO
8 16] B SR EA TS L, AT R Bt 0 — A B o il

AL, B T R HLE R BE A —E 5 L 50 U TR SRR A K R AF
KL T R RO BE S IO AR MUIZREs h =2 B A5 B Herb, S A i 52 5 T i 2 ) R
R S AR DG A 52, Lean “RERAS 2R AR “REANEE” 205 s FES 02 00 g A 0T AT A i 0%
Z HO, VR INREA ) B i — A P 5% 1 4 RS L A B 4

6. REESEEMIIEAR

A AT ORI R A T T LA AR R A 2 4 ) TAR IR, BUAE SR R A — R X
FIAT b TACA SR KRB ATl 25

R ML, 75 A SRR F AL H R, L 5T H AL — D SOR B — 1A ] (token) #5710 435E — N1
LA, b A TR ] BRI AT ICAE P W5 A5 80 A B 1 2, (A B Al 113 OB R0 A Py 45
(fitting) B4 AR IPAT Pyyeo 17 [ETJ T 3 BB FIR S AR AR B AR LR B3R A, 2500

P9(Wl9 Woy ooy Wn) = HPH(thwq)
t

HAutk B bs 8 KA Sk (Maximum Likelihood) . 23204
argznawa ~ Pua [Z long(w,qu)]

TEPARTEOUT , BB SE B B AL, B P=P,, (S5 Z 1% 2023) . Wi, S8/ 1 0 8 5 B
IS

A%, PRI GRAR A R AR R 5 AR — S B AT, IR 2 AR E AT
S5 AE bR T G B s SR U S, 7T A e T SCAS TR — N IR Bl R B A Y (masked ) 1R, k2
JANFARIBT o X EARMJE—A 1 B AR X AT, 33X & AT PAFE R P S . IR, i
B W AR AR E RTERHE, ™SR B T SR HEFRHE B 20 “GAniE” MUIREER R . X FhE RS 5 ik
2IF H AR FE R, A Szl 7 AR I 2R AR AR & . Hedn, KRR Z 4 A “T like my
coffee with cream and” (& 5 V¢ 78 Wi HE L i 47 30 A1), I HL 3t 1 39000 422 1 oF 8 BRAY H 3] J& “sugar”
OB o kR U0, 5N AR 38 3 7 ) R R sl b ) SR8 T 2 e A i) 1 /), AT 2 25 — e 5 ik
— . WHE— P, XS I S A TR AR B RS TAE U 18 {5 B R T A Fi
(38 5] 40 T ) P36 L, AR 338, 0 2 7E A R 45 TAE (BRIt 338 4 94 5 77% sk mT LA g it i 73
HORHE T REAEE S B o MR, — D WIIR AL B RIAE 3 7 Tl 22 R ISR MR, D & i B — 1
K S H R IR 2 N — BB T R 15 Jo ok, B RERL “F 27 8 2 0961 (BhHT L TFA2A4 B0
M SCAKAESE ), B BIAEE S HCE 3%, 1818 420 SR B IERR B B0 o XA g O, A S LSRR
TR S5 — R VR ERAT, 22l B O L AR 1Y J5 ], JF AR BOK i IR AR R 2 8ORYS , fR2s Ia A0 i
B 7 ) 5 BT 5 kR T VR T B A /K TR, R %% ShE T RO e B ok /N

AR, AR B AS R AT 4 |58, 7 5 T2 K0Ek, B— XN H 5 7 240
R A BRI B3R A — AR Y BT R B A, LR ER 45 8 138 P 41 T — A~ SR R X R Y 7K

X—TNZE, TR Lee and Trott (2023) SKH A SCRIFA . SRR —FE A, oAt a2 52— R s
Kot BRI Key-Value 7485 . £ Geva, et al. (2021)F1 Dai, et al. (2021)

® EFFEM, XA e GPT-4 BT B4 S # | AT OpenAl B ERMF A Ilya Sutskever FTIR 1“5 [ 503 1 40k idkAT
T2 o WL TR (2023),
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TSkt K CRIZ2TE 8 B 5R)) o R, /K e Sk J5 TR — R ME B AR B Y 4873, 88 Y T — KM
T TR, AR DR R )5 T EE S ok (BRI A 1Y) B3] ), IS 2R AN g L I3 K e Sk A e
BT MAARIZBED N, B8 R 2 R RE s B AR T LAURIE — RS R, s — 3 “PyBURRBLY
FIBER R — R TE, I BRI e TR B R — T BT R — 2 2Kk e 3k,
PRI TG 2R s BRAT T 22414t 8 25 A ] 1 2 47 SR sl A JFIIREE IR T, DAY B EEA 2 K. MoK, X
A RIRE T, R GPT-3 I MAS A 1750 124 S 50, AR AT e L dds — A 1750 124>
WA TE R 2% . {HJE, FREE /R 2 (Moore’s Law) FIT 15, AR HEEHLAHG AT LA LA 52 DL ki
BHETT .

SER b, RTRE AR R G 7 7 Sk R 2 0 Rl 22 ST AR B S BN — R B A R B PR
(BRI ), FoAT A o ml 3 A SHOR 02 o AR L AR G (4l b kG R sl B
A 3 A R 1 She A K I — A, I B 3 A 3 o s /D1 T R AR AN SOk A S A
2L BN o

YR R o B A2 3R 8 et AT “Rirm)f& 387 (forward pass), AH 24 F I i #c g o A9 4T /K U,
It HARG A KA I IEBA 7K IR Sk Uit th o SR )5 CFAZKIR, 54T “J5 mif% 387 (backwards pass), #§ R 1%
P BUTTTE B R ARAS DA 20, O HAr Baliis IR AEEU A e N 4 i, A R aliha R A el —
AFRHN “F AL HE” (backward propagation) A2 K 4378 . %51k “1i47” (walks backwards ) i i3
4, AR KA TG 2 A B AR SRR B . S X R — A 2 R (BDX— AR B e gk 7 i
W%k, PRI TS G, R HE & A28 8 AR X s PR ), T T RCA AL B R is
B, TR S AT A I 2, BRI A T 2 ] B A SR, AR TS, SRR B
F7 o 28 GPT-3 IXFERY KRB IE F A, 55 2 8 2 kA i BRIk, T R X B )1 28l 1
— AR FEAT ISR . F OpenAT ffiit, Y%k GPT-3 T & # 1 3, 000 1277 R IF s 3HE (fF A
BRGHATIE 2 TIACRIE SR, X i LA st L g i L AL ©

XFF ChatGPT Kl & M KR KA 400 MELJZE, HHAEE A&, S RAH
1750 AZA 74z, FrLABEEAT 1750 M AES . T 280 B &, ChatGPT BRI AE il — 147 4 18] £
Bf, ERAZHEA T S B BCE ST . AESCI0 L, 3 e AT DUg 20 2 Ak 3 AT B 434,
AT AE GPU B 58, (U2, X T AR i R a5, 5 8R F5 B AT 1750 {2t 5 (i Je i 22
Z—1) . B, 24 ChatGPT A l— BE K SCARE, FE: 7 B5 K — B s )t sh vl AL 0 7 ©

7 BEXERMAK I B ENEIHIARES

Yy B4 5% 3% 2 (Richard Phillips Feynman, 1918—1988) i3 : “F& A g fi i ok iy F5 4y, Feat A 2
fit. 7 (What I cannot create, I do not understand.) F& 2 & 8 28 K. “BRAE— A F 4 A9 B i A9 I I 5k 2
B3k . 7 (The best way to understand something is to create it.) FU IR, PR AZE HRIEF 10
SERBLE AN TAR SR A b i ik, B0 T th— P ae g AE R AR: F SR8 5 R BLES, SR ROWL RIS
Wik SRR TIE S WA BER A OGS . ARE RSB EREAE, B TRI45 70 2
AEARMRIGSS T, C A ATRATIE T ChatGPT 4515 7 iz e /1 T R EE SRR, M I &
Z T, BATANIE S FRK S HARTER TR X ChatGPT 13k & /2, BRI 77 H “BARAI &K (false
promise, Bl {1k i 5 A I 52) AR LA — - ChatGPT 45 BUARIE S ALK M), BEWS 4 M 1RI 5 27

AT RFRNE, FEMRIE Lee and Trott (2023 ) K SCmiFA e 5 misk .
@ UL Wolfram (2023) B A SC4igA
1l Chomsky, et al. The False Promise of ChatGPT, New York Times, Mar. 8, 2023
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Het Ak fER? RAEHE T “FiEiE TS (recreate a language) (97 AR AT, AL BRIES
WRLEAE AR B AR 7 AN HE, FRATT A A)vE 22 R S22 B PRI s R RGO 1), E i A T IR e iz J 2

SVGEA DGR R DG SCRR AL AL, FRATTAT DU, A 7R 2 /DA LU F

1) H T o3 A1 AE T A ) 5 6, X TR fFROR G S E ST AR ERIAR SR
WA ELAR R SO T R 3¢, R BSOS B BUI T —AS BRn] 0 7 Rk AR LASE B IF HL, [ EE
R FE i o F e B G B — B = SR AKIEF s E . MR, B 2 A,
AP 2B XA N TR e RS0, HNF B E =0, AN aEE NS L 50T o8 2 Pt 2
bl B K ANE 5 AR B A 2 N BN TR AR X R LR I Y R BRIV D B Rl
AR

2) 3 A i S P BEAAR A : T SO RO PR TR AE 43 A Lt R AL, 25 SR B TR ) T
AR R SCESR b . XA Bl Ak 4 T R2 i £ P 1155 22455 (computational modeling)
Ak 368 3] £ “B50 40 s 1% [7) A2 (the data-sparsity problem) (3 W, Wishart et al. 2017), £53 LL 5 B [F) S iA] 5%,
I SR B B A TR A 43 A R R B A s ) EL ) A T L, S B R A I AL
T FSIEF I “RMET = (a5 (the problem of the poverty of stimulus, H[ JLFE & U] 76 % A X
HZHE T IEES—FEF A7 ) (BE L Yarlett 2008) . HEESE UL, TG BB E: JLER
AR FH IR) SCim) 8% 3T S ir) 3R AT 25 4 F172 1k (generalization), 26 A FR A% ATER ¥ —FES
FATVHTE, 00y L TR L T BT = m I R AF S R A A R B R . MR 2, A
I X Fp 2 FNYZ AL RE 7, ] FH LA I “Rai el ()7 (Plato”’s problem): £ A {5 45 (1) S 4 i 22
ZIELLT , AR anfa R A5 it 3= & 1 R 2

3 SR A A R BESR 0T DARR RS 5 5 > Th iz AL B4, IS4 A SR T LUSE RS : AT A NI DL
it D BB TR S TS R T AR S teln, MFRIAR ) B AR BE n) ), DBl A) AR S
], AF . (E13 — 2R &, 2020 4F OpenAl 7E4E i GPT-3 B, & T — 4% H Tom Brown 41, 2
$5 Ilya Sutskever 7E A 31 S FE, ik 75 ST SCCIE 5 AL D REA 4 2] % ) (Language Models
are Few-Shot Learners), BiHH H 75 224515 5 BIAVE JLAS /s 1417 (R EEAS), B3k nT LLSE i an
U 1 1) 1 B 5 A 0L 1 VR 1 TR 2 AT S5, XA TR 9 “FE R S0 2% )7 (in-context
learning) M H2 7R AW . JLTF 5 AR SE A B2 “ AR BLAR 247 B B il vl L2 & K280
B 5 T4” (humans do not require large supervised datasets to learn most language tasks ) (1 i, Brown et al.
2020) . Hem)iE Uk, XA LEAERRNZ A2 5 T A — A RE T o IR, e RasAE i & 1 14k
T RE ) AN i TR E R E A R T Y

A)IE S A B A TN ), 15 A F R L R AT AR R SR AR 2. B, 1S R
FEAE B 0t S 0 B AR B R 5 T LA, Yo S AT 2 ) T SR 22 ) Y i SCOC R Sl R AR Rk
M2z ) SRR R TP Y 2 MIAEAER DGR o A0, AR AN A ARIE T B O ks Fne ok
SCEFTR 2B ISR E S, IR AN T 4508 5 B I 46 R in 2 eI B . T2, Bl
Z A Y [l R 2 AR 2 2 X ) 14544 1) 8 R AL R A E R AL 5 40, A B A ME A 2R
WHHE M7 ARAE S F SRS B R Ly [FIRE, SIS XA 1 U
2 PR T AR ) R, A A R X ERR AR A R g (BRI R AR 2019)

5)H  ds AR B2 — A Eu i i 4R, A AR — & “BUAILES” , X IAEE A R A FU A s
A e R AR RO AR . PRI, T  % R AR W RE RN T R R L A S (S A b

2% Distributional semantics, WikiPedia, https://en.wikipedia.org/wiki/Distributional semantics .
@ X—TTEE, T Wolfram (2023), Lee and Trott (2023) B H A Se i

12



SRR, X S SCAR B SR R AN AT A . X TH RIS, 7O HE T AR U A £, (HR AR
Wik F AR WLE] . FRATA B, B, R | e AR 4 R E F e IR R, ieg
WS T BB AL B 352 1 o0 5 T () AH S 5, RO R A T BB IR 118 35 A 9 TF 4
B2 AR K

6) i, (HIF AR AN W, 155 B ) AT REFF A 2% )8 T A JE1 (language maybe not unique to
human beings) . &% ChatGPT %51 7 K AIE F iz e /1, & HE AN KRG 5 iz HKE (I
AR 2024b) o X AT REAH HL 2 NREUREFHR, 405 A B B0 Z 805 % RO EIR T 9B 5 M
P, EAHE S RN TR ME— 8 T AW, (2, IRATIA R, ORIRATAZE A O R LR
e “HEIEST, FATAY A" (human nature) I A Z 2 B 1L

S 3Lk
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g L — A S Z B SE R, RUT T RS 25 5 A 5 1 AR B
ZES B IS, IR E ORI DO A I —A R R S 36 A
fifi b, FER T B EE A SRR Z 9, U RIS DU FIEiE
TEW TSI 5 P i — R — R SR A —SONR & o %I
FAE AT AR B LU SOR A AN [R5 5 v I —fAC 1 0 e f e 2 R0 S
PEZES, PR E I — SSRGS R R A, S i — A i 2 R 5
IR T— A

14



