ot
g
i3]

o

P SRR S FE&am R (202543 )

RHUE

PR L BRI !

T ILICE T B In-context Learning DIEEHEIEE

WHEHL D Hz bkEd 2

VbR SeimBl AR R EBER Y 2 UL AWISERT  © ERERBRTE, yfzhao@jaist.ac.jp

e

In-context Learning (ICL) 1%, SiEETNMICBITS
Bl ay NEEARZEAL L LTHEEBIN
TW3H, ZORNEMX =X 2E 7@
TWRW, AEFZE T, ICL DHEREA A FI 7 X%
3ODRARIECHAL, ThoEHBr U CHm
[ 2 W5 U 7 L CHREERIE 21TV, RO

THRINTELBERER—MNCHET 2 22 23
Al X5, BELLMEREEMLEST 27 7L —
¥ a VKT OFER, ICL OMRENEEFICE RT3 2
EOMERRE A, 1RE L7 HEERIEIEE DY ICL D F 27z X
HZRXLTH2 LRI,

1 FC®HIC

In-context Learning (ICL) [1, 2] {&, S fEE 7 /L
AIM) XBF 228> a2y bEF T XA L
TH%. ICLTIWX, @%F, K1 DOX>5KR AN
el [si] [yl xal [s2][ya] - - - [xq][s4] ZHERT 2. 22
T, x BANTFAD 1 ETFE, x, 37TV L
FEIEAL D), yi TNV =2, 5 1%, TOERK
WV M= UDRZ I EEKT 2E UK
(It —2 >0 HlZIE “Label: ” Npan >) TH
5. ZOANFNZIMITATIT AT, XD b—
7 yOTFHIMEREZHAL, 2OTHERE x, DT
~OLFHIEY LTRSS 5.

ICL ZJAWEELEEDTE D, BT T, ICL
DX H =X 1 DG F 7213 R 22 3D A S
NTXE71(3,4,56,7,8,9,10,11,12,13]. LA L%&H
5, KEFIZSEEETIL (LLM) O ICL I8 2 #im X
4 F I 7 ZARHIKFENEERIRR 2 T BT 5
TR AR FIE AR ISR LR W,

ZF 2 TARMTIE, ICL DH#EFRA A FIZ R L
T, 3 DODEEREREI LRI HRAIKERET 3.
BARINICIE, ICL i 7o 22K 1 DX 5125
#H3 5. Step 1: AATFAPI>O—F. &AN]

1) AR DFEEMIE ICLR 2025 IR TED,
//arxiv.org/abs/2410.04468 267 72 A TE 5.

https:

— 2636 —

4——> = Sentence Feature #——> = Label Token Feature

) : " M Head (B (. 1)
=3 = Main Information Flow = =4 = Comparing
Step 3

Feature Rem eval & Cupy
(Label Token - Query F er)

_____
-
-

Step 2

Semantics Merge
(Demo. Forerunner - Label Token)

~
~~o
~
~

Step 1

Input Text Encode
(Input Text — Fo

sIakeT JouLIoJSUeL],

Isl |y1| Input "l:ext Xy Iszlyzllnput"l‘ext qusql
+. Not so good.

I Input Text x,

I really like this movie. Labe el: —. Satisfactory. Labe

B1 $#EI5ICL D3 RT v FHmMEEE. Step 1: LM 1
BANTFRA 2L a— RT3, Step 2: T EDNEFE
B, WET2 5L~y T4 7 ALHET 3. Step 3:
7 ) OWNEREIHEL T 288 5 NV DO NERER %
HL, FNW%E7VONHRFICar—F 3.

TEFRA b %, WHTZ2FKE—2 2 5; DBRENIK
RRICHIEER LTy a—F33%. Step2: 7
VTALVARBRE. T EICOWVWT, Stepl TESN
7z s @Wgﬁﬁfﬁ%, IET 2T k—7 Y yi DRR
TWIRE L 8T 5. Step 3: FERFELrIE—. 7
Vs, ODNEBRBUCHELIS %, Step2 TES N TR
Vb= Yy ODNERRBLE, & R 7 BEER 7 22 M
WTHREL, Thit 7T )s, ODNHMRILMET
%. Step 2-3 1X ICL D FE X J =X L TH 5 Induction
Circuit \ZHY T 255, T4 DTBATHILIIAN L
FKERCHEFE->TED, IO RKEETEMER LLM O
XA F I 7 AZHHATZ 203HATR.
AWFFEDEBRIE, (1)ICL OH#fEGRE A FI 7 2%
BT 2 3 27 v TOHREAIREZIEZEL, LLM %
HWTER Ty TOFEZ FEIEICHER L2 &
(§2,3,4), Q7 7L —>aryagtnick, #EL-
AR T ELREER-LTWE Z BHER L
¥ (§5), (3)ICL Oiftim 7 1t 2 DEEEIIZE TR X
NBRZMWEIHT 272012 X ) 3l 8 2 =ML
722 (§2,3,4, 8% B), TH5.

1.1 RERERTE

BT LLM T3 % Llama 3 (8B, 70B) [14], Falcon
(7B, 40B) [15] Z W7z, FFICHT D D72 WER D, A

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



0.275 ,
0.304 FEM K
0.250 M Rand,
0
g 0225 \’M__\\ g 0.25 ]
z i 2
S 0200 =2 > O 2 0] B 11
0.175 4 e SYSLR—ZTAY - N
‘\ —_— SR N—IY Y 0.4 1 r—o v DiEE
0150 — X OBEO N7 015 1 12 . FhN—2Y s, [O15
0125 Moo FEE—TY S0 = — X1 DREDN—T Y
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
B1vFv o BAvFvoR BA1vTvIR

E2 ®EICBIZEIVKED xpy DT> a— FigE (MNKA VC(EIJE) Ji: Xpp) DEBIZED +— 72 Yy Skels YVitl DRRIVIR
BBy a— N@E. 1 g B 2R kO a— N@RE. 1 BRERZ AWl E LD ESED

7 A MRER. FE 2 b a A FOBORE, s MNKA.

X OFERIZ Llama 3 70B I2HEDS L D TH 3. Zh
X, ZOBELWEES R RHRmE A FI 0
AERLRTWEDTHE. /-, XOHET—X
v I SST-2[16], MR [17], Financial Phrasebank [18],
SST-5[16], TREC[19,20], AGNews [21] % FH\\T ICL
FERDT X M ANZREEL. FRCHi b O WiR D,
ICLNODANIZE k=4O 7FEZ2HHL, Zhb
DRERDOFIEEZRE T 2. ZOMDETLDFER,
TANTF =Y FY) U THERTa T T
T — MEOFME, ReGR 2BREhzw

2 Stepl: A ATFA I 3—-F

AHEITE, s DRAKEANT, 27 ICEL TH

e RERTRE R x; O RBADBER S AT VWDE T L %
BT 5. ZOMIEERIZE, Induction Circuit 123D
W72 ICL 2 #iH3 2 - D OEERFBTH H, ik
bz T Mz S BEFIRSE [8,22,4] TS, Z
DIEEIDFEDUE STV S,

ABDTERE x 1&, FRE—=T s, ODREBPRIR
ICI>O—F3NB. LilziEr» 2720, kfHOT
FBETFA Magsr, PRI =T Vsp, TV Vk+1
57 B A JTER & B L/, Xk+1 DIEWD Skl D
WIRBIZEIET 202 HiN 5. = a— FREDE
By LT, #Ffiozrya—&X LM D—>TH3% BGE
M3 [23] Z -V Capy DEDIABRBEZER L, &
L spe1 DEEAVIKREE D[] @ Mutual Nearest-neighbor
Kernel Alignment (MNKA)? Z 583 2. X 513
BEE LT, spp BUITRL, yiwt, BEPxp DI
‘o =27 2lWs. EERREX 2 (5) ITRT.
MHRBEE LI L T, s DD EW MNKA 2R L
TWBZEeh5, LM M DREIVREICBWTA
NTHFRA P BT I —RL TV Z 2 HREEX
N5, T, yia Dxpn DTEHRZINE T 2 L RIE

2) ERANCIE, B3 ZERICB T 2EMEOMOBELEY L
THERRT & 5. 3HlE [24] 2RI 20,

— 2637 —

U7 ATISE [25] Z e A EERFATH 5.

IVA—FTa4YJRBRTEICEDHEETNS.
Xps] DLV a— RT3 T XROEE L FHET
B1, BBk T DLy a— FEEZHIEL
72 (X2 (). BRI, RITXRPEL & BI1F
E7 AR, TRDBx UHDITERDMND %729,
Ske1t DNERIH DO WEDN LT 2 & THRINZ D,
IR LT, kALY a— KoE{bic®Es
L2 ebhrol. TOFRRIZX, LMD (1) XHRIER
EFEHL Ty >ya—FE@LL, Q) B3
FTEZEMICHE L TWE I EZ/RLTWS
FRM—IORBRTIIHFEATBAIETHE R
JBEEDDH B. KD 256 HD AFTHH 2 W,
See1 OHREEY L C gy OBRIEZED b =27 VB HWS)
DX DORIVREEZRHE L LB O R T IR
L, 7Ny 2 FHIEE 2 [26]. FEREZX 2 (F,
B IWRT. st DIEFICEHODEBE X D, LY
MBDPIRETH D e, RAIDEVT 47
2B BERZERNC BT B, BAVREED & W
SEERTREME SRR X NS . T2, DFEFEE ¥ MNKA
A EAERLTED, D MNKA OEEDE
BEEZEMST TV 5.

Zofh, (1) LM BEHER AT FZX ML TE
D RWHNEIRFEEZAERT 22, ) ICL AHICBY
Bx DNBEN LY a—T 4 VW EE52 52
R LTV B GEIlIT IR A 22 R).

3 Step2: BTV ARKE

Zkﬁﬁféi, Skal D? 6yk+1 ANDERDOD I —D 1
L 2AERE - WET 2. £z, sia1 & yis DHAAE
HZEF~N, ICL 23, TEWND# - 727 Uz LT
REHEETH 2 DDA ZRAS.

Sk+1 wmﬁﬂiiﬁb\‘ykﬂ ‘: | E_ 3 116 I ¥ —
Tt ADFEEMHRT 572D, BI1ITBIT
s DBERRE @V —I) 2B (+1) 1B

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



w
o
L

- 10 f=====m=—xr=a_
0.40 aE—% Lio 1 WA Tmsessrealan
& — EROSAL d
S
25 B|YDSARL 0.8 4
0351 2 POZ L o8
2 20 4 8
< 0.30 ¢ 0.6
z N 15 [ g A
S 0.25 A\ % 0.4 «Q \ , N\\V\
L10— %
0.20 1 - SUSLR—ZFA Y o 02 — ?iiﬁ:w
S o= e ~ 5 .2 4 kh—o>
0154 — BTV IRLI NI 185k S 9V MELEROS AL
1 Fkb—2 VDIV I— RHE (Fig. 2) | 0 —_— BYDS~L N
: . : : : : : : : 0.0 00 d====== == ettt i
0 20 40 60 80 1 20 40 60 80 0 20 40 60 80
B1vFvoR BAVvFvoIR BAYTFv IR

B3 si 225y NDERD A —RE. /i 510 (T —T0) ERDED $rp (2 =) ¥ DD MNKA. H1: HFrivki:
<~ —2&N=FTIHK =T Ny FOFG O M st D25 yie N DB Attention Score. £: SST-2 B X I MR IZBIT 3
EfRED yr LR D Dy DIRIVIREEICHE SOV T TR XN ZEOL DR ORE. (I8 | siq DRNUIRE IS L2908
R B IC L2 TR KR T yre DFRAVIRE TR S 72 05888 €, 12 & 2 FHl)

% Yre DFEAIRE (2 ¥ —5C) & D MNKA %251E 3
5. 22T, e 3BEKRREETHD, ZhITK
DIEDTNILDER YT 4 7 ATHEINDL L
72K sk DIEHRD 2 ¥ — DHEE HIFICETHE S 5.
X 3 () IZRT X D1, MNKA Xk A 1ML,
S NDLY A—=T 4 Y IPET LIBRICEALRT
DRETDBE XN 2, sk DDy ND 3
Y—7at RDOFMEZ RS 5 L FIRIC, A7 %
A bFxil&Stepl Tspilya—RFEh, 51T
DIERD Yo ICHEBEENZ Z L ZRL TS,

s DABRRIZERE LS IE—-T N 3.
Vier1 2 D s VN D Attention Score @y, —y,,, 2 H H
U, @goyen = 5/nket (Mier: Yt ABIO b —2 > D
R THEZ~ANv FZ IFRI—=T A ] &L
T, SECTENLLREHZ 5. K3+, EO IR
IR T &SI, K3 (k) oav—HEe —%7
LY — DRI NT. XL, av—SEoI~NL
=TV DRERRET 572D, ypmTidoizT
NIV —=Z ICEBE L K3, BTN
WRT X2, ZOMBIEXELVIRILDOGEL
FERA—THotz. TR, s IP—EDITAR
NOBERP—EWEPEHR XN, B s DNERIA
My KB INTWBE Z e ERET S

Vi DENRERITFIFRBRESANILETY
TAIVADHAERRTH . ORI E X,
AV —INBETFAMOWNERHE LD 7LD
YT 4 ZADBED KD BHEEERZRETym D
BRAIRBICER I N DI 2. F—IC,
Skl DIEHRD yips DRAIKEBICE D X S RIETEE
NEDEMRT 57280, 7 by %z THIT 52EHLD
SFEARR B B, s DFRAVIREEZ W TR
T 5. HERRRF Iy ODRENVIREZH WS Z & T,
THXFAMNDIEROEMEHRT 5. M3 (H, FEH,

— 2638 —

EfRD 70 IRT X512, av—AEzEn
DEREEDPEREINDZ DD, DT FALD
FHEDE T ORRIBIC, SRV —2 U S
ARETHE B RBL TV, o/ )L b —
IV E Y & LTHOWEREGE GEAD O 7 ~0L) b [Ekk
DOHEATH D, FROHIAE —E LTV, H UL,
Vel DERAVIRREIZ S RV DIERDBEEN TN 0%

BT D702, TLOBELDHEIRE v DRIVIRE
ZPHOWTIBRL, € 2155, K3 (H, RE IORT
X912, THBIETULDIFEBIZIE U THEE DS R
CELTEBD, FNLDIFHRB IR —27 N
WHRFELTWS Z 2R s 5. U ELD, L
b =27 v OREIIKERI, TFRAMRBEE FLDE
RUT AV ADEEGRIHATHL L VR 5.

RN/ A XDBRER, FRNNLOEIVT1IR
ETEXFXAMRROELDEBBITITONDS. X3 (£,
FHH LD, yr ORIVIKEEIX, TEDIC 51 DTEH
PELIENThoth, a¥ - I NLDIFE
W&, VO FHREENINED L ITELRT S
TEHBRINTVES. X, TFRAFDONEE
FIZBWTIRLDET YT 4 7 AL —HT 2 1ER
B, A—HDTL =7 N & o TERINCH
kT VI e ZRBLTED, #dFELRDT
H5. ZOFRHIEIRMER, SNLoe<xwry T4 7R
7 X R MRUCEE T 2 G EAME B D DR
HABETH 2 L WO RTRDERRER I D, chs
FEE D IFRHFEAIRAE D B 72 2 E 7 ZE RIS AL iE L,
FhRE—2Z ANy FOT7T v a B ECE-T
BRECHEEZIh3 itk TRZIZEEZON
3. 8512, PIb—27 Ay FOIERIRERZEZE
T3E, ZORBERMNEZ SNy T 42
22 T HF A MO DER DB 2R
N7 PVOBIMKIMEEERICHR T 2 2 L AEKL

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



301 —— Induction § 0.7
25 — ELUinduction |
JE— (Step 2) S 0.6 1
~
M 0.5
>
T 04q
m
N 0.3
A R=FAttention  —— Ay KEY
;!: 0.2 —— Best Ind. Head - FVE L
1 20 40 60 80 1 20 40 60 80
BAYTvoR BAYTFvoR

B 4 Induction Head DHIE. /7 : J& Z ¥ @ Induction Head
¥ IE L\ Induction Head DL £5 . 77> a vEID YT
DIEFEE ELWIRIL =27 v ADEI D ¥ ToEG %,
TRTDT )V b =7 UADE H Y TTIEHL L 7= MH).
N=F Attention [ITRBRITTTCEEFRER I N T 7
arvRay, Ay REHEZITRTOANy FIETHEHE
XN/27 7> a>y A7, BestlInd. Head |35 b IEfE
HOBNTFryaryAy FORa7&ERT.

WHIETZ 2. ZOMAEEMICKD, ICL2Z XL
AR LU TEET S WIS HR (9] HFHT X
5.8, RNCkdE, KERBLRETLIZY Z
AV A4 R T B EEEDMERNZ e ARENTWY
3. 2, kh RERBEAXICE RO KBTS
AT, VDR YT 4 7R T XA NRMD
e oER Y R L, HEERAPMERT 2 Z
EDREREEHERIX NS,

4 Step 3: FHRFErIE—

ZDHEITE, s, DR FLIL 72y DR B
BFL, WS L 2R % sy 12F Z3A T Induction Head
DEHEEHFT 3. £/, OS2 IIBIT3
Multi-head Attention DAEMIZOWT D FIRT 5.

CLKPBDODAYFDOBARZERMTOAIEL WV
Induction HEEC B. 3 e FEIRRIE, (1) TR
TD TRV =T ¥ yi, e, Y 2 B sy ™\ D Attention
Score DEEIM Sk/n, BHEA D7 T ar~y K
% Induction Head & L, (2) x, DIEf#EZ ~L & —5
FTEFTRTDITR)L N —7 »h 5D Attention Score
DEFID 5k/|YIn, ZER 27 7Y a v~y R
% TIE LW Induction Head] 2 L, FETINSH %
BMZ 25 Y IET7NVZER). K4 () IRT X512,
Step2 @ I ¥ — L X D RICHIE X — ¥ DB
N7z, X 51T, Induction Head DFHLL Fix TIEL
W) HDOTRRL, XRAZEEORBEEMER, E
L\ Induction Head D ER73 228 (1K Z > 7 BREATH
WETWE ZE o TERSND) TOBARZ BN, 5
DHNHRBCMEINDZ I ZRBLTWVWS. 2D
HRZ2X IO T 572012, EEOIRLE—72
ST BT Ty avRar e EE
ZEtEL, 4 (F) 1TRd. B ODIE LW Induction

— 2639 —

R1 BHERR T v 7ITxT % Attention #Efie %, Th)=
» o LA EAN—EDEIEGTIREL 72358 D Llama 3 8B |12
B ABELH (%) . DX 0EEE, X LCR%E
@ Attention 4t % BRZE U 724855 OFEHR (mean £ std) /R T
Yl X i 7z Attention Uishizv 4 v—olbg
Key — Query 25% 50% 75% 100%
1 #EL (4-shot R— R T4 V) +0 (Acc. 68.55)
—Stepl: A7 FRA by a—F -

#

2 Demo. x; — Forerunner s; 7498, 1982, B4 7[3990
3 Query x, — Forerunner s, S13.87 52110 724"74} 528,38,
—Step2: £~ VT 4 7 AMA -

4 Demo. s; — Demo. y; ca e e it onld
— Step3: Rz 2 — -

5  Demo. y; — Query s, oo, 1093 SiL36 1937
e
6 0-shot —17.90 (Acc. 50.65)
7 2PN —36.05 (Acc. 32.50)

Head 1, MWIEMEEZ/RL CTW5—T, WEE
b, By FRElZEbRVEKD 7 7 >
Yave, Ny FETH¥EHkshiT7 7> ary R
AF7ITOVWTIEZDEIFEN. FEEEEET % &,
REBDOT7 TV ar~y FIHEIET VELITTIR
Vb= VERE s, ica¥—L, Tl TrY T b
NDZNOVBHEIR 2 K & 72 5 TWwd [28]. TH
X, BAVREDBHRIZICL IS L THoTHh L0
(X2 (F) 21, BRPBTERL, MIERIEERR T T
v¥a YOFEMUETE R T TV XN B
& 512, Induction Head D HR7T 2223 & X 7 K¢ H
ThYH, TENZOZLEM ETREMLTWS Z & %2
BTz GEZATER A 2 5H8).

5 L&

T7L=2arath BRI NEEICLICE
WTKRNTH 2 Z e 2RT2dic, fBRanz0
BOBRT v FICHEET 27 7 > a vk & Uik
LG EOBELHN, R 1IRT. ZOMR, Bl
WREARD Wi E 7 > & LIZBRE L7258 DX R
EEER e B LT, BRI N0 X - THEE
SNFEBELREGRERE LGS, ICL DEENK
IR L, MEOFELXFT 2RME L.

R, AR, 3 oDEAEEE,NS LB ICL D
HEREIREIRR L, ZTOFHEE 2 BIC, BB L
A ICL D E BB X DXL THDZ e %RL
T2, F72, BERNERZEBEL THTFEOZRELESRD
I AN U T, AFZEDS ICL D FHEERITHT 7= 725
L3 e BHELTWS. kB, AU HE
L & o ZEHEZE DB R DO FIHIC O W TS
$% B %, AWIFED Limitation 3§k C 2SO Z ¥.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



Egﬂ

¥

ABFFEL, IST BIFERIMF TSR 53¢ JPMIFR232K,
B X N ISPS BHFE 19K20332 OBk EZ 1372 D
T7.

BE

(1]

(2]

(3]

(4]

(51

(6]

(71

(8]

(91

[10]

(1]

[12]

[13]

[14]
[15]

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario
Amodei, Ilya Sutskever, et al. Language models are unsupervised
multitask learners. OpenAl blog, Vol. 1, No. 8, p. 9, 2019.
Qingxiu Dong, Lei Li, Damai Dai, Ce Zheng, Zhiyong Wu, Baobao
Chang, Xu Sun, Jingjing Xu, and Zhifang Sui. A survey on in-
context learning. arXiv preprint arXiv:2301.00234, 2022.
Xiaonan Li and Xipeng Qiu. Finding support examples for in-
context learning. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2023, pp. 6219-6235, 2023.
Aaditya K Singh, Ted Moskovitz, Felix Hill, Stephanie CY Chan,
and Andrew M Saxe. What needs to go right for an induction
head? a mechanistic study of in-context learning circuits and their
formation. arXiv preprint arXiv:2404.07129, 2024.

Aaditya Singh, Stephanie Chan, Ted Moskovitz, Erin Grant, An-
drew Saxe, and Felix Hill. The transient nature of emergent in-
context learning in transformers. Advances in Neural Informa-
tion Processing Systems, Vol. 36, , 2024.

Yuxian Gu, Li Dong, Furu Wei, and Minlie Huang. Pre-training to
learn in context. In Proceedings of the 61st Annual Meeting
of the Association for Computational Linguistics (Volume
1: Long Papers), pp. 4849-4870, 2023.

Xiaochuang Han, Daniel Simig, Todor Mihaylov, Yulia Tsvetkov,
Asli Celikyilmaz, and Tianlu Wang. Understanding in-context
learning via supportive pretraining data. In Proceedings of
the 61st Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pp. 12660—
12673, 2023.

Stephanie Chan, Adam Santoro, Andrew Lampinen, Jane Wang,
Aaditya Singh, Pierre Richemond, James McClelland, and Fe-
lix Hill. Data distributional properties drive emergent in-context
learning in transformers. Advances in Neural Information Pro-
cessing Systems, Vol. 35, pp. 18878-18891, 2022.

Sewon Min, Xinxi Lyu, Ari Holtzman, Mikel Artetxe, Mike Lewis,
Hannaneh Hajishirzi, and Luke Zettlemoyer. Rethinking the role
of demonstrations: What makes in-context learning work? In
Proceedings of the 2022 Conference on Empirical Methods
in Natural Language Processing, pp. 11048-11064, 2022.
Jane Pan. What in-context learning “learns” in-context: Disentan-
¢gling task recognition and task learning. Master’s thesis, Princeton
University, 2023.

Ruiqi Zhang, Spencer Frei, and Peter L Bartlett. Trained
transformers learn linear models in-context. arXiv preprint
arXiv:2306.09927, 2023.

Damai Dai, Yutao Sun, Li Dong, Yaru Hao, Shuming Ma, Zhifang
Sui, and Furu Wei. Why can gpt learn in-context? language
models implicitly perform gradient descent as meta-optimizers.
In ICLR 2023 Workshop on Mathematical and Empirical
Understanding of Foundation Models, 2023.

Chi Han, Ziqi Wang, Han Zhao, and Heng Ji. Explaining emer-
gent in-context learning as kernel regression. arXiv preprint
arXiv:2305.12766, 2023.

Al@Meta. Llama 3 model card. 2024.

Ebtesam Almazrouei, Hamza Alobeidli, Abdulaziz Alshamsi,
Alessandro Cappelli, Ruxandra Cojocaru, Mérouane Debbah,
Etienne Goffinet, Daniel Hesslow, Julien Launay, Quentin Malar-
tic, et al. The falcon series of open language models. arXiv

[16]

(17]

(18]

[19]

(20]

[21]

(22]

(23]

[24]

(25]

[26]

(27]

[28]

(29]

[30]

(31]

— 2640 —

preprint arXiv:2311.16867, 2023.

Richard Socher, Alex Perelygin, Jean Wu, Jason Chuang, Christo-
pher D. Manning, Andrew Ng, and Christopher Potts. Recursive
deep models for semantic compositionality over a sentiment tree-
bank. In Proceedings of the 2013 Conference on Empirical
Methods in Natural Language Processing, pp. 1631-1642,
Seattle, Washington, USA, October 2013. Association for Compu-
tational Linguistics.

Bo Pang and Lillian Lee. Seeing stars: Exploiting class relation-
ships for sentiment categorization with respect to rating scales.
Proceedings of the 43rd Annual Meeting of the Association for
Computational Linguistics (ACL’ 05), pp. 115-124, 2005.

P. Malo, A. Sinha, P. Korhonen, J. Wallenius, and P. Takala. Good
debt or bad debt: Detecting semantic orientations in economic
texts. Journal of the Association for Information Science
and Technology, Vol. 65, , 2014.

Xin Li and Dan Roth. Learning question classifiers. In COLING
2002: The 19th International Conference on Computa-
tional Linguistics, 2002.

Eduard Hovy, Laurie Gerber, Ulf Hermjakob, Chin-Yew Lin, and
Deepak Ravichandran. Toward semantics-based answer pinpoint-
ing. In Proceedings of the First International Conference
on Human Language Technology Research, 2001.

Xiang Zhang, Junbo Zhao, and Yann LeCun. Character-level con-
volutional networks for text classification. Advances in neural
information processing systems, Vol. 28, , 2015.

Gautam Reddy. The mechanistic basis of data dependence and
abrupt learning in an in-context classification task. In The
Twelfth International Conference on Learning Represen-
tations, 2024.

Jianlv Chen, Shitao Xiao, Peitian Zhang, Kun Luo, Defu Lian,
and Zheng Liu. Bge m3-embedding: Multi-lingual, multi-
functionality, multi-granularity text embeddings through self-
knowledge distillation. arXiv preprint arXiv:2402.03216, 2024.
Minyoung Huh, Brian Cheung, Tongzhou Wang, and Phillip
Isola. The platonic representation hypothesis. arXiv preprint
arXiv:2405.07987, 2024.

Lean Wang, Lei Li, Damai Dai, Deli Chen, Hao Zhou, Fandong
Meng, Jie Zhou, and Xu Sun. Label words are anchors: An infor-
mation flow perspective for understanding in-context learning. In
Proceedings of the 2023 Conference on Empirical Meth-
ods in Natural Language Processing, pp. 9840-9855, 2023.
Hakaze Cho, Yoshihiro Sakai, Mariko Kato, Kenshiro Tanaka,
Akira Ishii, and Naoya Inoue. Token-based decision crite-
ria are suboptimal in in-context learning. arXiv preprint
arXiv:2406.16535, 2024.

Jerry Wei, Jason Wei, Yi Tay, Dustin Tran, Albert Webson, Yifeng
Lu, Xinyun Chen, Hanxiao Liu, Da Huang, Denny Zhou, et al.
Larger language models do in-context learning differently. arXiv
preprint arXiv:2303.03846, 2023.

Zihao Zhao, Eric Wallace, Shi Feng, Dan Klein, and Sameer Singh.
Calibrate before use: Improving few-shot performance of language
models. In International conference on machine learning, pp.
12697-12706. PMLR, 2021.

Hila Gonen, Srini Iyer, Terra Blevins, Noah A Smith, and Luke
Zettlemoyer. Demystifying prompts in language models via per-
plexity estimation. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2023, pp. 10136-10148, 2023.
Yinpeng Liu, Jiawei Liu, Xiang Shi, Qikai Cheng, and Wei Lu.
Let’s learn step by step: Enhancing in-context learning ability with
curriculum learning. arXiv preprint arXiv:2402.10738, 2024.
Chiyuan Zhang, Samy Bengio, Moritz Hardt, Benjamin Recht,
and Oriol Vinyals. Understanding deep learning (still) requires re-
thinking generalization. Communications of the ACM, Vol. 64,
No. 3, pp. 107-115, 2021.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



A THEME E 723 L I N THIC OV T, 588 (https: //arxiv.org/abs/2410.04468) %

A fRRRRER

TF* X FD Perplexity ’EWFE I A= FBHILTS. B L I2BT 5 v
D Perplexity & sgy DA —FNVT 74 XY FOHBEZRHESTS. K5, k=0
OHBEWRAOHEERLTED, ZhiX, TEPSGZIONRVES, IMDPLDHE
MRANTFRAPMIH LT o7y a—REERTAILERLTWVWS, —)
T, XRMcTENE Z 507258 (X5, T), BOMEEIXHEELL, LM B 3XHRHN
DFEEZMALTE DMLY Y TV EHRNCT Yy a—FLTWS I 2RE
LTW53.

ANTHERAMDIYA—T 1 VFJIRIBICR>TWS. BAERNICIE, EHELZx
DORERINE, AN TOMNEICBEFRZ SIFFICELMLTWERETH D, FHD
t@@ﬁ@%#ﬁwbié%ﬁﬁﬁé.:h%@ﬁ?étmm,%JV:~T4/
THRIZONWT, BRZBOTFTEEFHFOTFR -7 voRIKEZHE T 2. 20
%, FEUXMRELIIERZ MG T 2 BVREDO TN TORIEERR 7D a9 A
VHUERHE TS K6 IREN3 L5112, ALEx—F vy MBI 322K
PR RZ2 X2 =7y MBI 2EME L D EVD, WE L MEINTVIEEIC
%K%<ﬁé.?&b%,7lvmﬁm?%ﬁmlmﬂbfiDﬁm%%%%ia

Induction Head DEBRZEMICH T 3T EDEIF. K 7 Tik, ERITH WgTWI;é
¥ B8 % W T, Induction Head DI ZEEIC~w vy ¥V 73N TED
TSRV =7 ONFERRZAELLTWSE. ZRUSE D LTHARENS (1)
1E L\ Induction Head & FEBE LT, 7% 7= Induction Head Tl 7 L D NEFRIR
DPREDBETRAIRERTE T vy BV 7 &R TV, Q) TEDWHIERME k=1—2)
T, FiLwrFERGizohd e, 72V TE277>ayE DY ToF
REDRE L Z mT%-—ﬁ,%¥&=w4ﬂ®fm,7%yyay%b§f®
PREIIEEL TV 5.

B FITHRTHESIhIHRRROHER

RO FEBIR. (8 AT, ¥u¥ay b F VATl Perplexity D
VT FR NIy a— FDEEL <,
TWd. %7, TEMEASL LT, IMIZEMRANZLETE 2 L5122,

2

slope:—0.0103 k=0
0.54

slope:0.0086

MNKA

k=8

4 8
SEEFYvI/OR

B 5 Llama3 70B O 24 BT
BIFsrra—F 4 X,
Xie1 D ELiaval%i-r NS l./f
(MHk=0BXL(Mk=8D
ETHKT 3.

-a B
.

|| .
C.Ege o

m

= . Emﬁﬁn - . Emmﬂﬁ
i i
o 1 2 4 8 12 o 1 2 4 8 12

Ske1 Dk Sks1 Dk

B6 2B I2ELRINE
ICL BEAVIKEE O FEHLUME. Ji: Fl— @
XY, fit Bz 2007
(SST-2 k)

&\ Perplexity D FEZ BRI L TICL D7 + —< Y AWM ET 5 Z LRI N
BRICHBEOEWTEEANTEZ I

PERTH 5 0]petED I 5. _ﬂMHEKLD%ZKILWH@@%F%%%%LTW

FUAL 7R, Q) MENANL TR MAEBRACRT I, ANTFR I
WEYXZya— RPELL, 22VDBRRCHEZ IV =2 F 7T )ICk
DFELLL 72 1B %2 72728, Induction Head ICBWT X D Z L OFENE D Y
ToHh, FENICHT2HENKREL L. QHEN 7R K4 IRT X
12, WL ODPDAY RIZT7 UK U TEREDR KL, SRV =200 5
TJTYANDFEEWNma v —EZE|ERI L, 2 A ZOEHBMN/NEXL T,
FEDIARMEEBIIHNT Z3FRAL 7225 ERIT. ZNHD 3 DDA T
2 28] I k> THIREN, Frx VT L —a iElXko TRERBETH 3.

FEDORH L MM FTENICL OMREEM EX 2 Z v XA SN T
W53, ZOMRER EZE 2 DODERIZHET S 1 Q) TEXIMEO O a—-F %
WETS (X2, Q IDZLOFENIDKERT UL —2 OHEE M
L, KD FEMELR7 T a8 Y Y TE2AREICT B ((f§f A). 72721, ZOH
WDORY 2 — AT BN L THEY 2 5WRFOED, FEICHNT 2 ICL
REDfEf %5 S 5.

Mol NIVDEE, SV 4L ABREBLR—Z2D2E 311 £ b B ICL [9]
BV TERMD W
DIZTRNVET ) A XTI 2ERT 50,

C Limitation

D) TERBWTZZYDED I RNAPMEHX NIV

HEFm 2T HON B AIREMEA D D, AWIFL DG #ﬁﬁf%&mi GBBDH 5.

Layer 31 H ad 32, Cory LR 1. 0.95 Layer 31, Head 9, Correc
k=1

: A A
5 :
B xd x| A "xx E E
o o ¥ *u € 2.
Rio ) r
°% B ;

B7 kHoFEDINILDOHNEE
BErftLzd0. 4 IELW
Induction Head, 77 4 : % - 7= Induction
Head, SST-2 DH% > 7L 1 Dick-o
oo RYFT 471 7~ x: T4
HT 47 TN, a:¥BRT ML,
L 7T VIZEID YT SN Score.

t Rate: 0.00
k=2

iz XHesNTWS. 3 THBALZLIIZ, ICLIZTNIL/ 4 XiH L TICL #RE(LEE 37
ZORMRIETEITRHIC X o THD LN 5.

EZIX, Step 3 BHEEIET, ETAAGDAT X ZE2FHHL 7=
I BI3E %, ICL T3/ < IWL (In-weight

Learning) & FEIEN, HEHERY/Z ICL ¥ OMICEEE LB WXL H 5 2 & BLIETOS 8, 22] THEFINLTW5. Lz
MoT, THEEEN»OARINCH OFEREDEY T2, KX ICL &G T TOEFLOHEREE ZHAL TED,

IWL OHEFRZEENC O W TSRO

WCERD. Q) AFTIIDEEZ A 7 ICHERAZ YT TV S,

FxizzoREPIEDT

FRRZICHDHEATEZEZTED, 20X vy 72D 2-DICEISRXIEBENIRETH B

— 2641 —

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



