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BE AAEESHEE (LLMs) EMAERETEL TERGET REHRY, 0T AXEATHRRZEWE
PE. 4AT, LLM BYM B A Rr A A A SR, AP RAXERN —ANALE, & LLM R4 LA
- AR BRG], BE R AR R SRR, AT LR ER S H M. £ LT X¥ I+, LLM Al AR
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WA R, FHX - TR MRRT ERE T HENK RS F RS Z B B A M. Rt —FHE
BRI —FEBATRIE MEER — R TR IETERABESELRER »MTHEASHESHEN
MRS F R AT, & e, AX#E—FHER T 4% LLM £ 53R 7 R /B ot 77 .

K AMAEESHEA (LLM), 53R, DEART, HELH, ERHK

il

1 3

ITSEAE KHIAE S48 (large language models, LLMs) 7EVF % HARE SAE5 LRI TR FHITERE, oK
ik 7 N TR Re S NI ZEE 1021 SR, Sl () — S8 SEI0UEHE R, KIE & B 1M e IR RFR R 2 B3R
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FEGIRIIGY 131 BR2E k£ 14191 25 2 iR 26 (16.17) [y 5.
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PERE RIS F IR DT H OB AR 14 N 20 AT A tH A% 3K, T ARAR S AR B ) IR 1. T IX—IL A, Pan
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Underspecified prompt Specified prompt

Judge whether the following sentence is about a movie.

Sentence: effective but too-tepid biopic Sentence: effective but too-tepid biopic

Label: 1 Answer: True

Sentence: I am tired. Judge whether the following sentence is about a movie.
Label: 0 Sentence: I am tired.

Answer: False
Sentence: a masterpiece four years in the making .
Label: Judge whether the following sentence is about a movie.
Sentence: a masterpiece four years in the making .
Answer:

1 AREAFHIHARIR R SEARRIRARIRR.

Figure 1 Underspecified versus specified prompt.

N3RS O I s AR R (A 55 MR BE TR IETHERE, XS5 RONIZILR SR T S B SCRE. X — 2 R
R TERE T, K 5 RR 1 ey 2 HARSE SRR I A R — 2747 (token) A3 A7, 113X — A Al A% AL S5
AN 23 fi 200,

Pr(output | prompt) = / Pr(output | prompt, task) Pr(task | prompt) d(task). (1)
task
E SEFR N FH P B 53X — 7 R, BT i — S8 KR B A D R A TR S L R BEAY (mixture of experts,
MoE) 2221 Hfk#h, IRA LK transformer B8 i 15— MR G L 52 A TAS T W Z AN — N T4 I 2 21 %,
FHAE VN ZRANHENT 1 H 17145 X 2 A s X e T 4% 231 ARSCAR, G B KBTS PHR 5155 1 0 5
TE, B TSP SIANE 700 A1, FF i TR 48 2 STAnT R AN [|] 1) 120 A JR6 & AR I Dy Bk
Iy RS T I SR

BT R, ST B B PR R AT DUMNT S5 MR AT 552 S W 5 THEAT . AR S0, BENLAR T T
SRR B RE PR THIX — IR S 1 R TR & A W AR AR R AR S PR EAVAEAZ. N T UiX—
TR AR SC R B X A AR B U B AR R S IR B AR R B4 1 e R R AR R R T AR B UL SRR, X
—/DREA TR R B — A9 e AHEIRT R 3RS R PAT I BARAE 55, A e Rl 5 BRRLIE 2 N 2K, 1R X 4
NI, FEAR Y DA IR P T R R HE T SRR BT R BOAE 55 DRI, AR AR SRR (R s 0 A 55 HE R 2 4R
BN, AXTHE, B 1 AR s E T B U IE R, DA SR BB — R b #0615 25 ) B 1 4
W TR ISR, NEAEEA 2 AFEE], 185 WAL 78 LA I R Il S5, 39 b, — R
AR THG B U8 BH ) R AR SRR, B2 /A NFAKCE IS HHRAE ). (B2, %8 Min 55 18] DL K Pan
5 D9 (RSB I VE, AR SR BB AR 25 1) B A 1 B 2D FE AR SRR AR SR RSS2 (R P R AT S8 35 AR T, X — 25 R B,
KV F BAE X AT 55 F A S5 HEIRRE T M AR IS B A, AR AERE— 4 THi 22 ).

AR 2 R, 6T —ANEREL o 50 < B RIAESS, AR 4 o A il R AL B TSR R H
B 1o AT R . B AT 55 R RE 7 4 R R A5 28 A B A1 b TR B 7 20 A P o5 FORCER,, B R4 552
SJREJTHR IR IR 7 2 A I A2 [m] 25 i) 83 ) A .

BT X — B, ASCIRER T R T BRAAEAR S5 R EA R 07 A i RUR ek 77 v i o o A2 A0 R 54 40 A1
i — € PRV, ASCUEM] AL OL T, i1 B ARTE 5 8038 20 A1 R RRE LA AN [FAE 55 2 T R ARBLRE , RS AE I
Zrid R e TR IE AR MESS, BN BB 55 HE R I K T B i LA, ot 55 5552 0h]
(1) S BIUATI R 22 BEER R, FHACLRE e s, MU AR X AT 55 B AT S5 R Re S5y, X — 25 e — e LAl T
KBRS HHRBE I AR — DB R, BE T XS s R 45 ) A — 00l TR S0 7 1), LT
K B BRRAEAES HR LRI
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U ! Is angel falls the highest waterfall in the world? Answer by Yes/No. }
ser

Answering “Angel falls is the highest waterfall” %ot following the format
LLM

Always answering “Yes” X Not understanding the task

Answering “Yes” or “No” based on its knowledge OUndersta.nding the task

B 2 KESRERBRTELAOJLIPER.

Figure 2 Some typical situations of LLM’s response.

FESLIRHR Iy, ALE S T AR SIS Beit, 2T B THe IR, $R T THE RS2 ol B dhs
& FAESSHHRAENIIE. BJa, ASCHE 2 MR BNEE 4 BN TR — 53, BE T e TR S5 HHRRE I £ 5%,
FFiHie TR S BN GO X Se AR 45 R AR, AN, AR A A R S A S B S SR B IE
T HEARRBL IS HAE AN BRI S5 1R IR IR T

AT RFFEEIT. 5 2 W€ X T EXEHIL S, S 7 ERHESI AR 56 3 IR
Oy, SRR T ARSCR P S E B HAIE R, RHE TAESSHRRAN R RSO DT ). B8 4 T S it 7R
TR K £ B RAESHHRRE I FRAIE T B ERANEE 8. 28 5 TR AL ik,

2 FEER

B HEA S I — 0, ] [N) RS {1,2,..., N}, H (¢, c0) BRIEFIFH ¢ 5EFFH (token)
co PHEMMTRFER, H c(1 1 1) FRFRFE o AT 1 AN F 57 8. X B A7 R 48 102 B TR U s
Fr 3.

FEARSCIEE 1, KBS R RUAIG BRES A — D00, 258 2T 7g 2627 RSO | RS
BRI AR AT A B BIRR S 1D AN M, AT A8 My, IR M (2) iICHEAR o £ M
TR, WA AR R

BRIRL (2 0SCHR [26,27])  FARIE S BRI T RN N AT AT ¢y SN e = 1 HRE. X
TRAMER 2, H M(z) = >iev) GiMi(x).

TRBE 1 B2 AR AR o T DAZEAR 2 b 6 1) B AR TP 8 2. 440 Zha 55 281 BORRF TR I, — S5 Bl
B b 1) Ry 2 BRSO A A B 1285 (B R ik B0 M B - NIS38455) EAT 02805, B — R FE B 4
A I H KR A RFAE. van Horn 45 290 25 H 100 BRI — AN 772, S 1 ax — K2R mT DLZ IR
SRS AT FAEAA L S A PR AR S A NN, B S I i 23 A1 AT RO R DA T o A R

MXFF HIEH (autoregressive) i 5 AT 5, o H IZE XA BB R H N — AL 755 (token) FIMER
o3 BOSU BB 1 MR o N XHERTRE S N M FRRIA S, iIC8 (2,y). N M R &
—MREEN (2,y) ~ M.

AFEF AR (2, y) BIXTRC R, U0, 3278 2 AT BERIE T A B B B B AU, % F — AL AF L
TIN5 AR Y. SE N BN, Zoph 55 B2 FEXHE & T AL AR 78 i R I, TR & & FA R AN A
L R 2 AR AN R R B ) N 2, b fURF 5 TR L AR

B TN SRR St n DA M SE R 3 A O BIREAR R B, 128 Z = {(z1,01), -, (200 yn) -
HHBNGLE Z bl M; PR REAR R Z TR 2, M Z = Uiew 2, Horb 0 R ASEIF. IF
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Hid n; = Zi| BT Z PRONGEARANEL A X, = ne

TESEPRIE DL T, KB & A8 1 TR SR8 56 2 th F ARG & P I RF B M 86 & TE TN ZR il A, A
KN | ZRER AN | — 1 MRS FRRNA S, X BEER B2, BRIES IR A7 R/ 5
AN 5 AR A G I — B T H— AT 040, MM, — Bk UL e A 15 v] B8 T AR 170 A .tk
Se U, WIS HRIRE (2,y) B, 6 R T FAFE A0, AATRFR HRRE] (2,y) M50, RS0
N, TETRIZRECE A2 L 08 KIS LT, A M EUREAS 30 10 50408 B 1) 7 A T AT AT AL SEBOE 13- 2101 40 A

BIINGEEIC A A, FIGERBEREON h = A(Z). STERRR 2, AR h(z) RS T
ER ARG, Pr(h(z) = y) FRX— R0 HFRE y 1 S E FIZRIEAL B bR — SO MR
TNZREARER LA RHR. TR REL L, A CE XA T,

EX1 AL B n AEHER S 2 ERGRIIRN ert(h) = 17 2. ez L((2),y). FH, L(k(2),y) &Ko)
1 h(z) SETT y B SSARE. RSCWEER b E8IRE Z, ERARIRILHN err;(h).

AR TEFRH, STl 2 IR R KIE S JIGE 0K, EEAZLT AN 5281
(epoch) MR 8331 FLUNZRRZ 18 H WAL AHAZ, X IFARRE LIGHUR R A = S — R, #
PN by Bl ho T2 e (hy) < err(h), IEAINSRISE TG S0 TR by, VISR R h 5 5
BEAY hy HEESARAL. X AR EE T RIS TR R Rl

3 EBRLER

3.1 ESZPHRT EHVEEIL AR

AR B ARBE 2 AT B RIE AR RTE SR PHE S I RE I AN X — IR, AN X — R
AR, — & B 2RE S HHE AR AR T i 2 I 0 B A R K 2. KRR ARIES MR
LR —FhK R ARHE B, K& 12010 15080 22 LA 3305 IR I 2R v 1990 LSS Wl e AN AR TE TR0k
H BO1 R AT A — 5 BRI, TR AN R, R AN LT A A e B A Ak B AN L
T AR R AT e 2219 2 b IEAf W77 23 A0 SE D (RN 24010k T I R4S 2 AR 2 1) T S0 ISR 3 23 %
AT oA

NTNERS RIS — A, TR B S b TN 2, BRI h(z2) 2BTE AT R TR
y BR—A 0. GGE 2 A% AT M (2), WAL b [FFEE LT —A (2,y) B0, id M/, M'(2,y) =
M(2) Pr(h(z) = y). HMED AL N AT A0, RIAFLE ¢, M, 645 M7 = 32,y ;M WIS BLE
Pr(hi(z) = y) = M{(z,9)/ 3_, M{(z,y/) NEERFIBEN 2 & T 7040 i Jei R v /s, fit o M/
5 M HREAE 2 RIS SRS M, M; {E 2 EIIBGSATHIE, KA

L(h(2) = a) — Zie[N] ;M (z,y) _ Zie[N] i Mi(z,y)
P =0) = S 5 MGy M) @
FIREXT by 4 Pr(hi(z) = y) = M!(z,y)/M;(z). AT IS 3]
Pr(h(z) =) = Y A0 Pr(hi() =) i[9 = 3l Q

€[N

AR b BTN AT B PR oY, Homh h(i | z) BERTRINAN = J& T 7040 @ BIBER, hi(2) ABREBAEIN
Nz BT T4 i FIEEL XS R — L A5 B fi s i Fi.

PR E RO R AT E ¢ A M. E G, BT RAERRR 2 DB AN T2 T A
I E, DAL B ADAFAE 4L of B MY AERE MY = 3¢y i M7 BA S M AE = LIGIAZOI AT S M; M. H2
EFERD o) A M7 FEA—EME . AR R OB R I A AR PR IR A, AnZER 37,y Dist(M;, M]) HUR/ME, RIS
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ME—F)—4 ¢ A1 M], (HR W T AR BEIR S E R MG TR, R 76 B — MR p 352 ASOE BT R /2%
P, AT 73 A A ME— 18, RIS SO AN S AR P PR A

ZRE LB, AR M RS, X BB TR MR b LA MR DA il M =
2 M.

B2 ASCEARA b FrfEHERTar DA NP8 23, — &R0 2 R 7R it J& 10 A (K 4, — 3823 /&
TERFE SETR T IR T 3 AT B2 T R — CL AT HRIHERT. 10 n(i | 2) BTN 2 BT 7040 @ BB,
Pr(hi(z) = y) WEBAENN z BT 5040 i« BIEOL T N — AL fFHue y B, A

Pr(h(z) =y) = Y h(i|2)Pr(hi(z) = y). (4)
1€[N]
N T IFUINGRIR Z AT HU, 753 S AN ER B R Sk v, A SORAT — 18 5 — N E I SR AN HE BT s RE 6% 52 56 4>
T o3 AT B AH LA
EX2 ¥ OPT N—MREWSER DI, Bl OPT(i | 2) = 1,2 ~ M; UL OPT(i | 2) = 0,2 ~
M;j,j #i. FHXT Vi € [N], OPT; i IEIEAE Z; ISk fe e fofsiz,
b RERE 5E L HET 0 A 9 HIE AT oA A2 AR OPT RiZi/ MU I ZRii k. (HIETE S Fx
HOL N WA— X P, 57040 o M j AR — SR ALE, Bl M, 5 M; MAeRERSE 2%/, FH Z;
JERE/N, T R
E(. gy~ [LOPT(2),y)] < E(.y)~ns, [L(OPT;(2),y)]. (5)
R T RS (5) FESEPRIE U BETR AL, AL LA — MR L AR T . A B — e AR A
T M; 5 M, #RE AT My 5 0, 1 M, 15 EERE KT 0, MRRAE (5) HHIAES i
S R (5) FRIANXSET oA HHEA @ RESNE, A —EFA 4R T 0 B, 7R Z 5 L
FHETR (5) o, HEBIAMES MK RBRE, A — ARV HAER S 240 & b Z 8 2 9% KA T
Iy AAFAE R AT R PEAR =, IR B SR A (5) BOZHA — 5 I S & B,
PR RASCIGUE M, 81X — 21 F, fAE— MESHHRAE /155 T OPT HIMEL, R LA R ZIF T OPT.
BN T RS, A SO AT 55 HE R BE 750 T R — AN 123 A h 3R & — BT
I3 W TR b= AZ), BEHTERER « AUERER 2 ~ M;, h(i | 2) AR5 4, j ARIFEE. N T Rk
5, MEXT 2~ My, h(i | 2) = cij. FHHARBEAMER 4,5, B
Qji _ Qij

=24, (6)

n; n;
M 3 BISE—HBAr A Wi | 2,2 ~ M;) RS 0 M j A REIFERL bR X — AT USSR (i | 2,2 ~
M;) B DR IEAER AR P JLIX TR A, 598 B85 (A SR BB S50 BT, FF HAN T BRI e B 2.
T ERARBBE 3 HUSE Y, B HBIRIAMERE Pr(i | 2) oc Pr(z | 4) Pr(i). JErh, Pr(i) FTLLE ny/| 2] A8 HALR B
% h(i | z) WA i, j ARKEBEEN TRE Pr(z | i) HEEL AT A0 I AE — FEAR MR A2
MR e EARE RS AKX 555 (6).
Bi%4a HRMEER (5) KoL, HEE OPT; 5 OPT; £ Z; FINARIREZ N kij, ki > 0.

err;(OPT;) = err,;(OPT;) — k;;. (7)

LB b (EERE 7, Z; BRIk, B i P SR B R (0 7 0 A = 6 ke, by OVEREIE G
M. AN ATE ng > n; E‘J'ﬁ%‘/ﬂ“ﬁ‘, 2 (6) CIEs aj; < 1, KA PLAA h; = OPT;. B h; 1t Zs, Zj J:El‘]'fiﬁ'é,
A L, X AR BN R T oy IR R,

mj(hj) < WJ(OPT]) + kjjaij, Wz(hj) < WZ(OPTz) + kjiaij. (8)
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BT L B AE X, AT DLIE AR REAS ;> 0 PIREEY b, 7EUIZREE BRI /T OPT.

EE1 BEREEEE Z = (2, 2), WA T MNBIENR. & k< ki, kj; < ki BOL, WAEAE
aij > 0 It h, {13 err(h) < err(OPT).

MWEER  HSEHK err(h) BIT,

% > L(h(z),y)zn_m_( S Lh(z)) + Y L(h(z),y)). (9)
! J (2, i

(z,y)EZ

TGS N R IX I, R G 2 4, B
Z L(h(z),y) = Z (iiL(hi(2),y) + ajiL(h;(2),y))

(2,9)€Z; (2,9)€Z;

= Y (auL(OPT;i(2),y) + ajiL(h;(2),y))
(z,9)€Z;
< (1 — Ozji) Z L(OPTi(Z),y) + aj; Z L(OPTi(z),y) + niozjik‘jiaij
(2,9)€Z; (2,9)€Z;
= Y L(OPT(2),y) + njkjic3;.
(z,y)EZi

[FRERR (9) #55 PATLRI, RIS 24, 4
Yo L)) = Y (Lha(2),y) + a5 Liki(2),y))

(2,9)€Z; (2,9)€Z;

= Y (e L(OPTi(2),y) + aj; L(hy(2),9))
(z,y)€Z;

Sai; Y L(OPT;(2),y) — njkijou; (11)
(z9)€Z;

+(1—aij) Y. L(OPT;(2),y) +njkjje; (1 — aij)
(z,9)€Z;
= Y L(OPT;(2),y) +nj(—kijai; + kjjou; (1 — ).
(z,y)EZj
g4 (10) AT (1), A
n;

I% S L(h(2),y) < erE(OPT) +

(ki — kjj)od; — (kij — kjj)eu;). (12)
(z,y)EZ t J

TE kjj < kij, kj; < kji BITGOLT,  err(h) < err(OPT).

KT EH 1 BOLHISFRAE, ki < kij, kj; < ki NS 4 GREFA. BARERBERE) by $27E 2, LK
ZWRES OPT; A/, MR n > n; U |2, IR, X—5MARGEG L. TsLhs e
1 SOSL iR E AR iy > 0, R A (5) MIRAL. X — ML EER T340 0 55§ Z (A IR
—EMIZER, BLEPIAS T A0 Z 18— R, N 7 PRIER — S5 AR SERRIG L T A AT BERAL, A SCHE R 35
4.2 Pl SER R TSR LI SR A
3.2 ESYHRATENE—SHRS

A L REIE T N =2 B, Xt B 1 TR N > 2 L.

XM 3, AN k(i | 2) RS i L 2 s i § A REIHEEL 121F a;. A THHEIE 0 /Y
ovj WPBRAEYIZRAE LRI R EE exr(h) HISZM, VRN 4 BHE), A2 DU JL/MERB.

B R 4 T (7) BT, A T TR R
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&5 fFE—H ki, kij € R, 1§ err;(OPT;) = err;(OPT;) — kyj.

B 5 5 (7) MZERIBR T RV N > 2 24 BB 5 o ki £ R FEUE, Wit 2 U ARZTE N &y, 42
KT 0 1. AR T ERIRAL, FEAFE L ky; > 0.

iR b, oy 8K, BWREBZ KA T § MEBIEEOA KA T i, err;(h;) Bz M. H2, X
AN E T 0 5§ ZEBMRER SR, T4 0 5 AL, X nmE N, AT DL 4 AR R
SE SUBAS T A0 Z AR AL, (R AEIX P SUR &t (hy) KT I BUE#RA R+ B 2. Rk, A E B
WA Z AAFAEARLE, FEEETAHBUE S oy Xt err;(h;) 5 err;(OPT,) Z A2 an R .

EX3 T0Am i M ZRRABLEEE N s HEHA si; = sji.

&6 FFESH by > 0, {115 err;(hy) <err;(OPT)) + k1 Y, (1 — sij) ;.

G RN T ERTHRJTE, RSO by £E Z; EIEESRZEZAT 55 HHR B T BRI i an R R

Bi%7 FHESE ky > 0, (1115 TTj > (zpyez, Lhi(2), OPT;(2)) < koavii.

FIF S 3 Al 57, AT LAAS 2 LR 2 2.

EIE2 ARG 5~7 BOLHX N HIZEL ny, kij, ky, ko W RHRFEFFAT, AAAE—HARTT 0 B ayy SR RIF
WA b 2 ert(h) < ert(OPT).

R ESeH err(h) M err,(h) R, 1 err(h) = X, ey (h). FIHMERY 2, 3, M6,

ert;(h) = o err;(h;) + Z a;;€rT;(h;) < oy (err] (OPT;) + k1 Z(l - sij)aij> + Z a;;ert;(h;). (13)
i£] £ i#j
HEE L AR B R BT, FMAEB 7, A
1
— Y Lk — > L(hi(2),OPTi(2)) + — Y L(OPT;(2),y)
" (z,y)€Z; " (z,y)€Z; " (z,y)€Z; (14)

< errj(OPTi) + koo,

FAEBE 5, A AR 3] err;(h) 90 B 5

mj(h) < ajj <errj(OPTj) + k1 Z(l — sij)aij> + Zaij(mj(OPTj) — ki + kaaui;)

i#£] i#£j (15)
= mj(OPTj) + klOéjj Z(l — sij)aij + ko Z Qi Qs — Z kijaij.
i#] i#j i#j
TH
P _ n
err(h) < ertr(OPT) + Z p (kla” Z — sij)au5 + ko Za”a“ Z kma”> (16)
J i#] i#] i#£]

TESH 0y, kij, kv, ke W52 — 8 AR, FEE— 200 2R 3 1 oy, S ASER (16) A X BUHLGE. A 1 IRIIE
IR BB I S BTG B A R AR, X B2 — AR, I8 — AR i, o = 1,Vi > 3. IXFERT oy HTLA
B —AR & gy STEERIE. BHAAANERX (16) XTI, 7] IS RIRT ao B IR king (1 — so1)aia(1 —
22 (19) 4 kangaia(1 — anz) — kaingans + kina(1 — s12)a1a(1 — anz) + kansana(1 — 22ans) — kigngane. AT SH
/VEE SE B, XA [0, 1) Z [P SAAE .
SEFE 2 4B, FEFEMARAE T, AR5 HHR AR DR AL T R % IS S B ) 2 Be i k. (R e B 1 —FF, w3
2 IR 2 Bk T 2548 (5) WIRRAL. 24t (5) BIRAL S 3 35 1 B He -0 A 2 18] H BAT R DL A AR ALLBE 1)
KN, IXFERAT AR, BAYLE I 22 B O, UAH AL AT 55 22 18] R TR B J Bk i ) T AN A2
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3.3 ESPHRATEMZES RS

AR EH 2 (S5 REAT L IR ISR e B0 LLM AR 55 HHRBE I RT BE T3 .
BE, Rf 2R RS 3 feffik 5, rTLAfRRILL R 4f

err(h) = %Wj(’l) = % an (Z o (err;(h;) — kji) + %‘jerrj(hj)>

J i£j
1
= (Z Z niou; (@rr; (hy) — kj;) + Z 1;0Lj;€TT; (hj)>
J o i#j ;
1 Sy —
= (Z >y (ErT; (hy) — ki) + ) njajjerrj(hﬁ) (17)
J i Jj
1 —
= ﬁ (Z (Zaij + O@‘j) (errj(hj) — klj) — Zn]—aijkij>
J 1#] 2%
N eaw h) =S M ks
- z]: n err; (hj) ; n a2]k1]7

Horp 7, oderr(hy) AT LAY — DNRENE LR T 0 A0, (HARLES @ DT LR by iAE OPT; [tk

MIZIARR. T =3, Mk T CAERARORE L RN AN BE IR B 70 HF 10 A i IR A 2 R0 k. BT ki

FIIBUELE R B, 76 kiy A2 28 2 AR — oL T, — Y0, S aykyy X —TIFA—E /DT 0.
EREIN (17) 25X, 53X (16) 45 & T BEH

Z &mj(hj) < err(OPT) + Z % (kzlozjj Z(l — 8ij); + ko Z aijozii> ) (18)
J J ] i#j
MM (18) A3 X T — 5 2 AR 4 1), mT DABR A A Pl 2RI AT 25 HF R A 77 16 = B S SRS I 205 BB RE 8 58 26 7
P A, AW RAIRTCIEE B A

ML (17) F (18) ] LAFS A, BAS e 3 2 pRor, R 5 R i o8k, RO HSEME 72 (17) A E Dl ik
W5 KT %A% (5), HEEKME (5) PAERMILZ Z RN gE TEE 5 PSS ki, N T e 2 $
AN B TR

DAL, X264 (5) BONGEE R IR T RIE &5 BAUT SR M RE AU EE A AN, BTl e 8dm g ok B K2
IYAT RS T3 A0 I 5 B, R SO SR (5) BN RTRETT ). i, fdln () — S At S AR RS S AR AL T 2k
B A5 P A F RV EIE (WAt Ae Mg . BEE . Wikipedia 28) E8—MNNZRETH /MR R ELE], DL SRIETH
TRYIGRAE R e 72881 it — 20, Wettig 25 B [ 5O ERHI 7 23— 4i b, JR3sH4n o Ja i d—2%
TERHE /DR AT EC ). AT TE A I, 38 I B A (R U E R B BT 5 B A, R DB T SR AR Y £E AN [+
SR I PERE.

S5 T, R 2% oA ) Sk A O S A (5) B — AN ATRET ). AR BRA SR R 2 BT it 45 e A
h 3 X (z,y) BRI M, T DAE— 5 %A MR HME— MR M = M. WA —ME 805 o BfI,
BT LLEEN o SARMRBIN o MZEEMASUE BB, Sudk %A (5), dEm AL AT 55 HHR AR 7).

BEAR, SR A SR 121220 i 5 | A BT 55 MR R AR b 14 IR 45 1, TR L3 745 X 4% 119 2 4% B T
DAFR T AL AT 55 HHiR e 7.

4  SCIGSTHR

4.1 EIHEEESHHRRED
AR 38 I S S A A 36 R (K VE B A ST AR AE 7. AR, KER 2 AR B AR A eyt A0 R — Ay
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FEHRBITRI, FEAN 2 2 sCHbHE T B2 R BT IR 17 20 A XA 45 A5 5 AT 55 HER R ) A 30 A7 7E — 52 1 R X

I A0 T B BRI A, A O] DU IE HH— AN RIS Al TR S5 R RE ST 578, A SCAE X B — B xS
T Y(z,y) € My, {h(z) = y} D {hj(2) = y}, MBS G IE# 0 H8 T 700 A A Refin BRI 45 58, WA X+
V(z,y) € M, Pr(h(2) = y) = 3, h(i | 2)Pr(hi(z) = y) = h(j | 2) Pr(hj(2) = y), BEE h(j | 2) = Pr(h(2) =
y)/ Pr(h;(2) = y), BB h £E5F (2, y) BAESHHRAE IR LA Pr(h(2) = y) 5 Pr(h;(2) = y) BILGAETHE H. Hop,
Pr(h(z) = y) A LAEABERL A4 B B, 10 Pr(h;(z) = y) WFEZEASTE. ARSCZ 2 gl ge 18190 (15 &, 16 A
NOEMTE. ERE S N SIREARE (2,y) FAMEIRER (2,v:), i = 1,..., 5, BX LR PR RENLA A ymd,
i=1,...,5. AR (2, y"?) #iE EF RIS prompty. BT IXFEIE R B SO o I REA L
b, H HFEARFRZRBENAGN, BRI SRR 2 Ii I BN S0 S R AR TS A (PR e, BRI FE R I 1 1
B ER R R THERUE S HHR K AE 7). AL B R SCHR IR prompt, HUTBL T RIRBEAYS O Bl (2), T
1 Pr(hj(z) = y) Z Pr(hi(2)). TRA W Rt

(19)

TEABE 3 MU — 3 LIRS, h(i | 2),2 ~ M; = RE 4,7 ARMEME. TEX Pr(h(z) =y) = h(j |
2) Pr(hj(z) = y) FEXPILIBUHRIRE] 1(j | 2) = Boyyens, [1(2) = 9/ Ezyyen, [hi(2) = yl. MTRMT 7040 M;
PR Z, vTUH Z ERgsafEia el U e, Rt (19), B

H1 X ez Lh(2) = v)
1Z] Z(z,y)ez 1(h§d(2) =)

PATF By s B6oR 48 A 3K (20), 8 A RAE AR A SRR AR A BEN LR 25587 T B IE A 3R 0 Z2 B A VT — 15
M b RS HEREED). JF BTSN (19), @I AR R TR SE IR R A LU DR A5 T R(j | 2,2 ~ M),
DI UERBE 3 L.

4.1.1 ESFERSTUEFNABIREE LHEITMHIT

B AR, X T A A £, A S SRS Al A R WA S IR R, RO AR SO G R RS 5 AR A
155 IR BE 7T B AN R AE I U B B R IX A B8 L RE RS S8 SR p HHE ST BTG DL T EEA S 18, HUR, TEREHLAARAE
I, ARSCHE et — AR AT R AN R HIBENLARAS, IR PR EUE 5D AR R TP e B0 — 2 PR ANR]
BURE R 2R e T T 3 v BR8], DA Ry e A v B S5 B 2 B P e B O s . e, AT (20) HO
TIEAR —E R RBR . M BN LAR 2D FE AR R B R A b R T S0 22 Tk 6 55/ B 28 1 i 2 4
0T R AR, BAR AT DI IE bR SCHRR, (A2 B IR B I IME R FE A BRI R R 4 | S 2T g
JIHIE.

ASCAE 2 AL RTE S A5 Mistral Nemo!) Al Llama 3.1 8B, fl 12 /M43 280 £ ik £ FodE 45 L
Sl FHZEREA (0-shot) « FEALFRZE/DFEA (few-shot random), FIFLSEARZE/DFEEA (few-shot golden) HIFE/RIEAT
TR SRIRZEIRAESR 1 P JRIR, A SIS E R AR RO

W 1 poR, S5 A R P AN K TE 5 BB AR AN [R] A I 4R AR S5 HHR B8 ) S AR I — MR AE
e — DA £ b AT 5 VR BE 0 B I AN BEAHE T H T2 B A FL At 00 S ah £ L AT 5 9 VR BE 0 B A T AE K
ZHIEDL T, TREASEIR B LR 2840 4 25 N TR NS 2 D BEA SR B IERA 22, (R I BEATLAR RS DA AR 3R 1Y)
TR T HL SRS D FEA SRR I IEAR 3. 3X — &5 B W] RIS R 5o 45 44 11 R0 & BEAUR SRAFAE B A 55 Wi e
JIAS I 7] .

Mg BAR B gyt TR BUSRAE R R Ao T 0% A R SR R L. B, A SORBLZAEYAE TweetEval
sentiment JREE LR AT [B12F True, M7E glue-mrpe MRAE LA T B2 False. AN EARIHIF ILE 2. A&

1) https://mistral.ai/news/mistral-nemo/.
2) https://ai.meta.com/blog/meta-llama-3-1/.

h(jlz) = : (20)
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*1 AMRBEETENREEELER 3 MARRRNEHERE (%).

Table 1 Accuracies (%) of the models on various datasets using the three different prompting styles.

Dataset Mistral Nemo Llama 3.1 8B
0-shot few-shot random few-shot golden 0-shot few-shot random few-shot golden

MMLU 50.85 60.27 60.37 54.03 57.51 58.13
arc-challenge 76.26 84.61 85.04 71.74 77.30 77.39
openbookQA 72.20 79.60 79.00 64.20 74.80 75.00
TweetEval sentiment 67.15 62.79 66.03 54.81 60.71 65.15
TweetEval offensive 31.67 52.33 71.55 50.09 51.69 54.79
race 65.91 82.73 83.73 74.61 78.23 79.08
cmnli 34.59 46.77 56.85 34.69 48.07 51.17
glue-mrpc 33.51 68.81 70.09 46.61 71.19 73.74
glue-rte 50.54 79.42 79.42 68.95 77.26 79.42
glue-gnli 53.63 67.25 70.43 57.79 66.97 58.05
glue-qqp 64.25 81.66 81.62 63.31 75.51 73.85
glue-cola 33.37 46.41 72.87 66.92 78.81 78.90

* 2 RAGETHAETTHMEAES. REMELRERRTR.

Table 2 Examples of model outputs employing 0-shot prompts. Bold texts denote the model’s output.

Example output on TweetEval Example output on glue-mrpc
Below are two sentences. Judge whether they are
equivalent. Your answer should only be True or False.

Is the following Tweet offensive? Your answer should #7# Sentencel:

include only True or False. According to the federal Centers for Disease Control and

H##4 Tweet: Prevention ( news - web sites ) , there were 19 reported

#SilsilaBadallteRishtonKa tag is filled with appreciation of cases of measles in the United States in 2002 .

@user only.... Never watched this serial but I always wanted #7# Sentence2:

appreciation for Aditi... She is underrated since starting of The Centers for Disease Control and Prevention said there

the show... She is worth of all this appreciation.. [Clapping were 19 reported cases of measles in the United States in

Hands][Clapping Hands][Clapping Hands] 2002 .

### Answer: ### Answer:

The correct answer is True. The correct answer is False.

#+## Explanation: #+#+# Explanation:

The Tweet is offensive because it is a personal The first sentence is a news report, while the second

attack on Aditi. sentence is a quote. The first sentence is written in
the past tense, while the second sentence is written
in the present tense.

SCIN, I LARBL T AR AR AR S L R AR A D9 R DL R i AR 2, AT AR M IE 6 0 S o T 1 1
oA

BEAk, H T — S LR A DR A SRR BIAR 22 T8 A BEALIY, 556 45 R mT RE 2 BEATLE DL ARG AR 25 o
PRZEFON I LB . R AR S 2 U BN LAR R 30 AT B R SIS, R TURENLIERT R 1 A EENLARSE TR AR
BLRIRZ . SEit b, A HIR A T R BEN LR R VA, B — R A ESCRTR, E e BUR P REAE R
) — 2 bp2E, XA BRSO FEA R BB R — 2 S8R NIRRT AR R, RS DA
IPBCARZE. B A IIE TR IR FEAKE B o S ON AR RS B E T, e BELIE B R R h A& ) — B,
KEB I FEGIOREFHLSEARZE. HIA0FE 10 DMREBIRI D REARSER T, 4 2 BURFEAVIETA 4 A, WIk# 2 8503 MBI
ORFFELSEARZE. TR T BOREG I BE R BE — DN AR SERURREE. Bl HSEARZEN “A”, IEITN “A”~“D”, MIEEHL
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(a) (b)
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o
$£70 = £ 70
= =
: 2
§ 60 § 60
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50 50
40 o 40
30 - 30 -
mmlu arc openbookga race  cmnli  mrpc mmlu arc openbookqa race  cmnli  mrpc
Dataset Dataset

3 EoHIEE L Mistral Nemo REERBHARE DEAR R TERENAERE, HhrSERINTEERERITIERE
B OHABEIAAKR T T EBERNEE. (2) BEE—MIURE; (b) BAEZMILKRE.
Figure 3 Boxplot of the scores of the Mistral Nemo model on some test datasets using few-shot random prompts, where the vertical

lines range from the model’s scores using 0-shot prompts to scores using few-shot golden prompts. (a) Using label randomization method
1; (b) using label randomization method 2.

(a) (b)
2 4
1 2
0 T T T 0 .
0 1 2 0 1
Estimated distribution of h(i | z) Estimated distribution of h(i | z)

B 4 BEERE—MRBEIIEEL h(G| 2,2 ~ M;) ERSHEITHESEURZZEEGITBENSHEE. (2) Llama 3.1 8B
RAE arc HIEE LAIZER; (b) Mistral Nemo fRE7f TweetEval-offensive ${#E&E FHIZER.

Figure 4 The histogram and probability density function by kernel density estimation of h(i | z,z ~ M;). (a) The result of the Llama
3.1 8B model on the arc dataset; (b) the result of the Mistral Nemo model on the TweetEval-offensive dataset.

L B, “C7, <D AR,

K 3 JR7R T Mistral Nemo BUELZE S M SR b 1542 9200 3 SR b REABEHURR BB F T 2 A
TP, WS e T B 1, BARBERUERS D AR A PR 2 BURAE HIBEHLYE (RN, (L R FBLIE I
B LRGSR 2 1

4.1.2 EEESPHRENHN—HMERIK

A 3 N BT IRT, ARSI hi | 2,2 ~ M) BOZARS @« fj B2R0FE, s 16T 2 TN
ZLAKMEREALE (0,1) MIFASLEEE. M2 (19) AH T —AHBEAETT h(i | 2,2 ~ M;) BO5% AR BT
S A B R R I — A5 E 7 VE, SHME— IR EE LR S PR 2 € S AGTE h(i | 2,2 € §), HIERHALR
AT B 4 R T IR SR 2 SR 00 L I LA R A AN ST AT B R 40 AT % R A

W 4 FoR, (ST R0 h(i | 2,2 ~ M;) B ARERHAE (0,1) Z IR FEA ST I, X — 25 53R, Ak
PRI AE [F) — R 4 P (38R B BTSSR AR ) KB e — W B, X AE— @ R RIRE T A X
P 3.

4.1.3 RESKXNHFI

6 45 KRB, SEONRENKIE 5 S S BORB RO IE 5 R ARAE bR 3052 57 3R B AN TR A 2K
SHONB N HITE F AT TR SCHR oS fA TSI AR 55 R, 1 2 B RO A1 5 AR S il S 4 552
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% 3 Llama 3.1 70B ZEREIAKIEE HER 3 MRARIERRASHIERE (%).

Table 3 Accuracies (%) of Llama 3.1 70B on various datasets using the three different prompting styles.

Dataset O-shot few-shot few-shot Dataset Ooshot few-shot few-shot
random golden random golden
arc-challenge 90.81 91.91 92.21 MMLU 74.63 69.73 69.13
openbookQA 87.60 90.40 90.60 race 87.61 82.32 86.01
TweetEval sentiment 48.55 61.44 67.13 glue-rte 84.12 80.87 75.45
TweetEval offensive 34.07 78.62 79.02 glue-cola 82.52 67.53 79.32
cmnli 51.45 52.45 59.44 glue-gnli 75.23 54.45 85.51
glue-mrpc 58.54 74.53 75.82
glue-qqp 80.12 85.71 86.51

>3 001 PR e B BE R ORI T AT B S R AT A ). A ik T Llama 3.1 70B AU E 5 EIR SIS,
AR S5R 1 g R T LU

UGS RAER 3 TR, Hrh R4S M RAME R R . ik 3 Ze i Don, £ s 48 L,
Llama 3.1 70B &I 5 E/NUETE S AP ZR, FREAIR R I 0 3N T RENLR 8D R AR R ) 1E
. HEUNITE F B E R SRIR 4 RN E M2, Llama 3.1 70B fEEFEASR T AIZEREHIAR S D FEASR R TN
LW A ZEREA BTy, B Llama 3.1 70B f4E S5 #F IR RE AR SNBSS AR SMIL 5. X el gt T kS
OB R B R BE T 32T, DA SCE R BN ZRER i R I B RN 3 ¥ %8

{HA, W 3 WA R Fs, 25— IR AdRSE b, Llama 3.1 70B RILH 58NS 5 HHE AR
ISR, BEHUARZE DAFEA SR N I 1A 5 0 2 AR AR A S AR SEAR D FEAR IR T I IR R RSN
X—HB >3RI Llama 3.1 70B ££ =N 305 2] R I AR 5522 ST 10F il TR RS AEAR DR AT B TR SCHoR
TAREAT TAESS 2], AR (20) BIRLF S0, RIIR BE SI0 45 R TG IA T B Z B AR 55 R AE ). Ak
i, H TR AR LR R R A B SRR AR B BT 555 SO I AR A2 8 e B L e 0 A T R, Rl AR
T RA PRI E R

4.1.4 ARG

FESEBRR A, 7R 502 31 S0 — AN R LA EL AR A P AR S . SR T AE A SR BB HEZ Ay, X
AEAFRRPUR. £S5 @ SR TR AR 55 PR B8 R SETHE R R B, Mo o d i A A R )l 25
BERBUBRMRBE 4 S M 5 TS, BRI SRR I, BRI SE BEATLAR RS 1) B SCHR 7R mT BASR THSE Y 7
RS LRI, fEREHUARZE B 58 b AT RORIF A — E RE SRTHR R R B, B, RS AT IO AES
RIHERAIEFHEARBEST (i | 2,2 ~ M;), R RN ZAES BRI (2 | i) 22000, TEMEE
T SRS — IR AT RER D TR SRS I REACREAE 55 5 S (A B iR . PRk T BAHEWT, AT
BEAUAR AR AR LT SR, fERENUARZE B 2k L AT RO AN & B35 SRR R B

FEVE RS DL, AR SO F BEALIR S S L SEAR RS M B SR O Y SR A5 4.1.1 TS, SEIRE IRk 4 f
7, SRR S I AR AR ROR . SR g RAR W, B EREATLRR A 8 S L o5 v e 2 B AR
T ECR B, R IEFAR RS I BE A EROR R YERE —BUETE, R —BLR HRENURAE R SRR T RIAER e AR

4.2 IIFXHEIRISRIL

AT BIR S5 R, B 1 5 2, WA KT 20 (5) BIRRAL. ANl LR BB (5) KBS &
B, HRZR KA (5) MOLIIZRAT.

4.2.1 FHERIESIIE
AT S IE T RN LA R EEE E I ZoRE SR I T — B AL S 3.1 e X OPT HITEREZ
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® 4 BMRBEMIGERAESRERIRESE ERFRIERERR (%).

Table 4 Accuracies (%) of the models before and after finetuning on random label and golden label datasets.

Mistral Nemo Llama 3.1 8B
Dataset Finetune with Finetune with Finetune with Finetune with
Base model Base model
random label golden label random label golden label

MMLU 50.85 35.71 56.11 54.03 37.11 55.47
arc-challenge 76.26 46.17 84.78 71.74 39.91 77.83
openbookQA 72.20 25.20 81.80 64.20 33.00 77.80
TweetEval sentiment 67.15 51.45 66.85 54.81 20.48 63.85
TweetEval offensive 31.67 54.67 68.49 50.09 53.67 70.19
race 65.91 27.50 82.49 74.61 30.54 79.23
cmnli 34.59 35.21 67.92 34.69 36.23 33.51
glue-mrpc 33.51 45.91 66.49 46.61 50.49 66.49
glue-rte 50.54 57.76 87.37 68.95 55.96 80.14
glue-qnli 53.63 50.47 87.88 57.79 57.43 86.72
glue-qqp 64.25 67.81 84.88 63.31 62.45 83.68
glue-cola 33.37 53.69 85.24 66.92 47.27 77.76

S, EMRAE 15 0F (5). X BN A S8 A SO #2228 1 i AR 27400 E e Zipf - Al E
N DT ARnE RS, ¢ o s U TAAIEFE DRI d [ 0-1 TP, 28 0 A7 20 A0 B
TR s;, 52 SUERPIA T A0 ZIIARBUEN 555 = Yoisy 1si(k) = s5(k)). 55 i AT 5040 hIRE ALY
o LR EENLEIRE o5 HORE—AAS B0, ARG R 7 A1 BERS AN SR 18 5 B A IR R 7 T, 20 2 A
foR, KIE SRR DL 48 ml ki th B0 — AN A AN A St IR A SE D Se 3020 A, TR 35 A8 58 42 5%
TR R TR & LA, L EE TR E AT B 0-1 T4 RoR, BURTE SRR T8 n] e
0-1 “FAF e B —AN 0 A 10 b3 & B AR RO R S bR EARBE 18— A7 20 A R 2 SR AL Y.

ASCHE XA RS 700 EBOREAS 2 — D8, JFEIX— i 0-1 T4 B s it i £ B 20 I ZRPT A /s
TfK) GPT-2 67 1331 B — AN CEREY 1, AR A LUR — Go BN B AR ISR, 28 =AM, AR
2, ENGSH 55— MR B0 WEZERET, IR MRS 4 P R AR AL 7155 & 1T
S b T HARRB T AN L1 0-1 54585, H SRR 104 — 0 S AT JF HAEI
UL LPPAE I RE T, SEAREARIRT L LA S SRR BT IRk, A 2 7RI ZR DL A i ] LA
FERIHAIWHR R TS 77040, W AHEA N OPT. B 5 FoR 1 & M A A e 2Rl i A= ik, LRIk
LAl H .

v b, B 2 FEFTE T A BRI TR 1, BRORR 2 FEUINZRONIHE TN AT DL SE SE M o) B T
oA SR 264 (5) X700 & A j BROSL, WIS F- 70 A j A SRS, RS PR SCRIESS 1 DT 55
N Ay oA, Bl B KA N7 2040, JHE RSB PARREH E R iR R AR SHE
HOELR 7 RS, SR TAFER s MIBEHLYERS SCIR 45 F™ A e m. SKae a5 R ALK 6.

ME 6(b) A1 (c) HATLAFE H, o SRR A R LR/ B PS50 A 2 8] AR ) Z2 B AN K, AR 2 7R 55
N DT LR SRR AR 2N TR 1. it Ul 2 06 AR A DL RS 1- 701 H BRI 2 T J2 06 (0 2 e 2% AF
(5) BEMS AL AL ZER A B 6(a)~(d) A RTEUE HY, PN 300 A 2 8] FROARABLEE SN o W P R BE A — s YL TRl PN )
BN PN 20A HH IR ZE BRI 0, DABe bR SO B RGN A AR B R AR A LU . AEEE 1 A 2 HOAEE
B R g, 5C(5) R 2, PR E PR ol B 2. RIAE Bk 4 FB BT, SRS BRI b S5 R
REI T2 WA, T 7oA i AR AR S HIER T s, B N EWAEEINE N AT
TN ZRAHE (0 L. B 6(c) AR BERSTS B 53— MHERE, ST 2Rt ook B KR A R i ) 1 73
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1
For i € [N], randomly initialize s; =1010...01 C; =+
D i+27
To decid 1 .
0 Gecife a SamP  pirst choose subpopulation k with Pr(k =1) =¢/ Z G

Then independently flipping each bit sample = 0010 ... 10
of s;, with probability o, resulting in d bits

Model’s training/evaluating objective (denoted by arrows)
unique identifier fork

Model 1’s input: 0010 ...10 Model 2’s input: 011 0010...10

Model 1’s objective: lu | | | Model 2’s objective: \ l W Il

Model 1°s output: 0010 ...10 Model 2’s output: 011 0010...10
——

not for calculating loss

Bl 5 SRESHHBESHEMR. B %/ TEBiReRE.

Figure 5 An example of synthetic data distribution generation, data sampling, and training/evaluating objective.
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(a) (b)
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= = @ / [ ED %I ==
5
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& 0.5 i ?‘ 100 05 = o 1.2
0.75
0.4 0.4 1.0
- 0.50
0.3 0.3 0.8
0.4 0.5 0.6 0.7 0.8 0.9 0.1 0.15 0.2 0.25
Similarity Noise delta
0.75 © 1.8 0.70 @ 1.6
c
0.70 o — o liTLI % 15
= = = L6 065 L
0.65 % 1.4
0.60 . 3
1.4
P 0.60 H ———————— /-/ 13 i
5 0.55 / 1, 055 — 1‘25
0.50 [§) 1.1
== 0.50 5 ) = ==
045 1.0 1.0
0.45
0.40 08 0.9
0.35 0.40 0.8
32 48 64 80 96 112 128 64 96 128 192 256
N d
[ Error of model 1 = Error of model 2 —e— Ratio of the mean error rates of the two models

6 EH 1 51R8 2 £ N NFAHLNERENERE, H%ARE 2 5158 1 HRENLE. (a) z- HATEN s,
HttsH SRR d =256, N =64, § = 0.2; (b) z- $HARRMESE ¢, EESHPAA d =256, N =64, s1,v = 0.8; (c) -
HARERTARHRE N, HthSHH A d = 256, 6 = 0.2, s1.v = 0.8; (d) z- AREWLETXKE 4, HtSHSHA
N =64, § =0.2, s;,n =0.9.

Figure 6 Boxplots of the two models’ error rates on the Nth subpopulation. The line refers to their ratio. (a) Error rates against
different s1 . The other parameters are d = 256, N = 64, § = 0.2. (b) Error rates against noise level §. The other parameters are

d = 256, N = 64, s,y = 0.8. (c) Error rates against number of subpopulations N. The other parameters are d = 256, § = 0.2,
s1,n = 0.8. (d) Error rates against context length d. The other parameters are N = 64, § = 0.2, sy y = 0.9.

A B o EE AT PARSCEE SR A (5), BETIRTHE AL AR S5 HR IR AE /1, BIARSCAE RS 3.3 39 th B H (4 35 RN 2 (1 B8t U5
7] 2 —fE G AR S5 I SE 56 A4S 2 1 4RI
RJEASCHREU I, £ 6(a) Ha] DAE AT 70 A0 Z 18 AR 55 227008 0.7 B 0.8 I, LLEA &
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#& 5 Minerva 7B {REEE T AIZEMN X KIRE LAITM. BRSHRIEA, BOANIERAERE, EEARBHIENRIERR.
Table 5 The evaluation results of Minerva 7B on various Spanish benchmarks. The default metric for evaluation is accuracy unless
otherwise specified, and the baseline is given by a random guess.

xquad
arc hellaswag belebele COPA-es Global-MMLU
(exact match)
Score (%) 27.26 35.89 37.11 60.80 33.75 31.09
Baseline (%) 25 25 25 50 25 N/A

FHORT 1, X — sy AL R, B, £ 0-1 TR T, TR0 S8R — N RA WA TR IE
& {0,1}, BMEZBENLERE N FRFH s 5 s, ENTZ KB B 2 BIOCBERSGE 1/2. HIRk, sehefiilsh
T3 AT Z ) IR A Z2 BT KT SR ) N = 64 DT AR BRI, AESERREOL T (5) MR IF
AR SR A A

4.2.2 (FHESESWIE

b AR A A AR ST ENGR T — MBS B, B 7% (5). AR, A RUES LRSI A RA
—EBES AR IR O, A B SKHE F R RN R SEAT 55, @ — R RN A 7 SRS AR 2R (5).

FE RSB AE E HSLSERR BAIE 2% (5) MRORIRERS 2, 9 T IRIESR 4 (5) % B2l B2 1 Tl Il R e 2,
T PR R R 5 R 2 AR KR I TR R B, D8 1 B MR AR R 1 (5), ASCRA — AR5 3K
EERE S A G WR MRS, M E S B RANE M DM EEARLRIE S, AE KL 82% KIRNCARLUE. W
R TGHE A RN B R A5 9 M, B KAE B AL My, FEIZPIMES EIRIESAF (5)
FUAT A CA R BINZRAEA, BR ORI B AR S 36 7 AR AR 3. A SCa % 17 3 A R ORRIE R F 5t RO RY
Minerva 7B, 7245 AN A VU HE A 1R AT 55 2 A TETE RN VLT T8 FOAE 55 _EVPABEAY ) 2 B, SRR A 45 SR LAk
5, Herb, BT 5 ANIREE 808 7> R LRSS, xquad 2B BRI A KR 4.

W1 5 B, Minerva 7B BERUAE T PHHESF i (IR B 46 BB AR T LRI, R X MR I 28
AR IFEA IR SR, X SER A R RRELE |2, = 0 BRI N, %47 (5) TS Sk oL, BRI
WEWEX T RN | Zi|, 264 (5) T5IRKRAL.

4.3 IFIBIpEER

N T AEE A EIIERIR A58, X RS 4.2.1 TRORIY 1 RETRE G, SRR I AT AR —
AL FRFHLIBER A, SR TSR BT g 5 o A R A X — B il i g s A A RSl . B eUs
R ARy 21T Mo NTFEYIZRRY, B SR BUR LT NN d FRTHR N d — 1 DMEORE T L7 4F
B G B RIFIORN 0-1 TR AL, (HR SR T A3 455, (AR 0T SOk BVIRAR 0 5
1, T [logy N ALARETME—RAX — A& FT 8 I 10 A A — 85 0 B 1. IR, ISk AR i ) thoks
REFIXARE X TR R 0-1 T4 85, BEFUN N — A2 7R/ 5RAE {0,1} L9 A0, BHEWT 2o i s 773
ATE [N] _ERIAR.

SXFE IR A A% AR AR AL T T — 52 7 5 B A BE 70 R HHE W 520 T I 5 A1 (K RE 0 AT BL ST H B AETRAl
BRI, S 5 FEAR Ry Y AE T — 7 A B Rk, 7 R 25 A A gyt AR HE R 52 P & 1 oAl IR,
FFRIPIA DR B AE. FHIRMIPAE T 3%, LS b — 1 vhofaeil) 70 A 2 TRV AR 0 75325, mT AR A s L %
R E SR AE 1 5% SR R A&,

R0 TR NGRS R RAE S N S0 AT ERIPPS S5 R U1 6 . nTRUE Y, BEE A7 Z 18] AU ) 1
n, WARAEES N AT A7 BRI E — A (R A D, (B AR 2 FR R T IR B 5 A AR RN, X4
REFEAC R ER.

3) https://nlp.uniromal.it/posts/34.
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Table 6 The model’s losses in inferring next bit and identifying subpopulation, respectively.

Similarity = 0.4 Similarity = 0.5 Similarity = 0.6 Similarity = 0.7 Similarity = 0.8 Similarity = 0.9

Loss in inferring next bit 0.68465 0.68514 0.68426 0.65207 0.54745 0.45864
Loss in identifying subpopulation 0.16968 0.18699 0.2031 0.26822 0.43541 0.95021

5 ZE5RE

ASCNBEHUBR R D RE A S 7R BEME S TH KT 5 PR REIX — LG, DL SRR AR SR A TR B A 6 1) 4 Al
B A, 45 T OKIE S RRAEAR SS90 IR B RE AN R IR —HEWR. B M R HEIEM] 17, KSR T A
SR B R AR AL 55 2 18] ROARLLEE P SR AL, A 55 HR R RE 0 B 22 (AR RY e 72 I 2k e BTk B 4T 42
iRz, W RIVRISER, AR T 2T SR ORI S B ST R ERANE, W TS HON .
PR AR DR SO S5 R RE AN L 2, B0AIE T BRI S BB 4518. ik, AT T ORTE S B S5 R
REI AN R IX— LG — R m] REMRRE.

AT EAR E R I A BRI R TT K8 5 B 55 HE IR RE 0 0 2B R, T2 Fi R al SR SR 36 A2
FLS KA OL T, B AE SSHERRE e — DI AR SE R I EIR. B e, XA b BT 75 46 A 1 St AT AR
NBRTTKIE FRAUE S5 HHRBE I 2k, e G hn B 2R3 vh B SR 5 20 A1 1K R 70 A e i O it &2, it
UIZRPT 45325 e 2, e FTEE IR 2% AT 55 AR ZEH, T DUW R R 4 55 R AE /S Bk Hk, kT 2400
IR 5 R AR S5 HH IR BE 1502 TR 1) 1 A SC5E BRI BB i AN B 8. 36 TR 08 5 I A B 25 1) et AT
AHHE.
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Existence proof and improvement study of nontrivial upper bounds on
task recognition of large language models
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Abstract Recent advancements in large language models (LLMs) have significantly enhanced their ability to solve tasks
traditionally performed by humans, thereby narrowing the gap between human and artificial intelligence. However, the LLM
performance remains highly sensitive to minor variations in prompts. One of the phenomena highlighted in this paper is that
providing multiple examples of question-answer pairs can substantially improve LLM performance, even when the answers
are randomly assigned. In the domain of in-context learning, LLMs leverage these examples through two mechanisms: task
recognition and task learning, with the performance boost from randomly labeled examples attributed primarily to task
recognition. This paper posits that the continued reliance on such examples underscores the need for improvement in task
recognition. Building on this insight, we propose that this deficiency arises from the long-tailed characteristics of natural
language data distribution and the inherent similarities between tasks. A series of experiments were conducted to validate
the theoretical assumptions and conclusions. In addition, the impact of several factors on LLMs’ task recognition ability
was empirically analyzed. Based on the theoretical discussion, we also explore possible directions for improving LLMs’ task
recognition.

Keywords large language model (LLM), task recognition, few-shot prompting, data distribution, empirical risk



