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Abstract

B A RAGE SR (LLM) 32 AL H
AALAZ I H #3530 1 7 1) & R, oA 2
BN AP E R Ay . SR, KT
2 T HRE SRR, MRS
RS B FRATT S X ok |
2= NLP Hil AT 238 (2022-2025) DA 1%
1 150 2 fa 5 & /s 1A S W8 SCHE AT 848
R R A ) 8, AT T — 1 AE
PEFCH FL RESE ] T IEA R 1] i &
W 21 AN ErE, XU R MR IAI AN
BE o SR G TRATTAS I8 BEA W 5T fr] Pl i £
JEMEXT LLM By52 0, 38R A R ER
AE 55 S RFAS T4 1) 170 A1 DA I S 38 T fF 9 2
PE. BbAh, JAlaPrE i E A AES R
) R 2 (R AE 56, A AS H 7R 1]
s, Ml , FRATHEMEHEUL S Xt 2 8 ik
PRI R AT IR R, KRB
W BAA s . s, RATK
PR 1558 S ) B s TR A T A R AT A
2 E IR A AT 45 R A
PAEME A O BB R TP R AL B T
Hul, AT AS AL mpZEE, I
SANEIE 1 0k N Tl s AT

1 5%

i i)l 2% LLMs (Brown et al., 2020; Chowdhery
et al., 2022; OpenAl, 2022; Touvron et al., 2023a;
Team et al., 2023; Guo et al., 2025) PAFLA:= il 2
ANESCARRRE M 44, I HAES P B R
ML SRR 6. REENNARIER
F HAREF#E7R (Sahoo et al., 2024) Jii & 1 %
ZI55m, ABE YR B SRR AT AR 75
W, MiHE AR EAGE R, AR L
HREFRRZXEE, FHAHEMEALSA
T BE R G [H) ) T BEAZ A

REHE A MBS PoRIER EZ, BAEQ
AN ARG Z 1. MET Tk E
BHOB T AGE SR gl &L, AR e B A
P BETE bR (Deng et al., 2022; Lin et al., 2024; Shi

“Equal contribution. Works done during the internship at
WING, NUS.

FATA RIS AR X AT AL

et al., 2024) PA S A] fig B s AL AL As A
R AE NSRRI 25 AC A 4L (Pryzant et al.,
2023; Long et al., 2024a) . iX 7] {3 BFE AR
B UE B ARSI RIXE, I AT e R AE S A
5| AT HEFT A (Zou et al., 2023; Zhu et al.,
2023) , FlkRT—HbE. FEHEE, BATEE
{6 S NE S ) N I = 23 2 =y T £ Ky
AT, —EHURBISE (Bsharat et al., 2023; Lin,
2024) f1F5E (OpenAl, 2024b; Anthropic, 2024)
FIAT BRSO PR @R W, flan “fge
R R . XL URME A L i Y
M TR s AR A M RE , FROE T AT RE
[PITEMS, I AT AN SEAZE RO k. 28
M, EATAXENREE. Bt A%
e AR ORI E S S i s
SEPR I, X PHAS TR X U WS 1) R S P A
TR . AR, AR e SR TR
BRI HIE 55 e i i i AL, 182 s ) 1
TR MBI AT 55 . 8 =, IXLBEI [A]AH
HAER AR BE A 25 5 52 AT R Rk 72
GaR T

AT RERFXEERR ], FATTHE T W
KRG TE H MBS Hn . RATHAE T 2022
A 2 2025 TG NLP Fl AL 234 7R 18 3C
AR TR FH A B R (S8R
§B ), FFAEANAIPAGAE R 3 T 21 MR
KIEE, MmERAL T DA R A A
HU A (83 ). BT, FRAIWFSE T5EH1
FAIRIF 5 an ] 1A 30 o 5 g A i P R (s AR LA
RSS20k, Hm T SCREAN B IR #1850
TERITUFIAT: 55 A A S 25 (RN ~FA 4371 DA S AT
(84 ). BTk, HMOHTTiXLEEHE
TE—A 1 B MG F s TAR T A 6k,
R BITI Ebr i (85 ). FhiJfE, R4
AT T — KT HBUE S Z OISR, AT f#
B Z AP R B R AL RE I 2 (86 ) .
TR, RATWE A F B3R B A
FE55 P BAL RS AN R, ISR 2 A @A A
RS ORE R BB 2R A
(1), H HAE R PERE R 45 2 _E X R R A T
St BRI MA RN AT DTS 250
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L A5 IAT — i) LABSENLA R A v
ORIHEZE, T PPAh B ARTE S5 o,
PN T BSOS ITEAGLERE Y 21 X R
P, PASEBRAPAZE R DRI AR P
Lo PG AE -

2. FRATTX} 2022-2025 4F NLP/AI &3 ISR
PSERTIILIETT T AT, e
WAL LR, 7 T T
SR THRIZE L.

3. M T — 2 AR R PRI R
IR O, AT S T B AR 5
AR SR BT

4. FATWFIE 1 HEBAT 55 b B4R 7 AR A
B, KRB fR R E A & 2
NEHRE, HXFRCRAEA R A
55 MR oA BT AN [

2 HIRILAE

PRNTE LA RBNE S 1AL (LLMs) 23 )
ERGEIEN, IR T R R I TER) 12 2%
B DA LR PHEM A 2T .
ATT I AR R R S AR 2y, SR E AT
MM RETT T AL A o] S 2k BB A 2 35
ZE5t, ARCENTRHBUIR ., X s B 7R
fRTR R ALE B HR R AR RE R 2 . 560 A7
)i S P SRR AR s, RO, AN
FEAEYERR S . X LLMs fREFALA, SR —
ST AR TR AR, X SRR TS
HERATFAFER, BT 5 A E | .
FERXI LA, FATERGIA G 1
FUDAESE, ZHE SN R A X 2B S PR L
BT RGP . M ELRE SR S

BATRSMRA. #R TR (Wei et al., 2022;
Zhang et al., 2023; Zhou et al., 2023c) 1k
(Deng et al., 2022; Pryzant et al., 2023; Long et al.,
2024a) BAET AW i KA TE S AR B AT
SRR REHANRKZHFRE
hIER SRR RE L, (Hsdi s — 2B 4 %
JIsRIE ) Z SR @Y, GG i (Lin,
2024; Anthropic, 2024) . #L5i14 (Bsharat et al.,
2023; Yin et al., 2024) . £5#{k#% X (OpenAl,
2024b) , H 3R A T AP Jiet al.,
2023; Yuan et al., 2023) . #X1, H B MATEZE X
U A A RETE A R BRI 55 rh At ik 1)
Grab, SCE BT R R 2R TR T
F1 . BAh, EATHIAHEAE e H B M g
LR G AT IR EEARIRR . FATHE Sections 4
to 6 L TIX LR,

3 PR

BAVF AT, WX 150 fE e SCiEE
HATRMWE .. AT ERFE R Eie, &
fTREE M 2022 4F & 2025 4FE7E ACL Anthology
2 F% %1% ACL. EMNLP. NAACL i3, PA
J2#E OpenReview * | % Z1#) ICLR Fl NeurIPS
e SC o I HE Google b7 XA 2R,
— BB XAE SC . AESR TR R, AT
WAIAFT e O st il —SEAH X BB S 2R
Jei s FRATF SR HX L8 S s s B PERE Y
LR AR, R HARS A AR 8 .
XS g AR (4850 eb.) & XA

—. RWYIETE. CHIIFIERIE TR E R
VEEFFERT T A B i SR B S5 R )
PE. Bil4n, Yin et al. (2024) ZIAFLILAI R
RAESPMES FNE T PSR AL EE R, 1 Shi
etal. (2023) KA KB M REUE S
BRI T, S BRI I Rt e Y
PEBE (Bsharat et al., 2023; Lin, 2024) . 52 %% &b
WS & PA B R AL & R 44 7 5 humanoid
FrbErysgm, AT RTE PPAL $E 7R B B % %
ER AR A5 AT AT
TG YR, #5323 Grice 2375 E M B 150
(Grice, 1975) :

o ORRER SRR MR A X AE Y
(] s} e /M2 R TR, EAs B e B
PERRCR Z (B BUR-F-45 (%40, Shi et al.
(2023); Jiang et al. (2023b) ).

o G SURKIEW A EEARE (BRa),
(7] Hef e A R JEE L ol D AN D BRI S SR
PEFIIRYE (B0 Anthropic (2024) ).

« HEMZ 5 feade 2 KR Bl e th
P I BRI A (B4 Deng et al. (2023)
) R B S Al B SCAR A0 B AT ALK

« ALB FRONORFFRE.L Lol MR SURF
SEALSRIARRRE, LA S REN (B
9. e (B, Yin et al. (2024)
)e

. AHI. Weietal. (2022); Zhou et al. (2023a)
HE T IIASRRITE, REE AR HEBEATE 55 7
filt Ry o R R IR, TR T TR B AR
A (LLM) fbERe. JEeifos) 28T Tk
TAESS AN, DARE— 25 AT ALY R

(Khot et al., 2023; Suzgun and Kalai, 2024) , i,
b, Sun et al. (2022) FHIRE A 5 FA LA HIR
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Property Real-world chat Eval. suit Reasoning/QA

Generation NLU Others

AlpacaEval/ATLAS/  MMLU/C-Eval/ GSMBK/Comm.QA/ CNN/Arxiv-March23/ GLUE/CommitmentBank/  Safety/Persona./
ShareGPT/... BIG-Benchy/. .. HotpotQA/ELIS5/. .. HumanEval/Translation/...  DBPedia/... Judging/Retrieval/...
b gy 4@ MG 1 Fn  POPEOSEN <6 * Bo Y 0
Better manner 0 0 0 0 0 0
Better engagement 2& 0 0 1 6H 20 0 1®
Better politeness 18 2&0k GN @ 1™ 1SN I 2&x 2000 GG
Better intrinsic 306 ¥ M 2589 n 168 x 6 © 260 ® ¥ M 3806 ® ¢ RONYRHES
Lower extraneous 0 1®k 3@ o0 ki Bl ¥ 0 0 3@ ool X
Better germane 100 % 1® 2G4 10% 0 0
Better objective(s) 1® 1 ora 8 1 OFA BE 1Bk~ 1 OFA B% 0
Better external tool(s) 1 (OF'] 2® 2& 0 G 19 0 1B
Better metacognition 0 2B ¥ 20 G 0 180G 1® 00 %
Better demo(s) 109 xel o) 8@.3000. 10 B 300@3 16O
Better reward(s) 108 200 200 19 0 1R
Better structure 109 1290 % Qn: IAPRVOZT6G 2686 16 0
Better context logic 0 0 19 0 0 1Mo ®
Better hallu. awa. 0 0 19 1S 0¥ 0 0
Better fact. and cre. 0 0 0 0 0 0
Lower bias 1®x 0 0 1® 0 0 2G| ¥ oo
Better safety 0 0 0 0 0 1ol ik & g8
Better privacy 0 0 0 0 0 1®
Better reliability 0 1S W 1® 0 0 0 1® W
Better societal norms 0 0 0 0 0 0

Table 1: Summary of the number of papers supporting specific properties across various tasks and models. Model logos are
used as follows: @: ChatGPT / Codex; 00 : LLaMa / OPT/RoBERTa/BART; €2 : Qwen; ki Mistral ; ¥ Alpaca; i

:Yi; & PaLM/FLAN/Gemma; © : BLOOM / LongChat / TO;

9. ChatGLM; ¥ : Claude; < : CommandR; ©:

DeepSeek; Q. EleutherAl; = : InternLM; 4 : LLaVa; 2" : mDeBERTa/ Orca / WizardLM; ora : OFA; . OpenChat;
A : Pegasus; . PolyLM; 5. Swallow; - Vicuna; -\': XGLM. SZ4%&FhEME1iE S fidei BURIAT 45 2 18] 2

R EAFA . FATRAE §4 FEEATHE SR

Al PAFR R LLM (A & kpe. M4 bk, X
STAERIRE, BEcRAE LLM (124 3 i) @t
fRULEE T, AT B e AT AR AT o
Sweller and Chandler (1991) 5| A T A 1A
IS, FAF TSN BE (RS 24) .
AR ORTEMT T AR TR S) B8k
(M. CICMAZFERNS ) 2R,
PRV 63 LLMs 1 =Fh i fay

o HHNFETNT: XL THRRERE RS
WERURE AT AT 55 A0 i 0 508 5 BB 4 B
(41 Zhou et al. (2023a) ) — ) A] PAAT
BRI IR -

b Te R H Rl AT S IR R
TUARBCNRE KB B AR AN AL BE R S 2%
PEREEE (640 OpenAl (2024b) ).,

o BUJANAH R A BRORTEZ KARRE E A
AR S H R R s R 2 TAEICIZ (6
fn, “HEmE” (Press et al., 2023) ) #17H.
g, PAERF IS A RO AR 456 T
drial i (540 Sun et al. (2022); Mialon et al.
(2023); Fan et al. (2024) ).

IL 5% .  $&RMHEAE T SE B0 2 5
(Sahoo et al., 2024) & K EE . fHEENNPE P LI
Hrep Ak (Gagné, 1985) FIGIAHIFEES (Schraw
and Moshman, 1995) , FRA/ 142 H BF bR IRV
fef], SHAWGEEAES,

o Hin: #REZ KEE MG isMEs5H
br, WIEHIRR AW A, s, 1%
o BRI SZARDA R A FH i pR e (i
411 Chang (2023); Long et al. (2025b) ).

o AN LR SRS | RBAGE BT
B A5 H AR B REE SNT T R BN
JRIFERE , PARCHATAH I ANER (54
Yao et al. (2023) ).

o JUIAKN: HOPAL IR FE T, B3
WA B IR IR bR, DA I R
aJEEM: (0 Wang and Zhao (2024) ).,

« B SR PIATA AR B BRI
DAL Br 75 6 AR B (140 Dong et al.
(2024) ).

o B $EONAE 2 KORE B b B 8 ST I Tt
FIRRACAILE, DASE B8 21 51 82 iy ey o
(f5l40, Bsharat et al. (2023) ).

M. B S5EK. S9HE, BT PER
INTEAS PP 55 AR AR A5 20 (Wang et al., 2024a;
Huang et al., 2024a) . 45, #E/~15F (Guide,
2024; OpenAl, 2024b) if 2 850§ A1 i
T8k, DA R BRI R, X T#
e, ErIWFST (Wang et al., 2024g; Pham et al.,
2024) 5giE T B SC—ErEng LR, HpR
7N PR HTE i 98 2 % R B AR 5 B AL ) PR BB .

www.xueshuxiangzi.com



FET X 8 UL DA S 2 i i N B A A
e (Grice, 1975; Mercier and Sperber, 2011) |
FATTIA T P2 bR

o MR XA TR S AR 2
A EE RN, DA Sz Tl
J& (4N, Wang et al. (2024a); Zhou et al.
(2024b) ),

o IR XTI N AR BRI
B34 R, WS, SRS H A 2H B
AW e — B A E ST (B4, Pham
etal. (2024) ).

he Z)3E. PR TTRE LIS, HAp A A
B EPESL PR EAMERR NS (Huang et al.,
2024b) o SUETI RN A AR AR IR 5|
KX HEAT IR EAT BRI (Farquhar et al., 2024)
(AT DABET R 7R A 352 Il B R R TR 15K A 5 B )
A FATH, RN PRAL BRI 4~-5 £ SEA
FIARUE:

o 2R PORTEZ KA EIIR S |
pila o977 =5 e R TGO AR ST RS
ol A I 1 B TCARPE WS (B, Gao
etal. (2023) ).

o TRV SR 2 (MBS FRAA$
AN A PR 5 | AR 2R A A 5 A S S
BPE 2 [ U T4, e R AT 55 L
ISR A A s e S LR E . 124
Ak, BATH RIS L] X —ArifE
TR ¥ . SR, Sinha et al. (2023) #2
T — A TP SR AN T Y
UlE R

TEX—4EEH, AT AR R P L)
WA ESER B Wi,
XAhYERE TR TSN, B SW
. B A, WL, RIEEE. AP
BRI 2 RS R AHEDE, R K
R A B 2 FEAL AR AT 55 H

o UL FRAESRRTEL KRB EARHAT I
UL, AR A Z A OS5 Ak P
PR AT 2T IR LI I 28, I3k 204
Hi% (540, Sietal. (2023b) ).,

o GV FRR R EAR L N T
SRR e A R R, RS
W2, KT ks sh el s S 4
(50, Zou et al. (2023); Zheng et al. (2024a)
)o

o BBRL: PR HURBRAAE B,
I BH ) 3557 Jh AR 24 AR AN 5 A NSO R AT
HAEBRINE (Flhn, Edemacu and Wu
(2024) ).

o AIEEVE: $RRTEZ KA L AEAS B 1
i e AR AR A Y, A X AR A
Je B RSB 2 R R A (5120 Sii et al.
(2023b); Long et al. (2024b) ).

« ALSHIE: RARTEM AR EHERA E
WIRLTE, H BABR SRR A AT ) 2 12
SRS RPRAEAARE (130, Yuan
etal. (2024b) ) HYELZTERIIE M NE .

4 JEYE s mi BRI E fE 7

T VAL §3 W E M A s A A P R, FR
11530 TR H B A IS S0, DA E X 280
R G . AT TS 725 R
N (1) BREEHEARTE , 55 MBS Pl
SERYFEUEME, 41 AlpacaEval (Li et al., 2023c)
Fll ShareGPT (ShareGPT, 2023) ; (2) FAfE {4,
HAg Z 1464, W MMLU (Hendrycks
etal., 2021) fil C-Eval (Huang et al., 2023c) ; (3)
HEHY/ ), PREHEERA ) £ 55, W GSMBK
(Cobbe et al., 2021) #11 HotpotQA (Yang et al.,
2018) 5 (4) AERL, TIET SCARA: A HED
R, WK% (Nallapati et al., 2016) FIEI%E; (5)
HAAE T M (NLU) |, 3538055 2
{145, 1 GLUE (Wang et al., 2018) £ Commit-
mentBank (De Marneffe et al., 2019) ; (6) HAth,
BFE AV, MEL. HIWRIKE RS . 340
TE R Table 1 i ie FRATT Y A& BRAE Ry ]
VERIFE /R L

B, SRR, EE R
ZECFR), HORIE 2 AIAR B M. X2
HAESEBR R BUE SRR, s ok
LolfEF & BAG BB KSR R AR I £
FERAESS o X LEHE/R 7] A R ENFOT MR,
AESATREA & TUARGI B = A, R TE
ZRAHNY . WA, FES B E LR T
WIERAEBNYE, TIARUE XS T 5L B R 45
R CEE HK, XTIHEEME, A, 155
FAE BT S i 2, H B AR 1]
EALS I AR X X SR HE R PR — 3L,
Horp RAFAITAIFE 2% T I K AUE SRR
WeFEE ) R X EE . WA, ZEMESEED
SR TR T I RAT 55 R G MR E B .
=, XTS5 B AR B SR
%, HIKZIES . XM S T4 BT 55
R RCAE R BB, RS, Lt
SERIE T ALSRI AR, PTRE B T R ANEF
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AT AL B R AR T R I AR i ) [ A
. 2P0, HurE B4R E S HE (NLU)
SR HRAIR, HEEIRRN YR
P, HUORIAFIEM: . X AT UM NLU 452K
BEROERf AR, AR ARG 5 5
R TR & SORMERE . JJm, BARR A
ISP AR B ) PR RS CL IR B B A R 5
v, HIFRNTEETTUH T M, LT
(1) NAE RN B AR i L T DA T 07, AR
ANEPER] DU TR R . XS R BB IR R T AT
%575 K5 WoR R A B 55, (HAER
F AT 5 A JE Pk DAE— 20 e A AR X 4
55 BRI A B IR S H .
HARH L, OpenAl ) £ 45 1% (CodeX (Chen
et al., 2021) , InstructGPT (Ouyang et al., 2022)
, ChatGPT (OpenAl, 2022) , GPT-4/40 (OpenAl,
2023, 2024a) ) PR ZH, HIK
EIFPER) LLaMa £5i%4 (Touvron et al., 2023a,b;
Dubey et al., 2024) , DA KA RAIFEZTL (FLAN
(Chung et al., 2024) , PaLM (Chowdhery et al.,
2022) , Gemma (Team et al., 2024) ). FA1R%
ANFEPEERRRA AR AL, I Hix2eag
IEFEAR TR AR S L mT BB TR, IFFE 86
H AT T IR IE

AT s TAESS R Sl JE T &
SR N FE U FE . RS DA R AR T
WOA R A 3, LI5S B
HEARS R E . IR NAE NS T 4
LLM e Joms e LT, Rk ARk
HRFIZ A AT 55 53 FR P 2 A B) AT 55 ) T 55
AT BeAh, RTEIEERIE TGRS 1
M, T AR T2 B B A T AN 47
HIFPEHE T REFIR{E, LLM R BEME 2 1t
T T H DAL PR EEAT 5

B (Oq). (Oql) AN[RIEHY T HE A
MR ZES, EHNASER A AR, H
I, — X REAMEAUA R B @R X — A
BIACH Hid & — KRR 8T, A, Table 1
Hri e i 2% H i T LA R ERBHIR R R
PEo B, (0q2) EAMHEIE N KA S5
(Pearl, 1998) Wy &Lhli, {H275 555 HIHRZ KM
AL (BB EA N GRT) o SUBAT R (5
JCIANAD) BT AT SR BE AR A St AL A R
WALE M B RE FHARAESS i RE T
B ZE R M REFIEIT. BLAh, (0q3) &R 7
A 5 22 WAT 45 B B S, (HHDN)
KB TR A IR — D AR SR 1)
WAk, X RS A BRI e R B 22, R
A2 (Oqd ) FEAH X 2 55T XM E
T (Taveekitworachai et al., 2024) e[ fh (4
A RA RN . feJa, (0q5) KT et

55 JE MR B RS 5 5 T T TAE
FIPEAR R Y 24 110 o2 B8 H— DA SR — A B HE
ZRYEEEL, AF5T (Oql )-(0g5 ) XHEBK
TEEBRARER . AT — B A B R
T1o RARHIBEFERT LAXTAS R AT 5 BRI
FFUATHCRATTE, TR AT AR HRPRATAG 2
MNEFERI TR, FEIRERES G E AL 55 ALE T
N JEPERTR £ SR -

5 XERIETEmMIAE S R B I BT
RIS ?

FATFFE R HARE E PN, AR X L
JEMEZ BIRAE M, AR PR ry @, 3
1Tl e T RTINS, &K h 765
MR A N, R EHER LRI, Chat-
GPT #/R&E4 4 . Awesome ChatGPT Prompts °
. Alpaca (Taori et al., 2023) ., Natural Instructions
(Mishra et al., 2022) . Complex Instructions (He
etal, 2024) , PAK 50 1~ H LMSYS-Chat-1M
(Zheng et al., 2024b) . 15 204 N RN ESL
A ZE (> 24) Xk, Bt 969 MR
F-Fft 5% Table 4 /1, FRA1{H ] GPT-40-2024-11-
20 (OpenAl, 2024a) , % Self-consistency (Wang
et al., 2022) FPPHIbRME, XX 21 DR E
PEHEAT T PFAG . FRATE N T RR, fdE
DeepSeek R1 Distill Qwen 32B (Guo et al., 2025)
F1l Mistral Small 24B It 2501 (Jiang et al., 2023a)
, NERTEZ: . SR, 1T DeepSeek #1 Mistral
PSR T 65.42 % F171.19 %, F HILA HEEAE i
FVPAS B E) T A @ (Long et al., 2025a)
R AR EANT. BT GPT-4o, Ffi1id
#MFE T H Gemini-2.0-flash (Team et al., 2023)
(1) K BRPASCHFFRATTR A AR G5 5, DL 5% 22

Jithe AR KIEFARBLIETTY B 34l T RE
ANEEE, Rl R PP PR A ] AR v
(Doostmohammadi et al., 2024) . X¥EM X LEPF
it rp A5 RTEE AR MR e e T Rk
e AT XA, FRATE BT 21 N8
PEFFRENLT- SR 50 MR, R JE I ITPAL
PERAS N TR & BT . AR R
IH = B 20 2 /0 75 A 25600
PORMFFEN L — B .

WAV 4E R, FRATM—15 Zheng
et al. (2023) $#& 1Y 1-10 73 LS5 PF AR AH
IR R IG . AT, FOTERIXFHES A
FPE5r34 1) Cohen’s Kappa — P4 R AEH AL
16 21 AP 15 A EEEST 015,
DLPtE % Fig. 2 F R IR IEAL « S5, FROT A

4ChatGPT Prompts Collections
Shttps: //github.com/f/awesome-chatgpt-prompts
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Figure 1: Correlations of properties evaluated by GPT-40. We do not consider correlations between pairs of properties concur-
rently having average scores below 5/10 (hatched by “\\”) since they naturally but may falsely suggest correlations.
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AT 7R 256 42 FF Llama-3.1-8B-it  (Dubey
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MMLU Comm.QA ARC-C GSMSK
Zero-shot CoT 65.00 76.00 81.50 82.0
_ | + Politeness 68.001 83.50 1 84.50 1 87.51
; + Germane load 66.007 75.50 82.001 82.0/
% | + Metacognition 61.00/ 81.501 81.00/ 81.5]
i | + Rewards 64.00. 80.501 82.001 84.01
E + Pol. + Ger. 67.007 79.501 80.50/ 80.5)
f‘, + Met. + Rew. 66.007 80.0071 83.501 83.51
+ Pol. + Ger. + Met. | 69.50 1 75.00) 82.501 81.5)
Zero-shot CoT 45.50 55.00 59.50 76.5
_ | +Politeness 41.00, 45.50] 54.00) 79.01
; + Germane load 44.50] 56.50 53.50, | 90.0 1
‘;’.'; + Metacognition 52.50 56.50 © 62.00 83.51
ol | +Rewards 40.50) 48.00) 52.00) 66.0)
§ | +Pol. + Ger. 46.007 54.004 59.00) 86.51
5 + Met. + Rew. 41.00) 55.507 54.50 88.51
+ Pol. + Ger. + Met. | 46.501 53.50) 62.00 1 89.51
Zero-shot CoT 92.00 88.50 94.50 97.0
+ Politeness 88.50 87.00) 93.50) 96.0..
+ Germane load 88.00) 82.00) 95.00 1 96.5]
‘E | + Metacognition 90.00. 85.00/ 94.00 95.5)
(E + Rewards 89.50) 85.50) 94.50 96.0,
© | +Pol. + Ger. 81.00) 71.00) 88.50) 97.0

Table 2: #4 (% ) YERRIRCE F&FES LAEERE. §F
SRFTRHIN T EHA CoT 121k,

CoT ##/~ (Kojima et al., 2022)  “ZFARIEPAT
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Method MMLU CQA ARC GSMSK Avg.
Zero-shot CoT 60.0/67.00 67.5/69.00 73.5/68.50 85.00/85.00 71.50/72.38

+Politeness 69.51 /6250, 7251 /70.001  85.01 /79.507  85.00/88.501 | 78.001 /75.131
+Germane load 49.0] /45.00,  47.5] /43.00,  49.0, /51.00/  84.00/ /88.001 | 57.38. /56.80.
+Metacognition 61.07 /54.00,  72.01 /68.00,  75.01 /71.007  86.507 /89.001 | 73.631 /70.50.
+Rewards 61.07 /6500, 7251 /69.50%  76.51 /74.007  81.50/ /82.50 | 72.881 /72.751
+Pol. + Ger. 49.5] /5150, 625/ /63.00,  70.0, /67.50/  85.00/78.00, | 66.75) /65.00.
+Met. + Rew. 545 /57.00,  69.5] /68.00,  68.0, /67.50/  85.00/85.50" | 69.25| /69.50.

+Pol. + Ger. + Met.

69.07 /66.50]

7751 179.50 1

86.5 1 /83.50 1

82.50( /81.50)

78.881 /717571
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Figure 2: Agreements between human evaluators and LLM-based evaluation methods measured by Cohen’s Kappa.

PE papers ChatGPT PC  Awe. ChatGPT Prompts ~ Alpaca NI CI Multi-turn ~ Total
25 66 44 108 462 60 204 969
Human Human Human Machine Human Machine Human

Table 4: Prompt evaluation statistics

B iABFESC

Table 5: HA [ 3h2&E B K 4%

Index Category Title Conference Best prompt means?
and year

PE Structured Chain-of-Thought Prompting for Code Gen- ACM Trans- Highest Performance
eration (Li et al., 2023) actions 2022

PE TSGP: Two-Stage Generative Prompting for Unsuper- EMNLP 2022  Prior Knowledge Engagement
vised Commonsense ... (Sun et al., 2022)

PE Chain-of-Thought Prompting Elicits Reasoning in  NeurIPS 2022  Highest Performance
Large Language Models (Wei et al., 2022)

PE Ask Me Anything: A Simple Strategy for Prompting ICLR 2023 Highest performance
Language Models (Arora et al., 2023)

PE Augmented Language Models: a Survey (Zhao et al., Preprint 2023  Enhanced Task Decomposition
2023)

PE Large Language Models are Human-Level Prompt En- ICLR 2023 Highest Performance
gineers (Zhou et al., 2023c)

PE Least-to-Most Prompting Enables Complex Reasoning ICLR 2023 Enhanced Task Decomposition
.. (Zhou et al., 2023a)

PE Decomposed Prompting: A Modular Approach for ICLR 2023 Enhanced Task Decomposition
Solving Complex Tasks (Khot et al., 2023)

PE Chain-of-Thought Prompting Elicits Reasoning in ICLR 2023 Highest Performance
Large Language Models (Wei et al., 2022)

PE Prompting GPT-3 to be Reliable (Si et al., 2023b) ICLR 2023 Reliability Enhancement

PE Large Language Models Can Be Easily Distracted by ICML 2023 Contextual Relavance
Irrelevant Context (Shi et al., 2023)

PE Answering Ambiguous Questions via Iterative Prompt- ACL 2023 Performance-Diversity Balance
ing (Sun et al., 2023)

PE Causality-aware  Concept Extraction based on ACL 2023 Bias Mitigation

Knowledge-guided Prompting (Yuan et al., 2023)
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PE

DIFFUSIONDB: A Large-scale ProWe agree that some
dimensions, particularly "Responsibility" (including
“Bias”, “Safety”, “Privacy”, “Reliability” , and “So-
cietal norms” ) may be too broad and encompass mul-
tiple complex issues. While a more fine-grained subdi-
vision could enhance analytical precision, our current
approach is mainly motivated by the fact that there is a
lack of prior studies that explore prompting with these
dimensions. As reflected in Table 1, this dimension
remains largely underexplored, with most cells empty.
However, we recognize the importance of further re-
finement as more studies emerge. As research in this
area advances and more fine-grained investigations be-
come available, we will update our study accordingly
to reflect a more nuanced categorization.mpt Gallery
Dataset for Text-to-Image ... (Wang et al., 20231)

ACL 2023

Highest Performance

PE

Exploring Lottery Prompts for Pre-trained Language
Models (Chen et al., 2023c)

ACL 2023

Highest performance

PE

Improving Domain Generalization for Prompt-Aware
Essay Scoring via... (Jiang et al., 2023c)

ACL 2023

Domain Generalization Capabil-
ity

PE

MVP: Multi-view Prompting Improves Aspect Senti-
ment Tuple Prediction (Gou et al., 2023)

ACL 2023

Diverse Outcomes

PE

Prompting Language Models for Linguistic Structure
(Blevins et al., 2023)

ACL 2023

Highest performance

PE

PromptRank: Unsupervised Keyphrase Extraction Us-
ing Prompt (Kong et al., 2023)

ACL 2023

Highest Performance

PE

Prompting PaLM for Translation: Assessing Strategies
and Performance (Vilar et al., 2023)

ACL 2023

Highest Performance

PE

PromptNER: Prompt Locating and Typing for Named
Entity Recognition (Shen et al., 2023b)

ACL 2023

Highest Performance

PE

Open-Domain Hierarchical Event Schema Induction ...
(Li et al., 2023b)

ACL 2023

Enhanced Task Decomposition

PE

Retrieving Multimodal Information for Augmented
Generation: A Survey (Zhao et al., 2023)

ACL 2023

Multimodal Enhancement

PE

Towards Understanding Chain-of-Thought Prompting ...
(Wang et al., 2023a)

ACL 2023

Coherence and Relevance

PE

The Art of Prompting: Event Detection based on Type
Specific Prompts (Wang et al., 2023e)

ACL 2023

Highest performance

PE

Plan-and-Solve Prompting:  Improving Zero-Shot
Chain-of-Thought ... (Wang et al., 2023d)

ACL 2023

Highest Performance

PE

PESCO: Prompt-enhanced Self-Contrastive Learning
for Zero-shot ... (Wang et al., 2023h)

ACL 2023

Highest Performance

PE

MEEP: Is this Engaging? Prompting Large Language
Models for Dialogue Evaluation in Multilingual Set-
tings (Ferron et al., 2023)

ACL 2023

Engagingness Evaluation

PE

PAL to Lend a Helping Hand: Towards Building an
Emotion Adaptive Polite and Empathetic Counseling
Conversational Agent (Mishra et al., 2023)

ACL 2023

Emotion-Aware Interaction

PE

Query Refinement Prompts for Closed-Book Long-
Form QA (Amplayo et al., 2023)

ACL 2023

Enhanced Task Decomposition

PE

Tailor: A Soft-Prompt-Based Approach to Attribute-
Based Controlled ... (Yang et al., 2023b)

ACL 2023

Highest Performance

PE

Prompting and Evaluating Large Language Models for
Proactive Dialogues ... (Deng et al., 2023)

EMNLP 2023

Highest Performance

PE

Cross-lingual Prompting: Improving Zero-shot Chain-
of-Thought Reasoning across Languages (Qin et al.,
2023)

EMNLP 2023

Highest Performance
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PE CoF-CoT: Enhancing Large Language Models with EMNLP 2023  Highest Perfomance
Coarse-to-Fine Chain-of-Thought Prompting for Multi-
domain NLU Tasks (Nguyen et al., 2023)

PE Exploring Chain of Thought Style Prompting for Text- EMNLP 2023  Effective Reasoning Support
to-SQL (Tai et al., 2023)

PE G-EVAL: NLG Evaluation using GPT-4 with Better Hu- EMNLP 2023  Highest Performance
man Alignment (Liu et al., 2023)

PE Gentopia.Al: A Collaborative Platform for Tool- EMNLP 2023  Highest Perfomance
Augmented LLMs (Xu et al., 2023a)

PE Self-prompted Chain-of-Thought on Large Language = EMNLP 2023  Highest Perfomance
Models for Open-domain Multi-hop Reasoning (Wang
et al., 2023c)

PE LLMLingua: Compressing Prompts for Accelerated In- EMNLP 2023  Performance-Preserving Seman-
ference of Large Language Models (Jiang et al., 2023b) tic Compression

PE Towards Mitigating LLM Hallucination via Self Reflec- EMNLP 2023  Hallucination Mitigation
tion (Ji et al., 2023)

PE ClarifyGPT: A Framework for Enhancing LLM-Based ~ACM 2023 Highest Performance
Code Generation via Requirements Clarification (Mu
et al., 2024)

PE Breaking the Bias: Gender Fairness in LLMs Using Journal 2023 Bias Mitigation
Prompt Engineering and In-Context Learning (Dwivedi
et al., 2023)

PE Enhancing Recommender Systems with Large Lan- Preprint 2023  Highest Performance
guage Model Reasoning Graphs (Wang et al., 2023g)

PE Who’ s Who: Large Language Models Meet Knowl- EMNLP 2024  Conflict Resolution
edge Conflicts in Practice (Pham et al., 2024)

PE The Death and Life of Great Prompts: Analyzing the EMNLP 2024  Coherent Structure
Evolution of LLM ... (Ma et al., 2024)

PE Enhancing Incremental Summarization with Structured EMNLP 2024  Effective Structured Representa-
Representations (Hwang et al., 2024) tions

PE A Survey on In-context Learning (Dong et al., 2024) EMNLP 2024  Effective Demonstrations

PE Distract Large Language Models for Automatic Jail- EMNLP 2024  High Attack Success Rate
break Attack (Xiao et al., 2024)

PE Multi-expert Prompting Improves Reliability, Safety EMNLP 2024  Reliability and Usefulness En-
and Usefulness of Large ... (Long et al., 2024b) hancement

PE How are Prompts Different in Terms of Sensitivity? (Lu NAACL 2024  Highest Performance
et al., 2024)

PE Role Prompting Guided Domain Adaptation with Gen- NAACL 2024  Effective Role Assignment
eral Capability Preserve... (Wang et al., 2024c)

PE Mitigating Hallucination in Abstractive Summarization ~NAACL 2024  Hallucination Mitigation
with Domain-Conditional Mutual Information (Chae
et al., 2024)

PE Metacognitive Prompting Improves Understanding in  NAACL 2024  Highest Performance
Large Language Models (Wang and Zhao, 2024)

PE Effective Demonstration Annotation for In-Context EMNLP 2024 Highest Performance
Learning via Language Model-Based Determinantal
Point Process (Wang et al., 2024b)

PE Self-Prompting Large Language Models for Zero-Shot NAACL 2024  Effective Contextualization
Open-Domain QA (Li et al., 2024b)

PE Learning to Compress Prompt in Natural Language For- NAACL 2024  Token efficiency
mats, (Chuang et al., 2024)

PE Should We Respect LLMs? A Cross-Lingual Study on  SICon 2024 Prompt Politeness
the Influence of ... (Yin et al., 2024)

PE Resolving Knowledge Conflicts in Large Language COLM 2024 Conflict Resolution

Models (Wang et al., 2024g)
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PE A Survey on RAG Meeting LLMs: Towards Retrieval- KDD 2024 Effective Knowledge Integration
Augmented ... (Fan et al., 2024)

PE Can LLMs Effectively Leverage Graph Structural Infor- TMLR 2024 Coherent Structure
mation ... (Huang et al., 2024a)

PE A Survey on Hallucination in Large Language Models: ACM 2024 Hallucination Mitigation
Principles, ... (Huang et al., 2024b)

PE Democratizing LLMs for Low-Resource Languages ACL 2024 Effective Exemplars
by Leveraging their English Dominant Abilities with
Linguistically-Diverse Prompts (Nguyen et al., 2024)

PE Active Prompting with Chain-of-Thought for Large ACL 2024 Enhanced Task Decomposition
Language Models (Diao et al., 2024)

PE Prompt Refinement with Image Pivot for Text-to-Image  ACL 2024 Highest Performance
Generation (Zhan et al., 2024)

PE Learning to Trust Your Feelings: Leveraging Self- KnowledgeNLP Hallucination Mitigation
awareness in LLMs for ... (Liang et al., 2024) 2024

PE Should We Respect LLMs? A Cross-Lingual Study ... SICon 2024 Optimal Politeness Level
(Yin et al., 2024)

PE LLM-based Multi-Level Knowledge Generation for I1JCAI2024 Knowledge Integrity
Few-shot Knowledge Graph Completion (Li et al.,
2024c¢)

PE AdaComp: Extractive Context Compression with Adap- Preprint 2024  Relevance and Efficiency
tive Predictor ... (Zhang et al., 2024b)

PE LangGPT: Rethinking Structured Reusable Prompt De-  Preprint 2024  Reusable Prompts
sign Framework for LLMs from the Programming Lan-
guage (Wang et al., 2024a)

PE TACO-RL: Task Aware Prompt Compression Optimiza- Preprint 2024  Highest Performance
tion with Reinforcement Learning (Shandilya et al.,
2024)

PE LangGPT: Rethinking Structured Reusable Prompt De-  Preprint 2024  Coherent Structure
sign Framework ... (Wang et al., 2024a)

PE Meta-Prompting: Enhancing Language Models with  Preprint 2024  Task-Agnostic Scaffolding
Task-Agnostic ... (Suzgun and Kalai, 2024)

PE Investigating the Role of Prompting and External Tools  Preprint 2024  Hallucination Mitigation
... (Barkley and van der Merwe, 2024)

PE Principled Instructions Are All You Need for Question-  Preprint 2024  Designed Principles Guidance
ing LLaMA-1/2 ... (Bsharat et al., 2023)

PE Privacy Preserving Prompt Engineering: A Survey Preprint 2024  Privacy Risks Mitigation
(Edemacu and Wu, 2024)

PE Aligning Large Language Models with Human Opin- COLING Effective Persona Utilization
ions through Persona Selection and Value-Belief-Norm 2025
Reasoning (Do et al., 2025)

PO Do Prompt-Based Models Really Understand the Mean- NAACL 2022  Highest Performance
ing ... (Webson and Pavlick, 2022)

PO Exploring the Universal Vulnerability of Prompt-based NAACL 2022  Highest Performance
Learning Paradigm (Xu et al., 2022)

PO Using Natural Sentences for Understanding Biases in... NAACL 2022  Bias Mitigation
(Alnegheimish et al., 2022)

PO On Measuring Social Biases in Prompt-Based Multi- NAACL 2022  Bias Mitigation
Task Learning (Akyiirek et al., 2022)

PO On Transferability of Prompt Tuning for Natural Lan- NAACL 2022 Domain Generalization Capabil-
guage Processing (Su et al., 2021) ity

PO Test-Time Prompt Tuning for Zero-Shot Generalization =~ NeurIPS 2022  Consistent Performance
in Vision-Language ... (Shu et al., 2022)

PO PLOT: Prompt Learning with Optimal Transport for ~NeurIPS 2022

Vision-Language ... (Chen et al., 2023a)

Domain Generalization Capabil-
ity
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PO ASK ME ANYTHING: A SIMPLE STRATEGY FOR ICLR 2023 Highest Performance
PROMPTING ... (Arora et al., 2023)

PO TEMPERA: Test-Time Prompt Editing via Reinforce- ICLR 2023 Highest Performance
ment Learning (Zhang et al., 2022)

PO Automatic Prompt Optimization with “Gradient De- EMNLP 2023  Highest Performance
scent” and Beam Search (Pryzant et al., 2023)

PO Compressing Context to Enhance Inference Efficiency EMNLP 2023  Efficiency and Performance
of Large Language Models (Li et al., 2023e)

PO Robust Prompt Optimization for Large Language Mod- EMNLP 2023 Domain Generalization Capabil-
els Against ... (Li et al., 2023a) ity

PO Hard Sample Aware Prompt-Tuning (Xu et al., 2023b) ACL 2023 Effective Sample Utilization

PO MVP-Tuning: Multi-View Knowledge Retrieval with ~ ACL 2023 Highest Performance
Prompt Tuning for ... (Huang et al., 2023b)

PO Prompt Tuning Pushes Farther, Contrastive Learning ACL 2023 Effective Representation
Pulls Closer ... (Li et al., 2023d)

PO Prompts Can Play Lottery Tickets Well ... (Liang et al., ACL 2023 Domain Generalization Capabil-
2023) ity

PO Towards Understanding Chain-of-Thought Prompting: ~ACL 2023 Coherence and Relevance
An Empirical Study of What Matters (Wang et al.,
2023a)

PO Large Language Models Can Be Easily Distracted by ICML 2023 Relevance Maintenance
Irrelevant Context (Shi et al., 2023)

PO Discrete Prompt Compression with Reinforcement Preprint 2023 ~ Highest Performance
Learning (Jung and Kim, 2024)

PO VisLingInstruct: ~ Elevating Zero-Shot Learning in  Preprint 2024  Highest Performance
Multi-Modal Language ... (Zhu et al., 2024)

PO Concentrate Attention: Towards Domain-Generalizable =~ NeurIPS 2024 Domain Generalization Capabil-
Prompt Optimization ... (Li et al., 2024a) ity

PO Efficient Prompt Optimization Through the Lens of NeurIPS 2024  Highest Performance
Best Arm Identification (Shi et al., 2024)

PO Localized Zeroth-Order Prompt Optimization (Hu NeurIPS 2024  Highest performance
et al., 2024)

PO Prompt Optimization with EASE? Efficient Ordering- NeurIPS 2024  Highest performance
aware Automated ... (Wu et al., 2024c)

PO Teach Better or Show Smarter? On Instructions and Ex-  NeurIPS 2024  Highest performance
emplars in Automatic ... (Wan et al., 2024)

PO Connecting Large Language Models with Evolutionary  ICLR 2024 Highest Performance
Algorithms Yields ... (Guo et al., 2024)

PO PromptAgent: Strategic Planning with Language Mod- ICLR 2024 Highest Performance
els Enables ... (Wang et al., 2023f)

PO On Prompt-Driven Safeguarding for Large Language ICML 2024 Safety Optimization
Models (Zheng et al., 2024a)

PO Dynamic Rewarding with Prompt Optimization En- EMNLP 2024  Highest Performance
ables Tuning-free ... (Singla et al., 2024)

IF ToolPlanner: A Tool Augmented LLM for Multi Gran- EMNLP 2024  Instruction Alignment
ularity Instructions with Path Planning and Feedback
(Wu et al., 2024a)

PO Fine-Tuning and Prompt Optimization: Two Great EMNLP 2024 Prompt Effectiveness
Steps that Work ... (Soylu et al., 2024)

PO PRompt Optimization in Multi-Step Tasks (PROMST): EMNLP 2024  Highest Performance
Integrating Human ... (Chen et al., 2024)

PO Multi-Scale Prompt Memory-Augmented Model for NAACL 2024  Highest Performance

Black-Box Scenarios (Kuang et al., 2024)
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PO Learning to Compress Prompt in Natural Language For- NAACL 2024  Efficiency and Transferability
mats (Chuang et al., 2024)

PO Universal Prompt Optimizer for Safe Text-to-lmage NAACL 2024  Safe and Semantic-Preserving
Generation (Wu et al., 2024d)

PO Black-Box Prompt Optimization: Aligning Large Lan- ACL 2024 Human Preference Alignment
guage Models without Model Training (Cheng et al.,
2024a)

PO LongLLMLingua: Accelerating and Enhancing LLMs  ACL 2024 Highest Perfomance
in Long Context Scenarios via Prompt Compression
(Jiang et al., 2024)

PO LLMLingua-2: Data Distillation for Efficient and Faith- ~ACL 2024 Highest Performance
ful Task-Agnostic Prompt Compression (Pan et al.,
2024)

PO Lost in the Middle: How Language Models Use Long TACL 2024 Effective Context Utilization
Contexts (Liu et al., 2024a)

PO Do Prompt Positions Really Matter? (Mao et al., 2024)  Preprint 2024  Highest Performance

PO Prompt Compression with Context-Aware Sentence AAAI 2025 Highest Performance
Encoding for Fast and Improved LLM Inference
(Liskavets et al., 2024)

IF How to talk so Al will learn: Instructions, descriptions, NeurIPS 2022  Contextual Relevance
and autonomy (Sumers et al., 2022)

IF Training language models to follow instructions with ~ NeurIPS 2022  User-Aligned Guidance
human feedback (Ouyang et al., 2022)

IF Instruction-Following Evaluation for Large Language Preprint 2023  Verifiable instruction
Models (Zhou et al., 2023b)

IF Protecting User Privacy in Remote Conversational Sys- Preprint 2023  Privacy Preservation and Data
tems: A Privacy-Preserving framework based on text Utility
sanitization (Kan et al., 2023)

IF ICU: Conquering Language Barriers ... (Wu, 2023) EMNLP 2023  Cross-Language Clarity

IF Benchmarking Generation and Evaluation Capabilities NAACL 2023  Comprehensive Instruction Clar-
of Large Language ... (Liu et al., 2024c) ity

IF Enhancing Large Language Models Against Inductive NAACL 2023  Enhanced Instruction Adherence
Instructions with ... (Wang et al., 2024d)

IF InstructEval: Systematic Evaluation of Instruction Se- NAACL 2023  Highest Performance
lection Methods (Ajith et al., 2023)

IF Interpreting User Requests in the Context of Natural NAACL 2023  Highest Performance
Language Standing ... (Moghe et al., 2024)

IF Instruction-following Evaluation through Verbalizer NAACL 2023  Enhanced Instruction Adherence
Manipulation (Li et al., 2024d)

IF HuggingGPT: Solving Al Tasks with ChatGPT and its  NeurIPS 2023  Highest Performance
Friends in Hugging Face (Shen et al., 2023a)

IF Judging LLM-as-a-Judge with MT-Bench and Chatbot =~ NeurIPS 2023  Effective Evaluation Criteria
Arena (Zheng et al., 2023)

IF Recommender Al Agent: Integrating Large Language Preprint 2023  Highest Performance
Models for Interactive Recommendations (Huang et al.,
2023a)

IF Evaluating ChatGPT as a Recommender System: A  Preprint 2023  Highest Performance
Rigorous Approach (Di Palma et al., 2023)

IF RecMind: Large Language Model Powered Agent For NAACL 2024  Highest Performance
Recommendation (Wang et al., 2024e)

IF R-Tuning: Instructing Large Language Models to Say... NAACL 2024  Refusal Awareness
(Zhang et al., 2024a)

IF Benchmarking Complex Instruction-Following with ~ NeurIPS 2024

Multiple Constraints ... (Wen et al., 2024)

Comprehensive Instruction Clar-
ity
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IF Instruction Embedding: Latent Representations of In- NeurIPS 2024  Highest Performance
structions Towards ... (Li et al., 2024f)
IF Evaluating Large Language Models at Evaluating In- ICLR 2024 Enhanced Instruction Adherence
struction Following (Zeng et al., 2024)
IF MUFFIN: Curating Multi-Faceted Instructions for Im- ICLR 2024 Enhanced Instruction Adherence
proving ... (Lou et al., 2024)
IF Self-Rewarding Language Models (Yuan et al., 2024a)  ICML 2024 Self-Rewarding Guidance
IF A Theory Guided Scaffolding Instruction Framework NAACL 2024  Effective Reasoning Support
for LLM-Enabled Metaphor Reasoning (Tian et al.,
2024)
IF Can LLMs Generate Human-Like Wayfinding Instruc- NAACL 2024  Highest Performance
tions? Towards Platform-Agnostic Embodied Instruc-
tion Synthesis (Dorbala et al., 2024)
IF From Language Modeling to Instruction Following: Un- NAACL 2024  Comprehensive Instruction Clar-
derstanding the Behavior Shift in LLMs after Instruc- ity
tion Tuning (Wu et al., 2024b)
IF MATHSENSEI: A Tool-Augmented Large Language NAACL 2024  Highest Perfomance
Model for Mathematical Reasoning (Das et al., 2024)
IF UniverSLU: Universal Spoken Language Understand- NAACL 2024  User-Aligned Guidance
ing for Diverse Tasks with Natural Language Instruc-
tions (Arora et al., 2024)
IF InsCL: A Data-efficient Continual Learning Paradigm NAACL 2024  Highest Performance
for Fine-tuning Large Language Models with Instruc-
tions (Wang et al., 2024f)
IF Answer is All You Need: Instruction-following Text ~ACL 2024 Highest Performance
Embedding via Answering the Question (Peng et al.,
2024b)
IF ABLE: Personalized Disability Support with Politeness EMNLP 2024  Highest Performance
and Empathy Integration (Mishra et al., 2024)
IF Seemingly Plausible Distractors in Multi-Hop Reason- EMNLP 2024  Multi-Hop Reasoning Capabili-
ing ... (Bhuiya et al., 2024) ties
IF Generating Demonstrations for In-Context Composi- EMNLP 2024  Highest Performance
tional Generalization in Grounded Language Learning
(Spilsbury et al., 2024)
IF Do LLMs Know to Respect Copyright Notice? (Xu EMNLP 2024  Copyright Compliance
et al., 2024)
IF Factual Dialogue Summarization via Learning from COLING Consistent Perfomance
Large Language Models (Zhu et al., 2025) 2025
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Property Real-world chat Total
Better quantity (Jiang et al., 2023b; Pan et al., 2024; Li et al., 2023e; Jung and Kim, 2024) 4
Better manner - 0
Better engagement (Bsharat et al., 2023; Ferron et al., 2023) 2
Better politeness (Mishra et al., 2023) 1
Better intrinsic (Bsharat et al., 2023; Nguyen et al., 2023; Wang et al., 2023b) 3
Lower extraneous - 0
Better germane (Zhu et al., 2025) 1
Better objective(s) (Bsharat et al., 2023) 1
Better external tool(s) (Shen et al., 2023a) 1
Better metacognition - 0
Better demo(s) (Bsharat et al., 2023) 1
Better reward(s) (Bsharat et al., 2023) 1
Better structure (Bsharat et al., 2023) 1
Better context logic - 0
Better hallu. awa. - 0
Better fact. and cre. - 0
Lower bias (Dwivedi et al., 2023) 1
Better safety - 0
Better privacy - 0
Better reliability - 0
Better societal norms - 0

Table 6: Property impact on Real-world chat.

Property Eval. suit Total
Better quantity (Jiang et al., 2023b, 2024; Pan et al., 2024; Liskavets et al., 2024) 4
Better manner - 0
Better engagement - 0
Better politeness (Yin et al., 2024; Xu et al., 2024) 2
Better intrinsic (Wei et al., 2022; Li et al., 2023) 2
Lower extraneous (Bhuiya et al., 2024) 1
Better germane (Sun et al., 2022) 1
Better objective(s) (Wu, 2023) 1
Better external tool(s) (Xu et al., 2023a; Das et al., 2024) 2
Better metacognition (Zhou et al., 2024d; Lee et al., 2025) 2
Better demo(s) (Chen et al., 2023b; Wu et al., 2024c¢) 2
Better reward(s) (Pyatkin et al., 2023; Yuan et al., 2024a) 2
Better structure (Wang et al., 2024a) 1
Better context logic - 0
Better hallu. awa. - 0
Better fact. and cre. - 0
Lower bias - 0
Better safety - 0
Better privacy - 0
Better reliability (Long et al., 2024b) 1
Better societal norms - 0

Table 7: Property impact on Eval. suit.
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Property

Reasoning/QA

Total

Better quantity

Better manner
Better engagement
Better politeness

(Jiang et al., 2023b; Shi et al., 2023; Li et al., 2023e; Wang et al., 2023a; Pan et al., 2024; Jiang 9

et al., 2024; Chuang et al., 2024; Zhang et al., 2024b; Shandilya et al., 2024)

(Deng et al., 2023)
(Yin et al., 2024)

Better intrinsic

Lower extraneous
Better germane

(Wei et al., 2022; Arora et al., 2023; Qin et al., 2023; Tai et al., 2023; Madaan et al., 2023; Wang 7

et al., 2023b,c)
(Shi et al., 2023; Bhuiya et al., 2024; Liu et al., 2024a)
(Sun et al., 2022; Li et al., 2024c)

Better objective(s)
Better external tool(s)
Better metacognition
Better demo(s)

Better reward(s)

(Wu, 2023)

(Yao et al., 2023; Wu et al., 2024a)

(Wang and Zhao, 2024; Zhou et al., 2024d)

(Levy et al., 2023; Yang et al., 2023a; Michaelov et al., 2023; Opsahl-Ong et al.,
et al., 2024; Spilsbury et al., 2024; Li et al., 2024b; Wu et al., 2024c)

(Pyatkin et al., 2023; Yuan et al., 2024a)

2024; Qin

(3]

Better structure
Better context logic

(Wang et al., 2024a; Zhou et al., 2024a; Cheng et al., 2024b)
(Liu et al., 2024b)

—_

Better hallu. awa.
Better fact. and cre.

(Gao et al., 2023)

Lower bias

Better safety

Better privacy

Better reliability
Better societal norms

(Sietal., 2023b)

=R elelal Nel s

Table 8: Property impact on Reasoning/QA.

Property

Generation

Total

Better quantity
Better manner

(Jiang et al., 2023b; Li et al., 2023e; Pan et al., 2024; Shandilya et al., 2024)

Better engagement (Ferron et al., 2023; Mu et al., 2024)
Better politeness (Mishra et al., 2023; Yin et al., 2024; Mishra et al., 2024; Xu et al., 2024)

Better intrinsic
Lower extraneous

(Li et al., 2023; Wang et al., 2023b)

(Zhu et al., 2025)

Better germane

—ON | A O

Better objective(s)
Better external tool(s)
Better metacognition
Better demo(s)

Better reward(s)

(Long et al., 2025b)
(Xu et al., 2023a)

(Wu et al., 2024c; Peng et al., 2024a; Wang et al., 2024b)
(Pyatkin et al., 2023)

Better structure
Better context logic

(Hwang et al., 2024; Ma et al., 2024)

O N _—0 O =

Better hallu. awa.
Better fact. and cre.

(Chae et al., 2024)

o —

Lower bias

Better safety

Better privacy

Better reliability
Better societal norms

(Dwivedi et al., 2023)

SO O~

Table 9: Property impact on Generation.
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Property NLU Total

Better quantity (Jiang et al., 2024) 1

Better manner - 0

Better engagement - 0

Better politeness (Mishra et al., 2023, 2024) 2

Better intrinsic (Arora et al., 2023; Wang et al., 2023b; Nguyen et al., 2023) 3

Lower extraneous - 0

Better germane - 0

Better objective(s) (Wu, 2023) 1

Better external tool(s) - 0

Better metacognition (Wang and Zhao, 2024) 1

Better demo(s) (Si et al., 2023a; Peng et al., 2024a; Wang et al., 2024b; Zhou et al., 2024c) 4

Better reward(s) - 0

Better structure (Huang et al., 2024a) 1

Better context logic - 0

Better hallu. awa. - 0

Better fact. and cre. - 0

Lower bias - 0

Better safety - 0

Better privacy - 0

Better reliability - 0

Better societal norms - 0

Table 10: Property impact on NLU.
Property Others (Judging, Personalization, Retrieval, Safety) Total
Better quantity - 0
Better manner - 0
Better engagement (Ferron et al., 2023) 1
Better politeness (Mishra et al., 2024; Xu et al., 2024) 2
Better intrinsic (Zheng et al., 2023; Liu et al., 2023; Wang et al., 2023b; Di Palma et al., 2023; Huang et al., 8
2023a; Wang et al., 2023g, 2024e; Do et al., 2025)

Lower extraneous (Xiao et al., 2024; Liu et al., 2024a; Do et al., 2025) 3
Better germane - 0
Better objective(s) - 0
Better external tool(s)  (Wu et al., 2024a) -
Better metacognition (Lee et al., 2025) 1
Better demo(s) (Li et al., 2024¢) 1
Better reward(s) (Yuan et al., 2024a) 1
Better structure - 0
Better context logic (Pham et al., 2024) 1
Better hallu. awa. - 0
Better fact. and cre. - 0
Lower bias (Zheng et al., 2023; Echterhoff et al., 2024) 2
Better safety (Zheng et al., 2024a) 1
Better privacy (Kan et al., 2023) 1
Better reliability (Long et al., 2024b) 1
Better societal norms - 0

Table 11: Property impact on Others.
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COG_FORMAT = “ { ’Intrinsic load’: 1-10, ’Extraneous load’: 1-10, ’Germane load’: 1-10 } "
COG_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.

The prompt given to you is provided below:

< FHgRAE > (U - ®/711 < R®T >

Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:

- Intrinsic load: This evaluates the prompts in explicitly guiding models to break complex tasks
into actionable steps aligned with LM skills.

- Extraneous load: The extent to which prompts exclude irrelevant materials to reduce unnecessary
load.

- Germane load: The degree to which prompts explicitly engage models with their prior knowledge
or deep working memory (e.g., “ask itself”) to integrate it with existing and new knowledge for
problem-solving.

The scoring system is provided below:

> Intrinsic load :

- 1-2 (Poor): The prompt provides little to no guidance on breaking down the task. It is overly
vague, abstract, or assumes the model can handle complexity without guidance.

- 3-4 (Below Average): The prompt provides minimal guidance but fails to clearly break the task
into actionable steps. The model is left to infer most of the process.

- 5-6 (Average): The prompt partially breaks down the task but lacks clarity or completeness in
defining actionable steps. Some guidance is present, but it is inconsistent or incomplete.

- 7-8 (Good): The prompt effectively breaks the task into clear, actionable steps. It aligns
well with the model’ s skills but may lack some nuance or optimization.

- 9-10 (Excellent): The prompt perfectly breaks the task into logical, actionable steps. It is
highly aligned with the model’ s capabilities and ensures clarity and efficiency in execution.
> Extraneous load :

- 1-2 (Poor): The prompt includes excessive irrelevant information, making it difficult for the
model to focus on the core task. It is cluttered or overly verbose.

- 3-4 (Below Average): The prompt contains some irrelevant information, but the core task is
still somewhat discernible. The extraneous load is noticeable and distracting.

- 5-6 (Average): The prompt includes some unnecessary details but generally stays focused on the
task. The extraneous load is moderate but not overly detrimental.

- 7-8 (Good): The prompt is concise and mostly free of irrelevant information. It minimizes
extraneous load effectively, with only minor distractions.

- 9-10 (Excellent): The prompt is perfectly concise and excludes all irrelevant materials. It
is optimized to reduce extraneous load to the bare minimum.

> Germane load :

- 1-2 (Poor): The prompt does not engage the model’ s prior knowledge or working memory. It
provides no cues or instructions to leverage existing knowledge.

- 3-4 (Below Average): The prompt makes minimal attempts to engage prior knowledge but does so
ineffectively or inconsistently. The model is left to infer connections on its own.

- 5-6 (Average): The prompt partially engages the model’ s prior knowledge but lacks depth or
clarity in integrating it with new information. The engagement is superficial.

- 7-8 (Good): The prompt effectively engages the model’ s prior knowledge and encourages
integration with new information. It provides clear cues or instructions for leveraging existing
knowledge.

- 9-10 (Excellent): The prompt perfectly engages the model’ s prior knowledge and deep working
memory. It explicitly guides the model to integrate existing and new knowledge for optimal
problem-solving.

Your evaluations must focus on explicit instructions rather than implicit instructions.

For example, if the prompt does not say “Reflect on your prior knowledge” then you should not
assume that the prompt is effective in encouraging germane load.

Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible.

After providing your explanation, please rate the response on all the criteria on a scale of 1
to 10 by strictly following this format:

<begin of explanation> ... <end of explanation>

< FrETEa > { e _ BR Y < ERiES >
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INS_FORMAT = “ { ‘Objectives’: 1-10, ‘External tools’: 1-10, ‘Metacognition’: 1-10, ‘Demos’:
1-10, ‘Rewards’: 1-10 } "
INS_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.
The prompt given to you is provided below:
<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Objectives: How well prompts explicitly communicate the task objectives, including expected
outputs, formats, constraints, audiences, and other applicable criteria.
- External tools: The extent to which prompts explicitly guide models to identify when
specific external tools or knowledge resources are needed, and perform tool calls to support
problem-solving.
- Metacognition: This assesses prompts in explicitly guiding models to reason, self-monitor, and
self-verify outputs to meet expectations and enhance reliability.
- Demos: The extent to which the prompts explicitly include examples, demonstrations, and
counterexamples to illustrate the desired output.
- Rewards: How well prompts explicitly establish feedback, reward, and reinforcement mechanisms
that encourage the models achieving desired outputs.
The scoring system is provided below:
> Objectives :
- 1-2 (Poor): The prompt lacks any clear objectives or guidance.
- 3-4 (Below Average): Vague or incomplete objectives.
- 5-6 (Average): Outlines basic objectives but lacks depth.
- 7-8 (Good): Clearly communicates objectives, may miss edge cases.
- 9-10 (Excellent): Comprehensive and leaves no ambiguity.
> External tools :
- 1-2 (Poor): No mention or guidance on external tools.
- 3-4 (Below Average): Vague hints at tools, no clear usage.
- 5-6 (Average): Acknowledges tools, lacks specifics.
- 7-8 (Good): Explicitly guides tool use, may lack examples.
- 9-10 (Excellent): Fully integrates tools with guidance and examples.
> Metacognition :
- 1-2 (Poor): No encouragement for reasoning or self-monitoring.
- 3-4 (Below Average): Minimal guidance, lacks actionable steps.
- 5-6 (Average): Provides some reasoning/self-monitoring, incomplete.
- 7-8 (Good): Explicitly guides reasoning and verification.
- 9-10 (Excellent): Thorough integration of metacognitive strategies.
> Demos :
- 1-2 (Poor): No examples or demonstrations.
- 3-4 (Below Average): Poorly constructed or minimal examples.
- 5-6 (Average): Basic examples, lacks depth or variety.
- 7-8 (Good): Clear and relevant examples with counterexamples.
- 9-10 (Excellent): Comprehensive, edge cases included.
> Rewards :
- 1-2 (Poor): No feedback, reward, or reinforcement.
- 3-4 (Below Average): Vague or minimal reward mechanisms.
- 5-6 (Average): Basic reward mechanisms, not fully integrated.
- 7-8 (Good): Clear feedback/reward guidance.
- 9-10 (Excellent): Fully integrated with examples and detail.
Your evaluations must focus on explicit instructions rather than implicit instructions.
For example, if the prompt does not mention about the formats or constraints of the objectives
then you should not assume that the prompt is effective in communicating the objectives.
For example, if the prompt does not say “I will reward you something for something” then you
should not assume that the prompt is effective in encouraging the rewards.
Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible. After providing your explanation, please rate the response on all the
criteria on a scale of 1 to 10 by strictly following this format:
< BTG > < BBREKR >
< iF4FF4E > { INS_FORMAT } < Ff4%% > """
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LOGIC_FORMAT = “ { ‘Structural logic’: 1-10, ‘Contextual logic’: 1-1@ } ”
LOGIC_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt
on criteria.

The prompt given to you is provided below:

<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>

Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:

- Structural logic: This evaluates the logical clarity and coherence of prompts’ structure, and

the progression between components.

- Contextual logic: This assesses the logical consistency and coherence of the instructions,

terminologies, concepts, facts, and other components within the prompt and across communication

turns.

The scoring system is provided below:

> Structural logic :

- 1-2 (Poor): No discernible structure or logical flow. Disjointed and confusing.

- 3-4 (Below Average): Basic structure but poorly organized and weak progression.
6 (Average): Moderately clear structure; minor lapses in logic.
8
1

(Good): Clear and coherent structure with smooth progression.
@ (Excellent): Impeccable organization with flawless logical progression.

> Contextual logic :
- 1-2 (Poor): Inconsistent, contradictory, or unclear use of concepts.
- 3-4 (Below Average): Some context provided but notable inconsistencies remain.
- 5-6 (Average): Generally consistent with minor lapses that don’ t severely hinder understanding.
- 7-8 (Good): Coherent and logical use of language with only minor issues.
- 9-10 (Excellent): Seamless, consistent, and logical across all instructions and components.
Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible. After providing your explanation, please rate the response on all the
criteria on a scale of 1 to 10 by strictly following this format:

<begin of explanation> ---<end of explanation>

< FE4FHh > { LOGIC_FORMAT } < FE4p4Es > "

3_
5_
7_
9_

C4  Z)EHRE PR

HALL_FORMAT = “ { ‘Hallucination awareness’: 1-10, ‘Factuality and creativity’: 1-10 } ”
HALL_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.

The prompt given to you is provided below:

<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>

Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:

- Hallucination awareness: The extent to which prompts explicitly guide models to generate
factual and evidence-based responses while minimizing speculative or unsupported claims.

- Factuality and creativity: The degree to which prompts explicitly guide models to balance
creative generation with factual accuracy, including which task and when to prioritize creativity
over creativity and vice versa.

The scoring system is provided below:

> Hallucination awareness :

- 1-2 (Poor): No guidance to avoid hallucinations; results likely inaccurate.

- 3-4 (Below Average): Minimal or vague mention of factuality; little structure.

- 5-6 (Average): Some general instruction (e.g., “be factual” ), but lacks specifics.

- 7-8 (Good): Clear instructions to avoid hallucinations with specific strategies (e.g., “cite
sources” ).

- 9-10 (Excellent): Comprehensive and detailed guidance with examples or frameworks.

> Factuality and creativity :

- 1-2 (Poor): Ignores factuality or overly restricts creativity.

3-4 (Below Average): Acknowledges both aspects but with vague, unhelpful guidance.

5-6 (Average): Basic instruction to balance both, but lacks clarity or depth.

7-8 (Good): Provides task-based distinctions with clear but limited examples.

- 9-10 (Excellent): Nuanced, detailed, and contextual guidance that effectively balances both
aspects.

Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible. After providing your explanation, please rate the response on all the
criteria on a scale of 1 to 10 by strictly following this format:

<begin of explanation> ---<end of explanation>

< FE4FHs > { HALL_FORMAT } < 4 &H > """
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RES_FORMAT = “ { ‘Bias’: 1-10, ‘Safety’: 1-10, ‘Privacy’: 1-10, ‘Reliability’: 1-10, ‘Societal
norms’: 1-10 } ”
RES_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.
The prompt given to you is provided below:
<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Bias: Promotes fairness and avoidance of cultural, gender, racial, or socio-economic bias.
- Safety: Avoids or discourages harmful, unsafe, or dangerous content.
- Privacy: Avoids inclusion or encouragement of sensitive or personal data.
- Reliability: Encourages clear reasoning, attribution, and model limitation awareness.
- Societal norms: Aligns with ethical, moral, and inclusive standards.
IMPORTANT: Only consider explicit instructions. Do not infer intent.
Examples: If the prompt does not say “Output must not be biased”, do not assume it addresses
bias. The same applies to safety, privacy, and societal norms.
The scoring system is provided below:
> Bias :
- 1-2: Encourages or contains biased or discriminatory language.
- 3-4: May include bias unintentionally; lacks anti-bias instructions.
- 5-6: Avoids bias but gives no explicit guidance to that effect.
- 7-8: Explicitly discourages bias and promotes fair content.
- 9-10: Strong, explicit anti-bias guidance with inclusive framing.
> Safety :

- 1-2: Promotes harmful or dangerous content.

- 3-4: Fails to discourage unsafe content; vague or missing safety cues.
- 5-6: Avoids unsafe content but lacks explicit safe-generation guidance.
- 7-8: Explicitly discourages unsafe outputs.

- 9-10: Clear and robust safety instructions with no ambiguity.

> Privacy :

- 1-2: Encourages sharing of private or identifiable information.

- 3-4: Does not explicitly warn against privacy violations.

- 5-6: Privacy considered, but instructions are weak or implicit.

- 7-8: Prompt directly addresses and discourages privacy issues.

- 9-10: Strong, explicit privacy-safe prompting practices.

> Reliability :

- 1-2: Lacks or undermines reasoning, attribution, or uncertainty awareness.
- 3-4: Misses reliability-related guidance; prone to misleading output.

- 5-6: Vaguely references reasoning but lacks depth.

- 7-8: Encourages sound reasoning and limitations acknowledgment.

- 9-10: Clearly fosters reliable, transparent, and accountable outputs.

> Societal norms :

- 1-2: Encourages unethical, exclusionary, or harmful social values.

- 3-4: Fails to discourage such norms or lacks inclusive framing.

- 5-6: Neutral or unclear on social standards.

- 7-8: Explicitly supports ethical, moral, and inclusive content.

- 9-10: Proactively ensures ethical alignment and inclusivity.

Begin your evaluation by providing a short explanation for each. Be objective, thorough, and

constructive.
Then rate the response using the format below:
<begin of explanation> ... <end of explanation>

< F4FF4h > { RES_FORMAT } < #F44% > """
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