WEERBUESHA (LLM) WPk, &
IR BE & B0 TR M. A, 78
VAN PR 2 S I T 1Y) 28 BTS2 52 3 B
R T PR R B AT X Be e R I, A R A
i%ﬁ%%%ﬁﬁ%ﬁ*fﬁm%%%%ﬁ

A 77 YEMORE T A B S S e iR A T4k
P . SR, UGBt i A B RR R 4
FRRANEF B, AN VAR SCIRRRE
RGBT 52 &4 #2 (Zhou et al., 2024b)
o IX—PRBIPERE T A H AR M ICEIR R BB
R, RAmcBdmAs B gnht T STE & Rk
(Hamilton et al., 2016; Mudinas et al., 2018) . &
IR, BT RPRiC SR IKshrEdE &
JSC AT DA ey B R S 50 ) SO R A 551 e
(Ziegler et al., 2024) , XZFF THATLHETIL
ARSI EIR IR B 78

SR, R — L8 B i T AR bR i
HEAT SR B G R, B R A —
L P 1 1B 5 0 7 e SN W R
M T 58 R T AR A B KA LLMs (Taori
et al., 2023; Xu et al., 2024; Chen et al., 2024a) ,
BRI SRR RROL S, L T &5, R
17 W ) (Bansal et al., 2024) . {f FI#8/INE
LAV EIA 2 5 — & (Zelikman et al., 2022;
Chen et al., 2024b; Li et al., 2024¢) , HEATr
@i%ﬁ%ﬁ@,iﬁﬁ?E%E%%ﬁﬁT

AT R LR, FRATHR T AQuilt, X
M@ IR AELE, AR AR ICEL
P& T (Answer ), 1)/ (Question ), &
FricdE (Unlabeled data), #5#F (Inspection).
@ (Logic) FMT:4525H! (Task type) . AT
W T — DN R A& BB AR & BURE &
TS R, IR A BN . FAT]
FIAT#% (Logic) Flk#r (Inspection) >
TR B R HERLRE ) O A B B . Ut
A, FE5EAL (Task type) ## R AETEIZR
R S R AT S Wiz 4. R )E, RATEEH
DeepSeek-V3 (Liu et al., 2024) &5 T — & i
EIRGERPEE (P SCsEsc), E 703k >
B, T UNGARBIAS . A A e &
[Fi

AQuilt FE 5 K 9~ AL A T 551 52
Iorp, KI5 ML DeepSeek-V3 H24
PIvERE, FIBRMXERAE AR 17 %, 5, 5
PAFER B & T AU TG, Blan, EAR
Bonito (Nayak et al., 2024) £ B 4, {HH HR
TR TR BT B AR 5, BRATTH Ty
VEFEIX SO AT 55 v R P A g . E
— W AT UESE T 45 A5 12 5 RS 25 i A 30k
PA S FRATT ) A BCER R X T Wi AT 55 B s iR AH %

P, X BT A R AR R B
FMTH TTERA R -

« FAHRM T AQuilt, —ATPAPMIERIA M
LA AR AR C R S AT AL 55 A
RUERIEAHELL . i 45 A 2 A A
FRATHE S AAHEPLRE ) R = 1 A

Ho

o SLIGEERERA | AQuilt 7EAEFE A 17 %
T, 5 DeepSeek-V3 124,

o BB TR, BN E RS EA T
$i& i E R A 2% ) B

o FATPRFAITEATTA LD & R I
SRR AR, DASES H 58 KA % i LLM
e 5 ALY A «

1 AR TAE

OB B A Sl 5 R A R A
A S AR I T SR A A
Ji, AT 3 S 45U TG AR U (Bao et al., 2023;
Deng et al., 2025a; Luo et al., 2025) . 45 [7] (1
B 45 Zhou et al. (2024c¢) fifi Jf] Self-Instruct
(Wang et al., 2023b) KA BIEF I EXF, DA
Li et al. (2024b) i H| GPT-4 4 i fl=# 8, G
HJ&, Eldan and Li (2023) 3 1t A= 42 il 7] 71
WL SRR T 52 FR A el 1 . A
VA BRI s R i R AL E F B A L e A N 25
4 (Gilardi et al., 2023; Xie et al., 2024; Hwang
et al., 2024) , {H == ZARM T 7l KB E F AL
g B 4R T 1E (Achiam et al., 2023; Yang
etal., 2023) , HATER A BN RCRA IR R
(Palepu et al., 2024) . #RT, /PMEIBIAERA Hb
S A AR OO0 XE DA U o TR £ iR
i (Deng et al., 2024; Harbola and Purwar, 2025)
o IXIES) TG G/ VBT 5 SRR o AR A
R TRE A I .

FI AR b i Bl e 7 SR B A k. H I,
AT LT 2T ToAn & 55 i 1 S e 5 i
XA HIP A TPERBRIRICR . B, E&RH
T R0 7V R B A o s 25 A DA e S e,
2= (Bartz et al., 2022; Deng et al., 2023, 2025b;
Upadhyay et al., 2025) ., 54, Nayak et al. (2024)
TEAL S O AR 2 B r B A B IR ()
m, gk, FEERR) A TSR A .
Ziegler et al. (2024) X5ku R 5 _F K I M4
&, PAERFREL AR g . SR E
AR, sk B3 NZR (Dou et al., 2024) Hlu] %
(Lietal., 2024c) , fifi |3 s gt — oot &
B . SR, B RO SR AN % Sk
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' Data , '
IConstruction!' Hl>
: SO

These images of
drowned cattle are

uestion: What led to the tragic death
of... reservoir? A)... B)... C)... D)...

Logic: The question asks for... to their
tragic death.
Answer: B

1 § 3.4 Data Synthesis
: U Sa g e for Specialist LLMs

________________

Summary

VSRS A
S

1

1

1

1

High-Quality
Domain Data

Unlabeled Data

] . ‘o’
' ' AQUILT
\ \ - 1
b 1 Training
c\‘ 1 Dataset
Y R et

Inspection Data

Our Generated Data

4

is... deserving of a
score of 5.

uestion:Are we justified... males?
Logic:The question asks whether...

Inspection | answer is No.
Answer:No

i
1
1
1
1
: The answer provided
1
1
1
1
1

§ 3.3 Inspection Model Training

] ] ]

Unfiltered

______________ 1 Domain Data

Figure 1: AQuilt HEZUR W AMRYE . ZE MR 1 HA 1B S BB i N ZRad A2, 1A IR 1 et IR
RN 5 Bl plms R 4 E U . A R R S T T IR % LLM.

i (1) HOBIRDE R BLE F AL A & HA
FALE (Bansal et al., 2024) , DA (2) &
BN AME S Bz ABE T 25 . BN, % Chen
et al. (2024b) X FERYBAY, HAE GPT Ly Fh
T RN, BB E RS EBMEE ). X
SERR SR IE TR RES VAT AR A . U
PEFESS IZALIRESL ) BaE 75K . XFit, 384T
PRI T —F0 7B SE B A AR, %A
G T IO A TSz A, [FIRHETS
7 e SR B R BLE AR LT T TR
g8

R T IR AR Sz A RE T B 22 Stk
B 5 BEAH St A BB Y, FRATTHR S T
Bl FORIHESE. Ho5E, WE— A RAUEEE
TERNE (822 ). B2 Pk, FRATHRICAQULT 1
TCLH DA SRR W B S e 0y (§1.1) . 2K
Ja, FRATVPAG A B Ec ORISR A e, X
et TR AR AR ST (§1.2). i
i, FIHX G A, RGP Rafdn
B A A2 AQuilt , FHFAE W TR AR
?ﬁﬁ%%%%?%ﬁ%ﬁﬂ%gﬁﬁ(MS

AT EFATR B A B AL RE S & RS B
BURAES5, FeA 1375 Nayak et al. (2024) , F#
o U)TRWES, ARG . AAEE
HeH, Zakin e (REREZER). URAER.
AT EE . SCAR BRI IRE T HE. 1A,
AT RN RS Iz ALRE ST, RATSIAT
PRI AN 55 2528 TFac s ) At P 5 1)
Fo HTIX ARSI AU AT E Hln, Hie

AR T AR E I TER—FhB 55 KA
GRS, ARG R ERIRE R B A
A BATTRFHAE E S P A ) B BT 1)
Eo BAN, BAVHFESF 821 RIS
B . XA RO R T U E AT S5
R R & iz AL e

B g, Oy TRt B Al 2 s
fe, FATREG TRFHE . AR PRHEmEA
Ll A 33 AP AEBUE R AR Z R R
PRicEs, nE ?? B, RN LETSR A .

L1 2RI

BRUEMB AR C LUk, 454G 4
AEHEFE AT AR S LLM B9 MEfE (Zelikman et al.,
2022) o AZMLJF A, FRATTRFABIEL ) o ) 4 A
T2, BP25, m B & st i, DA 45
AP 4 PEATT R O 2 o B AR I i o LR
XF ML A ¢, FRATREPLR S R bmid
B v B, I —AN KR LLM,
4N DeepSeek-V3, KA R R EE, AL4E A8t
q. BHEINER . BL L,

(a,q,1) = LLMGSA® (u, 1). €]

Beoh, FAidE TR EdRESE, ARG
2. BRESMREIE., ZUEERE (P&
F) MRERESE, DA SR X AR,
H A LLM 7 A (e B ) 25 i i T 1 1
PRk FRATHE— 2P F B oy I SR B R
Shsen kg 1. L,
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= LLMS;EE;giC(a, q,u,t). )

WS T A G R e, AR T B 4
Dy = {(aquuvl’t)}N , iZﬁTE%%E%%T
AQuilt H13E I A AR 55258L

AR, 40 Bonito, 3 ™ E A &
FRC BB v RAE (¢, a) XF, ATIGIAT A
SO R A AR AR 12 B B AT 55 £ BUARAE &b
BRI AR . S, FRATHRERIRATI A AL
(q, @) XIHEZ w6 @S P46 7 2 55 P AR FFE
X, X AL S5l AT E w ERE A H
I, FATES TR TS S8 4
AT 3 N A AR s, AN “the
context” Fl “the text”, i JEHAFF G AR ME
TG o SAERR PR A B A A B0 A A bn
CEHR AR B0 N 38 TR IS

AN, b T R BE F LAY (Zhou et al.,
2024a; Guo et al., 2024) P RBIEMZE, 0719
Bridase it X FREAMES, ARG R
R, HERREE A A . SR AT A 58] H B A
10 % %, X P RERIA XASMZE.
EAPEOL T, FRATT 2 M 15 33K £ 5 it 3] 1y 7]
AL, DA B, R DR A GREE Y
SRR |

ke, ROEIEHEEIEE D, =
{%(avqéjual’t)}N’ o /%'\ H‘Jf&ﬁ%jﬁd\ﬂ:l%ﬁ?’f%
1,

BORIUNGR. A R AR AT A KL Rl 4R
Dy, FATIIZRS s & . O T 2 Al
5 WAL b6 R AE AT 55 RO R, 3]
B w ALt ENRA, PSR ER g . o
Fe o IEsORBE:

J

LaQuilt = — Zlong(aj7qj,lj | uj, ;).
D) 3)

[—5pt]

) ik R ek £, FoA145 280 & U
A4 LLMAQuilt o

12 KRssRengs

AR B A RE STk SCAS h A AT AT
SRR . BRI, AERELERE LR, A
ATRERR AR O TR AR, FATIIGR
BRI DASRAS 5 FARE I HE S o

N TN AERRAERE S, HAIHFENERLA
AR BRI GRS . SR, T SRk
ARl LLMSs &5 B R 1 i e m . A1
A SERTNZRR) LLM,  LLMaquite » SRAEISGHTEL
Yo SXBAER T A AR 5 BA TR A A N AR
WA — 2, MBI A . BRI,

Task Type English  Chinese

Extractive QA 16k 16k
Natural Language Inference 49k 33k
Multi-Choice QA (Single Answer) 49k 49k
Multi-Choice QA (Multiple Answers) 28k 31k
Text Generation 33k 33k
Text Summarization 49k 43k
Text Classification 33k 33k
Natural Language Understanding 32k 32k
Open-Book QA 33k 31k
Closed-Book QA 33k 33k
Self-Inspection Tk Tk
Total 362k 341k

Table 1: 3k [ AFEAES 4 NGB B0 . Bt
W T 703k B, T T ISERIF .

MFRAAESS ¢, BRATFEVLIIAE w TR KA
FNGAIBEL LiMaquire T, PAG AR . BEIS
R A118 ] DeepSeek-V3 X ik 6k A FEFF VR4 o
A b,

(a',q', ") =LLMaQuin(u, t),
) :LLMGenInSp(a', q,u,l't).

Strong 4)

[—10pt]

R, FATIERAS T U125 AQuilt A g
WERE Dy = {(d, ¢, u, 3, 8) b o

X INZR, AT A —> LoRA 3 i
#% (Hu et al., 2022) S 4kSE 0 2 7 | 2 A
LLMaQuie » JEZ FAgh LLMERG, o B ik s
BRI REAE N H S48 ML B S (o, ¢, 1)
BATPRS  REAREE R T (u, t) AT . JTES
b FRATEH DA B R R AL G5 T LoRA
PR :

J
A .
Ek(éliilt == Z log P@LQRA (Zj | CL;, q;’ Ujs l;’ tj)'
D;
[—10pt]

)

1.3 LIRS S B B &

FATEE A AQuilt LI AR AR IC 1 Bt
HA A ol e R R TR - TR R R . AR
FAMTR] ATEA: s it E IS 5, DAY
it FLRF A AT 55 P

SUSBAR AT, 750N LLMs 9517 N ifT 55
SJIF, FRATOLEE 46 52 AT 95 282 ¢ FIAH K35
I ) AR AR RIE w A A B o B R S 4T
Bdno AMFA B ML, AT AR
R JIGE 4 5 SUSCRIMT 55 Al Rl . 2
Ak,
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(a', q/, l,) :LLMAQuﬂt(U, t).
[—10pt] (6)

(HAFEER R, WRATL 55263 ¢ AEilllghdie
BEABOWEE], FRATRE ¢ $8E PG M) # uOT
B, RARBOLTERNHERMCH A
YERA . BEAh, FRATRERAL 55 A A1 hi
ZEONTINE [ R

N TR SRR R e, FRATTEET B ALY,
Midu. BMAML, FATE SCH I GRbr
AN — M

i =LLMzona(a q u, U t). (7

Wio, AT pE AR R A s . BOAT O
T, FATEEA AR 2 SRR (FE
540r) . A % RS 2, Xk
AL 95 Ao BB i B, RATABERTG M 1
W . ZRE, AT PR R I 2R A,
e AR i 0 T R A A

MR R SER AT D AQuilt ALY
IS e SRR U R X BN Sk H AR
DARE Sit HAE U AT 55 L RTERE

2 e

w1 prags, wAOE T — M 10 FiiE
FHUEEHESE (EN/ZH), BT 21
BiokPE RSz RE . AT IMES £
TR, AT TR REE: 2
FGRIAEEA (155, B5) R RE
50k AEAR, T H R X T RERE S A5
AT 2k FEAS, A HGERR 18] 5. K298
PRI AR 05 703k FEAS, SRR PR TE LB
F*B.

SZISHEH 8 4~ NVIDIA 4090 24GB GPU 41,
(%) Qwen2.5-7B-Base L i#47. X _LiRFiFiI|
Zrd AR, AV AdamW flifbas, 2239 5H
le-4, HttFAR/NH 32, LoRA 14 r il alpha ¥Ji%
R 64, Y2 AR

2.1 AQuilt [FPEAL 3

FERI TAES, AT RS Bt T
TS, T TAFMESS A KT )
2, Ff1H SquadQA (Rajpurkar et al., 2018)
, TR L B 1 & (Hu et al., 2023) , %1%
B RBE TR AR LS T8 5 ) 4
HIH . XA, FAT%ESE T PubMedQA
(Jinetal., 2019) , X/@&—4~5 BE2EHFFEIS SCH
K IETE H ARG TS, T2 m e,
F 1M CEVAL (Huang et al., 2023) H13%4% T /\
DERE, M T EM R R R B R
o RTEHFEMAR MBS, AT

LexEval (Li et al., 2024a) T {132 /3 Bl 13 F1 3 13
EssayQA {155 . X S64T-45 B5loAs W] 4500, ik
T BRATE B A AL it S I R AT 55 g
71
A HHERR 22174 PubMedQA FI CEVAL,
815 Rajpurkar et al. (2018) , F A1 H SQuAD
F1 43 %0k VAL SquadQA Il B di 4. *T
FFEH1 EssayQA {145, 45 LexEval (Li et al.,
2024a) —FF, FRATIFELE B H %) Rouge-L 43
B AN, FATTHEFIEA EssayQA {1551
BERTScore, FIJEfis% 22 i, PABRERIEALFE AR
e

SRR . AQuilt T B 1) TodR
s, AT LAR X FRE: SquadQA i
MR A2 B3 (Hu et al., 2023) , PubMedQA {i ]
HIs R4, CEVAL ILEEHRS, BT
% (A0 EssayQA) f#i ] #1 3¢ CAIL (china-
ai-law challenge, 2024) 1351 MAUD/UK-Absp
(Wang et al., 2023a; Shukla et al., 2022) %ifi£E.
Wi §1.3 L5 BUAE S5 Fe e ks, Forp ok It
AT 55 ARl 3 A1 EssayQA 3 33 1) A5 iy 26 0t 158
it-RHHEE QA. FiH vLLM (Kwon et al., 2023)
(J&JF =0.7, top_p=0.95, max_length=1024), F%
TTAEAMES G T 20k MIGREEAR

K. FRATRE A BN ZRE s 0 R PR LA
[ REER . X T “To” B2k, AT E B mpi
ATV, AT L. XHT “TAPT”
Fek, FA14% M Gururangan et al. (2020) #E4T
55 B B N GR, ATEAR bR YR I 25
H, %FF “Bonito” il “DeepSeek-V3 (7 KR
Bd)” B2k, FRATIH A SR IR L T 4k
SCAFE S5 B, SR aTE & s _ERoR
BEAL, X)F “DeepSeek-V3 (T HiF4)” H4,
FATE LN H$§4 (Wang et al., 2023b)  (—
FRAERLBL GRS B R A B 248 21 k) 3
DeepSeek-V3 A4 ili%i#s, 3 M SELF-GUIDE
(Zhao et al., 2024) PHEEHE /R DAA BURR 8 S
5% . AT “DeepSeek-V3 (47 HIF4 + Abr
W) Bk, £ 2?2 PREFRA “DeepSeek-
V3 (i SI+UD)”, AR ARIRESIERA H
TR A R (FAASER ISR B ).
BT R A BRI, AR T RS
FELA PEAT S0 0G  AFE Qwen2.5-7B-Instruct 1
Llama3-8B-Instruct, FXf1{#i/f] LoRA XX bt
BUSEAT RO, AEAS T[] i BB e U B AT 55
#E4T 3 4> epoch. i HAMR & 55 22 v
) —B. TEEBWZE, FRATE BRI
&% le-7, T Qwen2.5 %} CEVAL #4784
epoch JIIZ5 (H1T Qwen2.5 (15 ILHEZS 5) i Ul
) PAK TAPT (N TARERFE S REERETT) o X
T TAPT, FRATRHE S5 EHAE A KA i
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gy 95 Y [Domain] SCAS: [Sentence]”” X Ff
FIRPEE S, PABRRE—EE.

22 FRER

RN 22 FroR, AQuilt ~F-3 AR T K243
2k, ¥ H. A DA 5 {#i Jf DeepSeek-V3 (47 SI+UD)
IR BRI Ak, UK T R Anic gt
() TAPT FE&AE 55 %A Bon 3% 1 ek
o, = ThRCEEE G B ME. SquadQA il
A B & A B M R AR L B e
2] Sies E FH . BT DeepSeek-V3 (5 Self-
Instruct) = RbRicEds, HLoETI0%
H, HEERFRCH NA, M2 T, AQuilt #£
TS LR EGE TR, UESE T LLM 7E4h
Bt QA AF55 BB, FFUER T A%
WWHAEP IR QA (£ §1.1 ivd) AT
RS2 AR

A AR FRATT T SR [ Ba & RN U1
TEM A, PASEIC BRI, %T DeepSeek-
V3 B 671B RF {154 1 7 B A D) 55 b
FAVEE R APL I BT B8 A i
BEATIUATE S X T HoAd e R, FRATAE A
Hit NVIDIA 4090 24GB GPU, i1l Vast Al [
GPU ST TR A . XA = iliAs, 341
HRAE T ) GPU /NS BB AR

AQuilt 7EH MANY 17 % B PEfiE 5 DeepSeek-
V3 (iff ST+ UD) #1124, H HAEIH AN 31 % I}
HERLT DeepSeek-V3 (i RARiCEHR), X
W] AQuilt FEZ s & B T A B2 1 0R
g,

BT

WEES5iZA.  Bonito AU SCRAIT R IR1CEL
W TSRS, O =AME SRR (45
RARE M NA) . MEZ TR, AQuilt it 45 &
AR E SCE RIEAESF 2RAL, KB I
552k BRI, AQuilt $5145 24445
R AETE M, FHE AT 55 /R AN
RIS . SERREREW], AQuilt 7K BEAE 55 |
BT R EME, R T HAEAFEUTSF 0
)RR RE

i 3 4 DeepSeek-V3 (ffif] SI+ UD) 5
DeepSeek-V3 (fi#i ] Self-Instruct), A%, Hpf#
TE5E K1) DeepSeek-V3 FAUELR |-, FE4EEL
A BOI AR P AR B G R RE I — 254
AR . XS R T SRR E Y
AARCEIE A TE A A A Sk

"https://vast.ai/

Model SquadQA CEVAL Translation Avg.

AQuilt 40.89 63.16 34.50 46.18

w/o Logic 40.68 59.64 33.61 44.64
w/o Self-Inspection 40.00 60.95 3422 45.06
w/ Low-Quality 39.81 59.22 33.15 44.06

Table 2: ZAEFN H R AIH LSS R . FRATTA 7 Hb 2 R
DA B AR A RE AR b . w/ Low-Quality 51
S BRI ESGE, 5 RS E A
o

3 orbr

FRATERML T AT I AT R R R IRA T R
M H AR N . % R SLhE A, %Ak
HAVE , SLI6{V E T M Llama3-8B-Instruct 3k
TR 25 AR AR RS, 5 5 983 SquadQA.,
CEVAL 1%,

3.1 iAW b

N T VAR H A A AEOR , FATEIZR
AR SRS IR RN . BRI 2 R

BRI . Ch TR EAROE, AN
BANGmBETBREZHANT (KEER), I
A2 ErE R R I 2k AQuilt, [F]F
PREE T A HAD S B SR A E . FERE S R
G, AMUEEMEE. GRER, BEE
HIGHAERE S T, IR T2 AR
P SR rp ) S A

AT VA B R sE e, AT T AR
fili - AR EE L IE R e E (AQuilt) . TG
e E (w/o Self-Inspection) , DA AN i )
B AR BT =i (w/ Low-Quality ) . 4
BRAR AT LG, TE T A ST B —B0R 20
. GERIESE T BRMEERCR . AN, TE w/
Low-Quality 54T, FRATUES N fE A U
TR, X RIS BRI  AR EE RE
ARSI .. SEEE, YV HZHEE, Bk
PERE PR RFAEAR XS = IR 7K o

3.2 AR By s A S PR
FATUERA T 3ATT0 J7 v 4 28 5 B bR i
1 BEAH X HLWE S SRR A, SCEE T LR
fit. NI, FA13ESE T CEVAL, Translation /I
SquadQA fEH = AR AU AT 55, BT
FHA 2k S EREHEREAS . i Qwen2.5-7B,
A5 T B DeepSeek-V3 ({8 FIARFRICEHE)
H1 AQuilt A B 7 BB A i A, X281
OS2 BT AR AR A B Y

WK 2 Frs, AT H -SNE 47922
il T — ARSI . SRR, AQuilt AR
FECE e MR D A T mAfIAIX
—r, AV T B %L (Silhouette Score ),
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Deepseek-V3 AQuilt

Silhouette Score: 0.20

Figure 2: A I EE 9 AH & P Br . FRATTRE2E %
B 1) R 4k ) - ) o, 0 MTHE CEVAL (Z1(5) .
Translation (Z¢{%) F1 SquadQA (%2() Z[a]f)%r

Silhouette Score: 0.24

Model SquadQA CEVAL Translation  Avg.
DeepSeek-V3  6.90 % 8.18 % 0.00 % 523 %
AQuilt 0.40 % 5.15 % 0.00 % 1.85 %

Table 3: X & SR -5 R AR LR (14 M2
FATIPAl i DeepSeek-V3 Hl AQuilt 2E B K 5 B ]
AR EEROOR PR B T b, R BATTS TR
AT S5 B R SR A

BRI TR N R — SRR e, B
e (L2 78 BE A P R o 2R S IR
—H, AR 0 YA AR B R AR
MRS I/ 0S AT SR T

3.3 HDGTERINL 85 By

YT 2R G MBS, A bR EE
AR IS, T ARAREEEE . B0, AEZEr
51 R XK B ] B85 805 X AT 55 nY AR AH 5%
VEo R TRRYSXAS S, FRATRH T HH e Pk
R B NE (75 L1 hNg).

TEHE T ARARICEE 10 A 2 e (Fehs
?? ), R AQuilt FEATTS5 L T3
[PIPLF, {H DeepSeek-V3 (i HIARARICER) 78
CEVAL [#ETHAI RS T AR, Aot
WERIE, FRATRAR T Az B i) A ARl A
FRicKE A A R LB, X RE BT
%o FRATAA B BUCHE 45 Fl T 2000 4131
T, FHH GPT-4o FEATIEAN . 403k 3 iR, 45

REW LRSS P IIRA$E I, & DeepSeek-

V3 XA R AR A R 1) T 2 B A RE R
R RN, O 5 R 2T 55 HOAH G
&, AR AR AR (A RE -

34 JERBEOR R

AT PRI VR B A A, FRATHEAH R %
BT (ETMERCEDE) W7 70 s
I H AQuilt (3T Qwen2.5-7B Il %) Fl
Qwen FKRIIHE R 72B B, AR AT G5
R T I vRIe i AR R A A

W 4 frow, A1 EEFHERE LT
72B % 6] B E NVIDIA A800 80G N H =&

Source SquadQA CEVAL Translation L

Score Cost
Qwen2.5-72B 21.19 59.06 34.82 38.36  19.92 x
AQuilt 40.89 63.16 34.50 46.18 1x

Table 4: 5 Qwen2.5-72B-Instruct (A L3 . FrE 45
5% 2?2 hig—2

Model SquadQA CEVAL Translation Avg.

Bonito 2.43 NA NA NA
AQuilt 2.98 4.16 3.58 3.57

Table 5: {#i /il GPT-40 %} M Hi AQuilt I Bonito £ i
P IR0 BEPLAM I 1,000 S EEASFEFTIEAL
PAREA 73X =N 55

BURYy 1720 1) GPU /NEFE . BERSLIR 45 IR
TSR, B UE T IR R
BER, HFEIAEERYERE B TN SR Y
ELiA,

AT EIE AQuilt Az AR A) A8 5T 5 TR
ERBIALAN Bonito #H4THUERY, FRATTHESR S PR
TN TS 45 (WA Zad ARt ). ixseghig
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Prompts for Synthetic Training Dataset (Meta Prompts)

You are a professional Q & A pair generation assistant. Your responsibility is
to create complete, clear, accurate, and useful { Task Type } Q & A pairs based
on the provided text content. You need to deeply analyze the text to create
reasonable questions and provide appropriate, detailed answers, ensuring that
each Q & A pair is relevant and useful.

I. The { Task Type } questions you create should meet the following requirements:
Requirement 1: { Question Requirement }

Requirement 2: The { Task Type } questions generated can be answered without
<text>, and the question provides comprehensive information, complete context,
including the core content or key information of <text>. Specifically: The
question must explicitly contain the key information of <text> to ensure that
the question itself is self-contained. - Do not rely on external context or
assume that the user already understands the content of <text>. Avoid using
phrases such as according to the above text, in the context, above content, or
based on the information provided;

Requirement 3: The { Task Type } questions generated should be as complex as
possible, requiring multi-step reasoning to determine the final answer;
Requirement 4: The generated answer is accurate and error-free, based on
credible facts and data from the provided text;

Requirement 5: The generated answer is complete, not only selecting the correct
option but also providing explanation and thinking steps to exclude other
distractors;

Requirement 6: { Thought Process Requirement }

Requirement 7: When generating Q & A pairs and thought process, assume there
is no text as a reference, which means do not include phrases like the text,
the context, or the information provided in the Q & A pairs and thought process
you create.

II. Please generate a Q & A pair in the following format:

JSON

{

question: { { The question you create } } ,

thought process: { { The thought process you create } } ,

answer: { { The answer you create } }

}

III. Please study the above requirements carefully and create a { Task
Type } Q & A pair:

13
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Prompts for Synthetic Training Dataset (Specific Task Content 1/3)

Multi-Choice QA (single answer) :

Task Type: single-choice

Question Requirement: The intent of the single-choice questions generated is
clear and the semantics are explicit, including the question and necessary
answers as well as distractors;

Thought Process Requirement: The thinking process should include the following
steps: 1. Read the question: Understand the provided question. 2. Analyze the
options: Assess the relationship and correctness of each candidate with the
provided question. 3. Choose the best answer: Select the most accurate and
contextually relevant option;

Multi-Choice QA (multi answer) :

Task Type: multi-choice

Question Requirement: The intent of the generated multiple-choice question is
clear and the semantics are explicit, including the question and necessary
answers (there can be multiple answers that meet the requirements of the
question) as well as distractors;

Thought Process Requirement: The thought process should include the following
steps: 1. Read the question: Understand the question provided and clarify
what is required. 2. Analyze the options: Assess each candidate option’s
relationship and correctness in relation to the provided question. 3. Choose
reasonable answers: Based on the analysis of each option, select all reasonable
answers;

Closed-Book QA :

Task Type: closed-book

Question Requirement: The generated questions should be answerable without
external knowledge and should provide comprehensive information, complete
context, and contain relevant background information; do not generate questions
about specific small events, as such questions are meaningless;

Thought Process Requirement: The thought process should include the following
steps: 1. Understanding the question: Understand the question and clarify its
requirements. 2. Analyzing the question: Analyze relevant information based
on your own knowledge without relying on external resources. 3. Formulating a
response: Construct a reasonable and accurate answer.

Open-Book QA :

Task Type: open-book

Question Requirement: Open Q & A refers to identifying and extracting specific
information segments from the given text to answer the question. The generated
qguestion should explicitly include the text needed to answer the question and
should not directly use the text provided by the user.

Thought Process Requirement: The generation of the thought chain should include
the following steps: 1. Read the text: fully understand the problem and
the provided text or paragraph. 2. Identify the relevant parts: locate the
specific text segments that contain the answer to the question. 3. Construct
the final reply: summarize the answer to the question.

14
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Prompts for Synthetic Training Dataset (Specific Task Content 2/3)

Text Classification :

Task Type: text classification

Question Requirement: The generated classification question should have a clear
intent and unambiguous semantics, including the text content and predefined
categories.

Thought Process Requirement: The generated thought process should include
the following steps: 1. Analyze the content: Examine the content of the
<text>, identifying themes, keywords, or other indicative features.2. Map
to labels: Match the analyzed features to predefined labels or categories.3.
Confirm classification: Verify that the assigned label accurately reflects the
content.4. Record the result: Record or output the classification result.

Natural Language Inference :

Task Type: natural language inference

Question Requirement:The question generated can be answered with Yes/No/Maybe.
Thought Process Requirement: The generated thought process should include
the following steps:1.Understand the question: Understand the provided
question. 2. Analyze the question: Identify which specific parts of the text
the question is related to. 3. Logic Reasoning: provide logic reasoning to
answer. 4. Provide the best answer: Select yes/no/maybe to answer the question.

Text Generation :

Task Type: text generation

Question Requirement: The text generation problem should have a clear intent
and be semantically clear. It must include the user’s instructions and the
conditions for generation.

Thought Process Requirement: The thought process for generation should include
the following steps: 1. Understand the input conditions: Review the user’s
instructions and conditions to grasp the required scope, tone, and structure.
2. Brainstorm content: Develop key ideas or themes consistent with the input
conditions. 3. Generate output: Create a well-structured and coherent response
that follows the user’s instructions.

Text Summarization :

Task Type: text summarization

Question Requirement: The text summarization problem should have a clear
intent and be semantically clear, including the text content and summarization
requirements.

Thought Process Requirement: 1. Identify key points: Extract the most important
information that represents the overall content of the source material. 2.
Organize information: Logically arrange the extracted key points to ensure
clarity and coherence. 3. Generate summary: Condense the key points into a
concise and clear summary.
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Prompts for Synthetic Training Dataset (Specific Task Content 3/3)

Natural Languaga Understanding :

Task Type: natural language understanding

Question Requirement: The generated natural language understanding tasks
can specifically include sentiment analysis, intent recognition, entity
recognition, part-of-speech tagging, semantic analysis, etc.

Thought Process Requirement: The generated thinking steps should include the
following steps: 1. Read the task: Understand the provided task. 2. Analyze
the problem: Evaluate the relationship and correctness of the input text in
relation to the task. 3. Provide the best answer: Respond with the most
accurate and contextually relevant answer.

Logic Generation Prompts for Extractive QA

You are a professional assistant for generating thought process. Your
responsibility is to synthesize useful thought process data based on the provided
text content and question-answer pairs. You need to deeply analyze the text
and construct a logical connection between the question and the answer.

1. The thought process you create should meet the following requirements:
Requirement 1: The generated thought process should be rich in content and
logically clear, demonstrating how to infer the <Answer> from the <Question>.

Requirement 2: The thought process should include the following steps: (1).
Read the question: Understand the provided question. (2). Analyze the question:
Identify which specific parts of the text the question is related to. (3).
Provide the best answer: Select the most relevant content from the text to
answer the question.

2. Please generate the thought process in the following format:

JSON

{

“thought_process”: “ { { The thought process you created } } ”

}

3. Please carefully study the above requirements and then create a thought
process based on the following <text>, <question>, and <answer> provided by the
user:
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Prompts for Synthetic Inspection Training Dataset (1/2)

You are an AI instruction and response quality assessment assistant, please
score the quality of the user’s instruction and response according to the
following scoring criteria, and you can refer to the <text> provided by the
user to evaluate the correctness of the question and answer pair:

1. The scoring criteria are as follows:

1 point - Low quality, minimal requirements met (Low Level):

- The response is only partially relevant to the question and lacks depth or
detail.

- The response contains noticeable grammatical errors, spelling mistakes, or
awkward phrasing.

- The response fails to address the user’s questions or needs adequately.

- The response provides no additional explanation, context, or background
information, leaving the user with limited understanding.

2 points - Basic requirements met (Qualified Level):

- The response is relevant and can basically meet the user’s needs.

- The response has correct grammar and no obvious spelling errors.

- The response can solve the user’s problem, but the solution may not be
comprehensive or in-depth enough.

- The response provides basic explanations and background information, but not
in detail.

3 points - Good quality, meeting most requirements (Good Level):

- The response is highly relevant and can well meet the user’s needs.

- The response is fluent in grammar, without spelling errors, and clearly
expressed.

- The response provides a comprehensive solution that can solve the user’s
problem and considers possible follow-up issues.

- The response provides detailed explanations and background information, which
helps users understand.

4 points - High quality, meeting all requirements and exceeding expectations
(Excellent Level):

- The response is highly relevant, not only meeting user needs but also
anticipating and resolving potential issues.

- The response has perfect grammar, precise expression, and well-chosen words.
- The response provides an in-depth solution that can comprehensively solve
the problem from multiple angles and provides additional useful information or
suggestions.

- The response provides in-depth explanations and background information, which
helps users gain a deeper understanding of the problem and solution.

5 points - Excellent quality, exceeding all requirements with professional
contributions (Outstanding Level):

- The response is highly relevant, not only meeting user needs but also providing
solutions beyond expectations.

- The response has impeccable grammar, elegant expression, and precise, impactful
wording.

- The response provides an in-depth and professional solution that can solve the
problem from a unique perspective and provides extremely valuable additional
information or suggestions.
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Prompts for Synthetic Inspection Training Dataset (2/2)

- The response provides in-depth explanations and background information,
demonstrating a high level of professionalism and profound understanding of
the issue.

2. Please analysis the quality in the following format:
JSON

{

analysis_steps: { { your analysis for the quality } } ,
score: { { your rate to the qga_pair } }

b

3. Please carefully study the above scoring criteria and strictly follow the
scoring criteria above to score the following <ga_pair> based on the following
<text> provided by the user:

Different Task Prompts for AQuilt (1/5)

single choice question answering : “““Please generate a single-choice question
from the provided reference materials to help students better grasp the
relevant knowledge: The single-choice question should include a question, four
options labeled A, B, C, and D, one of which is the answer to the question;
At the same time, you also need to generate the thinking steps for solving the
question, as well as the answer to this question.

And output in the following JSON format:

JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
nnn
)
multi choice question answering : “““Please generate a multiple-choice question

from the references provided to help students better grasp the knowledge:

The multiple-choice question should include a question with multiple options
tags A, B, C, D, E (and so on), one or more of which are the answers to the
questions; At the same time, you also need to generate the thinking steps for
solving the question, as well as the answer to this question.

And output in the following JSON format:

JSON

{ “question”: “xxx”,

nnn

”

“thinking_steps”: “xxx”, “answer”: “xxx” }
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Different Task Prompts for AQuilt (2/5)

close-book question answering : “““Please generate a closed-book question and
answer pair from the provided reference materials that do not require reference
text to answer to help students better grasp the relevant knowledge:

This Q & A pair should include a question, and you also need to generate
the thinking steps for solving the question, as well as the answer to this

question.

And output in the following JSON format:

JSON

{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }

open-book question answering : “““Please generate an open-book Q & A pair from

the provided reference materials to help students better grasp the relevant
knowledge: This Q & A pair should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:

JSON

{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }

nnun

Different Task Prompts for AQuilt (3/5)

text summarization : “““Please generate a concise summary Q & A pairs of the
provided text to help students better understand the main points:

The summary should capture the key ideas and essential information from the
text. The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:

JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
text generation : “““Please generate a text-generated Q & A pair based on the

text provided to help students learn:

The resulting text should be well-structured and relevant to the given text.
The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:

JSON

{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }

nnun
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Different Task Prompts for AQuilt (4/5)

natural language inference : “““Please generate a logical inference question
from the provided reference materials to help students better grasp the
relevant knowledge:

Logical inference questions generally ask whether a judgment or piece of
knowledge is correct, with answers including “yes, no, maybe” three options.
The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question.

And output in the following JSON format:

JSON

{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }

nnn ,

text classification : “““Generate a text classification task based on the text

provided to help students understand the content of the text:

Classifications should be accurate and relevant to the given text.

The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question.

And output in the following JSON format:

JSON

{ “question”:

nnn

“xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }

Different Task Prompts for AQuilt (5/5)

extractive question answering : “““Please generate an extractive question
answering task based on the provided reference materials to help students
better understand the main points:

The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:

JSON
[ 3 ” ., (43 ” [43 4 3 ” ., [43 ” [ ” ., [ ”
g , _ : , 2
{ “question XXX thinking_steps XXX answer xxx” }
nnn ,
natural language understanding : “““Please generate a natural language

understanding question (such as sentiment analysis, semantic analysis, entity
recognition, etc.) based on the provided reference materials to help students
better grasp the relevant knowledge:

The content you generate should include a question, and you also need to
provide the thinking steps to solve the question, as well as the answer to the
question. Please output in the following JSON format:

JSON

{ “question”:“xxx”,

nnn

[ ”»

“thinking_steps”: “xxx”, “answer”: “xxx” 3}
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Self-Inspection Prompts for AQuilt

Please score the quality of the user’s instruction and response to help
students understand the quality of the question and response based on the
provided text. There are 5 levels of quality, which are: 1 point, 2 points, 3
points, 4 points, 5 points. The higher the score, the better the quality.
You’ll first need to analyze the quality of the question and response before
grading it. And output in the following JSON format:

JSON
{ “analysis_steps”: “xxx”, “score”: “xxx” }

Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (SquadQA)

You are a professional Q & A pair generation assistant. Your responsibility is
to create complete, clear, accurate, and useful extractive Q & A pairs based
on the provided text.

I. The Q & A pairs you create should meet the following requirements:
Requirement 1: The generated questions should have clear intentions and
semantics;

Requirement 2: The generated questions should be answerable without external
knowledge; Do not rely on external context or assume that the user already
understands the content of <text>.

Requirement 3: The question generated can be answered with the provided
reference material.

Requirement 4: The generated answers should be accurate and based on credible
facts and data;

Requirement 5: The generated answer can be found in the reference materials.
II. Please generate a Q & A pair in the following format:

JSON

{

“question”: “ { { The question you create } } ”,

“answer”: “ { { The answer you create(Extracted from reference materials) } } ”
}

III. Please study the above requirements carefully and create a extractive Q &
A pair based on the <text> provided by the user below:

21

www.xueshuxiangzi.com



Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (PubMedQA)

You are a professional Q & A pair generation assistant. Your responsibility
is to create complete, clear, accurate, and useful Yes/No Q & A pairs based on
the provided text.

I. The Q & A pairs you create should meet the following requirements:
Requirement 1: The generated questions should have clear intentions and
semantics;

Requirement 2: The generated questions should be answerable without external
knowledge;

Requirement 3: The question generated can be answered with either Yes or No.
Requirement 4: The generated answers should be accurate and based on credible
facts and data;

Requirement 5: The generated answer has only two options: Yes/No.

II. Please generate a Q & A pair in the following format:

JSON

{

“question”: “ { { The question you create } } ”,
“answer”: “ { { The answer you create(Yes/No) } } ”
}

III. Please study the above requirements carefully and create a Yes/No Q & A
pair based on the <text> provided by the user below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (CEVAL)

You are a professional question-answer pair generation assistant. Your
responsibility is to create complete, clear, accurate, and useful single-choice
guestion-answer pairs based on the provided text content. You need to analyze
the text in-depth, create reasonable questions, and provide appropriate and
detailed answers to ensure that each question-answer pair is relevant and
useful.

I. The single-choice questions you create should meet the following requirements:
Requirement 1: The single-choice questions should have clear intentions and
be semantically clear, including the question and necessary options as well as
distractors;

Requirement 2: The single-choice questions should be answerable without the
<text> and the information provided in the question should be comprehensive,
with complete context and relevant background information;

Requirement 3: The answers generated should be accurate and based on credible
facts and data from the provided text;

Requirement 4: The answers generated should be complete and not omit any
necessary information;

II. Please generate the question-answer pairs in the following format:

JSON

{

“question”:“ { { The question you create and the options } } ”,

“answer”:“ { { The correct answer you create } } ”

}

ITI. After carefully studying the above requirements, please create a
single-choice question-answer pair based on the <text> provided below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (Translation)

You are an expert in generating question-and-answer pairs. Your task is to
create complete, clear, accurate, and useful closed-book question-and-answer
pairs based on the provided text content. You need to analyze the text in
depth, formulate reasonable questions, and provide appropriate and detailed
answers, ensuring that each question-and-answer pair is relevant and useful.
I. The question-and-answer pairs you create should meet the following
requirements:

Requirement 1 The questions should have clear intentions and be semantically
clear.

Requirement 2 The questions should be answerable without external knowledge,
and the information provided in the question should be comprehensive and
contextually complete.

Requirement 3 The questions should be legal translation questions. You need
to first determine the language of the given text. If it is in Chinese, the
guestion should be of the Chinese-to-English type. Conversely, if the given
text is in English, the question should be of the English-to-Chinese type.
Requirement 4 The type of question you generate can be randomly selected
from the following four options: “Please translate the following sentence
from the contract into Chinese/English:”, “Please translate the following
legal term into Chinese/English:”, “Please translate the following sentence
into Chinese/English:”, “Please translate the following legal provision into
Chinese/English:”

Requirement 5: The answers you generate should be accurate and based on
reliable facts and data.

II. Please generate the question-and-answer pairs in the following format:
JSON

{

“question”:“ { { the question you create } } ”,

“answer”:“ { { the answer you create } } ”

}

III. After carefully studying the above requirements, please create a
question-and-answer pair based on the <text> provided by the user below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (EassyQA)

You are a professional question-and-answer pair generation assistant.
Your responsibility is to create complete, clear, accurate, and useful
question-and-answer pairs based on the provided text content. You need to
analyze the text in depth, create reasonable questions, and provide appropriate
and detailed answers to ensure that each question-and-answer pair is relevant
and useful.

I. The question-and-answer pairs you create should meet the following
requirements:

Requirement 1: The generated questions should have clear intentions and be
semantically clear.

Requirement 2: The questions should be answerable without external knowledge,
and the information provided in the questions should be comprehensive and
contextually complete.

Requirement 3: The questions should be legal essay questions, starting with:
“Please analyze the following essay question, elaborate on your views, and cite
relevant legal provisions and principles. Ensure that you provide sufficient
arguments and analysis for each question to clearly demonstrate your deep
understanding and flexible application of legal issues.”

Requirement 4: The answers generated should be accurate and based on reliable
facts and data.

II. Please generate the question-and-answer pairs in the following format:
JSON

{

“question”: “ { { the question you create } } ”,

“answer”: “ { { the answer you create } } ”

}

III. Please carefully study the above requirements and then create a Q & A pair
based on the <text> provided by the user.

Prompts for General LLM Downstream Task Generation using Self-Instruct (Input Generation

w/o context)

As an InputGenerator , your task is to generate a new [input] based on the
[instruction] and some example [input].

Try your best to ensure that the new [input] you generate is distinct from the
provided [input] while maintaining a diverse, detailed, precise, comprehensive,
and high-quality response. Avoid generating a new [input] that is the same as
the provided [input].

Start of instruction

{ { instruction } }

End of instruction

Here are some high-quality [input] for the [instruction]. These [input] can
provide you with very strict format requirements .

Below are [N] [input] examples:

{ { Input Examples } }

Please generate 1 [input] based on the examples and requirements:
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Prompts for General LLM Downstream Task Generation using Self-Instruct (Input Generation w/

context)

As an InputGenerator , your task is to generate a new [input] based on the
[instruction], [context] and some example [input].

Try your best to ensure that the new [input] you generate is distinct from the
provided [input] while maintaining a diverse, detailed, precise, comprehensive,
and high-quality response. Avoid generating a new [input] that is the same as
the provided [input].

Start of instruction

{ { instruction } }

End of instruction

Here are some high-quality [input] and provided [context] for the [instruction].
These [input] can provide you with very strict format requirements .

Below are [N] [input] examples:

{ { Input Examples } }

The provided context content is: { { context } }

Please generate 1 [input] based on the examples, requirements, and the provided
above context:

Prompts for General LLM Downstream Task Generation using Self-Instruct (Output Generation)

You are an AI question-answering bot, acting as an expert in the field of { {
domain } } . Please refer to the question provided by the user and answer the
question carefully.

User:Please answer the following question:

{ { question } }
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Prompts For evaluation on Downstream Tasks

SquadQA
Input: { question }
PubMedQA

Input: Context: { context } Based on the context above, please answer
the following question: { question }

CEVAL

Input: Below is a multiple-choice question from a Chinese { subject 3}
exam. Please select the correct answer.

{ question }

A. {A}B. {B}C. {C3}D. {D}

What is the answer?
Translation

Input: Please complete the following legal translation task and provide
the translation directly. Translate the following { text type } into
Chinese/English: { legal text } .

EssayQA

Input: Please analyze the following essay question. Elaborate on your
views in detail and may cite legal provisions and relevant legal principles.
Ensure that you provide sufficient arguments and analysis for each question
to clearly demonstrate your profound understanding and flexible application
ability of legal issues.

{ material }

Question: { question } .
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GPT-40 Prompts for Independence Analysis in Synthetic Data

You are a professional question analysis assistant, responsible for determining
whether a question relies on a text for its answer based on the provided question.
Criteria for Judgment:

The question contains some obvious keywords that indicate reliance on a text,
such as “the above content,” “according to the text,” “the above text,” “in the
text,” “in the passage,” etc.

If the question is about understanding or inquiring about the content of a
certain text, then it is also considered a question that relies on a text for
its answer.

Formatting Requirements:

Please carefully review the above criteria.

Determine whether the question provided by the user has text dependency.

If it does, please answer directly with ’Yes.’

If it does not, please answer directly with ’No.
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