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Abstract The recent popularity of large language models (LLMs) has brought a significant impact to boundless
fields, particularly through their open-ended ecosystem such as the APIs, open-sourced models, and plugins. However,
with their widespread deployment, there is a general lack of research that thoroughly discusses and analyzes the
potential risks concealed. In that case, we intend to conduct a preliminary but pioneering study covering the
robustness, consistency, and credibility of LLMs systems. With most of the related literature in the era of LLMs
uncharted, we propose an automated workflow that copes with an upscaled number of queries/responses. Overall, we
conduct over a million queries to the mainstream LLMs including ChatGPT, LLaMA, and OPT. Core to our workflow
consists of a data primitive, followed by an automated interpreter that evaluates these LLMs under different
adversarial metrical systems. As a result, we draw several and perhaps unfortunate conclusions that are quite
uncommon from this trendy community. Briefly, they are: 1) the minor but inevitable error occurrence in the user-
generated query input may, by chance, cause the LLM to respond unexpectedly; 2) LLMs possess poor consistency
when processing semantically similar query input. In addition, as a side finding, we find that ChatGPT is still capable
to yield the correct answer even when the input is polluted at an extreme level. While this phenomenon demonstrates
the powerful memorization of the LLMs, it raises serious concerns about using such data for LLM-involved evaluation
in academic development. To deal with it, we propose a novel index associated with a dataset that roughly decides the
feasibility of using such data for LLM-involved evaluation. Extensive empirical studies are tagged to support the
aforementioned claims.

Key words large language models; scalable deployment; robustness; automated workflow; trusted evaluation
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$&7R: To answer the following
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information.

E&¥%: Rede Globo is a Brazilian
television network. The official —
language of Brazil is Portuguese. L
[ #: Do the anchors on Rede Globo
speak Chinese?

L ETG: (A) True (B) False (C) Unknown
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Fig. 1 Overview of evaluation framework
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Table 1 Datasets Statistics

x1 HEESI

BV Hiik T4 UL ke =S
StrategyQA ™! % (QA) UIIEARES 2290 T/F
AQuA®” BN (algebra QA ) A 254 Bl
Creak™” HARHERR ( commonsense reasoning ) IESE 1371 T/F

NoahQA™" BUE IR ( numerical reasoning QA ) MR EE 10 880 LI
GSMB8K'™! BreFER (math reasoning ) ML 6 140 AR
bAbi15™"! TZHER ( deductive reasoning ) WA 1000 B
bAbil6"™! I9443ERE (inductive reasoning ) XA 1000 LiERT|
QASC™ Z PR ( multi-hop reasoning ) AT 926 L]
ECQA™ HHER ( commonsense reasoning ) A 2194 L]
e-SNLIY W R R (logical relationship reasoning ) WA 9824 L]
Sen-Making*’ H YU ( commonsense reasoning ) pRRES 2020 AR
QED™ [a) 27T ( QA with explanations ) LiSanie S 1354 A

At 39253
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Table 2 Process of Transforming from the Original Example to the Model Input
£2 WRBTOIRSREREMA 0L
B ) Nl
“question”: “Is Antarctica a good location for Groundhog Day?”
“answer”’: false
“facts”: [
“Groundhog Day relies on a groundhog seeing their shadow.”
J5R “Antarctica has an irregular sun pattern and some days have no sun rise or 24
hour sunlight.”
“Antarctica has temperatures can range from —10°C to —60°C.”
“Groundhogs live in forests or woodlands with plenty of sunlight.”
]
SR Next, I will ask you a series of questions given a description, and you will have to choose one of several candidate options that you think is
2 A,
iRt correct. The description is
Bk Groundhog Day relies on a groundhog seeing their shadow.Antarctica has an irregular sun pattern and some days have no sun rise or 24
PP hour sunlight. Antarctica has temperatures can range from —10°C to —60°C.Groundhogs live in forests or woodlands with plenty of sunlight.
] Ji q Is Antarctica a good location for Groundhog Day?
(A) True
I o (B) False
(C) Unable to determine
Query 1: {$#&7Rin}+{ Bt )
iy Query 2: The first question is {[A]#}, choose an answer from the following

options: {FEI}.

The answer would be (B) False. Antarctica is not a good location for Groundhog Day since the area has an irregular sun pattern, and some
[F%%a days could have no sun rise, or 24-hour sunlight. Groundhogs rely on seeing their shadow to predict the weather, and the irregular patterns
of sunrise and sunset would make the whole concept unworkable in Antarctica.

B 1) 81 B 45 (AQuA™, ECQA™, QASC™,
QED™), F 42 $R UM By 1) 7 B . LA 2 i 51 S ),
CECYET CIn) R B R SC A B T
p.¢,a).
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AR 1)K IR R A3 1 2 F 4, by — o v ROf
H WS B Wi 58 2% 8, T 21 38 43 9k 15 4k Oy SE ] )
S U S Lp U R NTAC T INIE1 B o071 B o = e B 2 S P
2) % 1) AN 7T 43 fige (4 508 4, R pist 24 Null.

AW T 1A E RS, HTRIEE R a4
— BEIRIE TR I 0. VE Ry SR IO A% 0 B 43, AR A B
HE DA 33K S Y U R I R I A e T . AR 1 AT L
RGBSR AR P A R R IR 4 Rk
1432 T/F(True B, False, Bl IE #2455 ) . BfE .
T SCAS . X T IR H Y ok 1, — 1> g A T Y 5 T
R AT AR5 B A S AR AL, H AT DL R R AR
HOONHL A HERLRE S AT X 4. 3 A T — BB IRE
TE T A 91 . AR ) M, X6 T 4 RO TR B 28 51, 43 i
T ARTRN A BRI, 4R B

D) X F B8 il T — S a5 18 10 0 o 48 (n
AQuA, QASC, ECQA, e-SNLI), #2543 %6 16 33 FH /F
I o.

2) X T I A R RS A 4T 55, AN StrategyQA,
Creak, LA B 19 T/F JE 2 2 480 12 J5 15 1 25K, &

Table 3 Confusion Options Generation Samples
x3 RBERTER TS
JRIRE S A I

(A) True

(B) False

(C) Unable to determine

(A) 36

B) 15

Bl 36 (©)17

D)5

E)7

(A) discovery

(B) action

(C) reflection

(D) deciding

(E) thinking

(A) None of the other options is correct.
(B) Janet elude sells 16—3—4=9 duck eggs a
axerophthol day.

(C) Janet sells 4—4—10=—10 duck eggs a day.
(D) Janet sells 11-11-15=28 duck eggs a day.
(E) He has to pay 3 000—1 000=2000.

T IR IE AR,

T/F True

Hii) discovery

Janet sells
A 16-3-4=9 duck
eggs a day

ANEIE T o AT 28 3 4~ % I “unable to determine”
CEP“ Tovh ™), Lh— o B B 3G AT 55 w2

3N T & R FCF BT 55, W NoahQA (H: b (1)
— Ay 1) A, Bl AL AR B 4 VR N T 0. I, —
A5 5 A BRI

4) X} T2 58 % L A 55, 4N bAbilS5, bAbil6,
ECQA, X SCAS | 0] 0 Fi 1) P s 32 #4857, 5 AR 9 s 72
8 SR Bt AL 6 B b LA M )8 TR M 0 B X
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AT S5, — A 5 AR

5) X F B R R AR WA S, 10 GSMBK, 2 B R
FH 3 R0y e OMIBR . 3 A L i 5 2k fn); QA7
108 3, AR 28 A IE B 1k B T A 2B IR 2 X
B4 R HA D TR 28 2 O BR IE B E T a, I3

Jin—1~ %5 Z1 (1) 3£ T “ None of the other options is correct”

CE < HAh I AN TR )

B F PR . 1T 302 2 " (in-context learn-
ing, ICL), RAFH F sty T — R B e, #5
/(I

Next, I will ask you a series of questions given a
description, and you will have to choose one of several
candidate options that you think is correct. The description
is.
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Table 4 Attack Description
&4 Wk
i BAREAE il
Tt George Washington died in 1799.CDs weren’t invented until 1982.
Eiv=l Georggge Washington diiied iiin 177799.CDs weren’t innnvented until 199982.
TGO Uills George Washington died in 1799.CDs weren’t inted un 1982.
A George Washington di@ed in 1799@.CDs weren’t invented until 1982.
A died George Washington died in 1799.CDs 1799.CDs weren’t invented hoosier state until 1982.
ARG Uil invented.
B George cook up cook up 1982 1799.CDs go bad invented until 1982.
MBS ) George Washin{0260}ton {0257} ied in 1799.CDs weren’t {0269}nvented unti{0625} 1982.

TE: FRIH N IGE B SCE R SY, B S PRI AT 458 Unicode.

Table 5 List of Attack Methods Used for Constructing
Adversarial Examples

®5 HMEMNRERGIMAREAEIIR

ol gn e 2

MEE  MBRKE c € (1,2,3}, WRM N {04, 04,02},
TR B BB c € (1,2,3), RN (0.4,04,02).

A AR E c=1

P =2 B L - € {0.1,0.5,0.9}
A X

EShe| IS Jc
B X
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Table 6 Prompts for the Multiple-option
R 6 BUUARERIRTIA

SO e
25 R
“Complete the description with an appropriate ending: ” ] HF OPT iR 2 554 /R
“You must choose the best answer from the following choices marked (A), (B), (C), (D) or (E). ” CET %1k
“To answer the following question according to the following information.” NT s
“Next, I will ask you a series of questions given a description, and you will have to T Hars

choose one of several candidate options that you think is correct.”
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3) XA D B B B ra I EE (B RTD),
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Rp = Exep(ry). (5

HiE 1884 DI RTIHER, THA B .

FN: BARED = (x1, %5, %, )5 AN g(x,p),
Wit H brx, BE5 ps BERL G Y £ (x,0), Hi A x, BRI 2
#ee.

i R4 D 1 RTI /2 5LR,.

D for x; in D do
p=0.1;

x; = g(x,0);

while f(x;,0) = f(x;,0) do
p=p+0.1;
X = g(xi,0);

end while

CESEONSRORTNT)

r(x;) = p;

@ end for

(0 R, = E(R) where R ~ r(x),x € D.
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RTS8 R R LKA TR I, ARF ST T T 2
A H AN E B A6 BR: F 1R 3 (error rate, ER) . ik i
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Hh DR D e i ) LG 11
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MR 47 Ry HARR I, 5 231G Sk [57-61] 4
A T 9k A R AR RO R X A R A A (f 6 AN A2 75 e
R AR A2 75 Y B B A ) IR R S 0 BT B AR
W — 3R 43 fe A AT RE- S 20 L g Hh A AR RS

LTI R I | ARHOC R AT L A AR R B )
VA 7 T = B N G R S OB e VA €
IR R B L, B EE T LR B A BT ek B

AR, AR B S OR aR AR BRI T —
A AU AR AL

DX FE58 . RIS BT, % RIS e d 5 U A
PR i s e, BIAREE £(x’,0) # f(x, IR, GiiT
AN TR0 A Bl e o v B 3L 2 ) 1A X LR
OB AR (k. R Al &) 3 45 kAR 4 (n
SR TE) . R s, v LI R R R

5 = ;G(lx)z:h(w*,x,x’,l), (8)

Gx) =l (w; | wi #w'} |5
1L Iw) = IA f(x,0) % f(x',0),
0, HAth,
HorwhxHI LR, w, wir sl 2 x, xH a9 24 (I
K (3)), lw)se H T3R5 sl w5 1 s 8, hi2 1T
T EZRERE S AR R, GRIFI—1k
PRVE, FH T i Tk R

2)%F F Il AT L MO R A AT, TR E AT
X% T T ) BT R R A A e T T B A R
FIFEE o L — e, Zn AT ERNESL
W AR 1 — AR A R A5 ).

[{w | Yw, w*#wAlw)=1;}|
U Twivw im =1

KRG, IEBIEED FIIG T — 1 BENLARK, B A
FRIE N B REAR I e, B o — 4328 H bR (0,1}, Hp
1 fR3R f(x,0) # f(x',0), 0 RFILAAE L. Fe )5, I

h(w*,x,x',1) = {

D)




1676

HENR SR E 2025, 62(7)

25 e (14 Bt BIL R AAABE TR DAy A 26 33 1 T JHG 0] T i i
Ty B R

31 EBMER
30,1 FEg

3TN T B XX S0 e e K 2
8. E 9N T AU R R BAASS

ChatGPT & 30 Y BAR Y & k. A S 2UAR

2x %t ChatGPT 7= 4= 1 I 52 W) . HAR M, JCi8 Moy 25 A1,
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e LR S S F = VL I (VR S o O [ 1 R T 3 BE G
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B KT BRI, M BREAE 52 e 55 K, ER M
61.8%, ASR} 49.8%. FfL1a) 9 5 Yo ) & et ] BB &
Xof ST A B i R A R T AE R KU, G U
FEIX B3 50N, A SCAS 8 F I RB O UIE A B 1R 11
SEREE, T TCIEARIIE LT 3 S (1 1 A

3)HRBE . AE RGO, B BT 1) R 4 L o)
#E, ER, ASRAR M. SR, BEAUATh SR B 45 PR 47 40%
A AT I HERA R AT g2 K GPT B tokenizer 7E 5% v
FR T E DARRI AR BT T RS A e
XiF F RAEAYFE OCR FH A 52 brodgy st v & 8 Y.

Table 7 Impact of Different Attack Levels on ChatGPT
®7 RAEZANBEHEI ChatGPT HIFE

B ) FAFYN RG] 5G]
16h8/% Jorih
wE S A A iles i 10% 50% 90%
ER 40.19 4459 51.89 41.63 48.04 61.89 60.85 4247 48.85 55.88
ASR 0.00 30.51 38.56 27.45 3427 49.80 48.18 28.19 34.64 41.94

T TR B BT 39 253 Zon Bl BAR AR RGN b E A BURFR T AR B 1.

Table 8 Impact of Each Dataset on ChatGPT Under Different Attack Levels ( Measured by ER )
* 8 BNMEIEEERERHIWE T ChatGPT BN ( #id ER #1TEE )

TR ERI% I ER/% WAEHN ER/%

Ktk Ty ER/%
GV IS A A S Bt 10% 50% 90%
StrategyQA 29.56 31.10 37.46 31.09 35.48 46.33 46.77 31.07 35.92 43.65
AQuA 47.64 63.74 74.22 51.40 68.31 89.57 89.17 54.92 58.07 71.26
Creak 34.14 3431 35.85 35.64 34.46 36.51 36.98 36.40 38.04 39.75
NoahQA 33.01 4175 47.83 35.41 40.51 63.10 61.57 34.38 37.87 46.68
GSMSK 54.80 62.28 60.29 55.33 57.72 63.00 62.15 54.57 55.50 59.61
bAbil5 29.00 2821 49.15 26.68 52.35 64.50 64.30 31.35 45.15 59.35
bAbil6 55.40 52.97 62.15 54.76 60.20 61.65 61.10 56.80 60.50 66.25
QASC 20.52 23.01 53.07 25.70 38.55 70.09 64.09 29.27 57.13 72.68
ECQA 26.94 31.48 54.92 30.91 49.02 72.11 74.68 33.91 51.23 66.27
e-SNLI 52.99 53.58 58.98 52.65 58.37 64.01 63.85 54.99 61.27 64.50
Sen-Making 19.94 23.42 34.22 22.67 31.89 59.30 50.12 26.18 41.17 49.04
QED 23.54 27.21 45.52 28.98 37.79 58.67 58.63 29.70 44.06 56.20

TE: BSEZUN P S B R Bt AR e 9.
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Table 9 Impact of Each Dataset on ChatGPT Under Different Attack Levels ( Measured by ASR )
#9 SMBEEERRRINNE T ChatGPT BN (BT ASR #HITHE )
FAFR ASRI% AR ASR/ % G ASRI%

itk JeBLit: ASRI%
Gy illES A A illES B 10% 50% 90%
StrategyQA 29.56 25.31 31.72 24.39 30.09 42.77 42.05 25.44 31.94 40.41
AQuA 47.64 64.62 73.65 56.7 70.28 82.87 84.65 56.3 60.63 69.69
Creak 34.14 15.8 19.62 16.69 18.02 233 22.79 16.48 20.64 23.89
NoahQA 33.01 3431 40.65 28.21 33.03 57.35 54.38 27.14 30.73 39.81
GSMS8K 54.80 35.66 37.41 27.71 32.16 45.89 42.89 27.78 31.38 36.12
bADbil5 29.00 36.57 573 36.43 58 67.95 67.3 40.4 51.15 62.45
bAbil6 55.40 54.16 68.05 56.34 68.15 69.7 71.05 58.15 61.4 67.25
ECQA 26.94 16.44 42.13 16.13 38.47 63.81 68.69 20.31 38.58 56.06
e-SNLI 52.99 31.32 35.87 31.3 34.92 38.59 38.77 32.01 3591 38.24
QASC 20.52 12.72 43.08 13.05 29.16 62.47 57.34 17.12 46.81 65.01
QED 23.54 16.56 39 16.41 28.19 53.03 52.25 20.37 36.86 51.99
Sen-Making 19.94 19.23 30.25 18.85 28.77 55.34 46.29 22.09 36.07 44.29

T DS A B B R AR AR L .

[F] 4, A BIF 90 3 78 At AR A (f 45 LLaMAm,
OPT'") L ib AT 1 % L 52 86 X T 408 4 D, ve 4% 1 16
ChatGPT I 1z H ER P fix 4f- 1) £ 4f& £E (Sen-Making)
Fi 24 I 85 42 (bAbi 16) 1E il BE . 2% 10, 3 11
G TR Y S a8 45 R 5 A A A A EL, ChatGPT
TERT“*?L%%B'EE!@ M 7EAS RFE A LRI 2% 1
PLHT A (0] g S Al A5 TR A B 1) B R T AR
tHILF%EﬁJﬁlméﬁb*%%”Eﬁﬁjth SR LB
e 18 B AL FD AR 1 815 B T LU, BRI
56 A PR AT Z2 WOk PR R X — BRI
3.1.2 Bk A

1) M\ 38 4 (part-of-speech, POS) . & #fi & & 1Y 4
JEE . MRl 2.7 5 MEIR 0 O % ARBIE SR A3 B 4R e i R
)l PR AR 2 | AR AR 25 1 L e(2X0(9)). W 2 B
N, Y H bR B R T R 2 SR AR 2 11 5]
BF, %t ChatGPT fy % 471 2 s B8 25 5 i oy . L AR Hib 156,
X Wity B M A R 5 AR PERR 48 2 “ 4417 (NOUN)
“4 17 (adposition, ADP)” “#Jj ii] (VERB)” “FR 2 ]

(determiner, DET)” “Bfj 3l 1] (auxiliary verb, AUX)",
M B 2 SR A) IR T 8 (ROOT) ™ 44 1) 1 1
(nominal subject, nsubj)” “4 i % 3 (prepositional
object, pobj)” “4» il & Ui i (prepositional modifier,
prep)” “[R %2 17 (determiner, det)”. 43 /) 5 A~ 18] P 45
£ “IE 2% 18] (adjective, ADJ)” “4X:1d] (pronoun, PRON)”
“ (3131 3% 17 ( coordinating conjunction, CCONJ)” “ & 45
4 7 (proper noun, PROPN)” “ &l 7] (adverb, ADV)” H
5O OC &R A 2 IR A I M B A iR
modifier, amod)” “ 1 # 5= 1fF (direct object, dobj)
& 44 116 i ( compound noun, compound)” “ M ] 1& 1
¥ (clausal modifier, acl)” “ Jf- 41| i 43 (conjunct, con; ) ”
BT 5 M AR N, — A T TR Y R AT R R ik 4
PR B8 AE e A & S S5 R T TR B 1 OCEE .
41, il I 2 1A S R 3k A b O EEAE
IR FR B HEA, 0 PR 1] | Bl e DS e A L — Bk
" ROOT” % # 2 3% H2 It A7 JHC b 1) B JHC AR A8 E’»J
rRocs TR ZE U, “nsubj” “pobi” KM 43 I S IR R

(adjectival

” “/—‘

Table 10 Impact of Attack on Different LLMs and Datasets ( Measured by ER )

R 10 WHEMARRRE HREHZm (&

it ER &)

BG4 1 (bAbil6)

Hyli4E 2 ( Sen-Making )

i ER/% ER/%
Tety R FLFMBR Tt LRG]S EZEE VN
ChatGPT(175B*) 1000 55.40 61.10 62.15 2021 19.94 59.30 22.67
OPT(1.3B) 1000 90.00 89.45 88.87 2021 100.00 100.00 100.00
LLaMA(11.5B) 1000 61.90 81.10 56.85 2021 56.46 64.77 54.66
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Table 11 Impact of Attack on Different LLMs ( Measured by ASR )
F 11 BEXNAERERAZNG (#iL ASREE )
BAE4E 1 (bAbil6) HedisE 2 (Sen-Making )
%) ASR/% ASR/%
Jenit LanESid FAPMIE Tyt 2ATalNBR FAHTA
ChatGPT(175B*) 1000 55.40 71.05 56.34 2021 19.94 55.34 18.85
OPT(1.3B) 1000 90.00 47.50 44.66 2021 100.00 0.00 0.00
LLaMA(11.5B) 1000 61.90 62.75 63.74 2021 56.46 34.66 27.13
0.16 0.10
0.14
0.12 0.08
2 0.10 2 0.06
2 0.08 @
e 0.06 0.04
0.04 0.02
0.02
O'OO%mmFx’“ZHZ> Ohﬁﬂauvﬁv~‘~
e ga’5 235 %&n o8 98 28 &2 £ & §
o < ®H A Z < g O o Z 5 z & & E S 2 3
S ~ 8 E & R
S
T AR IRAR R bR 25

(a) PR R B B

(b) IR R BB B B

Fig.2 Attack Pattern analysis on part-of-speech and dependency relations

P2 SRR G AR A U S A

BRI TR AR . “prep” “det” M 431 5 A 1R | B AE 1]
A, BT E S X430 G DL SR 3 2 G T L

2) AN B LTRSS R I A B AR A 2.7
MR 9 5 3, ARBF AT B A5 R an 3k 12, 51 3 R,
M AR AE A2 1R (9)) Y 3] v B, ) G H
e 1 BT 25 oy e A AR L X T il AT A A A AR A, ¢ 44 1)
%5 1% (noun phrase, NP)” “ 3l id] /4 1% (verb phrase, VP)”
“ 418 %5 1% (prepositional phrase, PP)” “ ¢ 7] 4 i8] 45 15
(wh-noun phrase, WHNP)” “JE %5 il % i (adjective
phrase, ADJP) " ) 52 i f5e K. 1% o7 Bk 15, T v

() £33 bl XA ok 799 s P ) 18 52 e SR D) e e £
Tfii i (adverbial phrase modifier, ADVP)” “%§ & /4 1%

(quantifier phrase, QP)” “/I\ i 1] (particle, PRT)” “ &%
[a] 47 i6] %5 3 (wh-prepositional phrase, WHPP)” “ %E [i1]

JE %5 18] 11 %5 1 (wh-adjectival phrase, WHADIJP)” i) 5

M) 458 /0N, 306K 43 00 32F A7 T 40 09 4 B . D 1 “NP”
“VP” “PP” Y 5 ) A AE TR R A I T
28 1) [a] I, R T 288 1) Y 0%, BT 9% ) 1 R e 2
S BEURR 8 5 V. — > T e Y DR T A Y
B T S SCAS AR B — A IR R MR 44 3R] B

Table 12 Parser Pattern Analysis
xR 12 FRATEREX O

HI 5,
Juge il JUG T e
NP VP PP WHNP ADJP ADVP QP PRT WHPP WHADIJP
iyl 2 846.95 1382.41 1071.72 89.78 91.68 71.75 29.76 22.87 5.79 8.47
FREH Uil 4297.89 1 814.48 771.96 228.64 188.36 155.89 34.77 26.72 3.20 10.12
A 2 598.74 1313.87 950.05 90.10 87.16 69.68 20.80 20.82 2.98 5.86
EN 807.43 310.61 226.88 37.65 31.37 23.02 8.97 5.13 1.77 2.03
PTG 5] il 7452.55 3359.09 22164 373.21 221.78 215.27 64.14 42.37 16.31 13.46
=5d 8671.48 3 537.06 2372.13 394.65 284.26 230.74 76.84 52.62 16.84 19.61
10% 3629.25 2 026.04 1447.34 135.76 138.66 108.13 31.71 33.69 6.22 7.56
WG] 50% 4507.03 2483.14 1741.83 262.91 177.83 163.08 31.99 43.46 9.5 10.16
90% 5512.11 3 088.87 2 085.59 358.46 226.42 210.19 36.28 50.31 12.24 13.43
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Fig.3 Attack pattern analysis on positions
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R BEREA — B AR E WS EARTFR R T,
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i S0 25 by B gt 35 0T v 1) SCAR P 2R, TS SR X RE SE 1Y
TEI Gt 5 A i UL. AR, 7E ChatGPT I (19°F- 3445
WEAR 22 08 1.13%. 8 i L5 & B LLaMA BE R 7% 6
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Ik (1 0.98%). 3% & W] iZ A5 74 AT G AN H 45 1 2 1L I3
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Fig. 4 Impact of prompts and option orders on accuracy
B4 BRI T X B 2R 5 1
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