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Abstract The GPT models have demonstrated impressive performance in various natural language processing (NLP)
tasks. However, their robustness and abilities to handle various complexities of the open world have not yet to be well
explored, which is especially crucial in assessing the stability of models and is a key aspect of trustworthy Al. In this
study, we perform a comprehensive experimental analysis of GPT-3 and GPT-3.5 series models, exploring their
performance and robustness using 15 datasets (about 147000 original test samples) with 61 robust probing
transformations from TextFlint covering 9 popular NLP tasks. Additionally, we analyze the model’s robustness across
different transformation levels, including character, word, and sentence. Our findings reveal that while GPT models
exhibit competitive performance in certain tasks like sentiment analysis, semantic matching, and reading
comprehension, they exhibit severe confusion regarding information extraction tasks. For instance, GPT models
exhibit severe confusion in relation extraction and even exhibit “hallucination” phenomena. Moreover, they
experience significant degradation in robustness in terms of tasks and transformations, especially in classification
tasks and sentence-level transformations. Furthermore, we validate the impact of the quantity and the form of
demonstrations on performance and robustness. These findings reveal that GPT models are still not fully proficient in
handling common NLP tasks, and highlight the difficulty in addressing robustness challenges through enhancing
model performance or altering prompt content. By comparing the performance and robustness of the updated version
of gpt-3.5-turbo, gpt-4, LLaMA2-7B and LLaMA2-13B, we further validate the experimental findings. Future studies
on large language models should strive to enhance their capacities in information extraction and semantic
understanding, while simultaneously bolstering overall robustness.
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Fig. 2 Overview of experimental evaluating process
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B PRk, AR S I SOAS iy AR I 4 A5 A N
LTgae

TextFlint 42 ft 19 48 JE & 2 T35 7 5 90 5 X5 A [ml
(% NLP AT 55 B3+ 19, 78 DR 35 728 JE SCAS 1Y W] 432 52 1 1)
[] B5F, A % B 4 1 AR 3 S B 02 ] rp 1 Bk KL AR
HR A8 I B R BE , K AR T 43 SR ) G0 L 1) G0 A
TR, 3% 3 R T AN[RI 2B 1 A2 T A 451
42 FWIRTE

T AE AN A AT 55 FAR TE o filt FH 08 DF-Ad 48 b A7 7E
25, AWTEG PG th gl A—AS B bw, B
I & 2 (performance drop rate, PDR) . %45 5 035507
Kh:

(%@M [f([P.T(0)]).y]
PDR(T,P, f;,D)=1- (X%;DM [fg([P, x]),y] , (1

o, MR [ s 55 Off 3 #5845 PDR 2
M7 —Fp B SO — A R = T R AR AL
PR BT T % A x (278 P B, B8 f, % A=
FRRE X PE BE R B o, fAfBL Y PDR 3875 18 5 28 3OA
IR 45 IR RE R T

AT R R AR AN [R) £ 4 4 A AR JE vh i oF- 2 i

inlZ%  SwapEnt-LowFreq, SwapEnt-SamEtype

S Z I (RE) InsertClause, SwapTriplePos-Age,
A F9%  SwapTriplePos-Birth, SwapTriplePos-

Employee

Table 3 Examples of Deformations in Different Categories

£ 3 FREERHERES]

AR AT K

Jilfi: That is a prefixed string.

FIF ’
T SwapPrefix AR J5 . That is a preunfixed string.

Ji¥f: The leading actor is good.

4 i " : .
f% DoubleDenial AFIEJG : The leading actor is geed not bad.

Jflfi . Shanghai is in the east of China.
H TR InsertClause Z8J¥ )5 : Shanghai which is a municipality of China
is in the east of China established in Tiananmen.

R R ATy e S U R A P A
Bl bR 5
UG PERE Cori) . P25 T 2 BE (trans) AP X5 P 58 F B
% (APDR). It Ab, ffi Fl BERT fE S 3 v A5 0, 3 H %
TFHEA 0l 5, GPT B FI BERT #FAEAH [7] 19 22 7 5
ORI R AT T PR
43 ESEEHNEEM

T AP TR AR E AR AR B
T 7, AR SCE LAPDRp A PDR(S (1)) 6 A [R50 48
£ LI E:
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1 1

APDRy(fy,D) = — —
oo [Tl 1P

> > PDR(T.P.f,,D), (2)

TeT) PeP
Horp, 7 8 F5 8 BUE 4 D A& (AT 55 8 8 AR T 1Y)
o, PERRINIRNES.

555 3 352840, AR 8T gpt-3.5-turbo I text-
davinci-003 ) & HPE R B, £ 4 W, GPT HEAY [ %
M5 BERT 26400, HAEM AL S5 i 3L 1 B 35 1 M
R B4, gpt-3.5-turbo 7E MNLI-mm % 45 % - i 4
XEPERE N BT 42.71 4 B 43 5, 1 text-davinei-003 7
SemEval2014-Restaurant 57 35 £ b 4 X P GE T & T
41.65 N H 41 1.

UL 4, GPT #5570 7 ) 52 P it (MRC) AT 55 Hp 4 ik
i FaE, HAE SQUAD 1.1 il SQuAD 2.0 A8 I Hij I A 4%
o 55 1 AR RE VA B A R B H S A AT 55
AR S, £ MRC 1145 ', text-davinci-003 76 P G 1
R Y R TF gpt-3.5-turbo. i — 25 3 #T
KIL, W 4 fias, gpt-3.5-turbo 7E1Z AT 55 b HA AL
B4 K B BE (precision) , 8 i 4% 2 M AR Bl 25 IR, 3%
i1 % PLJE X 0] BE 7E T gpt-3.5-turbo {5 [5] T A= il B K
(4] F. A, 3% 2 A G 4 3838 3 95% A2 AT 1
73171 % (recall) , X 7 B GPT 5 50 7 i 5 2% 591 1% B it
155 F HA BRI EE

[] B, GPT 5 0 X6 5 A0 52 SC i) SR R 45 v A

i CDC AT 4 (42,45 QQP Al MRPC %4 4 ) ', GPT
AU A BERT 76 48 W 1if Ji 0 1% g 228 1k b A7 7 b 3 2
#5. BERT 7 MRPC % 4 4 I (9 28 J5 PR GE % = 0,
A GPT BRI FE i B Wi 4 T i 8T8 I M Re H: 2= T
Tt i 1 2 B MRPC Fi1 QQP ¥ 4 AT 55 45 € A2 I,
Bl NumWord fl SwapAnt, F 477 & B X 2 48 3 i
AR T A A P A B O SRR R T R AT R AR R
e, B SR G A X 22 T8) I 2R O R AL TR K &R
GPT #AUAE M AR F A vE R4 TH R W BT RE 8 4L
U b Al 2 B A8 IS 09 SCAS A B0 B SCIR) T B A )
FERFR.

7E NER il RE 1T 45 1, GPT # # : BE 19 F [ A
Wy e, A B2 3 T, G H JE 7E OntoNotesvs il
TACRED 4 45 v {555 28 10 5 0 2, 50 780 7 3K 26 45
P F YRR PERE B, L, TE X FHE LT, g
GPT 52 B 783X I AT 55 b 1% 5 B M e = S B 3 5, 4
THRE R AE b £ 1 B T N

Ak, Bt AR HEAT, GPT & HIA 75 A [Rl AT
Bl o o G o e R P (1 R 7 N o2 B R N
T a] () 5 SRk shag ok, BT A A bR B R & ad X
AR 2 5 AR E B TR RE T RN, AR
(B P, (H I i 25 R A 28— B
. 7E ABSA Fll MRC 11 55 1, 5 7Y 1] 1 € 4 1 3R 90

Table 4 The Robustness Performance of Different Models

%4 AEMRGEEERR %
gpt-3.5-turbo text-davinci-003 BERT
ol
ori trans APDR ori trans APDR ori trans APDR

Restaurant 91.43£1.23  66.00+11.28 27.80+2.74 90.14+1.33  52.59+11.21 41.65+4.26 84.38+1.20  53.49+15.07 36.51+18.43
Laptop 86.674+2.15  59.36+21.97  31.25423.31 83.30£0.71  54.71x17.75  34.42+19.29 90.48+0.06 49.06+9.03 45.7849.97
IMDB 91.60+0.20 90.86+0.50 0.80+0.47 91.74+0.68 91.40+0.58 0.37+0.31 95.24+0.12 94.61+0.80 0.66+0.94
MNLI-m 73.03£7.44  41.75+17.05  42.27+21.87 67.49+2.80  54.88+20.93  19.52+24.60 86.31+4.50 52.49+2.97 39.10+4.13
MNLI-mm 72.21£7.69  40.94+19.11  42.71+24.31 66.61£1.57  50.57+20.58  24.46+27.71 84.17+1.09 52.33+5.44 37.87+5.73
SNLI 73.30+12.50  47.80+8.80 32.99+13.66 70.8149.24  56.44+22.68  18.99+26.16 90.75£1.52  77.61+18.34  14.44+20.25
QQr 79.3245.97  64.96+20.52 17.17+1.18 70.14+12.03  69.27+13.67 —1.08+9.23 91.75+2.60 52.77+5.93 42.56+4.83
MRPC 80.69+£10.28  84.99+£10.69  —8.12+22.99 74.87£5.38  74.33+23.12  —0.17+26.51 86.87+6.05 0.00+0.00 100.00+0.00
WSC273 66.05+£1.95 64.12+5.82 2.93+5.57 62.05+0.48 61.4242.41 1.01+3.12 56.00+0.00 53.61+5.31 4.26+9.49
SQuAD 1.1 55.33+8.22 44.5549.73 19.45+12.39 67.18+8.23 61.07+9.04 9.11+7.13 87.22+0.26  70.78+21.84  18.88+24.95
SQuAD 2.0 55.03+7.39 44.2149.31 19.62+12.70 65.91+7.81 59.70+8.93 9.45+7.58 78.814£2.65  60.17+16.99  23.48+21.81
WSJ - - - 75.5342.28 74.63+2.58 1.21£0.90 97.72+0.09 96.23+1.69 1.53+1.79
CoNLL2003  44.61+3.48 37.30+9.29 16.31+20.05 51.54+2.88 42.64+9.24 17.13£17.76 90.5740.38  72.24+16.75 20.26+18.42
OntoNotesv5 ~ 17.74+8.51 18.68+7.00  —12.73+40.09 11.94+9.98 12.30£7.69  —17.51+51.73 79.994+6.54  61.98+20.30  23.47+20.45
TACRED 31.44431.24  32.64+33.27 0.58+7.88 35.67+30.89  38.67+31.59  —25.69+55.14  77.99+£13.47  65.53£15.46  16.54+7.83

T R EE R R (X DL FRIEZE; “Laptop” Fl “ Restaurant” 73l 367K “SemEBval2014-Laptop” 1 “ SemEval2014-Restaurant” £(#5 4 ; “—" /R AL A 5¢

AR AT
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Fig. 7 APDR variations of GPT models
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Fig. 8 Performance drop of different models on three transformation categories

B8 AIFBRAE 3 FASHE IS LI PERE T MRS Bl

-e-APDR



WRIZIE 45 . GPT R KIH F R 1 4R35 F AL BT 55 h iy & ik 1137
O 0-shot-ori W 1 -shot-ori B8 3-shot-ori
[0 O-shot-trans HEEE 1-shot-trans B 3-shot-trans
80 F
70 ¢
& 60+
12501
40t
E 39l
#H
20 +
10
text-davinci-001  code-davinci-002  text-davinci-002  text-davinci-003 gpt-3.5-turbo
GPTHIpA
() HHAEH
R 0-shot-ori W 1-shot-ori BN 3-shot-ori
[ 0-shot-trans HEEE 1-shot-trans B 3-shot-trans
70
60 ¢
& S0r
ﬁ 40
& 30f
oot
10
text-davinci-001  code-davinci-002  text-davinci-002  text-davinci-003 gpt-3.5-turbo
GPTHREM A
(b) BEBEELARALSS
S 0-shot-ori W 1 -shot-ori B8 3-shot-ori
[ 0-shot-trans FEEEEER 1-shot-trans B 3-shot-trans
60 ¢
50
I
S 40t
i’E
:?E 30
H 20¢
10+

text-davinci-001

code-davinci-002  text-davinci-002

text-davinci-003 gpt-3.5-turbo

GPTHLR A
(c) {5 BHhBUES

Fig. 9 Original and transformed performance of GPT models on 0-shot, 1-shot, and 3-shot
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52 ERAEMNEIN
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Fig. 10 APDR with original and transformed demonstra-
tions date
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Performance of GPT and LLaMA2 models
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Table 5 The Robustness Performance of Three GPT Models

®5 34 GPT #HEREHEERY %
— gpt-3.5-turbo-0301 gpt-3.5-turbo-0613 gpt-4
ori trans APDR ori trans APDR ori trans APDR
Restaurant 91.43+1.23  66.00+11.28  27.80+2.74 97.05+0.86  59.98+16.37  38.28+16.56 95.81+2.27  71.07+9.15 25.80+9.69
Laptop 86.674£2.15  59.36+21.97  31.25+23.31 9391+1.45 63.82+19.10  32.16+19.83 08.74+1.88  74.42+16.01 24.75+15.42
IMDB 91.60+0.20  90.86+0.50 0.80+0.47 96.58+1.05  95.99+1.63 0.62+0.90 93.8143.69  91.91+5.31 2.05+3.83
MNLI-m 73.03£7.44  41.75+£17.05 42.27+21.87 71.8847.99  35.30+16.00  51.85+20.03 84.24+7.00  53.46+10.50 36.81+9.04
MNLI-mm 72.2147.69  40.94+19.11  42.71+24.31 71.78+7.68  35.59+15.45  50.28+22.50 80.23+8.14  53.88+14.19 33.28+14.43
SNLI 73.30£12.50  47.80+8.80  32.99+13.66  75.67+15.70 38.58+11.11  47.61+16.40 89.10+£5.64  70.65+21.60 21.25421.31
QQP 79.3245.97  64.96+20.52 17.17+1.18 81.4248.49  49.71£16.16  38.22422.66 53.14£19.48 84.91+15.74 —105.86+159.05
MRPC 80.69+10.28 84.99+10.69 —8.12+22.99  85.70+11.16 70.65+16.74  14.29+30.49 60.38+7.06  94.65+4.68 —58.46+18.46
WSC273 66.05£1.95  64.12+5.82 2.93+5.57 53.98+£0.75  51.92+3.13 3.80+6.10 77.88+6.12  64.42+23.57 16.91+30.39
SQuADI1.1 55.33+8.22 44.55+£9.73 19.45+12.39 90.11+1.09 80.84+8.65 10.27+9.70 95.14+1.74  84.96+13.75 10.69+14.41
SQuAD2.0 55.03£7.39  44.21+9.31 19.62+12.70 73.68+4.61  64.25£10.76  12.85+13.16 81.94+3.17  74.15+7.17 9.50+8.02
A - - - 50.35£5.22  49.31+5.61 2.07+4.52 68.66+3.03  67.88+5.58 1.10+7.39
CoNLL2003  44.61+£3.48  37.30+9.29  16.31+20.05 66.7842.98  49.76+11.69  25.38+17.69 83.23+1.86  65.53+£13.86 21.25+16.66
OntoNotesv5  17.74+8.51 18.68+7.00  —12.73+40.09 9.85+6.53 13.50+4.13  —66.86+72.42  7.58+15.72  6.70+10.70 10.87+15.47
TACRED 31.44431.24  32.64+33.27 0.58+7.88 37.00£35.29  40.23+34.38 —20.07+36.33 14.32+£7.57  13.3149.17 —0.02+74.59
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& 4 56 WM B AT 55, I FL7E NER AT 55 H (1) 3¢ 3 ik £-F
T

W 6 fin, 5 GPT F 416 AU 1 6 1 1 3% L 2%
8, LLaMA2-7B fil LLaMA2-13B 7£ K £ 7» 14T 4% |-
(P B T B AT 45 o 7™ i, (H7E D S B AR AT S5 TP
ek ept-4 #1224, 4T GPT-3.5 & 4 B AL [6] if,
LLaMA2-13B [ LLaMA2-7B HA3 B fif- (1) & H .

A SCE B PEAK I EE 9 AN [R] NLPAE 55 1% 15 4>
B 4R, B 61 R AT 55 4 19 A8 T8 5 1, X GPT-3
H1 GPT-3.5 F 51 454 BY 1% P 68 A& A MR 20 AT 1 21 o
Mr. WF9E 45 L0, 45 GPT BB AE NS A3 BT L 18 X
VC it 25 43 2 AT 55 0 D) 15 B A AT 55 2 90 o, (EL7E 1fi
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Table 6 The Robustness Performance of LLaMA2 Model

%6 LLaMA2 #EMEHIERT %
LLaMA2-7B LLaMA2-13B
ori trans APDR ori trans APDR
Restaurant 87.85+1.68 52.38+7.01 40.34+8.22 87.10+£3.17 35.16+9.07 59.84+9.45
Laptop 79.40+2.93 56.23+12.68 28.96+16.86 81.15+£2.82 47.21+18.58 41.87+£22.81
IMDB 92.04+1.68 91.06+2.68 1.08+1.43 88.17+£2.30 87.40+2.89 0.88+1.21
MNLI-m 46.76+16.03 27.64+13.39 34.77+34.65 54.47+15.15 44.70+18.95 12.524+43.92
MNLI-mm 50.16+17.23 27.92+13.99 39.214+32.29 57.04+15.11 45.47+19.30 15.944+42.02
SNLI 47.77£19.73 30.73+17.44 27.794+41.43 54.79+15.20 43.75+24.22 12.834+53.93
QQP 59.93+16.77 33.18+11.02 40.58+24.61 54.49+12.91 40.17+14.45 21.36+32.47
MRPC 70.66+14.76 66.49+16.68 1.92+33.62 69.59+17.74 33.75+32.70 43.09+63.48
WSC273 52.40+3.60 53.10+1.68 —1.65+7.48 52.57+0.73 56.43+2.77 —7.33+4.58
SQuADI.1 79.64+0.69 67.85+£9.98 14.80+12.51 71.27+1.16 63.67+5.14 10.65+7.12
SQuAD2.0 78.25+0.95 66.30+9.66 15.26+12.36 69.40+1.27 61.77+5.05 10.99+7.20
WSJ - - - - - -
CoNLL2003 20.05+8.92 4.44+5.36 74.37+36.93 45.66+10.22 20.26+10.27 53.47+£26.94
OntoNotesv5 4.97+2.57 4.94+2.03 —19.85+£76.91 5.87+5.21 5.36+3.34 —8.23+51.59
TACRED - - - 4.26+2.60 5.95+5.45 —16.67£104.08
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