Modern Linguistics JLAUEF 2, 2025, 13(8), 1127-1138 Hans i
Published Online August 2025 in Hans. https://www.hanspub.org/journal/ml
https://doi.org/10.12677/ml.2025.138940

188 KBRS R B 4 T DRSS PR
HAIBS T

FHR', WHFR
YRR S 4y L TR 22 Be, SR I8 AZAIL
HLPUAT BB SL e i B, VLG r &

ks H i 20254E7 HaH; FAHHB: 20254F8H18H; KA HM: 20254F8H29H

R

MABESIMENRBELR. ST EREMENE) B TENGRER P RREREK, KHPUREER
B LEP R — KPR Ak, ABFRIRE—FETRE SR (LLMS) KRHME S MR, B4
FARFRIBUINFETRRESRHESHR . URETENEARA, RATBH T — BRI
FEWRTAE: (1) BOHE B ELRERSHEFURIIGIEZ; (2) HiERF ST IIHE RmE,
M M BRI B 7 S R ERE S AHE M EUR M. 7ECONDAQAKIEA LN S 4E REH], BEILLLMs
WiRiNZREE, SEIRF T RoBERTaR AN Btk R MR IR B R RIEKIRAMERE . A IUEE—PESE,
LLMs A YRR —Fh o] # B s 2 i Sl o TR, ERBRIRES T AR E-FERA1E S RREI SR8
X 5in

RtkEE, HEm, KREFEE, Bsd, RBERESAR

Balancing Rare Linguistic Features in Small
Datasets through LLM-Augmented Training

Yangtian Li!, Zejuan Yang?

lViterbi School of Engineering, University of Southern California, Los Angeles, USA
2Department of Party History and Party Building, Jiangxi Administrative College, Nanchang Jiangxi

Received: Jul. 4", 2025; accepted: Aug. 18, 2025; published: Aug. 29", 2025

Abstract

Rare linguistic features—such as implicit cues, structural negation, or low-frequency modifiers—pre-
sent a persistent challenge in NLP due to their sparsity in training corpora. This study proposes a fea-
ture-targeted data augmentation framework leveraging large language models (LLMs) to surface and
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amplify such underrepresented language phenomena. Taking implicit negation as a case study, a two-
stage augmentation pipeline is introduced: (1) generating structurally diverse training samples cen-
tered on rare negation cues, and (2) constructing counterfactual sentence pairs to mitigate spurious
background biases, thereby enhancing model sensitivity to critical linguistic features. Experiments
with RoBERTa on the CONDAQA dataset demonstrate that our LLM-augmented training significantly
improves the model's ability to recognize implicit and structurally complex negation. These findings
confirm that LLMs can serve as controllable and efficient tools for rebalancing the data distribution of
rare linguistic phenomena, particularly in low-resource settings.
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1. 5|

P 18 5 R (Bt 2R R L S5 MM 75 52 ) IR L AE I R R AT 5 0 A AN 38, KT DR 1 AR5
A FE(NLP) B AL T ) 2 PR AR o B SARRAE R BRI T MBS, SEA S I NEREES
55, MELLZAENE SCARR B 45 M B 2R+ .

HREMGIIHZRRMETE, FILEZ AL R S8 U Z R a)vEg, RUFRIES
DA SW TS . Bk, 75 R BE R AT FOE T2 A BT 55, O IR R W 758 k2 T
Wi 10 S AR AT R G PR AL T BAR R . A SO S i E AR BT SS, DARAIR I TEAR 51U 2%
PE RSP 1 SRR 38 FH S

458 B N SFU Review %2 DL PE 75 52 (U1 not. never) N, 454 #— ] CONDAQA N AL4% hardly .
unaddressed 5 & G, HEAEGR, MELUARONGER . RE A7 s & 5 m
R A T e TRV R 40 A N A A e, (FLX S Y B ONAE UM, VRS IR 2 G AR

NIk, AHEFCHE R T ORANE S AR (LLMS) [ 45 ML AR s HESE, BRRRY RS R F I
RN B, ARSI G B 7 5 IR I G5 2 e . BT ROBERTa BEAUfseat 4t IR,
LLM BR824 i 1 A A6 B 15 8 RIA HVZ A BE, TERH LLM 7R/, AP i RL 2R
5iF, REWSAE RCTE AU R A 18 5 R

2. HERERIR

A S RHE, WIRAEMMEIETE LAR, EHRES ML RIS 7KK, X RFEE
PRAEECHE S S AR AL, BRI R A4 R B2 . Henning &5 [1]0 VR FE 5 1 3R 1) B 2815
T A R G0 SRR R RREAT T RG LR, i LR AL A0 R T R0 A S S AR S
Hofmann 25 [2]3F—BAE B,  ARuE I 515 5 BRI AL A6 2 R BOUR A T P s R AN, o B3 A Y
IR S5 A PR B 1) 10 8. Gururangan S5 [3]48 7 1 B AAE & HEEL(NL) B ik e, ixgefh sz
5 SRR A, (R KR EAE MM AR EE S 8RR . LRI FERIE T — A0 1)
SCARKE B E S EE MG SRR A L35 2 0 TR E ARy, AR T S R ) SR W DA R
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NG SRAHE AT I A MG 5 S MR IS, S E R T 2R s k. (SR
W& 4 EDA [4]5 HotFlip [51FEZ 5| iR 2 H N sh, HEAEAE= A7k 5108 st . Kaushik ZE[6]42
H T S BRSNS, I R AR FREVE S E SOE B AT IR N AR AR, BT TR R

AR, KAUTE SRR (LLMS)IZ#i i H T A sl m i & 2RI ZRFEAR[7] [8]. X K7L T3
JZIEN, e A R I SRR AS, X Ee B S T I AR K . Gururangan ZE[913E— b
R, BHERREARS B A EaATREEETONSR, TR TS AR A BRI e s R Be /g 7EIX
— IR b, Dai Z5[10]#2H T AugGPT, FI ] ChatGPT A il L — . 45 #) 2 L IR SUREAS o 258U,
Qu Z[11142 1 T CoDA, —Fst b IE MM B HESR , 30 ok 52 3 46 (A (5] 9 ) (R R RS AAE B0 1) 2 A M o ke
FF LR R, (RS S RERS, A X E A 4R R A ) ) EE BN R A

g, JRHRRMSE, MBS REEE IR BB, 75 NLP H, BEIEANHAEE
FEM IR, JEEIE G T A& SR a SRR AR ME L R I BE /) . Hossain %5 [12] R4 07 1
ZANERERHIBEINER, HHEESELREWERIAE, HEBE TSR —8. Poliak %[13]5
Ravichander ZF[141MI45H, 84T g i i R F B S Oy U AE 5 8 A AT S BUS AN = 4, TR
IEEPEH 51015 5 454 . Shaitarova 55 Rinaldi [15]0F 70 T #8155 « EREARKM NS e BfET, K3
i B SRR A LLR 75 G T L . Fancellu [16]% 2215 35 15 & W ER BIEAT TIR AR, #E—2
PR T 5 B EAN RS & AE R B g5 0 b v DL it . S5 Bb RIS, Truong ZE[17]8EH —HM&E &
T 5 3 588 1) 75 o SN TR R S, DABR THSE A0 o 75 7 R Uk A

U O T FUAE BR AR AR DB AN ST v R T A T e, AR o] 3R e R FH R B0 5 A T 4R
RO ZE A BV B R R R I MR B R A IRR . AR B EEAX AT, & —MLL
T NN HET LLM IS5 3 0 7 v, BB AR A BN A A 15 5 LR IR 52 A RE
71, FRRE T BT R A A6, R E R E S EES .

3. MIRFGESREMEEEIRRME
3.1 FREER RS ERERR R

HARBSE TG EREZINHFEEZHMETRR. L, S E @ not. never. no) LA W
ARG, TEVIZREE PO E B MRt S e I RIE B 2R, B X NAIIR, (EAEE R
DATEEA L XA SR NGRS 5 G T BAERIE, M LUE 80zt 2= 454 5 R 1K 77 AT
A5 AR A e e BERTAR 7T O 1 AR AS P46 o) REE [ AR E & HEBAT 55 PR LE[2] [3].

IR IR AR I AL S0, AR SCIEE P ANE 75 08 70 AT EAFAE 1835 72 e R RHE #EAT 404 SFU Re-
view 15 £ £ [18] 5 CONDAQA #i#ii4E[14].

SFU & kM & 1T 16,000 26 BRI A 7, i 4 18% & A 15 € 1A, F 2R B A% 52 (W not.
never. no). ¥ 1iEMER TR DM SR —, REHLEMZHEENCVA TR

HZ N, CONDAQA Bl ETEL M S5 e L mZ ok, A& T 1289 xfxftba), WA ZME
SEHNG, AIEREMEZ R 0 hardly. unaddressed. absence of 5. 4] 2 SR T HAER B LR L HIMX T4 .

NITREEE ISR SIE, AU CONDAQA Hififiif t 100 4~ SFU ik MR E & e 2k R, JFiltAT
N TR o IR Le 2R 220 55 22 AN S, Pl i P 1 B KBS 5 B8 8 A 12 5000 2% it 7 (B
I FE S W R SR

DA i) JE s T PR ANE R 75 8 2R IA T TH A

SFU il 5] (% BT E):
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Negation Word
mm Not 45.4%
No 16.8%
mmm Don’t 9.5%
Never 7.9%
Doesn’t 4.9%
Without 4.8%
Didn't 3.8%
Isn't 2.8%
Can't 2.2%
Wasn't 1.8%

Figure 1. Distribution of negation cues in SFU corpus

E 1. SFUIBNBELESHIENR

Figure 2. Distribution of negation cues in CONDAQA corpus
[E 2. CONDAQA IERIEBEEL RN IHAR

e  There is no mystery to the story.
e Damon and Jannie have never been described as anything but angelic.

CONDAQA il fj (&1 + BT E):
e  However, Machias Seal Island... was unaddressed by the commission.
e ..absence from work due to sickness and elevated risk of future disability pension.

25 BRIk, AR T SFU 5 CONDAQA WAMERLFEAE 113 58 35 1) 73 A 11 5 S5 4 PEAN S8 16 i) L
KRl R 1 EEH R I SR AT P SRR T R R R 1 SR SR PR A B . X T
RIMSGRIGIRTTVE, AR ARG SR 28 B R 18 s H 5 2R @ R W, il ZR8idRE
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R R R IR TP R 1 g LA e IR i SR AE 2

Table 1. Corpus statistics and negation coverage

=1L BNESRTREEST

Dataset Size Negation Type
SFU 16,944 18% negation (mostly explicit)
CONDAQA 1289 100% negation (balanced)

3.2. ETFAEBESEENFHES ¥R HERIER

NFRRANZRIE R T B 15 8 RIS e HAE ) S — [ ), AW TR — TR AE S A (LLMS)
485 R A B I R S . AR S I — NI BORE , RG MR IRTHE R BRI . RS E RIA AR
RIZFENE, DABRAAE R IR 218 5 RRAE 2 AL RE

BBt —: LR IKBNI ) A

I B B Y RS WA T e R INAREAR, EWAYERE E SR 7 AR LS S RHE:
(1) IR 2 AR, SEIUATER R AME ;s (2) I8 R )V B S AR e Rk, SRl
ZEH M

1) A FERIEH: H%, M CONDAQA HudliErhifiit th 100 M SFU Review i} R HBLT B
B £ (I unaddressed. hardly. absence), LABTR G NS = &5 Fy 8 o 58 V5 s

2) REREUYE: WJ5, FIH GPT-4 XA TR R IATIE X &, AR5 AE AT & AR (11
1, # unlike ¥ &4 untenable. unfathomable &), B3R 500 M fELZR, WMAHFEE 75 € REM
P

3) ZFELE)TAER: LI CONDAQA R &) AE NS5 IR, FIHIIX 500 M LR, 513 GPT-
4 " FLZ) 5000 B IZRA) . A Rud R R T HE . RS SUHEEZANE AR, MR T REAR I i
EZ 2

4) FRERER: BT A U R ARG I A Y = R, AR AE A B 316 TR (0 Grammarly AP AT
BRI N TH A%, DA R B B N R B R A AE ANVERIAE L ES8 R R & o

BB SR S T S A i

WP B 5 R8I A ORI 1 A SRS B AT, 38 AR TR o) 75 2R 2R DR I OBk, ) 0 e S
KRG R ZE IR . BRATNBEANINZRE (B R LG SFU BEARFT LLM A2 B REA) #8045l T 5 3 SERAS
NIRRT R, FRATRA T — M2 E SRS, ZRIRME % T Plyler S5 NHERHE 5] 304, Jfitin
TR IAMZ L LR
o ZUBR L BRAEUUM: MJEA) R R B DR PEAS BB B (2 15%~20%, RIANESE), 1EA

CELERT o BARAAEREL R, WS R .
o P 2. WeMERFEES . PR EEATES, (IR R (S e N ). BE RO

BRTE RUETS Ebric, HAES B0 E & .
o YR 3. REHEMN: M HEE S RIBRYEEH RN R A ARG R, I OB R ) AR

IR, DMRFEE SC BRSO E B .
o AW A GERIREEE: AR SR TE A AR b A I E R A K FE 10075 H Y, R RS F IR

B E R

DU 7Rl Jeas T HER L AL T e B — IR 25 S
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e JiifAl: Thiswas later adopted in Ancient Greece as the “gamos” and “engeysis” rituals, although unlike in
Judaism the contract made in front of witness was only verbal.
o  KIBFMAIERL: This was later adopted in Ancient Greece as the “gamos” and “engeysis” rituals, similar
to Judaism, the contract made in front of witnesses was simply oral.
WX — RV LR, LLM G il B E . 15 SOE 5T B4 TE Wit S L)t . KR
RRRER AL 1w BAPAT RO LU BHE 5, ARt 1 5 1 F R RR Lz AL RE AT -

3.3. E&gomsik

NS TEFATISE S B G5 A AL B SRR IR A A R s SR EL 1 PRI AR 5 A xt L — Rl 2k T
BB “HEIRES” M2, MR AR S T RN E T .

331 BEEEREXZEM

BB R 3 FoR, ZTVEET Plyler ZE[19] W SR o ZAFFCE T — R HEh L) LT B
5 (rationale-based) [ Je FH LA MHELL . BAKTT S, 45 € — AN A TR AR A7, BAER RS
JRAE AR A PR IR () de /Nl e v B (A . B, R FH RS 1E 5 54 (Masked Language Model, MLM)X}
XU B AT B, DA A R LU B RRAS, T SRR AR B, R RRRE S I A )

ZERI 2R
Rationale -
X clecor |8 XM__ Classifier

y .
\\\ X\XM '
v

U [ Lar \

= ‘[ CF ]
[ Discriminator ]\\ Predictor

S ==X path
l LA s M .XC "“chath

Figure 3. Counterfactual data generation workflow

3. RESHEERITIER

RUEIX — RS = R T RS, (ER] BEAAE VA Z R A S B M R, ELAE AR s B v sk o0 1t
U0 not 8% never B4 T5 EARIC, AT PR 1) L 6HE S AREN % /O AR BE

3.3.2. BREEIREAN
BTy — R AN R AR, GBI R IR UG e A BE AL N B TS S (0 not) RAE TS B AEA . 1%
R B IN T E 5 S8R, M= g5 AHE L2, &R L DURTHRT 1z bR .

4. KWPE

ARG AT EE IS 1 SR AE 2R (0 R, RATIE T roberta-base B BETE T NFH LG E . T
BRI A Hugging Face Transformers PEGEAT GO, I i #5428 I ZRB0E (R 040 Fse R VP Ak A 1) 184 5 SR i Xof
BT B R R

1) SFU: X f# F R 4G SFU BRI 1) 609% (3117 2% 15 & AU AN 7049 2% 15 % A0) AT 1A

2) SFU + LLM: 7E SFU #fs &4l I, A1\ 5000 2% FHASCHE H IR By — 5 i AR O Ba e 75 e AR AR
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Table 2. Hyperparameter settings
F2 BEHRE

ZH 5 S H 18
Fnh iR roberta-base
T 5 B0 H
ISONGZ NN 256 tokens
YIZxE £ (Epochs) 20
¥ it B K /)N (Batch Size) 16
U EYES
B B4 1
FLZ45m% (Early Stopping) WP EH5: eval f1, HAE: 2
A Adamw
VB 2 > 28 2x10°
AdamW Betas (51, 52) (0.9, 0.999)
A S5 E RS AdamW Epsilon () 1x10°8
L TE)% (Weight Decay) 0.01
2 ) BRI PE T TRAN R P 20
THGE H (Warmup Steps) 500
GPU 1x RTX4090 (24GB)
T SR )
TRARE LI ZR FP16

3) SFU + LLM + CF (SS): 7ERCHE 2 (Al I, #AMm A B W B s 3 s A s (0, 3.3.1 749)

A SR

4) SFU + LLM + CF (GPT-4): fEfCHE 2 (%Al b, ZAMImNGE i A S8 H B (0 3.2 71Y)

AR AR S SRR AR

5) SFU + Not-inserted: 7E SFU ik, fnA 5000 £%iiE it fa 8 75 2 il dli A 53 (W 3.3.2 ) AE &

JEFEAS o

6) NegBERT: E#:7E CONDAQA MR Al ATF R A TR % NegBERT BLAL, NHEAT AR %

SR, SR S i AN 25

IZREHE B SFU 1B RHS AN [R) S 0E A2 B 1Y S AR M B o FE I NRFSEREAR AL E o, AT LR I 7L
F e AT MNAEE S — 18 H CONDAQA #iila ., ZBIRAE S 1289 XhiF UM 1 & 5/ E 1) .
B 455 B VEAL 45 S 3508 = OMSE SR 56 ()~ IME, VPAL R AR B S A 2% (Accuracy) « FE i % (Precision).
[l 2 (Recall) 5 F1 7%, 3 2 VELEBIH T AR VRGO SR8 B4 F 1 4 0 6 S 40

5. EWERS S

AT T LA M e 1 5k T B 4 RoBERTa A A HEAT 11k, JF4E CONDAQA fiTA: il it Pt
BRI ZNREC S 1289 M€ 5HER, PRI EAAHER % (Accuracy). F1 73#5 AUC {4, A

REE RN 3 Fios.

R ) ROBERTa JEL BV BEHIT BEHL/K T, Ui B HLxf LA R0 92 75 5 AR G 8 35 R A

LA SFU TERHM G, AR LA W] AR TH (MR %9 60.76%, F14-%0 0.5792), {H T id KR 1S
FELE, R T HX R Ak R A2 ALRE 7. 0 5000 2% HI LLM ZE F i e 2 75 52 #F A (SFU
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+ LLM FCE)IF, BA ) 3 2 3E s (MER R IL 67.31%, F1 03N 0.6712), Kl 7 452 FE. FHES
[F] P50 398 5 0 AT A R ) AR R

Table 3. Model performance comparison on CONDAQA dataset
= 3. #%AU7A CONDAQA it EE ERYMsERIN

Accuracy F1 AUC

RoBERTa (w/o FT) 50.06% 0.3340 0.3484
SFU 60.76% 0.5792 0.6379

SFU + LLM 67.31% 0.6712 0.7467

SFU + LLM + CF (SS) 68.15% 0.6805 0.7734
SFU + LLM + CF (GPT4) 75.20% 0.7513 0.7855
NegBERT 60.17% 0.5932 0.6745

SFU + Not 60.56% 0.5774 0.6483

HE— 45 5]\ J S S 9 5 B% (Counterfactual Augmentation) /&, R RS e — B4R TF . 7E [ B {A
(SFU+ LLM + CF (SS))H, F1 2¥UMEERaE T4 0.6805, BRI B 504 BIxT tAEAS, B
T 5 SRR SCVE SR S B03E 5 8 B (RO E R R B AR MR R T SRR, NISURRE
— & JR PR .

RO AR 2L GPT-4 £ R FELFEA I FL B (SFU + LLM + CF (GPT4)), HH#EHIZ )y 75.20%,
F1 /%04 0.7513, AUC & 0.7855. X4 J ™ i 1 BH4FAE T [l [ B0 18 5 518 ST B AR MR J5 b 465
&, A BEEBINE SRHE T TR . 5 HREITEM, GPT-4 A5 R I 3 sif) e 45 H 2 A I
FNE SR M F o BRI TR iz AR

EAF—HRAE, 0 B (0 B Y 0 S (W BE LA N “nmot” BRELHAE R NegBERT 4! %
RER I R F RS, X vk = B IE A S5 IR 2RI EHAR . X—03mi 7 5 E IR BT %
MUREIE S PR, AR SR BB U TN R FE o TR I B R R R 5 Z AR .

FH—NEBAIGSZE, A LLM AR R F S0 A 7E CONDAQA Ml 4E HHUAR T i 90% 1) =i
. SR, 7E SFU B4 S MR R IR H) U EoR M RERTE F %, 5 ARZMIAT) RoBERTa 2
LRI RN Y . X REHRA RS A T A&REIRE T REST € LR, MABEIESIEENZ
RRIE . X RN B T RS A 2R 2R 2RI VI SRR I B

g b, SEIGEE IR T AR RO it LLM 31 5. G20 SRR, AT BRIt
BERL M AT 5 Bt 75 e S R U o RIS, AN [ e S S 2 TRT PR 6 LR B, 4R THEE A2 AHRE 0 A
M T%of LR B A AR, SE R T 38 S5 A3k 2 1 ) T B

R RIFLE AT B A% @ 45 A B LLM SRS R SR Lo 3 SRR R AR M JE
Be itk 21K 1 5 R IR Y A R
6. ZiLERFKIIE

ARSCHEH T AR T R BNE 5 AR (LLMS) (RFE T SR G 5 E S, DR Y /INIAE . AP E ) A
B 1 5 R ER RS R H i . DL @A IS Wit 1, ASHEFCIER LLMs ml@d Rtk R R 54
PRI R 5 B 5 A il ST IR AR, 3 B TR R} B 75 8 &5 b R SCBBURGE S AR IE R Sl 52
TLREST
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SAGSE R BIR, 3B LLM 5K 3h 135 7572, ROBERTa A AU /F B 75 s IR BT 55 E ¥k B Wl R ATt
Ve S5 R F & HAR SCAUR I R0 B8 A ROE IR SRR i8I A 2 o AN, AWTFLittah, DA Hudk
b BV RS RN RIS E RIS, B H AR T RE S BRI R R — DRk, RORNA
TR IRE G I SR K e st ) AL

RRBEFCRTHE— P IR RASCIR N7 1%, B T HoAb R R A MR A 1) )15 S LS, i &R
B TRARTE AR BB RS 5 5 . IXRHIEAEAT BB RZRAAL AR, 75 BL5 & ah MRS SCR 1A 15k
Mo 35T, KRG SRHS I R B 2 OCARRER T, DS TR RLLE SERRN 7 5 T I A RE
1, MK RARBEWHF I MIh, IRANRBRERAEFEEIR NGRS BT HE RS
FLRAESE ) 2 IR S RIS AR E, B B3 T IS SE R E .
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MR SRRSO
BRiA L ERESREMEENAF
PLF 7R F T 5] G457 I CONDAQA 1B KL AF pli A5 Bk 75 78 e R 1 Wik 1) -

You are now playing the role of a professional writing assistant. Your task is to help construct well-written
declarative sentences that showcase linguistic features related to negation.
e  Below is a source sentence that uses the implicit negation cue “unlike”:
This was later adopted in Ancient Greece as the “gamos” and “engeysis” rituals, although unlike in Judaism
the contract made in front of witnesses was only verbal.
e  Please generate 10 new declarative sentences that retain a similar syntactic and rhetorical structure but shift
to different topics or domains (e.g., law, science, education, or culture).
e In each sentence, replace “unlike” with a semantically similar implicit negation cue (e.g., unsubstantiated,
untenable, unfathomable, unprecedented).
o Use formal language, and ensure each sentence is coherent and contextually meaningful.

RriE2: REXEE@EEDHE)
PUN 7] 1 51 KBTS SRR e A AT R SR, KL O EE )

Hi, ChatGPT. Please help me to transform a sentence containing the negation cue “unlike” into an fully
affirmative version under the following constraints:
e  Character count of the result must be within £10% of the original.
e 15%~20% of the original words must be changed (via replace, delete, or insert).
e  Remove all negation markers. Do not introduce new negation.
e  Output must be fluent and natural.

For any input, reply with:

1. Original metrics (character and word count)

2. Changed tokens (words replaced/added/removed)

3. Final rewritten sentence

Example input:

This was later adopted in Ancient Greece as the “gamos” and “engeysis” rituals, unlike in Judaism the con-
tract made in front of witness was only verbal.

Example output:

This was later adopted in Ancient Greece as the “gamos” and “engeysis” rituals, similar to Judaism, the
contract made in front of witnesses was simply oral.

Your help are deeply appreciated.

#RriE3: REXEEHEDBE)
PN 1 51 @ KBS SRR B e A AT R E SR B, RO TE )

Hi ChatGPT, please create a counterfactual version of the following affirmative sentence under these rules:
e  Character count of the result must be within £10% of the original.
e 15%~20% of the original words must be changed (via replace, delete, or insert).
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e  The result should remain negated, but do not introduce any explicit “no”, “not” or similar explicit structural
negation tokens.

e  Output must be fluent and natural.
For any input, reply with:
1. Original metrics (character and word count)
2. Changed tokens
3. Final sentence
Example input:
She always arrives early to every meeting.
Example output:
She hardly comes early to every meeting.
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