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WSy, FATAIARRE S AR A KA, (AR BN RGE 5O U R W . 5512,
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1 i

Ziakik (MWE) mi T HIEFE 0, FEARIEEAI (NLP) iR TR Em Pk . MWE 2 Mading,
XL IR E R, R SOTRERR AT AR, IR AE A [0, 2] o X BeFaRAE & Fh i 5 Al
G2 AAE, WEAREIRE: (8] o AT F L ) MWE B0 5 i oA 24 (8] . MWE j
FOHAE T SOy SIS, AN (] B PR Tl S, X EAE NLP R Gerh, A5 HIETE i B SCH i
EOMEA PR (8] . BtAh, MWE nTEERARBOITE, BERT DM, il AT, Xl fEs S
HOBAERYIRYE (6] o BN, & MWE “break the ice” ] PA$iR H i1 7 L alifili i LA BRI A L B 75 ) A
fbo XRFEIE, BRI RERiERIL (PIE) (7], fREM# A R L. 8T MWE R, Rl
WY NLP R AR i e s SO 2 R E 21

REGEFHA (LLMs) Wl oh [ AT S A (NLP) W) E20595, AEBHEAR DA RE NI 2
S5 R TSR T BAR AL RE ) (8] o SR, RUESRELIRE), LLMs 3 R RYE, A3m4 L5 —
LI (RN HE B 0 G5 185 1) SCAS— DA BRI Tk B BN SR et LB (9, 0] . NIk, A0 BAETPAS
LLMs Je 5 AERS FIE PURAN 16 5 25 5%, S 230k (MWEs) #2934l F-Br. MWEs Rpilfi ok, A
HENTIE T PAR PR, ] DU g Y, F5 ZEB AR S AL S ANTEF A0 . i1 MWEs {74E
THATE S B HBRAARS AR, ENEZ S TR TR R A Hrp— Ak o2 AR i
(CS), BIFEX S A MR R TE S (10, 2] o (U YIHAEL i K PR DL, Sy NLP A5G0 R
THUMYRYE, [N MWEs il fEXBSTE T 7010 o 1 iFAli LLMs AT AE B AR 2 v, SRATREA T35, #
5 2F SCRIUIAM PGS SCHY Bt DA K CS 1o 3iaed [m] i G4 o SRR BT RIS 5 M CS Hidl, FAT B AEPPAbAe
B FRAMOB T I HEE H G, 62 RERETE 2 165 AU UM BT oA otz 1 .

ATHEATSEL, (0 TT Y5 PR G R BT 5 2R R 50 i LR AT AN [ 3 A S5 AR B 2 3] ek 5
HARARGE, HATHE:
o R F ARG I 22 1) 2 12y > T B 3 e i 5 14
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o LLMs fEZ iR E AN AR A5 L E A e e fe
* LLMs MRk iiuE S ee J, Ml
o LLM HyHIBE S a8 B AT &7 LAY 2 1R 26k i SO FRGTEREZ TaIA X & .

FATHYSLERD], R4S LLMs fEVF 2 HAE 55 h R o, (ABIRMELASE B 2 da ek (MWEs ), jX—2215%
TSR R R, AR TR TR T 2505 S (PLMs) 4l xIm-roBERTa, J5# 2 B/NIREIAL, £
HDISR. BIR— LB R RIS B R4 A7 i) MWE AR BE 585 1H PLMs AR, (EG HAR G 504
AEANBEIT . AT R 2 T A AR SRR, IFaRIRE 2 TR S R T A R RS 18, JUHE AR
PR TR - 5 Y IB A k MWE BOAH S SCHR . 56 B, JATRlE TASHRT (A i e sk, I itid
TN CS B dE Al 55 B TN 4 T IRA TSI B, 3 B TR IIHNE TR A M. &5,
FRATHESR 22 A0 h g T IRATMEER, X ARIFHR i

1.1 ik

A TUATSLI AVPAG A BB S IR E RN AL S b RSO R AR RE 2 ik (MWES) 16E ). i 1
FAEGAR, PR T ORANE S AR HCAZ AT PPAS R T RETE . BUAh, S T — ARG RIS 5 8AE MWE fif
R Z AL, FATEEE T —ASHr sl S W e, S A PR -PY BRI SO PUHE A
WA AE-WICAE = MES W01, TR, S T3 EARBFTE L, FA0 A DUEREAE 55 FPipAlis:
Mzeiieik (55 22 °47), SAEBILS Pl MWE [9IE SCRERE (57 22 47) . XA G MWEs (5 B2 77)
WYL AR — AN U TR g (36 B ) o il id 5| A SUldiadie . AT AIBEE, A 1B AR M ieZ
R RTREYE, G E N TR MWEs (9RET), Rl 2 e ARl Gy B30 JATHGEREN], KA F R
ROFARESE A ISR MWESs (I8 L. 0Ah, EATERW], Ul TR IR PR HUE B SR S AR
AL PRR WA A S ARV F AL 55 R AN R B o

2 MDA

WHFERB, JiATHY transformer A ALE O MEDAA BUEBLEAA BRI S . KT AHIE 2R, PLM R
BE T HE AN R IR R & X (03] o gbAh, 18 GPT-2 SRR A UARALLE A6 B ARG (R L T, Bk
KBABARME L BB A REAIE S (1] o [05] 4575 transformer BEAUA—HOMHIIRZ 1 28191 L, T RE
TR . 2R, BFFERAA, (U4 r PLM & i Bn dEATRORI ol DA RomR 7R 2 1]
Fik (6] o BRI A A B BRGSO D, JUHGR BT IR sE. (8] )id BERT,
ROBERTa PAJ% /£ i, Bl GPT-2, GPT-3 fil GPT-NEO 7EFURIETHIE S, JLHIZRAIR T AIRE 1. 458 %
W, P RS S OR A e S A PR B R T, LB BE ) i AR R I AR B . [I02] Xt ] )7
W — N IE RTS8, APPASTES R T, BRI > 2GR R RE ) . b7 7B iR AHY Llama-2,
Vicuna #I Mistral #44 EIEATSCH . [IR] FESETE . 2% 4 TR PO I XA [ ) e A R AL 0 AT 1 4G
MSEss, A A BRI ZG T SE S I RAER (BT R REIK I B S B I GRS R (PLMs) 935
o FERXITAEF, FADERHRRBAEIE  F40 o TN YL TG roR il 2 1l 18 (MWES) fYRES) . 2R
i, FATH) TAEBWFIE T A SR AN 2Rk U157 P 23l Rk PSR 75 S I i 4] 178 50 eAh, A1
P TS UM SCA X B RERY MR, HFPPAG TR A i1 A8 PR 2R IK fY fiE

3 Badi

N T AR A SRR OE SRR, FRAITERTA SEB 1] T SemEval 2022 {145 2 #dla s [16] .
PR ST TE . A% S AR VO S T AR R R R 2R s (MWE) , HAFE R s B A
AR A A A R B L —F0ME . SemEval {L &5 BIEH AN L% T1E% a 24 MWE BT 4%
FALS b 2 MWE B SCRIUEAT S5, o B 18 OCAFARIE: (STS) AT45, A TA AL, XTS5 B
FEVPARA AR A (0 5 MWE [10/0) FIO7E 3L, Joig ke ki Jg ALt 3 S AL T . FeliToleshi 1
XEFATS, HE TR ER ST S, PAIREXHE S5 A% U SR X T BEAEAE T8 ——
T MMER . X WER T IAVE B A A AT R AR EL. R BARER T — MERE
FHEZESWR, I HINRARZE M AR &L, MR/ T REEYE 5 A R s il Zrad A o s B 2 0 v Re

3.1 U Ul

N T VA TR R (5 2 R SRR SCAR R RE ), FRATTEET BRI O RO 018 T — Bt AU D)4t
(CS) Hiidk. FUHUMAE Rk SR pEm B, AU TRGIES AR K, I Spanglish (PHHEF
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FA1{# F OpenAl | GPT-4-turbo-0125 #5744 ji, CS /-], HREEE M 0.65, FhT{EH 42. 0.65 By AL
;%%ﬁﬁ%ﬁﬁZﬁ%%@,ﬁﬁﬂ%%iﬁzﬁﬁﬁﬁ%ﬁﬁ,@N%%ﬁﬁ%ﬁ—ﬁﬂﬁA@%ﬁm

TEA G AR Tl T AN EAR S — AN TS MWEs (A BT Ok A AL % a sl FE5 b), B—A
AT TAESS b FRNGLEG] T, XS] A5 MWEs, 2 H 1 OB S 2R R B AT 50 B
%%ﬁ%7%@%?%5%%\%%?%ﬁmﬂﬁﬂﬁﬁ%ﬁé,%EEW@%&*%%EO%@%%%%
JLJ Ec

B AAAE RIS (CS) BRI S AE T DA S RS I TR 5 AR DL TR . B 2R TR Bt
O RS HO ), AT T e (BT GPT ACFI A1 o W AHORE Ty . Wy v s
T SERT A AT (7 VR 2 B, TR, RNV F CS S (T3 S5 SR A S e 5 — 5
BB 0 6 BB T R

4 SBUH

TEATTH, M HIRNTA LI AN AVE M AR, JATHEAT 7 =0UR [ AY 568G . LRk (MWE) fi#
FEALS5 . A MWE AL 55 H MWE B SURIRMEAE 55 o X L85 5 7R ) s A2 BB U35 A R i 5 1 5C
ARMAFAERTE L o R ZBR B2 AE B HEA T DA A B E Pl T o

BATHELIG P T PUAMEEEL, BFEFFIRAIA RS (1) gpt-3.5-turbo-0125, (2) gpt-4-0125-preview, (3)
meta-llama-3-70b-instruct, DA (4) meta-llama-3-8b-instruct. F&{15 ] OpenAl API 47 GPT A% (¥ 52, If:
FII /i Replicate API #£47 Llama #8525 . XfF g #isd, AV HPA TS50 temperature 4 0, seed 2y 42,
X Llama B8, FAT1H8 8 f K token 208 7, AT GPT #1484, FATHH 5.

4.1 #oRn

FEATT I LB T, AT =R IR A LM [ . X SR BT OpenAL W3 1 ° dififidiy
el BRI, AR T = FpJ57k: “persona’ #f75 , HHBARIIE FAR MM E@; think’ 3, 1E7>
FChR 2 B, FEA B S8 A) TR S 30 " ChatGPT” 27K, i1 ChatGPT-turbo-3.5 A i, MR 7m A4S E AT
5T T IR . FRATERE N =R, RO E R R A, ISR ATRESAT B[R] (19] , S AEA3 AT DA
R E AL B R AT REASAL . IXSEPRTRTERA O 4L

i 2 A Rba (MWE) Ji SO BCSEE, X sescmh, oK AE SR (LLM) Hlrh) 1hés
SEMY MWE 32 DA 30 ke 7 I B . RATHEFAEAMDAEA A Hi 1] SemEval 5338 1155 a Y%L
PR IR LSy, BRI BT 2342 B 3R 916 A4S, A i 713 A, AT 713 4. X
TOREARSES, BRALRAL T S AT Bl 34, AR 2 A BRNEE 20— MWE DIF iR
DT B R SEG] . T AL 55 938 A SemEval 1155 a iR 8 S S A iy CS Higiidle . 7 CS 5K
Borp, DRHABITHE SRS, i, RO LLM 6] 00 S 4 4 1. BB s a0y
MWE SCA DA K MWE A B Ao AT sl—MpaE, FERIE “TERX AN, 2Rk [MWE]
s ) TR R IR (R, BB “STIEY B CFTT . BT B ) AR TR A
S, XSSP 2R DAL O,

4.2 IRZ WIAGE IR S5

A MWE SCB0 1 H S PPAGTER R PR UEMs B2 10 i DASR S AR R . JRA AR ISR I 2
TR SC, RO R RS PRGOS BIIE o IR O AL T (0], Ho @ g AR E A R E D B
AR VP A R AL 5 A S PR 2 ST B e . AR AT AR A S AN A FE T TR B 4 B 2 5 iy
A MWE, o H R % AP ERIN A P B AR . PRI, PPAR A RE A o 1R 127 ) S SR i) B
MWE [ 1iH2 R E 1.

N TWEE— a5, BAVEA T TAE55 a T R4, HP @S 3G a8l 7 (EA I A P ) ,
HHE N Z 1A F G T 2 i Fak . B 5 2 i A RS IR AT [ ) — AR,
N Z2 TR TR L, % SORA B e R G 2 ik . X SRR 4R BORTER MG B

TERXIT A, FATETEPARBUE S8 (LLMs) PGS 23Rk H (MWEs) 19 SCARESCRIBE TS -
TN R AR AR AR TR AT E MWE, i HA 60 35 TR sl A R MWE B L. SR ORI dag A
BTN B fR. O 7Tk st JRA 1M | SemEval Task 2 5a 381 7{155 b, it h STS {155 .
AT T =AARFERE R, s BT FTA, SRR BRI A TR S A M RIE S &

’https://platform.openai. com/docs/guides/prompt-engineering/six-strategies-for-getting-better-results
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Figure 1: i i CS $#i LM ML F1 /3-8 % TR 780 5 P HE T 18- 3417 (es-en) iR 5 T4/ Fl

Settings

R, VARFBREAR (zs) FIZAEAEAR (fs) BE AP PTA CS nBIGHFIEZ FL 4L

Model g\lI Score E:Fl Score Ié—ﬁ Score I;—ﬁ LScore Code-switched
GPT-4 0.7480 £+ 0.23 0.5701 +0.005 0.5395+0.012 0.6336 +£0.013 No

GPT-3 0.7135 4+ 0.030 0.5359 £0.015 0.5243 =0.101  0.6082 £ 0.053

Llama 3-70B 0.6918 +0.025 0.5097 £+ 0.32 0.4420 +0.044 0.5613 £ 0.034

Llama 3-8B 0.7013 £ 0.022 0.4628 £0.047 0.3636 &= 0.061  0.5265 =+ 0.032

xIm-roBERTta 0.7070 0.6803 0.5065 0.6540

GPT-4 0.7595 +0.025 0.5759 £0.002 0.5411 +0.007 0.6398 £0.012 Yes

GPT-3 0.7191 +0.021 0.5417 £0.012 0.5575 £ 0.063 0.6246 £ 0.030

Llama 3-70B 0.7114 +0.020 0.5496 £0.033 0.4726 +0.047 0.5915 £ 0.034

Llama 3-8B 0.7072 £ 0.024 0.5276 £0.051 0.4076 & 0.040 0.5619 £ 0.034

Table 1: X8 IEAE R SLI G L 0615

ZF-115 (&),

gro AR F-1 1320 CAR SR Al 0 5 150

PARER BT

AMRRIE, AR AT ARG S TR MWE. WERA) TR SCHL, NI RS il “true” ;s fI2R
A, Mgy “false”, FFZAESF5AL R —A " Jur KA.

OSSR E H AR RE AR T HERT . BV T UG SemBval SE9E TE45 b HOTFRAMIX , ML
A A SR, S BRI T & 2 75 (MWE) JOUR IR 73F, DUIOK F bt it
SCAMIPE (STS) FEMEROR. B 19 5 HE FE2 0 55 Spearman S5 JEHI 5148 (%4 T STS Hlers
B) . A0 1 (Fom i UHI) sohish NONE (F5mif ORI ). AEVRMEFE S5 TF RS BTSSP ROR A 1 5
NONE #7255, FeNVRE T 974 AoRfl: ek 521 MRIESL, 454 MRATRIA L. M5 % ek
ty, Fefl HHE: T BTAT Spearman 42 A 1 HGRGI, (LHEIFRRICH | (4D) s NONE (CRAR{LL) Ayapl. i
FEYIISARIEARSS, FICTR IO S SR h08, OB E R S B A 1. B T e URTF RN
BRI, FATEAERAVEM) CS A BI i 758, JOh R 5 PUBEAF IR A . BCMESRrg it
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Figure 2: A4 H BTG 2 2k Ui R A . X SURE DR B A il 5 1) BT HED o 330 2 3] e ik WA

R ATET, WERRIERE G

GE R LR Ay R = R

W%, AKIER T Llama 70B F1 Llama 8B 14515 .

CI=E=R
H 5t

i, ZE %R T LLama 70B 1 GPT-4

Model Ei\ll Score g:rl Score lgﬁ Score 1211 LScore Code-switched
GPT-4 0.7432 £0.006 0.5705 £ 0.008 0.5356 £ 0.008 0.6310 £ 0.003 No

GPT-3 0.7310 £0.015 0.5455 £ 0.003 0.4755+0.092 0.6006 £ 0.034

Llama 3-70B 0.7501 £ 0.017 0.5638 & 0.007 0.5161 £ 0.016 0.6243 4+ 0.014

Llama 3-8B 0.2869 £ 0.397 0.1864 £0.305 0.1996 £+ 0.341  0.2359 + 0.360

xIm-roBERTta 0.7070 0.6803 0.5065 0.6540

GPT-4 0.7433 £0.014 0.5831 £0.012 0.5342 £0.002 0.6341 £ 0.009 Yes

GPT-3 0.7308 £0.009 0.5433 £0.009 0.4988 £ 0.064 0.6074 £ 0.024

Llama 3-70B 0.7549 4+ 0.011 0.5666 + 0.007 0.53 £0.014 0.6321 £ 0.008

Llama 3-8B 0.2653 +£0.391 0.1737+0.261 0.2107 +0.327 0.2291 £ 0.346

Table 2: X P2 AE DREATLE T ARG SCIR A P> o i F-1 Bt it i s S T5 S 08, AR
LA F-1 08 (ALL).

RoRTER 2?2 MR B . WATAAE T U5 AH R Bt £ EEAT e, FRi 1M &8 MWE Bt o
BIFFEESE MWE, FHRIERDU5 IR MWE #9E SR & MWE B1E L. X SESCRig 45 R £ B .

Model E& Score E:fl Score i-]_l,]? core Code-switched
GPT-4 0.7628 = 0.030 0.6304 +0.013 0.7000 £0.021 No

GPT-3 0.6497 +0.015 0.6296 = 0.109  0.6404 £ 0.060

Llama 3-70B 0.7204 & 0.006 0.5570 = 0.006 0.6425 =+ 0.006

Llama 3-8B 0.7045 + 0.009 0.5771 +0.010 0.6440 + 0.008

xIlm-roBERTta 0.7590 0.7658 0.7712

GPT-4 0.5455 +0.008 0.5209 +0.022 0.5362 +£0.014  Yes

GPT-3 0.5634 +0.051 0.5841 £0.011 0.5732 £+ 0.026

Llama 3-70B 0.5670 & 0.010 0.4434 +0.004 0.5071 £ 0.007

Llama 3-8B 0.61724+0.011 0.5073 +£0.030 0.5651 £ 0.020

xIm-roBERTta

0.6752

0.7180

0.7020

5 AR5k

i 2 BORAE R 515 10 2 14630 7 i & A5 7

Table 3: 7E/HEAFRBEPHEFTIE LSS S5 L.

R, LLM A A5 ] 223875 T RE ) A e/

AR PLML.  SCFE fik ) D e K00 ) o M) 04 S 5 R 2 1 S R ] S . 38T R 2 MO AR 3 A
TR BN, PR IR, EATERIRRASEET r RmE, R B ETREA R D AR A B
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Model F-1 Score F-1 Score F-1 Score

ode EN PT ALL
GPT-4 0.6552 +0.031 0.5955 4+ 0.031 0.6392 £ 0.025
GPT-3 0.6231 £ 0.061 0.6056 & 0.041 0.6225 £ 0.050
Llama 3-70B 0.5514 £ 0.037 0.5600 4 0.018  0.4289 £ 0.030
Llama 3-8B 0.5696 + 0.076  0.5677 £ 0.077  0.5689 £ 0.026

Random baseline

0.5441

0.5170

0.5387

Table 4: fii ffl &5 5 MWEs {EZFEA B AT UEA TR S IR A SR 45

Model F-1 Score F-1 Score F-1 Score

ode EN PT ALL
GPT-4 0.5454 +£0.016  0.4855 4+ 0.025 0.5183 £0.017
GPT-3 0.5655 £+ 0.004 0.5204 +0.071 0.5444 £ 0.036
Llama 3-70B 0.4655 £+ 0.028 0.3885 4+ 0.030 0.4289 £+ 0.030
Llama 3-8B 0.5455 +£0.029 0.4711 +0.090 0.5108 £ 0.060

Random baseline

0.5092

0.4985

0.5025

Table 5: i /1] &5 2 )R IA U T AR A BCEL T SR S 45

HakE| F1 7340 0.70+, AR, 76 CS i, Pra i) SAZ I F1 0 Befa il . X Apeldt nl g2
M TAERT ARG T VUHESE T, SR o A I R s b T B I 8 I o g 2 2 o s — S8
BUERRR B 70 X Pl 1 xIm-roBERTa [y F1 7045 0.7070, {H5A N REGSIA BT 0.76 Y7348, R,
5119 xIm-RoBERTa-base # /L TAEAFI D SRR B E AL, A BEAUARR REXR 2 1% 4 i 0.6803 1Y)
FAMEAR F1 73%0.6540, HAATERHG)E, Llama3-8B-instruct AL/ BHFEABE B H ILY N R AT CS %4
AR ISR o RAT-A BAEAR 5 i ASCASRY 25 S BB PE AN R, DA TR A i AR A R 4
SRR FIAE S, K 22 il DR T Llama3-8B e/ BREAR SR P ROFFFL, XA T4 Ui At g =1
PR PR RO ZE T AR . RAF 5 —AVIMEZ ) PLM ATHG, LLM fER AN il & i A 5e5 4y, H
SR, ENEHAR R A IE S R B

R HBORAE 2 4 A AEAL A R S B 2R o 7 RZAGIEF AL (LLMs) (UL fE PRAR £ 35
2kl (MWEs) B3O EAATERME. SUATIE , 5 MWE BRHME 5 A2, D RoRBITEX AT IR Z
OB T AIGE SOR AT S 1 F1 M5 /D EORBIBE T, GPT-4 fE% 5931 xIm-roBERTa
FLEEAIRIE, 15404 07638, &M T xIm-roBERTa {1 0.7590., A #AUTE R 2 F 1R ) B REA A DR A,
B PHEAA B AL G R EAT M F1 1500 . S n] AER AR BERIHE 21 61 &5 MWESs [y SCARRY IS 3L, IFnlfE
ST O AH SR P g« RIS, 25T LLMs M DU A D5 2 2500 300F PLM, B A TRIF e A2
EARET I L

ZRFEN], LLM (£ MWE EREAT 55 1R B i T RELIE Ol 7S n h R AT AL T MWE Y& 3,
o GPT-4 SCBL T e 26 F1 4041 0.6392. 4R, S{HMESE MWE IS AI LG, BAITREBLE FH R K. iX
PR AT BBAE YN ZRHEAE T — S EH 5L MWE, XT3 & & B MWE [R15 CSEEG, AR BT e REA L A
K. BITAIET, GPT-3 3R153 1 figmi 0 0.5444, (HXSBEERATR B 20 BEALELZR 0.5025., iXRH, 4idil
SR RS 2 BN I, FEPRoR PR s oME BT A RESGEAR AR B . AL BE RO T T 25
b6 S Vg SN TR B 3= e Sl Ol -V o3z oY A R 71 DL VAR SR N =
%%%E%%ﬁMWE%QXM%&E%,ﬁ%%ﬁ%%i?ﬁ#%%%?ﬁ%&ﬁ%%%aH%ﬁﬁ%ﬁ
IR

LLM R S5 & L Y REE R SCOR R Z PEBAAER &R 7 B/ Llama 8B BB FEAG AT S5
R ERH L, HEPR S Llama 70B Al GPT-3 YESSTESCAT A2 . ST, EAEH) 4 o TH AN A P51
MR BURIA T . (EASEERZ, Llama 8B AR DAEAKS AT 55 b ToiRAL BRFSCRI CS SCAS, 5 HLHL AL
FREAUO R SO U, IXAEFAR B AR E2E nT DAL . GPT-4 YEi AL 95 Y S iR BLOC T Hift LLM,
FF Ho2ME—BERSAEBL I HE T AL PISETE-PUHE A CS SUAR) LLM, ARG 20t P schs, (X Segi k],
B/NRIRIALAN Llama 8B 1] GE /2 ASCILS KA 2 (AU ESE 15 MWE A P YRG5 2R . SR, 45 Rt ER,
iR AR AR MWE BTE (R, GPT-4 {5 HAAR A

FEVERT MWE SEREAT S5 I, (R B AR A 00 T, K28 MWE S R i AR IR A 72 56, 40k B miAk.
B 22 R O R 1A AN R BRI REE bR, JUHUEAE Llama 8B BOIEDL T, s T4
i th AT REDR S T SRS O o A7 — 09> MWE {EAS AL S5 P A LR A 702, X 87ER B b, B2
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A FRARBI

Prompts Type

You are an expert linguist in code-switching between { lang } and Spanish (CS-lang-name).

You will translate sentences you get into code-switch by switching some of the words into Spanish.

Make sure that there is a balance between two languages.

You will translate everything into code-switch apart from the multiword expression, denoted as 'MWE’.  Contains MWE

You are an expert linguist in code-switching between { lang } and Spanish (CS-lang-name).

You will translate sentences you get into code-switch by switching some of the words into Spanish.

Make sure that there is a balance between two languages. You will translate everything into code-switch. ~ Adversarial example

Table 6: XL 2 ] T AR A AU AR (CS) BURERITETR . ARUE lang X IETE A% 58 15 800 A1 PG 115
CS-lang-name /24§ Spanglish 5{ Portufiol 2 [A] ¥ Ui 2K i RONAM P SE-PHSE A TR A I, X
IR ETEN .
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Prompts Type Task
You are a linguist specializing in phraseology with extensive knowledge of idiomatic expressions, colloquialisms, and figurative language.
Your task is to identify whether a given text contains a multiword expression used figuratively as an idiom.

First, understand the meaning of the text provided by the user. Then, determine if the multiword expression is used figuratively or literally.
Respond with *idiom” for figurative use or ’literal’ for literal use.

Provide a one-word answer.

You are a [inguist specializing in phraseology.

With your deep knowledge of idiomatic expressions, colloquialisms, and figurative language, you are considered the best in the field.
Instruction: Given a text containing a multiword expression, determine if it is used as an idiom or literal.

Provide a one word answer.

Analyze the provided text to determine whether the given Multiword Expression (MWE) is used as an idiom or literally.

If the MWE is used figuratively as an idiom, answer "Idiom"; if it is used in its literal sense, answer "Literal".

Provide a one word answer.

You are a linguist specializing in phraseology with extensive knowledge of idiomatic expressions, colloquialisms, and figurative language.
Your task is to identify whether two sentences have a similar meaning or not.

Some of the sentences may contain idiomatic expressions.

First, understand the meaning of the text provided by the user.

Then, determine if the sentences have a similar meaning.

Respond with ’true’ if the sentences are similar in meaning or 'false’ if they mean different things .

Provide a one-word answer

You are a linguist specialising in semantics. You possess a deep knowledge of language structure, and meaning.

You are the best in the field.

You will be presented with two sentences, some of the sentences contain figurative language.

You will determine if two sentences are similar in meaning.

Output ’false’ if their meanings are different or ’true’ if their meanings are similar.

Provide a one word answer

Analyze the provided text to determine if the given sentences, which may include idiomatic expressions, have similar meanings.

If the sentences are similar, output "true." If the meanings differ, output "false."

Provide a one-word answer. answer

Table 7: ;XN EEA LIPS PraBM RGN, RIS /T il B2 9530 Tk,

Think Detection

Persona

chatGPT

Think Semantic

Persona

chatGPT

Examples of Data Inputs to Models MWE Experiment

But we need to remember, it was a very close call. Close call Detection

Takes about tres afios for the last milk tooth to come in después de que el first one sprouts. (es-en-mix) Milk tooth cs

Takes about three years for the last milk tooth to come in after the first one sprouts. (original)

Sentence 1 : Witten’s swan song was far from a hit. Swan son Semantic
Sentence 2: Witten’s final performance was far from a hit. 8

Despite not receiving an inheritance, Eve Jobs is still living the wrawpths chaumb. Wrawpths chaumb Synthetic MWE

Correct for all
arma branca
camisa branca
centros educativos
exame clinico
glébulos vermellos

replaces High life

Table 8: Sy AN ] S8 e LA BT A [ SCA S AR B

Correct for Llama
arma branca
auditoria externa
camisa branca
centros educativos
enerxia limpa
exame clinico
glébulos vermellos
incendios forestais
lingua galega

voto secreto

Correct for GPT
arma branca
camisa branca
centros educativos
dirty word
glébulos vermellos
horas baixas

news agency

olho gordo

pavio curto

Correct for GPT-4 and Llama 70B
arma branca ¢ inner product
auditoria externa ® lime tree
incendios forestais ® lingua galega
baby buggy * market place
benign tumour * net income

black cherry * news agency
camisa branca ® nut case

centros educativos ¢ olho gordo
exame clinico

glébulos vermellos

Table 9: 5 —4 /R T BALIRZCIE A R0 2315 (MWEs) 2 MR B . 55 4 /8 T F4> Llama %12
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