EEENABEMB SR T H 2
MEXRAE. & FRHES L AANH

EEHR
FERBRE
https://ercong21.github.io/
EEEAFINEEFR RiIBEHEEEHF AXAEFINA:
School of Foreign Languages = i s gz Sepy ‘LA
—————— FEXBXRFEBRHAFAXHITE
(FhE-Liw)
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S HIEE bmseaxesnm asn nEgis
e Ulsummacum laude i GGFEEREZEXREHHIBTERIE LA,

o MEARMANBREBELEBIMTEREERE, BEHEEAL
EREROM M MREE, LHXF Z1BEHE. KB .=.1‘§ AR BRE . B—
BREIEE I\ X ST,

e TEACL. EMNLPEFE AN TEBETNEFIACM TALLIP, Information Fusion.
Digital Scholarship in the HumanitiesZ SCI/SSCIHAFI & & /FE AL X
“+RE.

o HEEFMTEIEEFMEES (ACL) Futs £ EFIICLR MemAgents
WorkshopF2 £ /&, LLKICML., NeurlPSZEETREFIIEEE TNNLS, ACM
TISTE Z ASCI/SSCIEAFI B E=fa A o https://ercong21.github.io/

P = o B R
ALAN TUEING
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5| F: —MBEZRHET, ANANMESE
2026F T, AlNERIATE X FLHIE

Best Paper Awards 1/3

e The Imperfective Paradox in Large Language Models
Bolei Ma, Yusuke Miyao

Justification:

This paper makes careful and insightful use of linguistic theory to reveal substantive
limitations in the language understanding and reasoning abilities of contemporary LLMs.
Through the imperfective paradox, the authors show that many open 7B-9B-scale models
systematically violate basic event-entailment patterns in English, behaving more like
predictive narrative engines than faithful logical reasoners, even when given explicit
contextual cues. The paper is especially valuable because it goes beyond documenting
failure: it shows a dissociation between representation and reasoning, identifies promising
effects of scale, and opens an important path for studying how logical reasoning about
events can emerge or be induced in language models.

ACL: 1B BRI 2, 2 1% 40 I
—[FJCCF-AZS 213
(B N TR G E T AR S W —)

(M)

B AR RRI s RIS e, 85 T SR AE S BRIEEEERS R h ST E ]

ACL 2026 2% 10 3CH%52 %218, 9%, GRSl [ERR.] it xt “ RSerokt3ie” (imperfective paradox) HIHiS, {F&EA, ¥ FFHINER) 7808
JEABENLP LAY AT ffoRe 1 MEENS RIS RSP EAOBHES CE, DEEALBNL FXERNERT, R
—RUSBESTERE “ RTSHREEL” N WRMBEGE TNRNNEERS S, TAESTSEEEE, TEXARENMEZLET, BHF
FHFR ST R BRSPS, RR FREEFEULANIAR, MEH—SBRTRTSHEZ BNSE, R T RIS EEERAOTIRE

BRI . M, FHFRARRESKEPXTEHOSEREEDNTRATBBISRM T EERZ.
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LMU e

The Imperfective Paradox
in Large Language Models

Bolei Ma (LMU Munich)

Yusuke Miyao (University of Tokyo)

Contact: bolei.ma@Imu.de

oM, UTokyo

Class Examples (Premise — Hypothesis)  Entail?

P: The carpenter was building a gazebo.

Tlle H: The carpenter built a gazebo.

X No

P: The boy was running in the park.

Atelic (o boy ran in the park.

Table 1: Examples for the Imperfective Paradox. Telic
verbs do not entail completion in the progressive form.

ACL 2026
SAN DIEGO nnv2-7

EBRBAFEIEEF R
School of Foreign Languages

L5 (atelic) B:

He was running = He ran GE'E A& &)

HH (telic) B#:

He was building a house #He built a house

(RLFERL)

KBESRE MR : xf B ir SR E4 =4 ST
L5 TR E

BRESFIUROEREE, H.H.S &
%) AT LARL A KRB B8 NS BT RO RS
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B %X15 & A2 (Natural Language Processing, NLP) ##& A\ THE g2 7 £ BRI,
BiaTFER EELENXIEEEES| AER AIRIRE

—— § Systems that process language, images, and decisions.

7 N\ N N
PAKIE 5 R Dy
A . Al A BN T
s
4 [“J ﬁm\_ﬁ;k% it
~-||||-||I|||n-~~ /\ﬁmﬁj\
Read and write Translate and speak See and describe Act and assist Iﬂiﬂﬁﬁ *ﬂﬁﬁ‘;&
Chatbots, writing Machine translation, Image understanding, Search, recommendation, Eﬁ%jj E/‘j %ﬁ%ﬁk %
assistants, summarizers speech assistants, dubbing visual questlon answermg planning, agents
e —-Natural Language Processing o %ﬁﬁﬂ °
\ﬂ Language intelligence P) ) \© Multimodal understandmgj L Iél Agentic Al )
Language ) — Multimodality > Action ey

fERX a8t i, NLPAERZANLTEBEERTH DL, 5 AR A %%%E%¢%%A
B Ea 0 H S OMERRRTRRAL . S5 BR . WEENR. CEMFRSATaHA R R R

Jul. 2026
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AT MWIEE HAANLIEE

HI AR ASHE 7] -
A SRR — Rl A R RE RN, E YR m s BA? N A a5 MR OB 0N 2%, RERE R
e e 2 . RS RETMEL, M EMR . E IR A B HE ORI R R e E et

Oy » Q
- ~N Re 7 =
A%IES e Al RS
//’\ &
° : ’ QED J’L ‘;? ®
. =) ) aa =
508 Xt %5 %
EERAXSEENERERZ—: 070
L ﬁ%??ﬁfikﬁﬂlu o— —o
o BEARDY =l =
. EEEBEHA5XK ITT
. . BEERABRE. NMESEH - J
« BEHEAISARENTIERE
£, BERAXERANBAIEROEEAD, | 8
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1. FEERA “MRY K" BRERID

Published as a conference paper at ICLR 2024

HAR
« EBERENRE, HLUMNARTHENY K. SEIRKIPIEMARYT K. AL
‘ LANGUAGE MODELING IS COMPRESSION
2- E%*Eq:ﬁmﬁ%%‘% Grégoire Delétang*! Anian Ruoss*! Paul-Ambroise Duquenne? Elliot Catt*
. EEESEARLNENERE. T o S
s E%;&A%Rﬁﬁﬁ%ﬁ%ﬁiﬁ\ ﬁﬁ%*@—ﬁﬁ%fiﬂﬁﬁﬁo Tim G Christop Mattern Jordi Grau-Moya Li Kevin Wenliang
‘ Matthew Aitchison® Laurent Orseau’ Marcus Hutter! Joel Veness'
. EEERBTZERHALEREER
HMIREH R INHR R X%
KESHEUABNHELAFEARFS, MR- BEERNERRLK, 1B AT AR RE
s AZEEEH—Fh

4. IBBTRKERAMAE—EEAY
Few @rr Doz Lue @ swaw
Eie, MRS IEBHERIESDROREEN.

SEEESREN R,

EERE A URIBORMEAE N (HEE, Z21b), TREEAMREKX, WHERE

AEBERBFEZESET MR, b IAFZREEIR,

Jul. 2026
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ﬁ”

X — AL EREENZO—KIESRE—BIEREESENLEN
HTBHEEN, HEESHENNER M THE, 385 B8°%3
MEREEN ., NMIREHZMBREE I scale up, EAMRIES XAHIEL
BmEillZ, ATRERSEARBINIZAES, EREERK. K. EMFH
RS HARMRINGR LHRE LI EEERBIL? N7 B hIBEX e/, X
NN FEEBEEES" A5, BIFRFEHE, BESNDREHERD
5t. WIFIBSHIAR—EHRANERNSHRNAR, ESA5HITHMR—
MERENEZE, REMNAXRE/LTENXFRENS MR EFTARLSRNE

RS, EaBMNVHRANIN, ESARNXE, B2BEEENAI, R
EUN—MBERTSRAANAAZIULER., ERNL, KESKREBEIEMLEEH
AAIBHAEMUZ—ERTHRRENCETTN, ME—EERNEER
5.

Die Grenzen meiner
Sprache bedeuten die
Grenzen meiner Wellt.

' Ludwig
Wittgenstein

18809 - 1951

The limits of my
language mean the
limits of my world.

10
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EENFERITUERRN:
ar MEESRFEBEE, -
MAIERERIESHZE,

-2 VT el P
EERE - Al

(- )

B Al EERY

e BMERIESEERNMS o BEMARIES. XHU5INA

s ZHZESSBEXHERE v ° XRHZBESTHRRER

o WHEHEAKEEARITN S o BEESAXSHENERE

(& ™)
o ESRZFERXEINARZE "LNBLEES",

. MEERES. AXS5ERARZZAHXR, !

11
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Language Science for Al & @) | ) s

Al for Language Science

- Language Science for Al “EESPFERETXMNMRE, TERE—SH, BEESEEXIERE/ T ELIFEEENAE. 8%, &S

TR=F

1a '='*4;n_5[:3m’g A TR G RIS ERER IAIBZ I AI for Science (RIZERE) TEHN—1FE&, BI“Al for Language Science”; H
X [a) M e s R, EERNPEEDTMNERNESRP5IESERE (Language Science and Language Intelligence,

& S AR} Language Science & Intelligence) ; TiA AMIEMETF MBS RIS 5 AR S AR R B 5K
\ SEHEFESRLEEE,
Human-Centric

Language Science &
LANGUAGE Intelligence —5HE, EFLIEERAI for Language Science, 2R ALSEEEHESREMR. IE, ES

¥ BNEESY. VBESY. MRESEC. BEWR. XEHR. BXAEERRSNE, 3T
ERBA LR, ATtRE. ATRAPMEIESR, SX, KESRE, BRESLE. BRSO
BREAEA, ERULEBMNETEMAFNARLEEENAR. WEBERER. 2MESUKR. WIHESX
10, BEERBTAXMER. RERINMRREEE.

ZE—5E, EFEBRES Language Science for Al, hitERESRIFIEM . BENSOEA TSR,
KESBREBARIEK, BEATERETE. CEUEEREIES ZE-EBEIA—N, TEEEBEXLR

Alﬁq-{-%ing*ii*& yljt% T%ﬁ'ﬂ"]ﬁ’: % . RPEINRE, hABEERMRNNEERRERL. SEENAHEN. EEEXERE, FERERE
iﬂiq:ﬁ O %*& QEEEI‘]XTJ-% REENTRA, AEEE: REAFNE@THELESNMNIR? CNEAERRES ZBEBBRZ? ENTA
A Bz N y

LREESRE? TOESHENNASESEREHAEL, EHATRR?

A3 oL AN ?

EEEEENES, BEREERMAL,

Eit, RAVEROESRPEE, RN M A MESHR’, bRREAEN I SAEnTRM

— Language Science for Al PN ESEE . CEGRE—INEER: BATBERMESHNERR, tRESHERBNEEAT
Bep, BEEEE, R M A FIRES, FIESRISER Al 12



Al(KIBEEERMEHER)FRT: @ | @) s
EER P AAIREEA TEEE?

KBS RESEREMEIA

ESHFHEEATERE

Language Science for Al

Bir—: R XFE—MEZITFHALTR B2 = AR B RN LA Re LA
BAEAIRZE: RpEZHA. SXERL 44 W ) FAR: thiREL H HorIEiE

SEMAELE . ME AR B A G BT M A A IR e Goei o en ooy
- ‘H;/ﬂ;j-i-*' }‘}\:u 'ﬁ&ﬂ ﬂi#’?ﬁi/ Lﬁ— Ti ﬂb]b 7%{” - 7][‘%, 2—71‘ éilgg\ bbﬁi}]ﬁ }Xﬂ\ 7]:57:?12 i’f—‘}-‘% 750—17]:%%']
W B EALE . ZAFE R R EIE AR 54T e - : g .
SR e IS WAL A LR AR ke 5 4 699 R %
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{ERRNETE

EAHAAI / NLP
AeFHIR B E5mES

S
<iTEn SN, Sk
4H

| THBESR

1 FRNASHE

s

2 RitHE
B S
SIEIRMMAGESS
« TUEEELS 1BV S

f \
IENERIEFS
PREN R
, © “BOCKBEER > mE

BRI

o IBRlER. InSinE
B

o TSR, HI. Ziof F
ol

4 KiESIRBES5EGEE

REH, TRSFH
ISR IERE

ZS/g]

o AEE. FTFER.
BERT

* BERTology: RMAZHE
SRR

. MER T

« RIABIR. ELYTH.
BIES

< IBRIE. HLIEm
o ERETAG. ERESAML

| e

IEEFAAIRIREN EIERN e BIRER, EXRIE. MESHSEMENME, FHEXEBIRIRSHRYERRIE.

SRR BRI

Jul. 2026

DBENFEAE > AEE / _ETIERIE / KIEEENE B,
FZSE: (morphology) B3] (tokenization) iH— P EEIRBIRIES AR .

15
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. AALE DA B E A
nLp ) Deep Learning S IHE S R A B A E R R K7

Symbolic

Processing

T2

‘ jog: fo-2Jo.ffo2fosfo 1
from representation
hand-crafted plearning grks: 01030 do.1]o.2

rules to ML

Output
3
fse representations
(embeddings)

Epoch 3

Ty

approx. 1980s 2015

MEM L R EERA
Hit, FEFERDCEIEARTREIMEXN R E,
SMIBFPRET X—HENXRBE: MIBRTSHHFE RN,

16
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3% B W % (Distributional Linguistics

Distributional semantics is an approach to semantics that is based on the contexts of words in

large corpora. HH L HBS0FE KM —#IEEFRIZH

Zellig Harris .. . difference in meaning correlates You shall know a word by the NI eRRIEL

with difference of distribution. _
company it keeps. (1957)

(1954) A A
SERmEEhEy  WERE ARX

HIFIRA N IR TezglinoiX 4~ 1),
BERA LLETERERERMIENX
A bottle of fezgliino is on the table.
Everyone likes tezgiiino.

Tezgliino makes you drunk.

We make tezgiiino out of corn.

17
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EF T XHIIRIBRAE (Word Representation)

o RDLBE: —MEAMNENX FLLAEREESLFE LR HINAIEEZIE,
o RXEZITEREELEMEETRYIEEY. REEZWMAMERZ—,
o EXFE: LBHAATD, EERXK/NMILTXEOF ZIHAERIX R,
- [FAXESEH FRRI LT XA L i B #ria 89 FR1E (representations)

...government debt problems turning into banking crises as happened in 2009...
...saying that Europe needs unified banking regulation to replace the hodgepodge...
...India has just given its banking system a shot in the arm...

X /

These context words will represent banking

18
Jul. 2026



D | &
SEENSE MR BEAEEAYNETER

o ZLBE—RKAA: FIENE XA UMEAEMXAN E TR HHRES,

o RARZAERHE: METHINRITRITRE, | Word2Vec FHZIAHRNA,
BRIII4E SR AKIESREAR £ FXRIE,

o XTI KERNESHSMREEIES. alitE. AJLBRINEXE(E,
MEXBAMEITR. EERR. BEXLE. E5ERS5EMEEEht,

B ERRWFEER, 8 NESEAS LFXOREIEY
O A ERNREAESRENAESELERNEEEE

19
Jul. 2026



fé'n EETEASINEIE
w

School of Foreign Languages

BT IE R SF IR A F] 517 (tokenization) T 72, BUHIEEEEIX
YA ANE X R, IRA THIEEES RN,

Superbizarre Is Not Superb: Derivational Morphology Improves
BERT’s Interpretation of Complex Words

Class 1 Class 2 p(ylsw(z)) = 149 p(ylsa(z)) = .931
Class Examples Class Example 5
neg overpriced, crappy pos megafavorite,applausive BERT : BERT :
phys semithermal, ozoneless cs autoencoded, rankable : :
ent supervampires, spoilerful dis antirussian, immigrationism T T I I T
:~'-> (superb][ ##iza ]( ##rre ] {{ super ][ = }[bizarre]j
R superbizarre) Lneg """"" § P superbizarre) Lneg """"" ;
Superbizarre Is Not Superb: Derivational Morphology T | applausive pos | ¢ T | applausive pos | 7
Improves BERT’s Interpretation of Complex Words —— S m——— S
(Hofmann et al., ACL-IJCNLP 2021)
(2) BERT (s.) (b) DelBERT (s4)
20
Jul. 2026


https://aclanthology.org/2021.acl-long.279/
https://aclanthology.org/2021.acl-long.279/

RNBEEEMME T A NEZEE]

RIAIES R EERAE ubword 18]57] \ X
ARDEFEALESNMINE, hRDEFRSRE L. BRMBSEMEBURLEER

MEMERE, KIBEERMWEIASIAAERD SR MM

Geh et al.,, EMNLP 2024: Bl —FfF & X AR 7 1RA XK, ER P RAEFHERIES.

Geh et al., ACL 2025: X 15 18 A0 LLB I XML 3K 1%, 1R BABRKIA iR FF IEME— ik +%,

gge}pg et al., NeurlPS 2025: R4 LU0 KA, ErRENRBERBRIFER 48, BrBERTEERMR
E o

BR: M NEIEMAES R bW EEESEMERERTEMERERENA,

IEISIA 73R, B SFRA RFEMIMN R, WIHERBEFEENS WHH, 05 E

4
JRAEE,
Where is the signal in tokenization Adversarial Tokenization (Geh et al., Broken Tokens? Your Language Model Can Secretly Handle
space? (Geh et al., EMNLP 2024) ACL 2025) Non-Canonical Tokenizations (Geh et al., ACL 2025) 29

Jul. 2026


https://aclanthology.org/2025.acl-long.1012/
https://aclanthology.org/2024.emnlp-main.230/
https://aclanthology.org/2024.emnlp-main.230/
https://neurips.cc/virtual/2025/poster/117561
https://neurips.cc/virtual/2025/poster/117561
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Al is becoming global infrastructure

Al is no longer only used in labs.

It is used in:

o g

@ Al adoption and investment are growing rapidly, but access and benefit are not evenly distributed.
Language equity and human-centered Al are essential for a fair and inclusive future.

Jul. 2026

So we need to ask:
i ?
e®e Who is represented?
'.‘ Whose languages, cultures, and

voices are reflected in Al?

u Who is misunderstood?

Who is misinterpreted, misrepresented,

or stereotyped by Al?

/,) Who is left behind?

° Who has less access, less data,
or less benefit from Al?

L AL

N Meta Products v AlResearch v Resources v About v

Omnilingual ASR: Advancing Automatic Speech
Recognition for 1,600+ Languages

November 10, 2025

- -/

Fia) &5
Qwen 1 (2023): bilingual (F2E K FE)

Qwen 15 12 Qwen1.5 showcase impressive multilingual capabilities, &
(2024) 1ss a diverse set of 12 languages. In evaluations covering

Qwen 2: ~¥30 Qwen2 demonstrates robust multilingual
(2024) 30 languages, spanning English, Chinese,

Qwen 3: 100+ support of 100+ languages and dialects with
(2025 ) instruction following and translation.



Survey of Cultural Awareness in
Language Models: Text and Beyond
(Pawar et al., CL 2025)

\£§
A

HE Rk EX 1
3 IR

HRA 2

LERBARFINEIEF R
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1. FEHRERFY

Language imbalance and inequality

(Global Al is often not equally global)

Arabic EE——
Spanish E—
German | E—
French m—
Korean |
Hindi —

Odia
Quechua
Uzbek 1

English
Sardinian

count

NoE oo @

- 8 & 8 8

Chinese EEEG—————
Yoruba
Basque |
Cantonese
Latvian |
Lithuanian |
Malayalam
Nepali

Catalan 1
Minangkabau

Gujarati
Hiligaynon

Romanian
Ukrainian @

Norwegian
Javanese
Sundanese
Azerbaijani
Burmese
Kannada
Punjabi
Mongolian
Singlish
sinhala
Tigrinya

¢

Jul. 2026

The State and Fate of

B 10 P Linguistic Diversity and

~ 2 Inclusion in the NLP World

5 10 (Joshi et al., ACL 2020)

]

g 104 T Expanding Pretrained

= . Models to Thousands More

- Languages via
Lexicon-based Adaptation
(Wang et al., ACL 2022)
10 10! 102 10° 10¢ 105 10° 107
Unlabeled data (log)

Class 5 Example Languages #Langs | #Speakers | % of Total Langs
0 Dahalo, Warlpiri, Popoloca, Wallisian, Bora 2191 1.2B 88.38%
1 Cherokee, Fijian, Greenlandic, Bhojpuri, Navajo 222 30M 5.49%
2 Zulu, Konkani, Lao, Maltese, Irish 19 5. 7M 0.36%
3 Indonesian, Ukranian, Cebuano, Afrikaans, Hebrew 28 1.8B 4.42%
4 Russian, Hungarian, Vietnamese, Dutch, Korean 18 2.2B 1.07%
5 English, Spanish, German, Japanese, French 7 2.5B 0.28%

mBERT/NMT
Wikipedia/

CommonCrawl

Bible

Lexicons

0 1750

3500

[\
N

7000



https://aclanthology.org/2025.cl-3.7/
https://aclanthology.org/2025.cl-3.7/
https://aclanthology.org/2020.acl-main.560/
https://aclanthology.org/2020.acl-main.560/
https://aclanthology.org/2020.acl-main.560/
https://aclanthology.org/2022.acl-long.61/
https://aclanthology.org/2022.acl-long.61/
https://aclanthology.org/2022.acl-long.61/
https://aclanthology.org/2022.acl-long.61/
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Cultural Nuances @ Language is the door. Culture is the room behind it.
(Multilingual is not the ) ’

same as Multicultural) Cultural awareness

Can the system process different languages? 5 . Can the system understand cultural meaning?
XiaOhongShU'S GIObaI E'COmmerce e Translate a sentence e Explain an idiom
PUSh: Is AI Tra nslation llGood Enough" e Answer in Chinese or English ¢ e Understand politeness

e Recognize words in many languages e Recognize food

Speaking and rituals
@ ‘ many languages } e Avoid stereotypes

is not the same as e Adapt to local

Bonjour! understanding norms @
many cultures.

for Cross-Border Brands?

l”/ "I Shawn Wang [
ﬁy Global Localization Strategist | Helping Brands Go Global efficiently @ (
with Al | Managing 50+ Languages for Brands like Samsung,...

March 17, 2026

This highlights the profound challenge of cross-border localization: Al can
process language, but it cannot process cultural nuance and standard

discrepancies. o5



Al can fail across Ianguages and cultures

N

(2,

©

@

Lost Con text

Literal Translation

Different Answers

o

Sy, E=
J . o N

Bias / Safety Risk
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BEFAZBERRTE T T

oo HESRESHRAHEN, SEERNMAIERETRES?

1 \ i 1 N L i S =AM, . B
© sizmeEn © roxiisiz © TG QO ==k lang2vec
e o BAItHMES AR ELIESHAMUE
s e A. TS SR AR . A S BIRE S TRIE ? % k. BE. B ;
language inequity - JEIES g o At o Mf: A% BER. BE . . ¥4
. FREAES MIERE, » %;@E;@ﬁ? » o A ABHITHYRET ? - BERTMES
SRR —— .
o TZBATBESIBMR
] - B. BiEEEB¥ 3 @ similarity =
I !j i BRARES IR0 ‘I?‘s“ « ﬁ‘a B L o et
* EuaEamEs [ | —— e vector_b)
URIEL and lang2vec: Representing languages as A . f'ﬁm -
typological, geographical, and phylogenetic vectors 2 Emgmﬁﬁﬁéé
(Littell et al., EACL 2017) o SIMERMRMERSRE

o MERFAFESHTIBRN

| EmMMEE BRE, ESSISERREBTEESER. AMESANLE,
Take-home message | ) o e it mmins. B J
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Cross-Lingual Transfer Learning

HLERBEETIBF I ?
BEREHE N EFREE LB

Case 1: B BT
AERIRIES (RiE) MR EERS TES L

tke N, BRAREDHATHEIBITES (2

= )
cross-lingual transfer
training > inference
/ \ MPLM / \
5% /—\ X

[ Beim zweiten Gebrauch bereits undicht!!!

[ This was a gift for my son. He loved it. ]

P(X) l Y l

[ This was a gift for my son. He loved it. ] ’ ‘ [ Beim zweiten Gebrauch bereits undicht!!! ] ’

In summary, the product was [MASK] .

ELMHBJ
£

In summary, the product was [MASK] .

O =) d =
8 = T\ @ )

Is Prompt-Based Finetuning Always Better than Vanilla Finetuning? Insights
from Cross-Lingual Language Understanding (Ma et al., KONVENS 2023)

Jul. 2026

=8 RENTBEE MEFIRIE

EH-L, e

Case 2: BT RFITEIER
B S RIRESRARMER N, 1
RigRIERAMN AR, TBRIEIRES.

BIEEER

Step 1: Retrieval from high-resource language corpora Step 2: Prediction with a retrieval-augmented prompt

T e e S S BTR e I

English remsval Label Input:
Wanderful/ Works as Sado Saveds T )y dorr Sved!
staled’ (Does exactly what is advertised!)
(3
Wondertul! Work as stated! /1 |

summary, the product was great.

Cross-lingual

{ Wondumllwm;smr-du
ummary, the product was [MASK].

¥
Derdo Saverds T¢D pd)dorr Sod!
In summary, the product was [MASK].

!
maanmmaxq)aw,:@oa/
(Does exactly what is advertised!) :

Retrieval: prompt:
Wonderfull Work as stated! he product was great. gordo daberds
T80 ) dorr S50/ In summary, the product was [MASK].

Cross-Lingual Retrieval Augmented Prompt for Prediction:
Low-Resource Languages (Nie et al., ACL LT [t |
Findings 2023)
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MEEF ﬁﬁﬁ?’]?ﬁﬁ&g language vector
- EBEFWIEEE

‘ W= WALS / SSWL / PHOIBLE / Glottolog / Ethnologue s | 495 Syntax 103 BF. BEME. FEiE—2R13 WALS, SSWL,

— ¥ | mmmaE: ‘; _ | wE A/ EEAE _ Ethnologue :

L Y REFE—ESPRIE ) s T e t | &% Phonology 28 BRENRSERRN WALS, Ethnologue

, = BERME = 1; TR = 0 et , _

( - \ = ' | 1

L Zfl / BIERD | W el J| || B nventory | 158 GBS | BARBEGEE | PHOIBLE + PanPhon

T e R e » ! ; . , .

| [~] Language vector \ |= (407 B, BE, R 2] J ; 4 Family £93,700 BERRRSZRR Glottolog

2 : — | | | |

( ) E NBIFESH

| o-—-0 ¥ similarity / distance | 32 Geography = 299 5??32325;'-“57 Glottoslga,”\_NALS,
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_BEFORE VERB _AFTER VERB _BEFORE NOUN _AFTER NOUN # 3T

eng 1 0 1 0 - OJEIMERAE—XRE, tholHHEER
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A Balanced Data Approach for Evaluating Cross-Lingual
Transfer: Mapping the Linguistic Blood Bank (Malkin et
al., NAACL 2022)
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ARTICLE INFO

ABSTRACT

Keywords:

Multilingual natural language processing
Zero-shot learning

Transfer learning

Linguistics

Language similarity

We study the selection of transfer languages for different Natural Language Processing tasks,
specifically sentiment analysis, named entity recognition and dependency parsing. In order to
select an optimal transfer language, we propose to utilize different linguistic similarity metrics
to measure the distance between languages and make the choice of transfer language based
on this information instead of relying on intuition. We demonstrate that linguistic similarity
correlates with cross-lingual transfer performance for all of the proposed tasks. We also show
that there is a statistically significant difference in choosing the optimal language as the transfer
source instead of English. This allows us to select a more suitable transfer language which can
be used to better leverage knowledge from high-resource languages in order to improve the
performance of language applications lacking data. For the study, we used datasets from eight
different languages from three language families.
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Human model alignment

ST

Psycholinguistic

Neurolinguistic

Direct probability measurement

Sz

Metalinguistic prompting

Here are two English sentences: 1) A
whisk adds air to a mixture. 2) A cup
adds air to a mixture. Which one is more
acceptable? Respond with either 1 or 2.

S; = A whisk adds air to a mixture. —» @ — P(Sl)> P(Sy)

A cup adds air to a mixture. — — P(S,)

>
P(S2)?

— P(nln) > P(nzn)?

Minimal pair probing

classifier
Si— B B
internal activation
P(acceptable) =7 ‘/
classifier
Srrger— M MW |—

internal activation
P(unacceptable) =?

Diagnostic probing

— [l m— "

internal activation

Sl—’

Language Performance

T

Metalinguistic prompting

T

Direct probability measurement

? >

Neurolinguistic

Language Competence

Large Language Models as
Neurolinguistic Subjects: Discrepancy
between Performance and Competence
(He et al., ACL Findings 2025) 33
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Revised Hierarchical Model
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model of conceptualization 000 < +~_0 00 |
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Hickok, G., & Small, S. L. (Eds.). Verbal descriptor; ~ Visual features The Revised Hierarchical Model: A critical
(2016). Neurobiology of Language. review and assessment (Correia et al., concepts
Amsterdam: Elsevier. Bilingualism: Language and Cognition. 2025)

M FEF IS
JN Brain-Based Translation: fMRI Decoding of Spoken Words in Bilinguals Reveals
mejournatorevroscinc: | ganguage-lndependent Semantic Representations in Anterior Temporal Lobe

Brain-Based Translation: fMRI Decoding of Spoken Words in Bilinguals Reveals L anguage-Independent Semantic
Representations in Anterior Temporal Lobe (Correia et al., Journal of Neuroscience. 2014)
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Published as a conference paper at ICLR 2025
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The Semantic Hub Hypothesis: Language Models Share Len zh ten lzh len Tzh
Semantic Representations Across Languages and
Modalities (Wu et al., ICLR 2025) y —Bedeut
_beskre
Do Llamas Work in English? On the Latent Language of
Multilingual Transformers (Wendler et al., ACL 2024)
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s % B "2{¢25"("Toronto") % "BA%"("Ottawa")
31 - ;_p "Z{8%" ("Toronto”)
Language Transition Chinese, wrong % "SZ465" ("Toronto") %
30 ‘ : o >
Bi Derive f(-) on correct predictions to 62" ("Toronto") X /(@)
e approximate language transition
n+2 Object Extraction O ) "Ottawa" [
in Latent Language . "Ottawa" hy Final layer
n+1 @ [P  English, correct representation
" Relation Processing ! i . A;t)plly f(:)a Ia:yer nt
in Latent Language ayerreprassritation o mitigate language transition error
1
Embedding
0 Unembedding
h, m-thlayer
Embed representation

MEXNEPEBRE? EXE:
MEXEEBEME? ERE: [ : JEALE (Ottawa) J (What is the capital of Canada? The answer is:)

(What is the capital of Canada? The answer is:)

Lost in Multilinguality: Dissecting Cross-lingual Factual Inconsistency in

Transformer Language Models (Wang et al., ACL 2025) 36
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User Brompt Ll i e ) )
. . : S T Input: ISR B HRIBH AW BB, rlease exploin "7 718
English translation: What is the difference between the 24 75 i

Q \ Meccan and Medlinan surahs in the Holy Quran?

The difference between Meccan and Medinan surahs in the
Quran is a significant aspect of Islamic studies. Here's a

j Case 1 (aya-zh, id1)

Before Neuron Editing: English Translation: "To tear down the
eastern wall to repair the western wall" - Meaning: To solve a
problem by creating a new one, or to fix one issue by making

LLM Response

brief overview: another one worse.
m ioz Mec?can Su!'ahs(ies.a»m). ' After Neuron Editing: *ﬁ 7 _:;, 2176 bt
1. ®*Time period:** The Meccan surahs were revealed during B RE f oy =
the early years of Prophet Muhammad's prophethood, ... wo i duke B Ay ; -

o] &= )

(@) Indiduel Case Multilingual Llama3 2023-03-23 14:34:23 S EERY

oo (b) Aggregated Neuron Scores BREN T RAR NN EFENTEASE, AR
—&— Llama3 FFN value neurons 175 1 —8— Llama3 FFN value ne_urons u?&%i;,-:,u;:i‘ﬁfi H :
80 - 150 -
125 4
w 0 2 100 -
3 3
8 40 8 751 Mechanistic Understanding and Mitigation of Language
50 Confusion in English-Centric Large Language Models
201 - (Nie et al., EMNLP Findings 2025)
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