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elding promising results. In
this paper, we follow up on this research by study-
ing a phenomenon that has received much atten-
tion by linguists and for which the model requires
_ besides knowledge o! 0a
semantic understanding of the s

polarity items (NPIs).

In short, NPIs are a class of words that bear the
special feature that they need to be licensed by a
specific licensing context (LC) (a more elaborate
linguistic account of NPIs can be found in the next
section). A common example of an NPI and LC
in English are any and not, respectively: The sen-

tence He didn’t buy any books is correct, whereas
He did buy any books is not. To properly process
an NPI construction, & language model must be
able to detect @ relationship between & licensing
context and an NPL
Following Linzen et al.

et al. (2018), we devise several tasks to ass
SRt flie s e sadtionlaron

Abstract syntactic structure, yi

attempt to link the inner
workings of @ neural language model to lin-
focusing on a complex phe-
discussed in formal linguis-
y items. We briefly dis-
cuss the leading hypotheses about the licens-
ing contexts that allow negative polarity items
and evaluate to what extent a neural language
model has the ability t0 correctly process a
subset of such constructions. We show that the
nds a relation between the licensing
polarity item and ap-
of this context,

In this paper, wWe
guistic theory. & i ; i
nomenon well syntactic struc ure — al s.
tics: (negative) polarit entence: negative

model fi
context and the negative
pears to be aware of the scope
which we extract from a parse tree of the sen-
tence. With this research, we hope to pave the
way for other studies linking formal linguistics

to deep learning.
(2016) and Gulordava
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Abstract

We investigate the extent 1o which modern,
language models are susceptible t0

neural
enomenon whereby

structural priming, the phe
tructure of a sentence makes the same
structure more probable in a follow-up sen-
tence. We explore how priming can be used
to study the potential of these models to learn
abstract structural information, which is a
prerequisite for good performance on tasks
that require natural language understanding
skills. We introduce a novel metric and re-
lease PRIME-LM, a large corpus where we
control for various linguistic factors which
interact with priming strength. We find that
Transformer models indeed show evidence
of structural priming, but also that the gen-
eralisations they learned are to some extent
7 modulated by semantic information. Our ex-
periments also show that the representations
acquired by the models may not only encode

the s
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{ notion of structure in their representa-
tions, and about the best ways to even assess the
s of these models. A rich liter-
d in the last few years address-
often taking inspiration from
methodologies developed in theoretical linguistics,
psycholinguislics. neurolinguistics and language
acquisition research (Futrell et al. 2019; Ettinger,
2020; Boleda, 2020; Gauthier et al., 2020; Baroni,
e same questions have been asked
d/brain for centuries.
adition, this paper turns t0
structural priming to investigate the degree 1©©
which LMs encode abstract structural information
independent from the concrete words that make up
sentences. This phenomenon refers to the fact that
humans are more likely to produce—or to more eas-
ily comprehend—a sentence of a certain structure
X (the target) when they have been exposed before
to a sentence of a similar structure X (the prime),
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Pl: Arianna Bisazza

1. Improve language modelling efficiency for
low-resource languages using insights from
language acquisition

2. Investigate differences in learnability using
typological features
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Abstract

We introduce MultiBLiMP 1.0, a massively
multilingual benchmark of linguistic minimal
pairs, covering 101 languages and 2 types
of subject-verb agreement, containing more
than 128,000 minimal pairs. Our minimal pairs
are created using a fully automated pipe-
line, leveraging the large-scale linguistic
resources of Universal Dependencies and Uni-
Morph. MultiBLiMP 1.0 evaluates abilities of
LLM:s at an unprecedented multilingual scale,
and highlights the shortcomings of the cur-
rent state-of-the-art in modelling low-resource
languages.!

1 Introduction

Large language models (LLMs) are often trained

an hichlyv multilinonal carnara which enahle nncarce

syntactic aspect (Linzen et al., 2016; Warstadt
et al., 2020), where a formally competent LM is
expected to assign higher probability to the gram-
matical version. Such datasets, however, exist only
for English and a few other, mostly high-resource
languages (Gulordava et al., 2018; Mueller et al.,
2020; Taktasheva et al., 2024).

To accelerate progress in this direction, we
introduce MultiBLiMP 1.0, a massively mul-
tilingual benchmark of linguistic minimal pairs
covering two types of subject-verb agreement
(subject-finite-verb and subject-participle) for
number, person, and gender; created automati-
cally using two large-scale linguistic resources:
Universal Dependencies (UD, Nivre et al., 2016,
2020; de Marneffe et al., 2021) and UniMorph
(Batsuren et al., 2022). Multi-BLiMP is not only




- | The State of Multilingual Evaluation

o How do we evaluate the multilingual capacities of LLMs?
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0:03/0:07 @y & ¥ 2

Pl Google for Developers %
7

Our high-performing open models leverage the power of
GPUs, are available in a range of sizes (1B, 4B, 12B, 27B), and offer the
following capabilities:

# Faster on-device inference
# Support for 140+ languages
4 Multimodal understanding
¢ 128K-token context window
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Gemma 2 Gemma 3
2B 9B 27B 1B 4B 12B 27B

MGSM  18.7 57.3 68.0 2.04 34.7 64.3 74.3 )
GMMLU 43.3 64.0 69.4 24.9 57.0 69.4 75.7

WMT24+ 38.8 50.3 53.0 36.7 48.4 53.9 55.7 Reasoning
Flores 30.2 41.3 44.3 29.5 39.2 46.0 48.8 > MT
XQuAD 53.7 72.2 73.9 43.9 68.0 74.5 76.8 Knowledge retrieval

ECLeKTic 8.29 14.0 17.1 4.69 11.0 17.2 24.4
IndicGB 47.4 59.3 62.1 41.4 57.2 61.7 63.4 )

Table 13 | Multilingual performance after the pre-
training phase. IndicGenBench is an average over
benchmarks reported in Table 14.



Aya-expanse (Cohere For Al, 2024):

Task Dataset Metric Languages

DISCRIMINATIVE TASKS

Coreference Resolution XWinograd [Muennighoff et al., 2023] 0-shot Acc. 6
R XCOPA |[Ponti et al., 2020] 0-shot Ace. 11
e XStoryCloze [Lin et al., 2021] 0-shot Acc. 10
L o ST Global-MMLU [Singh et al., 2024a] 5-shot Acc. 23
SRETANR CICEmIeneRs INCLUDE [Romanou et al., 2024] (0-shot Ace. 44
GENERATIVE TASKS
Translation FLORES-200 |Goyal et al., 2021; NLLB-Team et al., 2022| 0-shot chrF++, xCOMET 23
Mathematical Reasoning MGSM |[Shi et al., 2023] 5-shot Acc 7
Multilingual ArenaHard (0-shot win-rate 23

Open-Brded Gersation Dolly Human-edited & Machine-translated [Singh et al., 2024b]  0-shot win-rate 23




- | The State of Multilingual Evaluation

o Evaluation focuses on downstream tasks

o Evaluation is often limited to high-resource languages




The State of Multilingual Evaluation

o What about linguistic evaluation?




- | Towards Multilingual Linguistic Evaluation

Why do we need multilingual linguistic evaluation?




- | Towards Multilingual Linguistic Evaluation

o Competence on downstream tasks depends on linguistic ability




Trends in
Cognitive Sciences

Feature Review

¢? CelPress

Dissociating language and thought in large

language models

Kyle Mahowald '**, Anna A. lvanova®°*, Idan A. Blank®*, Nancy Kanwisher**, Joshua B. Tenenbaum**, and

Evelina Fedorenko®*

Large language models (LLMs) have come closest among all models to date to
mastering human language, yet opinions about their linguistic and cognitive capa-
bilities remain split. Here, we evaluate LLMs using a distinction between formal lin-
guistic competence (knowledge of linguistic rules and patterns) and functional
linguistic competence (understanding and using language in the world). We ground
this distinction in human neuroscience, which has shown that formal and functional
competence rely on different neural mechanisms. Although LLMs are surprisingly
good at formal competence, their performance on functional competence tasks re-
mains spotty and often requires specialized fine-tuning and/or coupling with exter-
nal modules. We posit that models that use language in human-like ways would
need to master both of these competence types, which, in turn, could require the
emergence of separate mechanisms specialized for formal versus functional lin-
guistic competence.

Highlights

form of language right) and functional
linguistic competence (using language
to accomplish goals in the world) are dis-

The human brain contains a network of
areas that selectively support language
processing (formal linguistic compe-
tence), but not other domains like logical
or social reasoning (functional linguistic
competence).

In the late 2010s, large language

models trained on word prediction
tasks began achieving unprecedented




“We posit that models that use language in human-like ways
would need to master both

o Formal linguistic competence (knowledge of
linguistic rules and patterns) and

o Functional linguistic competence (understanding
and using language in the world)”

“Both formal and functional linguistic competence are
essential components of human language use: an effective
communicator needs to both generate grammatical,
meaningful utterances and strategically use those utterances
to achieve diverse, context-dependent goals”




- | Towards Multilingual Linguistic Evaluation

o Competence on downstream tasks depends on linguistic ability

o Typological transfer




Do Llamas Work in English?
On the Latent Language of Multilingual Transformers

Chris Wendler*, Veniamin Veselovsky*, Giovanni Monea*, Robert West* i
EPFL W “
{chris.wendler, veniamin.veselovsky, giovanni.monea, robert.west} @epfl.ch &S ACL 2024

Abstract

We ask whether multilingual language models
trained on unbalanced, English-dominated cor-
pora use English as an internal pivot language—
a question of key importance for understanding
how language models function and the origins
of linguistic bias. Focusing on the Llama-2 fam-
ily of transformer models, our study uses care-
fully constructed non-English prompts with a
unique correct single-token continuation. From
layer to layer, transformers gradually map an
input embedding of the final prompt token to
an output embedding from which next-token
probabilities are computed. Tracking intermedi-
ate embeddings through their high-dimensional
space reveals three distinct phases, whereby in-
termediate embeddings (1) start far away from
output token embeddings; (2) already allow for
decoding a semantically correct next token in
middle layers, but give higher probability to its
version in English than in the input language:
(3) finally move into an input-language-spe-
cific region of the embedding space. We cast
these results into a conceptual model where the
three phases operate in “input space”, “concept
space”, and “output space”, respectively. Cru-
cially, our evidence suggests that the abstract
“concept space” lies closer to English than to

Figure 1: Illustration of logit lens, which applies lan-
guage modeling head (here, Llama-2-7B) prematurely
to latent embeddings in intermediate layers, yielding one
next-token distribution per position (x-axis) and layer
(y-axis). We show final tokens of translation promp
(cf. Sec. 3.3) ending with “Frangais: "fleur" - 3 ™
(where “#7 " means “Chinese”). Final layer correctly
ranks “f£” (translation of “fleur”) on top, whereas inter-
mediate layers decode English “flower”. Color indicates
entropy of next-token distributions from low (blue) to
high (red). (Plotting tool: Belrose et al. (2023).)



- | Towards Multilingual Linguistic Evaluation

o Competence on downstream tasks depends on linguistic ability

o Typological transfer

o Investigating learnability of languages and inductive bias




Mission: Impossible Language Models

Julie Kallini', Isabel Papadimitriou’, Richard Futrell?,
Kyle Mahowald®, Christopher Potts'

!Stanford University; >University of California, Irvine; *University of Texas, Austin
kallini@stanford.edu

Abstract

Chomsky and others have very directly claimed
that large language models (LLMs) are equally
capable of learning languages that are possible
and impossible for humans to learn. However,
there is very little published experimental ev-
idence to support such a claim. Here, we de-
velop a set of synthetic impossible languages of
differing complexity, each designed by system-
atically altering English data with unnatural
word orders and grammar rules. These lan-
guages lie on an impossibility continuum: at
one end are languages that are inherently impos-
sible, such as random and irreversible shuffles
of English words, and on the other, languages
that may not be intuitively impossible but are
often considered so in linguistics, particularly
those with rules based on counting word posi-
tions. We report on a wide range of evaluations
to assess the capacity of GPT-2 small models
to learn these uncontroversially impossible lan-
guages, and crucially, we perform these assess-
ments at various stages throughout training to
compare the learning process for each language.

Random Word
Shuffles

Local Shuffles

Reversed Strings

Count-based
Grammar Rules

Attested
Languages

Figure 1: Partial impossibility continuum of languages
based on complexity. We assess the learnability of lan-
guages at different points in the continuum and push
the (currently unclear) boundary between possible and

impossible.

Impossible

Irreversible
Functions
e T———

Lacking
Information
Locality

P —_———
Unnatural

I_

Word Orders
| S —

Lacking
Hierarchical
Structure

Hierarchically
Structured
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o< | Multilingual Linguistic Evaluation

How can we understand a model’s linguistic abilities?

= Using carefully crafted minimal pairs we can investigate a model’s
performance on a specific phenomenon.




o< | Multilingual Linguistic Evaluation

= Using carefully crafted minimal pairs we can investigate a model’s
performance on a specific phenomenon.

How can we understand a model’s linguistic abilities?

= This type of experiment only requires access to the output
probabilities of the model.
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o< | Multilingual Linguistic Evaluation

= Using carefully crafted minimal pairs we can investigate a model’s
performance on a specific phenomenon.

How can we understand a model’s linguistic abilities?

= This type of experiment only requires access to the output
probabilities of the model.
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BLIMP

= Warstadt et al. (2020): Benchmark of Linguistic Minimal Pairs for
English

= Tests the capacity of language models for a wide range of linguistic
phenomena

= Allows us to test and compare language model performance regardless
of size

= Comparison done based on sentence probability:
P(grammatical sentence) > P(ungrammatical sentence)

Warstadt et al. (2020) - BLIMP: The Benchmark of Linguistic Minimal Pairs for English



e BLIMP

Phenomenon N  Acceptable Example Unacceptable Example

ANAPHOR AGR. 2 Many girls insulted themselves. Many girls insulted herself.

. 30 I Warstadt et al. (2020) - BLIMP: The Benchmark of Linguistic Minimal Pairs for English




e BLIMP

Phenomenon N  Acceptable Example Unacceptable Example

ANAPHOR AGR. 2 Many girls insulted themselves. Many girls insulted herself.

ARG. STRUCTURE 9  Rose wasn’t disturbing Mark. Rose wasn’t boasting Mark.
BINDING 7  Carlos said that Lori helped him. Carlos said that Lori helped himself.

. 33 I Warstadt et al. (2020) - BLIMP: The Benchmark of Linguistic Minimal Pairs for English




BLIMP

Phenomenon

Acceptable Example

Unacceptable Example

ANAPHOR AGR.
ARG. STRUCTURE
BINDING
CONTROL/RAISING
DET.-NOUN AGR.
ELLIPSIS

D o0 L 9O | Z

FILLER-GAP 7
IRREGULAR FORMS 2
ISLAND EFFECTS 8
NPI LICENSING 7
QUANTIFIERS 4
SUBJECT-VERB AGR. 6

Many girls insulted themselves.

Rose wasn’t disturbing Mark.

Carlos said that Lori helped him.

There was bound to be a fish escaping.

Rachelle had bought that chair.

Anne’s doctor cleans one important
book and Stacey cleans a few.

Brett knew what many waiters find.

Aaron broke the unicycle.

Which bikes is John fixing?

The truck has clearly tipped over.

No boy knew fewer than six guys.

These casseroles disgust Kayla.

Many girls insulted herself.

Rose wasn’t boasting Mark.

Carlos said that Lori helped himself.

There was unable to be a fish escaping.

Rachelle had bought that chairs.

Anne’s doctor cleans one book and
Stacey cleans a few important.

Brett knew that many waiters find.

Aaron broken the unicycle.

Which is John fixing bikes?

The truck has ever tipped over.

No boy knew at most six guys.

These casseroles disgusts Kayla.

Table 1: Minimal pairs from each of the twelve linguistic phenomenon categories covered by BLiMP. Differences
are underlined. N is the number of 1,000-example minimal pair paradigms within each broad category.

Warstadt et al. (2020) - BLIMP: The Benchmark of Linguistic Minimal Pairs for English




- | Extending BLIMP to other languages

= Recently many extensions of BLIMP have been proposed for other

languages:
= Dutch: BLIMP-NL
= Mandarin Chinese: ZhoBLiMP
= Russian: RuBLiMP
= Japanese: JBLIMP




- | Extending BLIMP to other languages

= Recently many extensions of BLIMP have been proposed for other

languages:
= Dutch: BLIMP-NL
= Mandarin Chinese: ZhoBLiMP
= Russian: RuBLiMP
= Japanese: JBLIMP

= All these efforts rely on linguistic experts of that language

= How can we scale linguistic evaluation beyond this?




5?&!{5 Introducing MultiBLiMP 1.0

o Pipeline for automatic minimal pair creation

o Coverage of...
e ...101 languages

e ...over 128.000 minimal pairs




%giﬁ’g MultiBLIMP Logic

o We focus on agreement, which can be expressed as a violation of a

morphological marker:
e The boy®® walks®® vs. *The boyS¢ walk"-




%ﬁ{g MultiBLIMP Logic

o We consider number, gender, and person agreement between
subject-verb and subject-participle




%ﬁ{g MultiBLIMP Logic

o We create multilingual minimal pairs using two resources:
e Universal Dependencies:
Provides syntactic structure to identify agreement relations

e UniMorph:
Provides morphological feature to form ungrammatical inflections




MultiBLIMP Pipeline

Language L French
Dependency D Subject-participle
Feature ¢ Gender

L € {Abkhaz, Albanian - Wolof, Yakut}
D e {subject-verb, subject-participle}
¢ € {number, gender, person}

Configuration I




2 | MultiBLIMP Pipeline

Language L French
Dependency D Subject-participle
Feature ¢ Gender

L € {Abkhaz, Albanian - Wolof, Yakut}
D e {subject-verb, subject-participle}
¢ € {number, gender, person}

n Configuration |

Treebank (UD) |
l Filter

[

I

I

I

- !

\ I

il est descendu |
RO bt ndro

I

I

Gender=MASC

- - - -

n Candidate Extraction (54.1)

=




% | MultiBLIMP Pipeline
Language L French L e {Abkhaz, Albanian - Wolof, Yakut}
Dependency D Subject-participle | D = {subject-verb, subject-participle}
Feature ¢ Gender ¢ € {number, gender, person}
n Configuration |
Treebank (UD) | subject participle
— Number=Masc Number=Masc
Fe———————— ‘ #(@SUBY = Masc, HPTCP = Masc) =616
: : #(@pSY®Y = Masc, HPTCP = Few) =4
: l UD Feature Collocation
1
! : I
! il descendu | P(&PTP= Masc | SUBY= Masc) = 98.1%
I ~ v PTCP_ SUBJ_ =1.9%
| Gl MASE : P(pPTCP=Fen | ¢ = Masc) = 1.9%
| Gender=MASC Number=SG 1 Agreement Likelihood |/
n Candidate Extraction (54.1) |—> Agreement Validation (54.2) |

=




Agreement Validation

o How do we ensure our minimal pairs capture grammaticality?

o The inflected form must raise an agreement violation
e ... otherwise we’d “punish” the LM for preferring the inflected form even if it would be
correct!

o English: The boys walk — *The boys walks
N;PL V;PL N;PL V;SG

o Turkish: Oglanlar yiiriiyorlar — Oglanlar Yyiiriiyor
N; PL V;PL N; PL V;SG




Agreement Validation

English
subject verb
Number=PL Number=PL

#Ho™= =PL, ™™ =PL) =616

(q)VERB SG q)SUBJ o PL) =42

UD Feature Collocation

P(¢"ER® = PL | ¢SYBY = PL) = 98.1%

P(¢VER® = SG | $SYBY = PL) = 1.9%

Agreement Likelihood

Agreement Validation

v/

Turkish
subject verb
Number=PL

Number=PL

™ = PL, 9™ = PL)= 1160
#(PVER® = SG, ¢°YB’ = PL) = 4442

UD Feature Collocation

P(¢"=R® = PL | $SU® = PL) = 20.7%
P(¢p"ER® = SG | $SUBY = PL) = 79.3%

Agreement Likelihood X

Agreement Validation



5&’{5 Agreement Validation

o We condition agreement on word order (SV / VS)
e E.g.in Dutch 2" person: jij maakt / maak jij

e Future work: condition on animacy, lemma, definiteness, etc.




5&’{5 Agreement Validation

o Measure significance with binomial test: p(P(X | X) > p,) > a
o Three conditions (p, = 0.9, a = 0.1):

e Certain agreement:
Binomial test significant

e No agreement:
Binomial test significant for p(P(X | X)) < p,

e Uncertain agreement:
Binomial test insignificant in both directions




Agreement Validation

Pagr(¢v |¢n’ WO)

¢" WO ¢  Dutch  Turkish
LS g 0w
v Ioome o
6 SV 6 s 0w
6 VS 6 omm o

Table 1: Dutch and Turkish agreement probabil-
ities for subject-verb number agreement. Signifi-
cant agreement is denoted in boldface. WO stands
for word order, either subject verb (SV) or verb

subject (VS).




2 | MultiBLIMP Pipeline

Language L French
Dependency D Subject-participle
Feature ¢ Gender

L € {Abkhaz, Albanian - Wolof, Yakut}
D e {subject-verb, subject-participle}
e {number, gender, person}

n Configuration |

Treebank (UD) |

l Filter

[

subject
Number=Masc

participle
Number=Masc

#(@pSY®Y = Masc, pPTCP = MAsc) 616
#(q)SUBJ = Masc, ¢pPTP = Fen) =

UD Feature Collocation

P(PPTOP= Masc | HSUBY= Masc) = 98.1%
P(q)PTCP: Fen | ¢SUBJ= Masc) = 1.9%

Agreement Likelihood

&

descendre descendu V.PTCP;PST;SG;MASC

E Find UniMorph Entry |

descendre descendue V.PTCP;PST;SG;FEM

Inflect ¢ & Find Match |

&(descendue) = {FEM}
&(il) = {MASC}

®(descendue) N d(il) = {}

E Validate Minimal Pair |

' Avoid syncretism:

The deer®® walks

The deer™ walk

n Candidate Extraction (54.1) |—> . Agreement Validation (54.2) —bn Inflection (54.2 |




% | MultiBLIMP Pipeline

Language L French
Dependency D Subject-participle
Feature ¢ Gender

L € {Abkhaz, Albanian - Wolof, Yakut}
D e {subject-verb, subject-participle}
e {number, gender, person}

n Configuration |

Treebank (UD) |

l Filter

[

subject
Number=Masc

participle
Number—MAsc

VerbForm=PTC
#(@SUBY = Masc, HPTCP = Masc) =616
#®SUB = Masc, GPTOP = Fen) =4
UD Feature Collocation

P((pPTCP: MASC | q)SUBJ: MASC) =98.1%
P(@FTP= Fen | 9SUB= Masc) = 1.9%

Agreement Likelihood

Candidate Extraction (54.1) —

Agreement Validation (§

—>n Inflection (54. d)

descendre descendu V.PTCP;PST;SG;MASC

Find UniMorph Entry |

descendre descendue V.PTCP;PST;SG;FEM

Inflect ¢ & Find Match |

&(descendue) = {FEM}
&(il) = {MASC}

®(descendue) N ¢(il) ={}

E Validate Minimal Pair | \/

il est descendu/*descendue

les chats sont tombés/*tombées
ma mere est partie/*parti

elles sont montées/*montés

H Generate Minimal Pairs

|L¥ = _Lilihsos...

505101520 -5 0 5 10 15 20
Distance Distance

m Downsample & Balance

=n Dataset Creation (54.4) |




Minimal Pairs

___________________________________________________________________________________________________

French SP-G L'argent qui devait financer le film n'est jamais [arrivé/*arrivée].

i Nhengatu SV-P Awa kuri ti uruyari, [tauyuka/*peyuka] kuri arupi aé. i
i Gheg Albanian  SV-P dhe ata e [pan/*pam)] se ky isht érrxue . i
i Wolof SV-# Njiitam Séydu Nuura Njaay woyof [na/*nanu]! i
i Low German SV-# De jungens [lachen/*lach] luudhals: »Ney, dat bust du!« i
i Faroese SV-# 1 2008 [var/*véoru] ASFALT t6 avlyst. i
i Latin SV-G sese propediem cum magno exercitu ad urbem [accessurum/*accessuram]. i
i Breton SV-# Ne [lennan/*lennomp]-me ket al lizher. i
i Kirghiz SV-P Banjap blillakTanibin, KeYMpUM Cypallibill, SKHHYM KaiiTanabaiiobi3 gen yoana [depuuer/*oepaux]. i
E Hebrew SP-# "NpTY AR [MRIRF/namR] "0 T99% AT R0an 200 R W on. i
i Spanish SP-# Ninguno de los dos escritores ha [colaborado/*colaborados] en los guiones. i
i Moksha SV-# BecTb 0umxuTh KapTa MOICH ajamaca Kyapsjac [éracs/*érass]. i
i Skolt Sami SV-P Son [vualgg/*vualgam], t6id nedvveez kuadd. i
| |
| |




“% | Language Distribution
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5&’7{5 Minimal Pairs

NUMBER SG Pl DU Total
SV VS SV VS SV VS SV A BOTH
S-Verb 88 (74) 82(63) 73 (58) 58 (43) 8 (3) 3 (2) 89 (79) 84 (65) 90 (80)

S-Participle 35 (33) 28 (d1) 23(18) 19(13) 3()  1(0) 35(33) 30(22) 35 (33)

' 63 languages with significant SG|SG
' agreement in Verb-Subject word order




5&’{5 LLM Experiments

Language Models:

Llama 3
Gemma 3
Aya
OLMo 2
Qwen3
EuroLLM

O O O O O O

o  GoldFish monolingual models (125M parameters, 1GB data / language)
> Serves as a monolingual baseline

Metric:

Accuracy(LM) = %[ P ,,(gram. sen.) > P , (ungram. sen.) ]




%ﬁﬁ'g LLM Results

Subject-Verb  Subject-Participle Resources Language Subset
Model Size Version N P G N P G Low Mid High GF Aya EU Eng All #best
88 base  84.2 87.8 88.0 89.4 94.0 88.0 77.2 90.3 96.2 89.4 952 92.7 994 86.9 0
Llama3 70B base
70B chat
Kre 39B chat i Number of languages
Y ' Low-, mid-, high-resource i significantly better than all |
27B base : language subsets | ! other models
Gemma3 | ! | .
4| = T o - 1 e
32B base FTTTTTTTTTTTTTTTTThTTToTToommemm
OLMo2 32B chat . Language subsets for GoldFish,
Aya and EuroLLM models :
Qwen3 14B chat L |
EuroLLM 9B base

Goldfish 125M




%i{g LLM Results

Subject-Verb  Subject-Participle Resources Language Subset
Model Size Version N P G N P G Low Mid High GF Aya EU Eng All #best

8B base  84.2 87.8 88.0 89.4 94.0 88.0 77.2 903 96.2 89.4 952 92.7 994 86.9 0

Llama3 70B base 874 91.2 91.1 92.1 1975 91.2 81.1 939 978N 92.6 1971 95.5 199:0 90.2 2

70B chat  86.5 903 90.3 91.7 lE2 90.6 80.3 [93.1 BOGEN 91.9 F96 2804 6 #8 §9.3 0
Aya 32B chat 829 87.8 88.1 874 95.1 87.0 757 894 97.7 89.0 97.3 92.8 98.4 86.4

(.

& , 27B base 872 9L1 913 928 966 917 783 963 98.0 932 97.4 97.1 98.6[%02
emmaz 578 chat 827 87.0 86.3 88.7 958 86.7 73.1 923 944 889 93.7 933 96.0 85.8

32B base 79.8 85.0 80.2 85.7 882 80.9 744 84.6 925 85.1 90.8 87.8 99.5 82.7
OLMo2

32B chat 782 839 79.1 842 87.1 80.0 725 83.6 919 84.0 90.0 86.9 99.1 81.5
Qwen3 14B chat  82.2 864 86.4 87.8 91.5 86.6 74.1 899 94.8 88.2 93.8 922 98.3 85.3
EuroLLM 9B base  82.7 86.5 87.6 89.1 71.5 89.4 72.6 92.0 95.7 889 949 96.7 99.4 85.8

oS O OO O|w

Goldfish  125M 924 953 92.2 952 95" 90.9 88.0 1956 959 93.8 95.2 958 964 93.8 14




Best LM per Language

Model Language Accuracy
Albanian 99.2 (p = 0.041)
Buriat 91.3 (p = 0.002)
Catalan 97.7 (p = 0.004)
Erzya 73.7 (p = 0.000)
Faroese 99.6 (p = 0.006)
Galician 98.3 (p = 0.001)
Icelandic 98.4 (p = 0.000
Boldeish Ligurian 94.5 8) = (J.()oog
Marathi 95.2 (p = 0.001)
Northern Kurdish  94.7 (p = 0.033)
Northern Sami 96.9 (p = 0.000)
Welsh 99.4 (p = 0.000)
Wolof 97.0 (p = 0.000)
Yakut 95.8 (p = 0.029)
Church Slavonic ~ 68.1 (p = 0.009)
Gothic 75.4 (p = 0.000)
Komi-Zyrian 77.2 (p = 0.070)
Llama3-70B  Latin 92.1 (p = 0.026)
Old French 81.8 (p = 0.001)
Old Russian 80.0 (p = 0.024)
Sanskrit 81.4 (p = 0.000)
aya-32b French 99.5 (p = 0.063)
Bulgarian 99.2 (p = 0.000)
gemma3-27b  Gheg Albanian 80.4 (p = 0.050)
Polish 98.8 (p = 0.002)




LLM Results

Llama3 Aya Gemma3 OLMo2 EuLLM GPT2 GF
ISO Language n 8B 8B-it tulu3 70B 8B-it 32B-it 4B 4B-it 12B 12B-it 27B 27B-it 32B 32B-it 9B x1 500M
abk Abkhazian 40| 650 625 625 700 550 675 550 275 425 425 715 700 700 67.5 475 525 | 715
aqz Akuntsu 141 357 429 [28:6 429 500 | 286 35.7 50.0 2Tl 35.7 EEESEN 35.7  28.6 571 357 —
sqi Albanian 2431 8.0 868 840 885 695 831 914 798 959 909 967 922 80.7 819 613 58.0 [99.2
amh Ambharic 1121000 973 768 982 973 99.1 955 821 964 893 964 91.1 964 938 946 91.1 964
grc Ancient Greek 3695| 86.8 863 854 908 789 877 778 648 857 732 877 799 912 903 87.7 645 88.1
hbo Ancient Hebrew 9831869 851 828 918 754 909 818 635 916 744 929 831 90.0 857 80.7 660 —
apu Apurina 281 964 964 964 964 750 929 929 750 964 893 857 929 964 893 964 | 679 —
hye Armenian 14151 96.5 953 943 984 796 937 951 842 973 900 979 939 869 849 7277  67.8 984
eus Basque 2731 94.1 952 930 952 908 912 934 890 960 941 971 894 90.1 905 91.6 894 989
bel Belarusian 2570 89.2 86.6 86.5 93.1 75.1 846 934 810 952 876 969 923 747 744 80.5 504 [ 973
ben Bengali 21(90.5 952 ¥100:08 952 714 952 952 905 952 905 952 8.7 810 857 85.7 47.6 100.0
bho Bhojpuri 341 853 765 706 824 588 824 706 61.8 765 676 824 794 559 67.6 67.6 58.8 88.2
bor Bordro 241 66.0 66.0 65.1 647 585 676 61.0 622 589 589 61.0 61.8 63.1 60.2 656 685 —
bre Breton 260 179456 93:1 927 950" 81.5 942 946 785 [969" 927 973" 935 750 64.6 86.2 504 1992
bul Bulgarian 24581936 913 904 960 764 855 968 879 978 939 992 958 89.7 8738 976 60.7 | 97.2
bua Buriat 103| 68.0 67.0 66.0 738 709 699 718 689 709 670 777 709 670 66.0 68.0 68.0 913
cat Catalan 22841948 933 944 96.1 888 951 947 853 962 905 964 926 909 902 DS 65.0 Ot
chu Church Slavonic 4166 63.7 612 616 681 599 642 598 56.1 638 621 663 623 640 61.1 63.0 613 —
xcl Classical Armenian 1623 | 70.0 67.7 656 754 60.7 696 673 587 732 616 769 705 664 65.1 64.1 SN —
ces Czech 42561921 91.0 895 957 940 970 920 818 952 885 962 915 837 828 B2 59.2 22
dan Danish 501100.0 98.0 98.0 100.0 960 100.0 100.0 86.0 100.0 98.0 100.0 100.0 900 88.0 100.0 88.0 100.0
nld Dutch 23311961 952 952 977 955 980 963 829 975 888 976 898 908 905 982 66.5 | 97.3
egy Egyptian (Ancient) 22 50.0 455 500 455 455 500 455 500 409 455 50.0 455 455 409 409 409 —
eng English 7701 994 994 986 990 990 984 982 934 990 956 986 96.0 995 99.1 994 983 964
myv Erzya 4641 52.2 552 556 569 539 54.1 519 50.6 463 444 526 463 57.1 558 352 547 IS
est Estonian 25751 796 776 763 867 627 749 [87.8 733 92777 85.1 954" 893 713 70.6 944 56.0 | 96.2
fao Faroese 232(79.7 828 802 884 625 759 819 698 879 836 948 89.7 832 784 74.6  56.0 | 99.6
fin Finnish 25701 914 906 89.8 945 745 860 946 857 963 914 964 939 915 0914 952 58.8 | 96.2
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has a positive impact on
grammaticality judgments
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Linear Modelling

What drives linguistic ability in
LLMs?

We fit a linear model to predict
the TSE,:
In P(sen9@™) - In P(sen“"9?M)

Coefficients tell us if a feature
has a positive impact on
grammaticality judgments

A(LLM) OLS B coefficients
Llama3-70B (R2=0.22) ® gemma3-27b (R?=0.26)
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Discussion / Outlook

o Moving beyond agreement:
e Agreement is very present in Indo-European languages

e How can we target a wider range of linguistic phenomena?
e  MultiBLiMP v2.0: word order

o Use MultiBLIMP for...

e Multilingual interpretability:
Do LLMs use similar circuits for the same phenomenon?
Does English always act as a pivot language?

e Language Learnability:
m Train LLMs on controlled (parallel) corpora
m  What typological features drive language acquisition?




Thanks for listening!
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