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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
LLMs at an unprecedented multilingual scale,
and highlights the shortcomings of the cur-
rent state-of-the-art in modelling low-resource
languages.1

1 Introduction

Large language models (LLMs) are often trained
on highly multilingual corpora, which enable users
to interact with them in a wide range of languages
(Grattafiori et al., 2024; Üstün et al., 2024). Multi-
lingual evaluation of LLMs, however, has mostly
focused on their functional linguistic competence
through tasks requiring world knowledge and lan-
guage understanding (Singh et al., 2024, 2025),
while little work has assessed their formal linguis-
tic competence, i.e., the ‘‘knowledge of rules and
statistical regularities of a language’’ (Mahowald
et al., 2024). In multilingual contexts, the latter
is commonly approximated intrinsically through
perplexity (Chang et al., 2024b) or extrinsically
through performance in generative tasks such as
translation or summarization (Dang et al., 2024).
These approaches do not truly disentangle formal
from functional competence. Moreover, they are
very coarse-grained and do not inform us on which
specific constructions a model does (not) master.

Both shortcomings are addressed by the de-
sign of targeted syntactic evaluation benchmarks,
typically structured as pairs of grammatical/
ungrammatical sentences differing by a single

1Code: github.com/jumelet/multiblimp.
Data: huggingface.co/datasets/jumelet/multiblimp.

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
a benchmark, but also a pipeline for the auto-
matic creation of highly multilingual benchmarks
(Figure 1), which can scale to many more linguis-
tic phenomena.

Taking subject-finite-verb2 and subject-
participle agreement as a use case, we present a
first version of the benchmark including more
than 128,000 minimal pairs across 101 languages.
We use this to evaluate 42 LLMs, finding that
linguistic competence is strongly driven by model
size and language frequency in training data
(Figure 7), is acquired during pre-training, and
can deteriorate as a result of post-training.

Besides its practical relevance for LLM eval-
uation, MultiBLiMP enables the study of the
learnability of specific linguistic constructions
cross-lingually in a unified framework, at a
much larger scale than currently possible (Mueller
et al., 2020), with future applications in LM
interpretability (Brinkmann et al., 2025) and quan-
titative typology (Levshina et al., 2023; Baylor
et al., 2024).

2Referred to in the following as subject-verb agreement
for simplicity.
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Figure 1: Pipeline of the minimal pair creation procedure of MultiBLiMP 1.0.

2 Background

2.1 Targeted Syntactic Evaluation
The syntactic abilities of language models have
commonly been evaluated using syntactic min-
imal pairs: sentence pairs that are altered in a
minimal way to create a specific grammatical-
ity violation. By comparing a model’s probability
judgment of the grammatical sentence to that of
the ungrammatical one, we can assess whether
it has acquired a notion of the underlying phe-
nomenon (we provide a technical description in
§6.1).

This approach to test language models was in-
troduced by Linzen et al. (2016), focusing on
English subject-verb number agreement. Specif-
ically, they extracted sentences from Wikipedia
and flipped the number of the verb without de-
tecting the subject, finding that models at that
time struggled considerably with increased dis-
tance between the subject and the verb, as well
as intervening nouns and other attractors. This
work was extended by Marvin and Linzen (2018),
who generated sentences with context-free gram-
mars, enabling them to increase the difficulty of
agreement across phrases and clauses. BLiMP
(Warstadt et al., 2020) extended this approach to
a wider range of linguistic phenomena, generating
minimal pairs with templates for many linguis-
tic phenomena by sampling from a vocabulary.
Hu et al. (2020) and Gauthier et al. (2020) both
present similar large-scale collections of syntactic
evaluation for English.

Rather than relying on minimal pairs, Pratapa
et al. (2021) develop a method to assess the mor-
phosyntactic well-formedness of model outputs
based on its dependency parse and a set of rules

automatically extracted from parsed corpora.
Their approach is complementary to ours as it
focuses on the well-formedness of a machine-
generate text as opposed to measuring the in-
trinsic syntactic abilities of a language model on
controlled stimuli. However, the requirement of
a well-performing parser in each language of in-
terest considerably limits the applicability of their
method to a wide set of languages.

Monolingual Non-English Benchmarks Min-
imal pair benchmarks have recently been devel-
oped for various other languages, using different
methods. Some use existing annotated sentences
from UD, some craft templates, and some others
are built by translating an English dataset.

For Chinese, Xiang et al. (2021, CLiMP)
generate minimal pairs with templates adapted
from BLiMP, while Song et al. (2022, SLING)
edit a constituency treebank with templates and
then verify the results with human annotators.
Liu et al. (2024, ZhoBLiMP) employ a mix-
ture of adapting paradigms from English BLiMP,
and extracting Chinese-specific paradigms from
syntax journals and textbooks. Someya and
Oseki (2023, JBLiMP) extract minimal pairs from
journal articles on Japanese syntax. Suijkerbuijk
et al. (2025, BLiMP-NL) create ten sentence pairs
per paradigm by hand for Dutch, as well as 90
more sentences generated by ChatGPT and then
hand-checked. Leong et al. (2023, LINDSEA)
present minimal pairs for Tamil and Indonesian
which are created using prompting with GPT-3.5
and GPT-4. Kryvosheieva and Levy (2025) create
minimal pairs specifically for Swahili noun class
agreement, Hindi split ergativity, and Basque verb
agreement, each chosen for their complexity.
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Closer to our approach, Taktasheva et al. (2024,
RuBLiMP) create pairs from UD-parsed sen-
tences using perturbation rules. Our approach,
too, leverages UD to identify syntactic relations,
which we extend multilingually by setting up a
language-agnostic minimal pair creation proce-
dure (§4).

Multilingual Two multilingual minimal pair
benchmarks are known to us. The largest, CLAMS
(Mueller et al., 2020), creates pairs for English,
German, Hebrew, Italian, and Russian for subject-
verb agreement by having native speakers trans-
late the sentences from Marvin and Linzen (2018)
where applicable. Gulordava et al. (2018) simi-
larly cover English, Hebrew, Italian, and Russian
for various types of agreement using sentences
from UD treebanks, in which content words are
swapped out with others of the same part-of-
speech to test the models’ reliance on semantics.
Two other notable related efforts present a mul-
tilingual benchmark for linguistic acceptability—
for which a model is fine-tuned to predict the
grammaticality of a single sentence instead of
judging a pair (Warstadt et al., 2019)—ScaLA,
which is part of ScandEval (Nielsen, 2023),
covering 5 Scandinavian languages, and MELA
(Zhang et al., 2024), covering a diverse set of 10
languages.

We see MultiBLiMP 1.0 as complementary to
all these efforts. While language-specific bench-
marks can provide tremendous depth on the
syntactic system of a language, it will prove chal-
lenging to scale such efforts to a wide variety of
languages. Our approach, on the other hand, fo-
cuses on ‘wide coverage’ and can therefore be of
use for both the evaluation of highly multilingual
LLMs and for quantitative typological studies.

2.2 Representation Sharing in LLMs

Various works have evaluated the degree to
which multilingual models make use of shared
syntactic representations across languages. Early
studies analyzed mBERT (Devlin et al., 2019)
and smaller-scale LSTM models trained on a
few languages, finding mixed evidence of shar-
ing (Pires et al., 2019; Mueller et al., 2020; Dhar
and Bisazza, 2021; Chi et al., 2020; Choenni
and Shutova, 2022). Focusing on modern-scale
LLMs, Wendler et al. (2024) find that models
trained on English-dominated corpora use English
to some degree as an internal ‘pivot language’

to solve tasks in other languages. Brinkmann et al.
(2025) find significant overlap between the repre-
sentations for number, gender, tense and other
morphosyntactic features. Similarly, Stanczak
et al. (2022) find overlap in the presentations of
morphosyntactic features, particularly for gram-
matical number. Ferrando and Costa-jussà (2024)
show the similar structures of circuits for subject-
verb agreement in English and Spanish. The emer-
gence of this kind of interpretability findings
highlights the exciting opportunities presented
by MultiBLiMP 1.0 for massively multilingual
interpretability.

3 Linguistic Resources

We briefly describe here the key linguistic re-
sources that we use to create MultiBLiMP: Uni-
versal Dependencies and UniMorph.

3.1 Universal Dependencies

Universal Dependencies (Nivre et al., 2016, 2020;
de Marneffe et al., 2021) is a multilingual treebank
collection containing 296 treebanks for 168 lan-
guages. Besides syntactic dependency relations,
UD also contains rich morphological feature an-
notations that we leverage in our pipeline. An
example of a UD-annotated sentence can be found
in Figure 1, step 1. We use UD version 2.15 for the
1.0 release of MultiBLiMP (Zeman et al., 2024).

We exclude treebanks of spoken language,
historical varieties, as well as certain genres,
e.g., technical manuals. Generally, we only ex-
clude treebanks for low-resource languages where
absolutely necessary, while for high-resource lan-
guages, we also exclude very small treebanks that
will be of little additional benefit, but may in-
troduce annotation inconsistencies. A full list of
the excluded treebanks with reasons for exclusion
can be found in Appendix A.1. We then con-
sider the union of all remaining treebanks for each
language.

3.2 UniMorph

UniMorph (UM, v4.0, Batsuren et al., 2022)
is a multilingual collection of morphological fea-
ture annotations, which define word-level features
such as NUMBER, MOOD, or GENDER for nouns, verbs,
and adjectives. It covers 183 languages in total, 81
of which are also covered by UD. Similarly to UD,
it uses a universal set of features (Sylak-Glassman
et al., 2015), making it highly suitable for our
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goal of defining a language-independent inflection
mechanism to create minimal pairs. UM entries
contain the lemma and morphological features of
a word form, making it possible to efficiently
disambiguate and create inflections. For exam-
ple, the English word saw is represented with
the following four entries, expressing its various
meanings:

lemma form features

see saw V;PST

saw saw N;SG

saw saw V;NFIN;IMP+SBJV

saw saw V;PRS;3;IND;PL

Note that features can be left implicit: The first
entry of past tense see does not specify PERSON or
NUMBER, indicating that this form covers all values
of those features. We preprocess UM features to
be compatible with UD feature values (SG→ Sing,
PRS→ Pres, etc.), and transliterate languages that
use different scripts from those in UD.

UD Features To broaden the number of lan-
guages for which we can create inflections, we
leverage the morphological feature annotations
that are present in UD, extending the approach
of UDLexicons (Sagot, 2018)—which covers 38
languages—to the 142 languages in UD that con-
tain annotations. For each language, we extract
the 〈lemma, form, features〉 triplets for each token
in the treebank. To ensure the quality of these
triplets, we incorporate their frequency to filter
out potential annotation errors. We make the as-
sumption that a 〈lemma, features〉 tuple should
map onto a single form; if the tuple yields mul-
tiple forms, it is likely that a feature has been
annotated erroneously.3 In such cases, we discard
all entries occurring three times less than the most
frequent entry. This procedure results in 4.2M
unique triplets for 142 languages, 61 of which are
not covered by UM.

4 Pipeline

Our pipeline for creating minimal pairs consists of
four stages. First, we extract suitable candidates
for a phenomenon using dependency parse trees

3For example, 〈walk, TENSE=PRES; PERSON=3; MOOD=IND;
NUMBER=SING〉 should map only to walks; if it would also yield
walk it indicates an annotation error. Since such annotation
errors are infrequent, we select the most frequent item instead.

(§4.1). This allows us to determine the key items
of interest for a phenomenon, like the subject and
verb in subject-verb agreement. Next, we validate
whether the agreement phenomenon is present in
that language based on UD collocation statistics
(§4.2). We then inflect one of the words with
respect to a particular feature (e.g., NUMBER) to
create an agreement violation (§4.3). By replacing
the item with this inflected form, we create the
ungrammatical counterpart for the minimal pair.
Finally, we create a minimal pair dataset for each
language, balancing the morphological features
and number of pairs (§4.4). We now explain this
procedure in more detail; a graphical overview is
provided in Figure 1.

4.1 Candidate Extraction

The 167 UD languages form the initial set of can-
didate languages we consider for our benchmark.
After having excluded some treebanks as de-
scribed in §3.1, we also set various sentence-level
constraints. Specifically, we discard sentences
containing reparandum dependencies or a
Style, Foreign, or Typo feature, which typi-
cally signal sentences that are malformed in some
way.

Filters To extract candidates for a particular
linguistic phenomenon, we define filters based
on dependency edges, part-of-speech tags, and
morphological features. In this paper, we restrict
our attention to various forms of subject-verb and
subject-participle agreement. The filters for this
phenomenon are defined as follows:

That is, we look for nsubj dependency edges
between a NOUN and a VERB and collect any aux-
iliary verb connected to it. If the VERB or one of
its auxiliaries has the feature VERBFORM=FINITE,
it is considered as a candidate for subject-verb
agreement. For finding subject-participle agree-
ment relations, we place an additional constraint
on the morphological features of the verb of
VERBFORM=PART. We drop subjects containing
conjunctions, since these may have conflicting
feature values. Furthermore, we drop verbs that
have an outgoing expl, csubj:outer, or
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nsubj:outer dependency, since these indicate
clausal subject constructions that may invalidate
our minimal pair formation methodology.

4.2 Agreement Validation
Determining whether a particular phenomenon
exists in a given language, and how it can be
expressed as a minimal pair, is challenging. We
address this with a data-driven procedure that
computes the probability of a language containing
a phenomenon, based on UD and UM annota-
tions.4 This acts as a final filter on the minimal
pairs, ensuring that our perturbed sentences are
actually ungrammatical in a given language.5

Agreement The agreement phenomena we fo-
cus on can be turned into a minimal pair by
changing the agreement feature on a word and
re-inflecting it:

The boys walk ⇒ ∗The boys walks
N;PL V;PL N;PL V;SG

Evaluating agreement in this way requires that the
inflected form is ungrammatical in this context.
For example, if we were to inflect a past tense verb
for NUMBER in English, the inflected form would
remain the same. Another example is Turkish,
where number is marked optionally on the verb:

Oğlanlar yürüyorlar ⇒ Oğlanlar yürüyor
N;PL V;PL N;PL V;SG

Both these constructions are correct, and the con-
struction with the singular verb is even more
frequent. A model provided with this minimal
pair would likely assign a higher probability to the
sentence with the singular verb and be penalized
for it, resulting in an incorrect assessment of the
model’s grammatical abilities.

Requirements Based on these observations, we
define two requirements to determine if a lan-
guage contains agreement for some feature φ
(Baker, 2008):

R1: φ must be specified for both elements of the
agreement relation, either lexically inherent

4An alternative to approaching this from a data-driven per-
spective would be to use typological databases like Grambank
(Skirgård et al., 2023) and WALS (Dryer and Haspelmath,
2013), but their discrete nature and framing agreement in
terms of being possible and not compulsory (Baylor et al.,
2023) make them unsuitable for our goals.

5In addition to this data-driven procedure, we also conduct
extensive spot checks to ensure our procedure yields valid
minimal pairs.

(la fille est tombée; the girl fell) or morpho-
logically realized (les garçons sont tombés;
the boys fell). This way, for example, we rule
out subject-verb gender agreement in En-
glish, since gender is not specified on verbs.
We easily validated this using UniMorph and
UD by checking whether both subjects and
verbs are annotated for the feature.

R2: Re-inflecting one of the elements with a dif-
ferent value for φ for one of the elements
must result in a grammatical violation. This
requirement is more challenging to test.

Collocations We approach Requirement 2 from
a collocational perspective—a similar approach
was used by Chaudhary et al. (2020) for grammat-
ical rule detection from treebanks. In a language
having strict subject-verb agreement for φ, we
expect very high co-occurrence between nouns
and verbs of the same feature value, and low
co-occurrence between nouns and verbs of con-
trasting values. This can be expressed as a con-
ditional probability:

Pagr(φ
v = x|φn = x,WO) ≈ 1 (1)

where φv and φn denote the feature of verb and
noun, x a specific feature value (e.g., SG or PL),
and WO the subject-verb word order (SV/VS). If
this probability is close to 1, it implies that the
feature of the noun co-occurs highly with that of
the verb, and the probability of the verb having a
contrasting feature value is close to 0.

Agreement can depend on various extra fac-
tors, such as word order. For example, person
agreement in Dutch depends on this: Second per-
son singular verbs in VS order lose their second
person ending and coincide with first person (jij
doet vs. doe jij). A different example is French,
for which subject-participle agreement depends
on the auxiliary: Participles inflect for NUMBER and
GENDER with an être auxiliary, but not with an
avoir auxiliary (elles sont montées vs. elles ont
monté). Arabic has flexible subject-verb order and
does not inflect for plural in VS order, but only
has agreement in SV order for human subjects.
In our pipeline we therefore condition Equation 1
on a binary word order feature, but leave a more
fine-grained exploration of agreement conditions
open for future work, for instance by extending
the data-driven agreement extraction approach of
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Pagr(φ
v|φn,WO)

φn WO φv Dutch Turkish

PL SV
PL 0.989 0.161
SG 0.011 0.839

PL VS
PL 0.990 0.000
SG 0.010 1.000

SG SV
PL 0.012 0.025
SG 0.988 0.975

SG VS
PL 0.008 0.018
SG 0.992 0.982

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).

Chaudhary et al. (2020) with word order and lex-
ical features.

Agreement Conditions We compute agreement
probabilities for each language, verb type (finite
main verb, finite auxiliary or participle), feature
value, and word order. We refer to this configu-
ration as an agreement condition. Probabilities
for each agreement condition are computed by
counting feature co-occurrences based on the mor-
phological annotations in the UD tree, using the
dependency relations we extract from UD (§4.1).
In case a feature is not annotated, we look it up
in UniMorph and, if present, take the value from
there. We only count co-occurrences for cases
where a feature is defined for both the subject and
the verb (e.g., NUMBER is not specified for past tense
verbs in English). Based on the co-occurrence
counts of the feature values, we then compute the
conditional probability distribution of Equation 1.

Note that it is possible this way for a language
to have strict agreement in only one direction.
We show an example in Table 1, providing
subject-verb number agreement probabilities for
two languages: Dutch, which has strict number
agreement for all conditions, and Turkish, where
plurality is optionally marked on the verb, but sin-
gular verbs are commonly used for both singular
and plural subjects. Dutch number agreement is
marked as significant for both singular and plu-
ral, whereas Turkish agreement only demonstrates
agreement for singular items.

Significance Since our procedure depends on
the amount of co-occurrence counts we can extract
from UD for a language, we need to determine
whether the collocation probability is statistically
significant. For this, we conduct a binomial test
to assess whether Equation 1 was significantly
greater than the baseline p0 = 0.9. To rule out
agreement, we conduct a binomial test in the op-
posite direction. If neither test is significant, we
mark agreement as being uncertain. For signifi-
cance we use α = 0.1 with Bonferroni correction.
We only proceed to the minimal pair creation
step for the agreement conditions that have certain
and uncertain agreement. The conditions with no
agreement are discarded.

4.3 Inflection
To form the ungrammatical counterpart of a sen-
tence extracted from UD, we inflect a specific
word to a different feature that makes the sentence
ungrammatical. For example, to create a minimal
pair for subject-verb number agreement for The
boy walks, we re-inflect the verb walk with NUM-
BER=PLUR to create ∗The boy walk. While we focus
here on GENDER, PERSON, and NUMBER, this can work
for any agreement feature annotated on the verb.

Our inflection procedure has two stages. We
start by defining the feature to inflect for, with
a candidate word from the filtered treebank of
§ 4.1. The first stage is to find the corresponding
lemma and morphological features of this word
in the UD and UM databases, based on its form
and the features that were annotated in the UD
tree. This may yield multiple candidate lemmas
and features, depending on the level of detail of
the UD features. In the second stage, we then find
all matching rows containing contrasting values
of the feature that we inflect for. The inflected
forms of these matching rows are the inflection
candidates that we use to create the minimal pairs.
By considering all opposite values we may create
multiple pairs from a single sentence, e.g., He is
[..] → He are/am [..].

4.4 Dataset Balancing
To level data imbalances, we limit the number
of minimal pairs per agreement condition to 100
items.

We obtain these 100 items using a weighted
downsampling procedure that also balances
sentence-level features. The features we incor-
porate in this procedure are: subject form, verb
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NUMBER SG PL DU Total

SV VS SV VS SV VS SV VS 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 (21) 23 (18) 19 (13) 3 (0) 1 (0) 35 (33) 30 (22) 35 (33)

GENDER MASC NEUT FEM Total

SV VS SV VS SV VS SV VS BOTH

S-Verb 31 (16) 27 (16) 13 (7) 13 (6) 30 (13) 25 (11) 34 (19) 30 (16) 34 (22)

S-Participle 26 (25) 25 (20) 11 (8) 11 (8) 20 (17) 20 (12) 26 (25) 26 (21) 26 (25)

PERSON 1 2 3 Total

SV VS SV VS SV VS SV VS BOTH

S-Verb 71 (42) 55 (25) 63 (32) 38 (15) 83 (62) 69 (38) 86 (66) 74 (44) 87 (68)

S-Participle 2 (1) 0 (0) 1 (1) 0 (0) 2 (2) 1 (0) 3 (2) 1 (0) 3 (2)

TOTAL 100 (85) 90 (66) 101 (87)

Table 2: The number of unique languages that yielded at least 10 minimal pairs, for each agreement
condition. The number between brackets denotes the number of languages for which the binomial test
of §4.2 was significant. SV and VS denote the subject-verb word order.

Figure 2: Number of minimal pairs per language in MultiBLiMP, split out for certain and uncertain agreement
cases using the agreement detection procedure of §4.2. Note the log-scale on the y-axis.

form, subject-verb distance, all attractors congru-
ent, and all attractors incongruent. The last two
features indicate whether the intervening material
between subject and verb contained items that
had a congruent or incongruent feature with re-
spect to the agreement feature that we re-inflect
(e.g., The keys to the cabinet are). We define
the sampling probability Q of a minimal pair as
the inverse of the joint probability of its features
P (x), assuming feature independence:

P (x) =
∏

i

P (xi) Q(x) =
P (x)−1

∑
i P (xi)−1

The feature probability P (xi) is expressed as the
relative frequency of the feature. By sampling
from Q (without replacements), we can balance
all features simultaneously. This results in a data-
set that is as balanced as possible for multiple fea-
tures, ensuring both lexical diversity and an even
spread of easier and harder sentences.

5 MultiBLiMP 1.0

We run our minimal pair creation pipeline for
two agreement phenomena and three features:
subject-verb and subject-participle agreement for
NUMBER, PERSON, and GENDER. Within each con-
dition we create sub-conditions based on the
inflected feature (SG→ PL, 2→ 3, etc.), and the
order of subject and verb. Our procedure results
in 128,321 minimal pairs across 101 languages.
The total number of minimal pairs we obtain
before balancing is 1.4 million. We provide an
aggregated overview of the number of languages
per condition in Table 2, and a sample of pairs
in Appendix A.2. Subject-verb number agreement
is the most common agreement type, with 90
languages, whereas we find subject-participle per-
son agreement for only 3 languages. We present
the number of minimal pairs per language in
Figure 2. We also provide a detailed breakdown
of the language families that are currently covered

199



Figure 3: Distribution of language families present
in MultiBLiMP 1.0. See Appendix B.1 for a de-
tailed version of this figure, including the individual
languages.

in MultiBLiMP 1.0 in Figure 3. There is a strong
Indo-European (IE) bias present in our minimal
pairs, caused both by the over-representation of
such languages in UD, as well as our choice to
focus on these types of agreement, which tend to
be more present in IE languages. In future itera-
tions of MultiBLiMP, we intend to broaden our
coverage by focusing on a more diverse set of
phenomena.

6 LLM Evaluation Setup

6.1 Metrics

Following prior work (Marvin and Linzen, 2018)
we measure the grammaticality of the predictions
of a model based on the probability it assigns to
a grammatical sentence versus an ungrammatical
one.6 We choose to evaluate on the sentence-
level, and not at the position of the key items,
as has been done previously (Linzen et al., 2016;
Jumelet and Hupkes, 2018), as this yields the same

6The best way to evaluate instruction-tuned LLMs on
minimal pairs and grammaticality remains a topic of de-
bate. ‘Meta-linguistic’ evaluation assesses grammaticality
judgments not based on direct probability comparisons, but
instead prompts the model to pick the grammatical sentence.
While Dentella et al. (2023) found GPT3’s abilities lacking
using this approach, Hu et al. (2024) show that direct evalua-
tion may yield better results, and Song et al. (2025) show that
meta-linguistic evaluation depends strongly on model size,
and outperforms direct evaluation for larger models.

metric for both subject-verb word orders. We use
two metrics in our experiments. The accuracy
score is based on the number of items for which
the model assigns a higher probability to the
grammatical sentence (s+):

Acc(M;D) =
1

|D|
∑

s∈D
1

[
PM(s+) > PM(s−)

]

for model M and minimal pair dataset D. We
also measure the certainty of a model’s judgment
as the log probability difference for the minimal
pair:

Δ(M;D) =
1

|D|
∑

s∈D
lnPM(s+)− lnPM(s−)

6.2 Language Models

We evaluate the following 42 LLMs, accessed
through HuggingFace (Wolf et al., 2020). For all
models, we evaluate both their base version (the
model after pre-training), and chat version (the
model after post-training).

• Llama3 (Grattafiori et al., 2024) in sizes 1B,
3B, 8B, and 70B. We also evaluate Tülu3
(Lambert et al., 2025), which is post-trained
on the Llama3 8B base model.

• Aya-expanse (Dang et al., 2024), in sizes
8B and 32B, which have been post-trained
on a set of 23 languages, 18 of which are in
MultiBLiMP 1.0.

• Gemma3 (Kamath et al., 2025) in sizes 4B,
12B, and 27B, which were pre-trained on
a balanced multilingual distribution of 140
languages.

• Qwen3 (Yang et al., 2025) in sizes 0.6B,
1.7B, 4B, 8B, and 14B.

• OLMo2 (OLMo et al., 2025) in sizes 1B, 7B,
14B, and 32B.

• EuroLLM (Martins et al., 2024), for sizes
1.7B and 9B, which are pre-trained on 35
(mostly) European languages, 32 of which
are present in MultiBLiMP 1.0.

Monolingual Models The aforementioned
LLMs are all multilingual, i.e., trained on a mix-
ture of different languages. To place their per-
formance into perspective, we also evaluate the
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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

Llama3
8B base 84.2 87.8 88.0 89.4 94.0 88.0 77.2 90.3 96.2 89.4 95.2 92.7 99.4 86.9 0

70B base 87.4 91.2 91.1 92.1 97.5 91.2 81.1 93.9 97.8 92.6 97.1 95.5 99.0 90.2 2
70B chat 86.5 90.3 90.3 91.7 97.2 90.6 80.3 93.1 96.9 91.9 96.2 94.6 98.3 89.3 0

Aya 32B chat 82.9 87.8 88.1 87.4 95.1 87.0 75.7 89.4 97.7 89.0 97.3 92.8 98.4 86.4 1

Gemma3 27B base 87.2 91.1 91.3 92.8 96.6 91.7 78.3 96.3 98.0 93.2 97.4 97.1 98.6 90.2 3
27B chat 82.7 87.0 86.3 88.7 95.8 86.7 73.1 92.3 94.4 88.9 93.7 93.3 96.0 85.8 0

OLMo2 32B base 79.8 85.0 80.2 85.7 88.2 80.9 74.4 84.6 92.5 85.1 90.8 87.8 99.5 82.7 0
32B chat 78.2 83.9 79.1 84.2 87.1 80.0 72.5 83.6 91.9 84.0 90.0 86.9 99.1 81.5 0

Qwen3 14B chat 82.2 86.4 86.4 87.8 91.5 86.6 74.1 89.9 94.8 88.2 93.8 92.2 98.3 85.3 0

EuroLLM 9B base 82.7 86.5 87.6 89.1 71.5 89.4 72.6 92.0 95.7 88.9 94.9 96.7 99.4 85.8 0

Goldfish 125M 92.4 95.3 92.2 95.2 98.2 90.9 88.0 95.6 95.9 93.8 95.2 95.8 96.4 93.8 14

Table 3: Average accuracies per LLM, split out for different phenomena and language subsets. N stands
for Number, P for Person, G for Gender. GF is the language subset of Goldfish languages; Aya the
subset of Aya languages; EU the subset of EuroLLM languages; Eng the performance on English. The
best performing model per category is denoted in boldface, but we exclude Goldfish models from this
ranking as they are only evaluated on a subset of languages. #best denotes the number of languages for
which this model was significantly better than the others.7

Goldfish suite (Chang et al., 2024b), a collection
of monolingual models each trained on the same
amount of data. This allows us to control for
language frequency differences, which is not
possible for the pre-trained LLMs. In our exper-
iments we consider the models trained on 1GB
of data, or the full models for languages with less
than 1GB available data. All models have 500M
parameters. Goldfish models exist for 70 out of
the 101 languages in MultiBLiMP.

6.3 Training Corpus Language Distribution

In our experiments we connect model performance
to the language distribution of the training data.
Since the training corpora of most LLMs are not
publicly available, we estimate this distribution
based on the language frequencies of Kargaran
et al. (2024), which were computed on a 3.9T token
split of the Common Crawl corpus. Common
Crawl provides a good reflection of the language
distribution of the web-scraped data that is at the
core of many LLM training corpora.

7 Experimental Results

7.1 General Performance

We report the average accuracy of the largest
model for each model family in Table 3. We
consider results separately for subject-verb and

subject-participle agreement, and then split fur-
ther by feature between Number, Person, and
Gender. We also report results for language sub-
groups split based on the Common Crawl language
frequencies: low-resource for the least frequent
60% languages, mid-resource for the languages in
the 60–90% frequency range, and high-resource
for the most frequent 10% languages. Finally, we
report results for the language subsets of the Gold-
fish, Aya, and EuroLLM models; performance on
English and the overall average. We also denote
the number of languages for which a model was
significantly better than all other models.7

Llama3-70B-base and Gemma3-27B-base per-
form best overall, both scoring 90.2% on average.
These two models also score best on most of
the categories, with the Llama model scoring
better on low-resource languages, and Gemma
better on mid- and high-resource languages. For
all models, performance increases with language
frequency, demonstrating much of the variance
in linguistic ability can be explained by data dis-
parity. Gemma3-27B-base outperforms the Aya
and EuroLLM models on their specific language
subsets, validating the claim of Kamath et al.
(2025) that its better balance of languages leads

7We conduct a McNemar test between the best and
second-best model based on the item-level binary gram-
maticality judgments, with p < 0.1 as significance
threshold.
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Figure 4: The impact of model size (in number of
parameters on a log scale) against overall Multi-
BLiMP accuracy for the Llama3, Qwen3, Gemma3,
and OLMo2 model families.

to strong multilingual performance. Interestingly,
both these models are still being outperformed by
the Goldfish model series. The Goldfish models
are significantly better on 14 out of 101 languages,
whereas Llama3-70B and Gemma3-27B are best
for 2 and 3 languages, respectively. We present
the best model per language in Appendix B.2,
and a breakdown of per-language performance in
Appendix B.3.

7.2 Impact of Model Properties

We investigate how model properties drive perfor-
mance, focusing on model size and post-training.
For this analysis we make use of the full set of
all 42 LLMs described in §6.2. We fitted a linear
regression model to predict the average accuracy
of the LLMs, using model size as a continuous
variable, model family as a categorical fixed ef-
fect, and a binary indicator for post-training status
(post-trained vs. base).

The fitted model yields an R2 of 0.936. Model
size has a significantly positive impact on per-
formance (β = 4.30; t = 15.88). Post-training,
however, has significantly negative impact on
performance (β = −3.29; t = −6.47). This
finding is in line with Chirkova and Nikoulina
(2024), who report that instruction tuning (a
stage of post-training) can have a negative effect
on multilingual fluency in LLMs.8 We illus-
trate this in Figure 4 for the four largest model
families: Performance increases with size, and

8We experimented with different chat templates for the
chat version of the Gemma3 models, but did not observe
any improvement. We leave more elaborate ‘prompt engi-
neering’ open for future work.

post-trained models consistently underperform
their base version.

7.3 Cross-Model Comparisons
While the previous experiment demonstrates that
model size and post-training have an impact on
performance, it remains unclear how individual
languages are impacted by this. To investigate
this, we plot the language-level performance of
various models against each other in Figure 5.

We consider the impact of language-specific
post- and pre-training in Figure 5a) and 5b),
comparing the chat version of Llama3-8B to
Aya-8B and the base version of Llama3-8B to
EuroLLM-9B. We have highlighted the specific
languages on which Aya has been post-trained,
and EuroLLM has been pre-trained. Languages
outside this selection do not appear to benefit from
cross-lingual transfer, as both Aya and EuroLLM
perform worse than Llama3-8B in the languages
they were not trained on, and McNemar testing
shows Llama3-8B is significantly better than Aya
for 43 languages, and better than EuroLLM for 31
languages. This suggests that language-specific
pre-training has a stronger effect on linguistic
ability than post-training: EuroLLM significantly
outperforms Llama3-8B on 19 of its 32 languages
(59%), whereas Aya only outperforms it on 8
out of its 18 languages (44%). Further research
in a setting with better control over the train-
ing data is needed to identify more precisely the
data properties that drive multilingual grammar
acquisition.

Next, we consider the impact of model size
in Figure 5c, by comparing the 8B model to the
70B model. The average performance goes up
from 86.9% to 90.2% for this model, driven by
gradual improvements: no language improves by
more than 10%, but almost all languages improve
to some degree. We also conduct a McNemar test
between the two models, with p < 0.05, resulting
in Llama3-70B being significantly better for 48
languages, and none the other way around.

Finally, we look at the impact of mono-
lingual vs. multilingual language modelling in
Figure 5d. Goldfish models significantly outper-
form Llama3-8B for 39 out of 70 languages,
whereas Llama performs better only for 7 lan-
guages. This warrants a more detailed investiga-
tion in future work, to assess if this difference
is solely driven by differences in data frequency
and data quality, or by the multilingual LLM
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Figure 5: Average accuracy score per language, plotted for Llama3-8B chat (a) and base (b–d) against various
other models. The Aya and EuroLLM languages are a subset of the Certain Agreement class, and are highlighted
for visualization purposes.

having to handle all these languages in a shared
representation space (Chang et al., 2024a).

7.4 What Factors Drive Performance?

We set up a linear modelling experiment in which
we predict the Δ scores (§6.1) of a few mod-
els based on various factors that we hypothesize
to be driving model judgments. We include the
following fixed effects in our regression model:
the six agreement types as categorical variables;
subject-verb distance; perplexity of the gram-
matical sentence; sentence length; subword delta
expressing the difference in the number of sub-
words for the grammatical and ungrammatical key
item; two binary features denoting if the interven-
ing material between subject and verb contained
congruent or incongruent attractors; and the
language frequency of §6.3. To interpret this
model, we plot the β coefficients for the standard-
ized factors, fitted for the two best-performing
LLMs (Llama3-70B and Gemma3-27B), and the
Goldfish models.

Results As shown in Figure 6, the agreement
type coefficients show that person agreement
yields high Δ scores (i.e., more confidence in
detecting the grammatical sentence). This can be
due to the fact that first and second person sub-
jects tend to be closed-class pronouns, whereas
gender and number agreement requires acquisi-
tion of open-class subject features. Surprisingly,
subject-verb distance does not have a negative
impact on Δ: One might expect agreement to be
more challenging for long-distance dependencies.
An increase in sentence perplexity strongly de-

Figure 6: The β coefficient estimates of OLS models
fitted on Δ scores of Llama3-70B, Gemma3-27B, and
Goldfish.

creases Δ: The more surprised a model is by a
sentence, the less likely it is to make the right
grammaticality judgment.

Another important factor with a negative ef-
fect is the subword delta: If the correct form of
the verb is split into more subwords than the in-
correct form, the model is more likely to make
a wrong judgment. As we expected, incongruent
attractors result in a decrease in Δ, while congru-
ent attractors boost it. Finally, language frequency
has a positive effect on the performance of the
LLMs, whereas for Goldfish (which controls for
frequency) this is not the case. This is the only
factor for which the Goldfish coefficient is op-
posite to the LLMs, for all other factors it is
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Figure 7: Gemma3-27B accuracy per language on
MultiBLiMP 1.0, plotted against language frequency
in Common Crawl. Accuracy is measured based on the
model assigning a higher probability to a grammatical
sentence over a minimally different but ungrammati-
cal sentence. Languages are coloured by their positive
or negative deviation from the general trend of ac-
curacy increasing with corpus frequency, highlighting
languages that over- or underperform relative to the
amount of resources available for them.

similar. A more detailed breakdown of impact of
language frequency on Gemma3-27B is shown
in Figure 7, where we highlight the languages
that over- and underperform with respect to a
fitted logistic curve. An interesting question for
future work would be to investigate the extent to
which the variance in performance is driven by
typological features.

8 Discussion and Conclusion

Takeaways for Model Training Based on the
results of evaluating 42 LMs on MultiBLiMP
1.0 and analyzing the results, we formulate sev-
eral recommendations for the training of future
massively multilingual models. Based on the com-
parison between Aya and EuroLLM in Figure 5,
we surmise that to boost specific focus languages,
fine-tuning is not as effective as pre-training. We
observed that the Goldfish models significantly
outperform LLMs as large as 70B parameters
on 14 out of 101 languages, many of them low-
resource. This suggests that formal linguistic com-
petence can greatly suffer when the training data
of a particular language only forms a tiny part
of the general mix—especially if that language is
not closely related to the bulk of this mix. Thus,

communities of languages underserved by current
NLP technology may be best helped not by inte-
grating their languages into LLM projects, but by
more targeted regional LM initiatives. Our finding
that the accuracy on MultiBLiMP 1.0 depended
strongly on the difference in number of subwords
between the correct and the incorrect inflection
is in keeping with previous work (Rust et al.,
2021, i.a.) which suggested that performance dif-
ferences between languages in multilingual LLMs
are strongly driven by the space allocated to the
language in the tokenizer. Taken together, these
results call for new tokenization strategies to
mitigate this issue (Mielke et al., 2021).

The Potential of Multilingual Annotated Re-
sources in the Age of LLMs The creation of
MultiBLiMP 1.0 was only possible due to the exis-
tence of UD and UniMorph, both large resources
created by a large number of annotators over
many years. While these resources have become
increasingly marginalised since the introduction
of LLMs, we see this work as a prime example of
their continued usefulness. The wealth of linguis-
tic knowledge that is captured by these resources
will continue to prove invaluable for informed
linguistic evaluation of LLMs (Opitz et al., 2024).

Future Work We see two major opportuni-
ties for future work. First, we plan to expand
MultiBLiMP 1.0 to more constructions beyond
subject-verb agreement, investigating more di-
verse phenomena not attested in English and
broadening the current language set. Second, this
benchmark presents a unique opportunity for com-
putational typology, due to the diverse set of
languages included and the number of phenomena
covered. We hope that MultiBLiMP will enable
learnability studies across typologically diverse
languages, bringing new insights into their lin-
guistic structure, but also into the work that is
needed to put them onto equal footing in language
modelling.

Limitations

Our minimal pair creation procedure is limited
by the size, diversity, and annotation quality of
the resources which we rely on, namely, UD
and UniMorph. Extending our procedure to more
complex phenomena may also be challenging,
since it requires one to define grammaticality
violations in terms of morphological inflections.
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We are further limited by the sheer number of
languages in our benchmark, which makes manual
evaluation cost-prohibitive, except for spot checks
for a subset of languages. We see MultiBLiMP as a
continuous effort, for which we have already taken
feedback from language experts in our network
and adjusted individual languages accordingly.
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Jemima A. Goodall, Victoria Gruner, Andrew
Harvey, Rebekah Hayes, Leonard Heer,
Roberto E. Herrera Miranda, Nataliia Hübler,
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A Additional Details

A.1 Excluded Treebanks and Criteria
We exclude a number of treebanks for various
reasons. For low-resource languages, treebanks
are only excluded where absolutely necessary,
for high-resource languages, treebanks may be
excluded to make the resulting genres and anno-
tation schemata more uniform. An overview of
the treebanks we removed is provided in Table 4.
We remove diacritics from Latin, Slovenian, and
Western Farsi, and cantillations from Biblical He-
brew to ensure consistency between their UD and
UM data sources. We transliterate Uyghur from
Arabic to Latin, Sanskrit from Latin to Devana-
gari, and Tatar from Latin to Cyrillic using the
official guidelines https://suzlek.antat
.ru/about/TAAT2019/8.pdf. We skip all
UD languages that do not have an ISO-639-3
code: code-switched Frisian Dutch, Turkish Ger-
man, and Telugu English, as well as Cappadocian,
Maghrebi Arabic French, Pomak.

A.2 Minimal Pair Sample
Figure 8.

Language Corpus Characteristics

Vietnamese TueCL Spoken
Hebrew IAHLTknesset Spoken
Hebrew IAHLT Incompatible with HTB
Latvian Cairo Only 20 sentences
German LIT Historical
German HDT Annotation quality
Czech Poetry Genre
Russian Poetry Genre
Slovenian SST Spoken
Faroese FarPaHC Historical
Icelandic IcePaHC Historical
English GUM Spoken (among others)
English Pronouns Niche
English ESLSPok Spoken
English CTeTex Technical genre
Sanskrit UFAL Comparatively small
French ParisStories Spoken
French Rhapsodie Spoken
Galician CTG Low star rating
Italian Old Historical
Italian Valico Learner corpus
Romanian Nonstandard Genre
Romanian ArT Dialect
Spanish COSER Spoken
Class. Chinese TueCL Comparatively small

Table 4: Excluded treebanks with reasons.

Figure 8: Sample of sentences from MultiBLiMP 1.0. The full dataset can be found at huggingface
.co/datasets/jumelet/multiblimp.
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B Complementary Results

B.1 Language Distribution
Distribution of the number of language families
and languages present in MultiBLiMP 1.0:
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B.2 Significantly Best Model per Language

Model Language Accuracy

Goldfish

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)

Ligurian 94.5 (p = 0.000)

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)

Llama3-70B

Church Slavonic 68.1 (p = 0.009)

Gothic 75.4 (p = 0.000)

Komi-Zyrian 77.2 (p = 0.070)

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)

gemma3-27b
Bulgarian 99.2 (p = 0.000)

Gheg Albanian 80.4 (p = 0.050)

Polish 98.8 (p = 0.002)

B.3 Language-specific Results
Table 5.
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Llama3 Aya Gemma3 OLMo2 Qwen3 EuroLLM Goldfish

ISO Language n 8B 70B 70B-it 32B-it 27B 27B-it 32B 32B-it 14B-it 9B 125M

abk Abkhazian 40 65.0 70.0 60.0 67.5 77.5 70.0 70.0 67.5 55.0 47.5 77.5
aqz Akuntsu 14 35.7 42.9 35.7 28.6 35.7 14.3 35.7 28.6 35.7 57.1 —
sqi Albanian 243 86.0 88.5 90.9 83.1 96.7 92.2 80.7 81.9 85.2 61.3 99.2
amh Amharic 112 100.0 98.2 97.3 99.1 96.4 91.1 96.4 93.8 94.6 94.6 96.4
grc Ancient Greek 3695 86.8 90.8 91.3 87.7 87.7 79.9 91.2 90.3 84.7 87.7 88.1
hbo Ancient Hebrew 983 86.9 91.8 90.2 90.9 92.9 83.1 90.0 85.7 83.7 80.7 —
apu Apurinã 28 96.4 96.4 96.4 92.9 85.7 92.9 96.4 89.3 96.4 96.4 —
hye Armenian 1415 96.5 98.4 97.3 93.7 97.9 93.9 86.9 84.9 94.8 72.7 98.4
eus Basque 273 94.1 95.2 96.3 91.2 97.1 89.4 90.1 90.5 95.6 91.6 98.9
bel Belarusian 2570 89.2 93.1 91.6 84.6 96.9 92.3 74.7 74.4 85.2 80.5 97.3
ben Bengali 21 90.5 95.2 95.2 95.2 95.2 85.7 81.0 85.7 95.2 85.7 100.0
bho Bhojpuri 34 85.3 82.4 85.3 82.4 82.4 79.4 55.9 67.6 73.5 67.6 88.2
bor Borôro 241 66.0 64.7 64.3 67.6 61.0 61.8 63.1 60.2 63.1 65.6 —
bre Breton 260 94.6 95.0 96.2 94.2 97.3 93.5 75.0 64.6 80.0 86.2 99.2
bul Bulgarian 2458 93.6 96.0 95.0 85.5 99.2 95.8 89.7 87.8 94.8 97.6 97.2
bua Buriat 103 68.0 73.8 73.8 69.9 77.7 70.9 67.0 66.0 67.0 68.0 91.3
cat Catalan 2284 94.8 96.1 95.8 95.1 96.4 92.6 90.9 90.2 93.9 95.5 97.7
chu Church Slavonic 4166 63.7 68.1 67.5 64.2 66.3 62.3 64.0 61.1 62.3 63.0 —
xcl Classical Armenian 1623 70.0 75.4 74.7 69.6 76.9 70.5 66.4 65.1 72.0 64.1 —
ces Czech 4256 92.1 95.7 94.8 97.0 96.2 91.5 83.7 82.8 90.4 97.2 92.2
dan Danish 50 100.0 100.0 100.0 100.0 100.0 100.0 90.0 88.0 100.0 100.0 100.0
nld Dutch 2331 96.1 97.7 95.6 98.0 97.6 89.8 90.8 90.5 91.0 98.2 97.3
egy Egyptian (Ancient) 22 50.0 45.5 50.0 50.0 50.0 45.5 45.5 40.9 50.0 40.9 —
eng English 770 99.4 99.0 98.3 98.4 98.6 96.0 99.5 99.1 98.3 99.4 96.4
myv Erzya 464 52.2 56.9 53.4 54.1 52.6 46.3 57.1 55.8 54.1 55.2 73.7
est Estonian 2575 79.6 86.7 86.0 74.9 95.4 89.3 71.3 70.6 79.5 94.4 96.2
fao Faroese 232 79.7 88.4 85.8 75.9 94.8 89.7 83.2 78.4 75.0 74.6 99.6
fin Finnish 2570 91.4 94.5 93.8 86.0 96.4 93.9 91.5 91.4 87.1 95.2 96.2
fra French 2548 98.7 99.0 98.0 99.5 99.1 96.4 98.6 97.8 97.5 99.1 98.5
glg Galician 753 89.9 92.3 91.4 89.6 94.7 88.8 84.3 83.9 88.7 95.2 98.3
kat Georgian 204 97.5 96.6 94.6 95.6 94.6 94.1 87.3 87.3 98.0 95.1 96.6
deu German 2298 98.0 99.0 97.5 98.9 98.8 94.1 97.3 97.0 96.0 98.8 98.0
aln Gheg Albanian 677 72.8 76.4 75.5 76.8 80.4 74.0 73.1 70.3 69.3 66.9 —
got Gothic 1579 68.3 75.4 69.2 63.4 55.9 56.0 63.7 62.5 58.6 60.4 —
guj Gujarati 7 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
heb Hebrew 2330 88.1 90.0 90.4 90.9 90.7 84.1 80.1 78.1 81.9 71.2 85.9
azz H-P Nahuatl 207 69.1 67.1 67.6 70.5 65.7 66.2 65.2 67.1 68.6 72.5 —
hin Hindi 1447 99.3 99.3 99.2 99.6 99.2 98.5 98.3 98.3 98.4 99.0 98.7
hit Hittite 50 62.0 66.0 58.0 52.0 46.0 46.0 58.0 62.0 58.0 36.0 —
hun Hungarian 845 97.3 99.2 98.6 90.4 99.1 94.7 88.0 86.4 94.6 98.3 97.5
isl Icelandic 2801 85.3 91.0 90.7 81.7 96.0 90.6 79.7 79.3 81.9 67.8 98.4
gle Irish 28 82.1 78.6 89.3 82.1 64.3 57.1 82.1 85.7 78.6 82.1 92.9
ita Italian 2999 96.2 97.7 97.0 97.3 97.0 92.5 91.8 90.7 95.4 97.1 94.6
quc K’iche’ 131 69.5 65.6 70.2 71.0 61.8 62.6 65.6 67.2 67.9 78.6 —
xnr Kangri 86 77.9 74.4 75.6 79.1 73.3 75.6 74.4 67.4 72.1 74.4 —
krl Karelian 260 65.8 68.1 69.6 61.2 68.5 68.8 56.2 53.5 53.8 67.7 —
kxh Karo (Ethiopia) 120 45.0 45.0 46.7 40.0 50.0 45.0 40.0 40.8 45.8 47.5 —
kaz Kazakh 173 87.3 94.8 93.6 82.1 94.8 93.1 80.9 77.5 93.6 74.0 97.1
kir Kirghiz 185 95.1 96.8 95.1 91.9 96.8 92.4 88.6 90.3 93.5 88.1 98.4
koi Komi-Permyak 43 60.5 51.2 48.8 53.5 60.5 60.5 44.2 41.9 48.8 55.8 —
kpv Komi-Zyrian 320 68.4 77.2 75.6 66.9 69.4 60.0 54.4 55.0 52.2 51.6 70.9
lat Latin 3149 87.0 92.1 91.6 85.1 87.6 81.6 84.7 83.8 81.4 84.7 90.7
lav Latvian 3032 82.5 89.2 87.5 75.6 95.1 90.6 75.5 73.9 88.7 96.6 96.8
lij Ligurian 254 72.8 77.2 80.3 80.3 81.5 79.9 59.1 56.7 79.9 70.9 94.5
lit Lithuanian 1180 93.6 96.6 96.1 92.3 98.1 95.5 85.1 83.2 96.3 98.5 97.9
olo Livvi 190 79.5 86.3 82.1 67.4 83.2 70.5 67.4 60.0 66.8 76.8 —
nds Low German 1774 71.6 73.2 73.0 72.2 71.1 67.4 65.1 62.7 68.8 70.8 72.6
mkd Macedonian 39 94.9 100.0 97.4 92.3 97.4 92.3 82.1 79.5 89.7 79.5 100.0
mar Marathi 460 81.7 85.4 90.2 76.5 90.2 88.3 83.0 85.9 86.3 60.4 95.2
frm Middle French 294 96.9 98.3 97.6 94.2 95.6 91.2 96.9 93.9 94.9 96.9 —
ell Modern Greek 1096 97.9 99.3 98.4 99.2 99.5 97.2 96.9 95.2 97.9 99.3 98.8
mdf Moksha 82 56.1 43.9 52.4 56.1 56.1 58.5 50.0 50.0 51.2 51.2 70.7
yrl Nhengatu 720 59.4 63.1 62.9 62.1 55.1 56.9 61.0 58.9 60.8 61.3 —
pcm Nigerian Pidgin 26 92.3 96.2 96.2 100.0 100.0 92.3 96.2 100.0 96.2 92.3 100.0
kmr Northern Kurdish 544 85.7 91.2 91.0 71.3 90.6 84.7 65.8 67.5 75.9 61.8 94.7
sme Northern Sami 2536 68.2 71.7 72.2 67.5 72.5 69.4 66.0 63.7 66.6 66.2 96.9
fro Old French 1976 78.3 81.8 81.0 76.3 73.7 69.2 76.7 74.6 73.1 72.4 —
orv Old Russian 4615 76.9 80.0 78.4 77.6 78.6 72.5 72.2 69.6 72.7 75.4 —
ota Ottoman Turkish 99 96.0 97.0 97.0 91.9 96.0 91.9 89.9 89.9 97.0 99.0 —
fas Persian 2553 94.8 97.0 97.4 96.8 97.5 95.1 90.3 89.7 93.1 76.1 96.4
xpg Phrygian 50 92.0 90.0 90.0 92.0 80.0 80.0 84.0 72.0 86.0 84.0 —
pol Polish 3272 93.9 96.7 95.9 97.6 98.8 95.1 85.9 85.1 93.0 97.3 96.3
por Portuguese 3048 96.9 98.0 97.8 97.7 97.2 93.5 93.5 93.4 96.7 97.1 94.4
ron Romanian 2056 95.4 97.4 96.5 97.4 97.7 94.7 92.0 91.4 94.7 97.7 96.5
rus Russian 3832 97.4 98.6 97.3 98.2 98.5 96.6 94.1 93.3 96.2 98.2 94.5
san Sanskrit 4442 76.2 81.4 80.8 68.7 74.2 66.4 78.4 74.8 74.7 67.4 78.5
gla Scottish Gaelic 66 92.4 98.5 93.9 90.9 97.0 95.5 98.5 93.9 93.9 87.9 97.0
hbs Serbo-Croatian 3286 94.0 96.0 95.2 89.7 98.3 95.5 88.0 87.2 91.8 94.6 —
sms Skolt Sami 263 78.3 74.9 74.9 78.3 64.3 64.6 73.0 71.1 78.7 77.9 —
slk Slovak 4145 85.5 91.8 90.4 90.2 95.7 92.0 77.2 76.9 87.9 96.3 95.2
slv Slovenian 4483 86.4 91.3 90.9 85.4 94.2 88.7 82.1 79.3 87.2 93.9 93.6
spa Spanish 2541 97.8 98.2 97.7 98.0 97.7 95.0 96.0 95.2 97.0 98.3 96.1
arb Standard Arabic 1215 91.0 94.5 92.7 96.0 95.4 90.8 87.3 86.4 91.9 93.6 95.2
swe Swedish 201 100.0 100.0 100.0 100.0 100.0 99.5 99.5 99.0 99.0 99.5 100.0
tam Tamil 382 97.9 98.7 98.4 98.2 97.9 97.6 96.9 96.9 97.1 90.8 98.2
ttc Tektiteko 69 42.0 39.1 37.7 44.9 43.5 43.5 44.9 42.0 44.9 43.5 —
tpn Tupinambá 9 0.0 11.1 0.0 0.0 11.1 11.1 11.1 11.1 0.0 0.0 —
tur Turkish 1742 89.3 94.1 93.1 93.9 97.2 94.6 83.2 82.6 88.7 92.8 93.6
uig Uighur 758 75.1 79.4 78.6 76.4 80.9 77.6 73.6 71.1 77.8 69.3 80.7
ukr Ukrainian 2744 94.5 97.3 95.4 98.1 97.8 94.4 87.1 85.5 94.2 97.7 95.9
hsb Upper Sorbian 186 71.5 79.6 79.6 75.3 80.6 78.5 66.1 64.0 60.2 65.1 80.6
urd Urdu 550 96.7 97.5 97.1 93.3 97.5 96.7 96.5 96.2 97.1 87.6 96.4
urb Urubú-Kaapor 13 46.2 46.2 46.2 46.2 38.5 38.5 38.5 46.2 46.2 53.8 —
uzb Uzbek 50 94.0 100.0 100.0 94.0 100.0 100.0 88.0 86.0 94.0 86.0 100.0
vep Veps 187 69.5 70.6 65.8 58.3 62.0 61.0 51.3 51.3 52.4 61.5 59.4
wbp Warlpiri 12 25.0 8.3 8.3 16.7 25.0 16.7 16.7 25.0 25.0 41.7 —
cym Welsh 1120 90.2 94.0 93.5 91.8 90.3 88.1 90.0 89.8 88.3 75.3 99.4
hyw Western Armenian 1153 94.1 96.7 94.5 88.0 96.6 89.9 80.4 80.6 91.0 70.3 —
wol Wolof 705 85.0 86.1 85.8 83.4 85.0 69.2 82.0 83.8 84.7 82.6 97.0
sah Yakut 144 78.5 82.6 79.9 76.4 88.2 73.6 77.8 75.7 69.4 72.9 95.8
nhi Tenango Nahuatl 38 52.6 55.3 47.4 47.4 44.7 47.4 55.3 50.0 47.4 36.8 —

Table 5: MultiBLiMP accuracy scores are split by language and LM. The best performing model per
language is marked in boldface.
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