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Abstract

We introduce the Swedish Benchmark of Linguistic Minimal Pairs, a dataset for evaluating syntactic performance
in language models. It includes 2,500 minimal pairs organized into 25 syntactic phenomena, with 100 pairs
per phenomenon. Each pair contrasts a well-formed and an ill-formed sentence that differ minimally. For each
phenomenon, we manually constructed ten pairs from scratch. We semi-automatically generated the remaining 90
pairs and manually adjusted them. A random sample was assessed by 40 participants, who selected the well-formed
sentence in 98.05% of cases. We evaluate eleven state-of-the-art models. Results show that models generally
handle local agreement well but struggle with certain long-distance dependencies and word order phenomena.
Model size seems to matter less than the training domain. Prompt-based evaluation generally lowers performance.
We show that model performance is stable across handcrafted and generated subsets and across sample sizes,
suggesting that 100 pairs per phenomenon suffice for reliable evaluation. Future work will expand the number of
phenomena.
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1. Introduction

The output from language models (LMs), and in
particular large LMs (LLMs), is remarkably similar
to the output of human beings. However, intuitive
comparisons of model and human output constitute
a crude way of evaluating whether a model is sim-
ilar to what it is a model of; while models may be
mathematically straightforward to define, their real-
ized form after training is not. More specifically, the
definition of (L)LMs does not reveal to what extent
the parameter settings represent their knowledge
of language, syntax being a case in point. One way
of approaching this problem is to follow recent calls
for methodological rigor in syntactic evaluation of
LMs (e.g., Kulmizev and Nivre, 2022), and create
targeted evaluation resources.

A prominent example is The Benchmark of Lin-
guistic Minimal Pairs (BLiMP; Warstadt et al., 2020),
which contains 67,000 sentence pairs covering 67
syntactic phenomena. However, although there
are roughly 7,000 languages in the world (Ham-
marström et al., 2025), following the general pat-
tern of a skewed distribution of language resources
(e.g., Belinkov and Glass, 2019; Joshi et al., 2020),
only few have resources of this kind.

To expand on previous work in other languages
(e.g., Warstadt et al., 2020; Xiang et al., 2021;
Someya and Oseki, 2023; Suijkerbuijk et al., 2025),
we present The Swedish Benchmark of Linguistic
Minimal Pairs (Swe-BLiMP).1 While there is simi-
lar previous work for Swedish, it has focused on
L2 learner production data (Volodina et al., 2021),

1https://github.com/itsup/swe_blimp

been tied to Processability Theory (Lundqvist,
2025), or been part of broader multilingual eval-
uations with a limited number of agreement phe-
nomena (Jumelet et al., 2025). In terms of syntactic
breadth and controlled minimal pairs, Swe-BLiMP
is the most challenging Swedish syntax benchmark
to date.

In Swe-BLiMP, we include 2,500 minimal pairs
across 25 syntactic phenomena, each contrast-
ing a well-formed sentence with a minimally al-
tered ill-formed counterpart. We validate the con-
trasts using acceptability judgments from 40 non-
syntacticians, who preferred the well-formed sen-
tence in 98.05% of cases. We also test whether dif-
ferences between fully manual and semi-automatic
pairs, as well as sample size, affect model perfor-
mance, and find no substantial impact.

To establish baselines, we evaluate 11 open-
source, instruction-tuned models ranging from 0.3B
to 70B parameters. A prediction was correct if the
well-formed sentence received a lower sentence-
level negative log-likelihood than its ill-formed coun-
terpart. Performance varies across phenomena:
models generally handle local agreement well but
struggle with certain non-local configurations, par-
ticularly those involving verb-second word order
and resumption. Differences across model fami-
lies further suggest typologically specific syntactic
weaknesses in multilingual systems.

2. Related Work

As LMs have become paramount in computational
linguistics and related fields, questions regarding

https://github.com/itsup/swe_blimp
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the extent to which they are good models of hu-
mans’ capacity for syntax – the capacity to form
larger units from smaller units – have emerged (e.g.,
Lau et al., 2015; Lakretz et al., 2019; Zhang et al.,
2023). What is typically tested is whether sentence
perplexity correlates with human acceptability judg-
ments (though there are other methods, such as
probing; see e.g., Hewitt and Manning, 2019).

More specifically, our study focuses on a par-
ticular form of testing. In essence, the lower per-
plexity according to the model of either member
in minimal pairs of well-formed and ill-formed sen-
tences is used to provide information about the
model’s knowledge of syntax (e.g., Linzen et al.,
2016). Hence, datasets of this kind are needed.

Arguably, the most prominent example is The
Benchmark of Linguistic Minimal Pairs (BLiMP;
Warstadt et al., 2020), consisting of 67,000 English
minimal pairs contrasting acceptable and unaccept-
able sentences, organized into 67 paradigms under
12 high-level phenomena. Pairs were created from
grammar templates and tested for acceptability by
online participants, which yielded 96.4% agree-
ment. Model evaluation showed that GPT-2, which
was the best model, performed well on morphol-
ogy and basic syntax but did not reach human-like
performance in cases involving more complex syn-
tax, in particular in cases involving long-distance
dependencies.

The work by Warstadt et al. (2020) has given rise
to similar benchmarks. For example, there are cor-
responding resources for Mandarin Chinese. The
corpus of Chinese linguistic minimal pairs (CLiMP;
Xiang et al., 2021) has 16,000 semi-automatically
generated minimal pairs across 16 syntactic con-
trasts, grouped into nine high-level phenomena,
with human agreement at 95.8%. More recently,
SLING (Song et al., 2022) introduced 38,000 min-
imal pairs derived from linguist-annotated sen-
tences in the Chinese Treebank.

Similarly, the Japanese BLiMP (JBLiMP;
Someya and Oseki, 2023) includes 331 minimal
pairs derived from acceptability judgments in theo-
retical linguistics and organized into 11 categories,
making use of both a broad linguistic coverage and
the design of BLiMP. The small but high-quality set
of examples is the result of manually collecting
data from linguistic publications.

Moreover, only in 2025, several new BLiMP-style
benchmarks were introduced. For Turkish (Tur-
BLiMP; Başar et al., 2025), the dataset includes
16 phenomena with 16,000 minimal pairs, focus-
ing on word order and morphological complexity.
For Quebec French (QFrBLiMP; Beauchemin and
Khoury, 2025), the benchmark comprises 1,761
pairs across 20 grammatical phenomena drawn
from an official linguistic resource, with judgments
from native speakers. For Dutch (BLiMP-NL; Sui-

jkerbuijk et al., 2025), the dataset includes 8,400
pairs across 22 phenomena and combines accept-
ability ratings with reading-time measures.

For Swedish, there are a few datasets whose
properties resemble those of BLiMP. Volodina et al.
(2021) introduced DaLAJ-GED, a learner corpus cu-
rated for grammatical error detection in L2 Swedish.
However, while it contains minimal pairs similar in
form to those in BLiMP-style datasets, its focus lies
on learner production rather than on syntax per se,
as the pairs are not organized into explicit syntactic
phenomena but annotated for error types spanning
morphology, lexicon, and syntax. Consequently,
while DaLAJ-GED is a high-quality resource for
studying learner language or general acceptability,
it is less suited for evaluating models’ performance
specifically on syntax, let alone specific syntactic
phenomena.

Another Swedish dataset with a closer focus on
syntax is SwePT (Lundqvist, 2025), constructed
within the framework of Processability Theory
(Pienemann, 1998). It consists of 8,226 minimal
pairs in nine syntactic structures. The pairs were
automatically generated from the Talbanken and
LinES treebanks (De Marneffe et al., 2021). The
dataset included a manual evaluation of a sam-
ple of pairs that exhibited a high precision of 97%.
However, since SwePT is based on a framework
for second-language acquisition, its phenomena
are not strictly separated.

Swedish is also represented in MultiBLiMP
(Jumelet et al., 2025), which covers 101 languages
and over 128,000 minimal pairs that were gener-
ated using Universal Dependencies (De Marneffe
et al., 2021) and UniMorph (Batsuren et al., 2022).
However, despite its impressive size for the num-
ber of languages and minimal pairs, MultiBLiMP
focuses only on subject–verb agreement, providing
limited syntactic coverage for Swedish compared
to our dataset, where models score near ceiling on
Swedish (Jumelet et al., 2025).

In summary, while various BLiMP-style bench-
marks have been introduced for several languages,
and while Swedish has datasets that are useful in
other areas of research, it still lacks a benchmark
similar to BLiMP. To address this gap, we introduce
Swe-BLiMP.

3. Syntactic Phenomena Selection
and Description

The grammatical phenomena included in Swe-
BLiMP represent well-established aspects of
Swedish syntax. Since both English and Swedish
are Germanic languages, there is considerable
overlap between our categories and those in
Warstadt et al. (2020). Descriptions of most of the
phenomena that are specific to Swedish are dealt
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with in Teleman et al. (1999), and Holmberg and
Platzack (2005). It should be noted that there are
many other phenomena that should be included in
a more exhaustive benchmark.

3.1. Syntactic Categories
The following is a brief description of the phenom-
ena included. We follow Warstadt et al. (2020) and
label general phenomena, such as word order, cat-
egories. Some phenomena have subcategories,
and these are called paradigms. Every sentence
pair belongs to a particular paradigm. Where possi-
ble, we created both the well-formed and ill-formed
sentences to have the same length.2 The struc-
tures we include can be seen in Table 1, where
each label refers to the grammatical violation in the
ill-formed sentence.

Argument structure Argument structure (ARG.
STR.) is the selectional requirements that verbs
put on their arguments (Levin, 1993). These re-
quirements can be both semantic (e.g., the require-
ment that an argument is +human), and syntactic
(e.g., the requirement that the object of the verb is
a noun phrase). The possibility of a verb to take an
object or not, irrespective of semantic restrictions,
is expressed by its transitivity. Verbs that require
an object are transitive and verbs that cannot take
an object are intransitive. The manipulation in the
pairs is whether the verb is transitive or not. The
well-formed sentence has a transitive verb and the
ill-formed an intransitive verb, and both have a fol-
lowing noun phrase. Whether the semantics of
the objects fit with the verbs is not a factor in the
manipulation. The reason for this is that we test
categorical selection only, and not theta-role vio-
lations (Chomsky, 1981), in contrast to Warstadt
et al. (2020).

Agreement Swedish shows no subject-verb
agreement, but is rich in agreement in the noun
phrase (Börjars, 1998). Determiners and premodi-
fying adjectives show gender, number and definite-
ness agreement with the noun head. Adjectives
in predicative function show agreement with the
predication base in number and gender. All these
different conditions are tested. In the ART. NOUN
AGR. paradigm, the agreement between an article
/ determiner and the head noun in a predicative
noun phrase is tested regarding definiteness (DEF),
gender (GEN) and number (SG./PL.).

Double definiteness Indefinite nouns take an in-
definite determiner (e.g., the indefinite articles en

2All except NO RESUMPTION, RESUMPTION1 and
RESUMPTION2.

and ett). Definiteness is marked as an inflection
on the head noun in the noun phrase. However,
if the noun is premodified, a definite determiner
is also required (e.g., the definite articles den or
det). This phenomenon is called double definite-
ness (DOUBLE DEF.) (Börjars, 1994).

Ellipsis Ellipsis refers to the possibility to omit a
string of words from a sentence. In order to keep
the length the same between the sentences in the
pairs, only cases of ellipsis in the noun phrase have
been included here (Lobeck, 2006).

Particle verbs In contrast to English, the order
between particle and object is strictly particle - ob-
ject, even if the object is a short noun phrase con-
sisting of only a noun head or a pronoun. In the
ill-formed sentence in pair, the order is object - par-
ticle (PARTICLE OBJ. ORDER).

Resumption There are usually no resumptive
pronouns in Swedish, except in relative clauses
when the noun head of the relative clause is the sub-
ject in a clause embedded inside the relative clause
(Asudeh, 2012). The paradigm NO RESUMPTION
tests the only structure where a resumptive pro-
noun is allowed in Swedish. The well-formed sen-
tence in the pairs has a resumptive pronoun and
the ill-formed sentence lacks a resumptive. RE-
SUMPTION1 is an example where the gap in a rela-
tive clause is filled by a resumptive pronoun in the
ill-formed sentence. RESUMPTION2 is structurally
similar to NO RESUMPTION, but here the gap in
the embedded clause is not a subject gap, and the
ill-formed sentence has a resumptive pronoun in
the gap-position.

Word order The category word order tests sev-
eral different possible word orders in Swedish, both
in main and subordinate clauses. Swedish is a verb
second (V2) language. This means that the finite
verb occupies the second position in main clauses.
In the paradigms V3 CL./OBJ./PP/COMPLEX
NP, the first position in the sentences is occupied
by an object (OBJ.) or an adverbial in the form
of a clause (CL.) or a prepositional phrase with
a simple noun phrase as complement (PP), or a
noun phrase with a modifying clause (COMPLEX
NP). The ill-formed sentence in these paradigms
keeps the subject-verb order, giving rise to V3 word
order, just like well-formed sentences in English.

Subordinate clauses differ from main clauses in
not showing properties of V2, where we included
that-clauses and relative clauses. The first sen-
tence in the pair has SVO order, and the second
sentence has main clause word order, that is, V2.
In the paradigms EMBEDDED V2 AdvP. and V2
REL. CL. an adverbial in the form of an adverb
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Category Well-formed Ill-formed
ARG. STR. Lisa såg vägen i parken *Lisa sprang vägen i parken
DOUBLE DEF. Den röda stolen stod i rummet *Den röda stol stod i rummet
ART. NOUN AGR. INDEF. En stol stod i rummet *En stolen stod i rummet
ART. NOUN AGR. GEN. Det stod en stol i rummet *Det stod ett stol i rummet
ART. NOUN AGR. PL. Det stod några stolar i rummet *Det stod några stol i rummet
ART. NOUN AGR. SG. Det stod en stol i rummet *Det stod en stolar i rummet
ELLIPSIS My åt en vit ko och Bo åt en röd *My åt en vit och Bo åt en röd ko
EMBEDDED V2 AdvP. Erik sa att Ulla ofta tappar isen i april *Erik sa att Ulla tappar ofta isen i april
EMBEDDED V3 CL. Olle sa att när det blir kväll läser Lisa

böcker i köket
*Olle sa att när det blir kväll Lisa läser
böcker i köket

EMBEDDED V3 OBJ. Olle påstod att böcker har Lisa läst
sedan hon var liten

*Olle påstod att böcker Lisa har läst
sedan hon var liten

PARTICLE OBJ. ORDER Lisa läste ut boken *Lisa läste boken ut
ADJ. NOUN AGR. GEN. Ett äpple var rött *Ett äpple var röd
ADJ. NOUN AGR. DEF. Äpplet var rött *Äpplet var röd
ADJ. NOUN AGR. INDEF. Ett äpple var rött *Ett äpple var röd
ADJ. NOUN AGR. NUM. PL. Några äpplen var röda *Några äpplen var rött
ADJ. NOUN AGR. NUM. SG. Ett äpple var rött *Ett äpple var röda
NO RESUMPTION Han väntar på en buss som han inte

vet när den kommer
*Han väntar på en buss som han inte
vet när kommer

RESUMPTION1 Han väntar på en buss som kommer
snart

*Han väntar på en buss som den
kommer snart

RESUMPTION2 Britta sitter i bilen som hon vet när
hon lånade

*Britta sitter i bilen som hon vet när
hon lånade den

V3 CL. När Olle diskar läser Lisa boken *När Olle diskar Lisa läser boken
V3 OBJ. Boken ska Lisa läsa imorgon *Boken Lisa ska läsa imorgon
V3 PP På kvällen läser Lisa boken *På kvällen Lisa läser boken
V2 REL. CL. Lisa läste boken som Olle inte gillar *Lisa läste boken som Olle gillar inte
V3 COMPLEX NP I sängen som står i gästrummet läser

Lisa boken
*I sängen som står i gästrummet Lisa
läser boken

V3 Lisa kanske läser boken *Lisa aldrig läser boken

Table 1: Examples of grammatical and ungrammatical minimal members in pairs per category. The
category labels refer to what grammatical phenomenon is violated, except for ELLIPSIS, for which both
members of the pair has an ellipsis but that of the ungrammatical member is ill-placed.

phrase indicates that the second sentence has an
ill-formed V2 word order.

In addition, there is a limited number of adverbs
that can occupy the second position giving rise
to V3 word order in main clauses. In the pair of
sentences in the V3 paradigm, the first sentence
contains one such adverb in the second position,
and the second sentence has an adverb that does
not allow V3 in second position (Heinat, 2021).

4. Data Construction and Judgments

Swe-BLiMP comprises 25 phenomena with 100
minimal pairs each. Following Warstadt et al.
(2020), we let participants choose between the well-
formed and ill-formed sentences from four pairs per
phenomenon (100 total) in a forced-choice task.
We describe each in turn.

Data Construction For each category, we manu-
ally constructed ten well-formed sentences and ill-
formed counterparts that differed minimally. As an
illustration, consider the well-formed and ill-formed

sentences in Example (1a-1b).
Because every pair followed a specific pattern,

we used lists of words (generated by LLMs and
partly manually) and combined the lists with simple
shell commands to construct the remaining 90 pairs
in a template-based manner.

All template-based pairs were manually checked,
and semantically odd sentences (and their counter-
parts) were revised for higher idiomaticity. Some
unnatural cases remain, and we leave quantifying
their degree of unnaturalness and distribution for
future work.

(1) a. Han
3SG

vänta-r
wait-PRS

på
on

en
ART

buss
bus

som
rel-comp

han
3SG

inte
not

vet
know.PRS

när
when

den
it

komm-er
come-PRS

‘He is waiting for a bus and doesn’t know
when it is coming’

b. *Han vänta-r på en buss som han inte
vet när komm-er
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Category L-SV8B Euro9B Euro1.7B L-3.3 70B Gem3-12B Oss20B Gem3-4B Aya32B SW20B SW1.3B SW0.3B Avg (SD) Hum.

ART. NOUN AGR. GEN. 99.0 99.0 96.0 99.0 95.0 95.0 90.0 88.0 99.0 94.0 94.0 95.3 (3.7) 98.7
NO RESUMPTION 100.0 98.0 88.0 98.0 97.0 100.0 96.0 90.0 87.0 90.0 99.0 94.8 (5.0) 98.1
ART. NOUN AGR. PL. 98.0 94.0 96.0 97.0 93.0 82.0 87.0 93.0 57.0 50.0 47.0 81.3 (19.9) 99.4
DOUBLE DEF. 97.0 92.0 91.0 95.0 94.0 95.0 92.0 92.0 47.0 47.0 51.0 81.2 (21.2) 98.7
ADJ. NOUN AGR. NUM. PL. 91.0 90.0 94.0 89.0 92.0 91.0 88.0 82.0 57.0 43.0 42.0 78.1 (20.3) 100.0
V3 77.0 80.0 81.0 72.0 69.0 78.0 75.0 82.0 79.0 62.0 80.0 75.9 (6.1) 95.0
ADJ. NOUN AGR. NUM. SG. 84.0 80.0 77.0 79.0 81.0 75.0 80.0 85.0 56.0 59.0 72.0 75.3 (9.6) 99.4
PARTICLE OBJ. ORDER 86.0 84.0 84.0 81.0 80.0 75.0 75.0 58.0 67.0 64.0 65.0 74.5 (9.6) 98.7
EMBEDDED V2 AdvP. 85.0 89.0 83.0 83.0 83.0 87.0 74.0 76.0 45.0 61.0 44.0 73.6 (16.3) 98.1
ELLIPSIS 92.0 83.0 69.0 89.0 87.0 83.0 88.0 83.0 45.0 45.0 44.0 73.5 (19.4) 92.5
EMBEDDED V3 CL. 93.0 94.0 90.0 71.0 82.0 83.0 65.0 65.0 64.0 42.0 36.0 71.4 (19.6) 98.1
V3 PP 95.0 91.0 84.0 75.0 75.0 79.0 80.0 67.0 41.0 48.0 36.0 70.1 (20.0) 98.1
ART. NOUN AGR. SG. 71.0 71.0 81.0 71.0 66.0 71.0 59.0 65.0 61.0 67.0 71.0 68.5 (6.0) 100.0
V2 REL. CL. 87.0 89.0 90.0 71.0 81.0 89.0 65.0 71.0 38.0 37.0 34.0 68.4 (22.2) 100.0
ARG. STR. 73.0 63.0 63.0 71.0 68.0 67.0 73.0 66.0 55.0 52.0 56.0 64.3 (7.3) 97.5
V3 CL. 83.0 85.0 71.0 65.0 69.0 50.0 55.0 52.0 42.0 56.0 57.0 62.3 (13.6) 100.0
ADJ. NOUN AGR. GEN. 63.0 71.0 70.0 69.0 59.0 62.0 63.0 63.0 52.0 55.0 49.0 61.5 (7.2) 98.7
ADJ. NOUN AGR. INDEF. 63.0 66.0 70.0 65.0 63.0 59.0 63.0 67.0 50.0 51.0 50.0 60.6 (7.2) 96.8
V3 COMPLEX NP 85.0 79.0 60.0 50.0 69.0 49.0 77.0 52.0 45.0 54.0 36.0 59.6 (15.7) 99.4
ADJ. NOUN AGR. DEF. 69.0 68.0 52.0 58.0 63.0 48.0 59.0 54.0 51.0 52.0 55.0 57.2 (7.0) 100.0
ART. NOUN AGR. INDEF. 68.0 66.0 41.0 63.0 53.0 51.0 48.0 44.0 54.0 55.0 51.0 54.0 (8.6) 99.4
RESUMPTION1 79.0 70.0 79.0 65.0 41.0 45.0 45.0 58.0 16.0 13.0 2.0 46.6 (26.8) 99.4
V3 OBJ. 68.0 63.0 41.0 61.0 55.0 40.0 41.0 39.0 34.0 33.0 25.0 45.5 (14.0) 91.8
EMBEDDED V3 OBJ. 16.0 21.0 9.0 4.0 11.0 10.0 10.0 26.0 64.0 52.0 57.0 25.5 (21.7) 95.0
RESUMPTION2 2.0 3.0 14.0 2.0 3.0 3.0 2.0 6.0 19.0 16.0 1.0 6.5 (6.6) 98.1

Avg. (SD) 77.0 75.6 71.0 69.7 69.2 66.7 66.0 65.0 53.0 51.9 50.2 65.0 (8.9) 98.05

Table 2: Minimal-pair accuracy (%) per category and model. Final columns show per-category average
(SD) and human accuracy; last row shows per-model averages with the overall mean in the final cell.
(rows sorted by per-category average accuracy). L stands for Llama, where L-SV is the Swedish Llama
model and L-3.3 70B is the Llama-3.3 (70B), and SW refers to the GPT-SW3 models. Hum. refers
to average human acceptability judgment.

Human judgments Though specific to English,
the results presented by Sprouse and Almeida
(2012) strongly suggest that individual acceptability
judgments by linguists generalize to non-linguistics,
which indicates that our procedure is robust for this
first collection of sentence pairs of targeted gram-
matical phenomena in Swedish.

Nonetheless, we randomly sampled two pairs
from the well-formed and two pairs of the ill-formed
sentences, from both the handcrafted and the semi-
automatically constructed pairs, amounting to 100
pairs in total (i.e., four pairs per phenomenon).

In a forced-choice task, 40 participants selected
which member of each of the 100 pairs in the same
sample sounded better. None of the participants
were syntacticians, and only a handful were lin-
guists. No metadata was collected, and apart from
knowing who took part, individual responses re-
main anonymous. Participants received no pay-
ment.

We obtained a score of 98.05%, which is the
proportion of cases where participants selected
the well-formed sentence. Hence, for this sample,
the grammatical contrasts were clear even to non-
syntacticians.

5. Experiments

We benchmark our dataset on 11 instruct-tuned
open-source LLMs. The model selection is jus-
tified by our goal to examine both linguistic spe-
cialization and model scale: we include Swedish-
oriented models (GPT-SW3, Swedish LLaMA), Eu-

ropean language-focused models (EuroLLM), and
widely-used multilingual models (e.g., Gemma, Aya,
LLaMA), spanning 356M to 70B parameters to
investigate the effects of size and training lan-
guages. Concretely, we evaluate the following mod-
els: GPT-SW3 (356M, 1.3B, 20B; Ekgren et al.,
2024), Swedish Llama (8B),3 Gemma-3 (4B, 12B;
Team et al., 2024), EuroLLM (1.9B, 12B), gpt-oss
(20B; Agarwal et al., 2025), Aya (32B Üstün et al.,
2024), and Llama-3.3 (70B) (Dubey et al., 2024).

For each pair ⟨S✓, S×⟩, the model is correct if it
assigns higher preference to S✓. Since instruction-
tuned models can behave differently under raw like-
lihood versus prompt-based judgments (Hu et al.,
2024; Kurfalı and Östling, 2025; Jumelet et al.,
2025), we model this preference in three ways:

• Perplexity (main): We compute full-sentence
negative log-likelihoods using the model’s LM
head and select the sentence with the lower
NLL (i.e., lower perplexity), normalized by to-
ken count. This mirrors the simple LM scoring
of the original BLiMP paper (Warstadt et al.,
2020).

• Grammaticality prompt: We present the two
sentences in random order and ask the model
(in Swedish) to choose the grammatically cor-
rect one by answering with a single letter A/B.

• Acceptability prompt: Identical to the previous
strategy but framed as choosing the sentence
that is most natural in everyday usage.

3https://huggingface.co/
AI-Sweden-Models/Llama-3-8B-instruct

https://huggingface.co/AI-Sweden-Models/Llama-3-8B-instruct
https://huggingface.co/AI-Sweden-Models/Llama-3-8B-instruct
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Figure 1: Overall accuracy (macro over categories)
for each model across different subset conditions.

For prompting experiments, we used greedy de-
coding. Each sentence was evaluated in isolation
(new chat per pair), with randomized order to avoid
positional bias. All experiments ran on two V100
GPUs (≈20 GPU hours).

6. Results and Discussion

Table 2 reports accuracy per category and model.
Overall, Swedish Llama 8B achieves the high-
est macro average (77.0%), followed by EuroLLM
9B (75.6%) and EuroLLM 1.7B (71.0%). Large
general-purpose models follow this Swedish- and
Europe-centric group: Llama-3.3 70B (69.7%),
Gemma-3 12B (69.2%), OSS 20B (66.7%).

Easiest categories. Out of the 25 categories, 4
have a macro average above 80% and 12 above
70%. The easiest categories are found to be
gender agreement between determiner and noun
(ART. NOUN AGR. GEN.) (95.3%, SD = 3.7),
NO RESUMPTION (94.8%, SD = 5.0), and EL-
LIPSIS (73.5% SD = 19.4), where most mod-
els achieve almost perfect score. Number agree-
ment between nouns and determiners were also
less challenging (ART. NOUN AGR. PL., 81.3%,
SD = 19.9), as is double definiteness (DOUBLE
DEF., 81.2%,SD = 21.2). Yet, it should be noted
that the latter category exhibits a strange family
split, where most models achieved ≈92–95%, but
GPT-SW3 models only ≈47–51%. All these are
instances of local (inside the same phrase) mor-
phological agreement. This type of agreement is of
the same type that the models tested in Warstadt
et al. (2020) found unproblematic. With morpho-
logical agreement between a subject noun phrase
and phrases outside it, as in ADJ. NOUN AGR.
GEN./ INDEF, performance drops considerably
(cf. Warstadt et al., 2020). Ellipsis was also a cate-
gory that performed well in Warstadt et al. (2020).

Hardest categories. The most challenging phe-
nomena involve object placement under V2 and
two of the resumption categories. V3 OBJ. av-
erages 44.3% (SD = 14.0), while performance

Figure 2: Per-category distribution of the difference
in negative log-likelihoods between ungrammatical
and grammatical sentences across models.

drops further to 25.5% (SD = 21.7) for embedded
verb second with a fronted object (EMBEDDED V3
OBJ.) – models seem to struggle with V2 contexts,
in particular in embedded clauses.

For V3 OBJ., there is a potential confound.
While “*Boken Lisa ska läsa imorgon” (The book,
Lisa will read tomorrow) is not a well-formed sen-
tence in Swedish, it is a well-formed noun phrase,
as in the sentence “Boken Lisa ska läsa imorgon
har försvunnit” (The book Lisa will read tomor-
row has disappeared). Even though the sentence
boundaries were made explicit to the models, such
well-formed phrases might have confused the mod-
els.

The same analysis could be made for EMBEDDED
V3 OBJ.. Consider the ill-formed member of the
pair for this phenomenon: “*Olle påstod att böcker
Lisa har läst sedan hon var liten” (Olle claimed that
Lisa has read books since she was little. Part of
this ill-formed sentence is: “Lisa har läst sedan hon
var liten” (Lisa has read since she was little), which,
though, is a grammatical declarative sentence. Per-
haps the perplexity of that particular part decreases
the overall perplexity of the sentence.

In other words, because model preference is de-
termined by average rather than local perplexity,
the performance of models under this evaluation
method may be questionable.

Resumption exhibits a similar but steeper de-
cline: models achieve near-perfect accuracy on
NO RESUMPTION (94.8%, SD = 5.0), yet per-
formance falls sharply to 46.6% (SD = 26.8) on
RESUMPTION1 and down to 6.5% (SD = 6.6) on
RESUMPTION2. Even the strongest models are far
below chance on RESUMPTION2, indicating a sys-
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Figure 3: Average per-category confidence (in
terms of ∆NLL) vs. average accuracy across mod-
els.

tematic failure. The unifying pattern seems to be
simple: models prefer sentences with a resumptive
pronoun. Because NO RESUMPTION is the only
paradigm that requires a resumptive pronoun, per-
formance is high there. In the other paradigms
where resumption is disallowed, this same bias
results in systematic errors.

At this stage it is unclear why the models prefer
structures with resumptive pronouns. Resumptive
structures are likely rare in Swedish, suggesting
a frequency bias in the models. Another possible
explanation for the problem with RESUMPTION2 is
that models have problems with missing arguments,
as in relative clauses. In the sentence: “Lisa sitter
i bilen som hon vet när hon lånade -gap- / *den.”
(Lisa is sitting in the car that she knows when she
borrowed / *it), where the gap corresponds to bilen.
But since the verb “lånade” (borrowed) is transitive,
an ungrammatical resumptive in the empty position
after the verb gives the sequence “när hon lånade
den” (when she borrowed it), which in other con-
texts can be a well-formed adverbial clause: “Bilen
gick sönder när hon lånade den.” (The car broke
down when she borrowed it.)

Given what we have just discussed, it is reason-
able that without carefully investigating both the
distribution of structures in the training data of the
various models and local perplexity scores, any
conclusions regarding the reasons behind model
preference are uncertain. We leave such analysis
for future research.

A comparison with English resumption (lacking
in Warstadt et al. (2020)) would be informative. The
type of resumption in RESUMPTION2 is claimed to
be possible in English (Hofmeister and Norcliffe,
2013).

Comparison of models. Swedish Llama 8B at-
tains the highest macro average and leads or ties

in 13/25 categories. EuroLLM 9B is the second-
best model, leading in 5 categories. In contrast,
larger general-purpose models (Llama-3.3 70B,
OSS 20B) do not match these language-centric sys-
tems despite their size. These results suggest that
language-specific pretraining can outweigh sheer
scale when modelling syntactic competence.

However, the GPT-SW3 models do not follow this
pattern: despite their Swedish-centric pretraining,
they yield the weakest performances. Yet, con-
sidering the prior reports of underperformance on
Swedish benchmarks (Kurfalı et al., 2025), this may
also point to some other issues with these models
that may limit the benefits of language-specific pre-
training.

Validation of the data construction. To verify (i)
that template-generated items behave similarly to
the hand-crafted seed pairs and do not introduce
any kind of bias, and (ii) that the number of items per
category is sufficient, we evaluated each model un-
der four subset conditions per category: First-10
(the ten hand-crafted seed pairs), Random-10 (ten
pairs sampled uniformly from the remaining ninety
template-based items), Random-50 (fifty pairs sam-
pled uniformly from the full set), and All (the full
set of one hundred pairs).

The results are shown in Figure 1. Overall, perfor-
mances are stable across subsets. The strongest
systems show only small fluctuations (typically
within a few percentage points) from First-10 to
All, and model rankings are preserved. Accuracy
on Random-50 is very close to All, which indicates
that our data size is sufficient and that adding more
examples would likely not change our conclusions.
Similarly, comparing First-10 with Random-10 re-
veals no systematic “seed effect”. The only notable
deviation is GPT-SW3 1.3B; since this pattern is
not observed across other models, it is more likely
due to model-specific factors than an artifact of the
dataset.

To quantify this observation, we compute the
mean pairwise absolute deviation (MPAD), the aver-
age absolute accuracy difference across all

(
4
2

)
= 6

subset pairs for each model, and obtain a cross-
model mean of 2.6 percentage points, which further
reinforces the observation neither data construction
nor sample size substantially affects performance.

Analysis of confidence. In addition to accu-
racy, we examine models’ confidence on minimal
pairs. For each minimal pair ⟨S✓, S×⟩ we define
confidence as the difference in the negative log-
probabilities:

∆NLL = ln
(
PPL(S×)

)
− ln

(
PPL(S✓)

)
,

– ∆NLL > 0 indicates that models assign higher
probability to the well-formed sentence. Figure 2
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summarizes these margins across models with one
box per category. Each box shows where the mid-
dle half of models fall (25th–75th percentile; hori-
zontal lines being the median). The whiskers ex-
tend to the smallest and largest values that are
within 1.5× the interquartile range from the box;
and the circles beyond the whiskers are the outlier
models.

Most medians in Figure 2 lie in the 0.2–0.6 range
which corresponds to roughly 1.2×–1.8× higher
perplexity, indicating a clear preference for the well-
formed sentence. Box widths quantify how much
different models differ within a category. Narrow
boxes, such as in Embedded V2 AdvP and NO
RESUMPTION, indicate a strong agreement across
models. In contrast, wider boxes, e.g., DOUBLE
DEF., V2 PP, show a wide spread, suggesting that
different models have different preferences.

Most notably, all models prefer the ill-formed al-
ternative for RESUMPTION2, where the across-
model median is around −0.2. This matches the
extremely low accuracies for RESUMPTION2. A
similar, yet less extreme, pattern appears in V3
OBJ. and Embedded V3 OBJ., where medians are
close to zero.

We show that the confidence aligns with accu-
racy at the category level. Figure 3 plots the av-
erage ∆NLL against average accuracy per cate-
gory. Categories with larger positive margins tend
to achieve higher accuracy, while those with medi-
ans around 0 are at chance level. This indicates
that ∆NLL is a reliable proxy for syntactic compe-
tence and models’ confidence is in line with their
performance.

Comparison of evaluation strategies. Finally,
we compare the three evaluation strategies: per-
plexity scoring and two prompting setups (gram-
maticality, acceptability).4 Table 3 shows macro
accuracy and ∆ values, where positive ∆ indi-
cates improvement over perplexity. The results
show that prompting largely degrades the perfor-
mance. Models achieving high accuracies through
perplexity-based evaluation (SV-Llama-3 8B, Eu-
roLLM 9B/1.7B) lose 14–26 points under prompting.
In contrast, some large general models (Llama-3.3
70B, Gemma3 12B) gain slightly with the Grammar
prompt. Acceptability prompt, on the other hand,
tends to underperform compared to the grammar
prompt for the same model.

The findings echo the general observation
that prompt-based judgments can diverge from
likelihood-based preferences (Song et al., 2025;
Hu et al., 2024) and highlight how evaluation strat-
egy affects probing models’ linguistic knowledge.

4Models with over 10% invalid responses were ex-
cluded.

Summary. The total number of minimal pairs in
Swe-BLiMP (2,500) is considerably smaller than
the average size of BLiMP-like benchmarks (∼19k
pairs), although the spread is large (SD ∼23k).
However, as we have shown, increasing the num-
ber of pairs does not necessarily improve reliability.
The number of phenomena (25) is close to the
mean (∼25) across benchmarks.

As for our findings, there are three things worth
pointing out. Firstly, we expected model perfor-
mance to drop as a function of long-distance agree-
ment, in line with previous results (e.g., Warstadt
et al., 2020; Someya and Oseki, 2023; Suijkerbuijk
et al., 2025), despite exceptions to this pattern (e.g.,
van Schijndel et al., 2019). However, this was only
true to some extent in our experiments. For exam-
ple, while models did struggle on EMBEDDED V3
OBJ. with a model average of 25.5% (SD = 21.7),
with GPT-SWE (20B) being somewhat of an outlier
with an accuracy of 64.0%, most models also strug-
gled with simpler structures, such as ADJ. NOUN
AGR. INDEF., with a model average of 54.0 %
(SD = 8.6). Yet again, the seemingly strong bias
toward resumptive pronouns across models indi-
cates that surface patterns often override structural
constraints.

Secondly, model size did not strongly correlate
with accuracy; architecture and training domain ap-
peared more important. An overrepresentation of
English in large-scale pretraining corpora may bias
models toward English representations (cf. Wendler
et al., 2024), which could partly explain weaker per-
formance on Swedish-specific phenomena.

Lastly, prompt-based evaluation mostly lowered
performance compared to perplexity, though a few
of the larger general models improved slightly with
the grammar prompt. Model performance was
otherwise stable across handcrafted and semi-
automatically generated subsets, as well as across
sample sizes.

In summary, going back to one of the first points
we made, that is, that (L)LMs are by definition dif-
ficult to if not evaluate, then at least understand.
Put differently, in our case, it is not easy without fur-
ther manipulations of contrasting well-formed and
ill-formed sentences to say what, exactly, causes
which difficulties of specific cases for models. A
closer investigation of the problems with word or-
der, for example, seems like an important next
step in the development of Swedish BLiMP. On
the same note, other categories that should be
included in future studies include quantifiers (Kling-
vall and Heinat, 2022b,a, 2024b; Heinat and Kling-
vall, 2020), negation (Klingvall and Heinat, 2024a),
negative polarity items (NPIs) (Klingvall and Heinat,
2021) and island extractions. Contrary to English,
extraction out of relative clauses is possible in
Swedish (Heinat and Wiklund, 2015).
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Model PPL ∆(Grammar) ∆(Acceptability)

SV-Llama-3 8B 77.0 -25.9 -26.4
EuroLLM 9B 75.6 -14.3 -21.1
EuroLLM 1.7B 71.0 -20.6 -21.8
Llama-3.3 70B 69.7 +6.5 -4.0
Gemma-3 12B 69.2 +4.5 +3.8
Gemma-3 4B 66.0 +0.4 -1.4
Aya 32B 65.0 +0.6 -1.2
GPT-SW3 20B 53.0 -3.4 -4.1
Avg. 68.3 -6.5 -9.5

Table 3: Comparison of different evaluation strate-
gies in terms of accuracy (%) on the dataset. ∆
columns indicate performance difference between
the prompt and the perplexity-based accuracy.

7. Conclusion and Future Work

We have introduced The Swedish Benchmark of
Linguistic Minimal Pairs (Swe-BLiMP), a new re-
source for evaluating language model performance
on Swedish syntax. The dataset covers 25 gram-
matical categories through 2,500 minimal pairs
and was validated with human judgments, with
participants preferring the well-formed sentence
in 98.05% of cases. We tested eleven state-of-the-
art models. The results showed, in general, that
local dependencies could be captured by models,
whereas some long-distance relations – particu-
larly verb-second structures and resumption – were
more difficult. Our analysis suggests that model
size alone does not guarantee improved perfor-
mance; rather, architecture and training domain ap-
pear to be more important. Performance was stable
across handcrafted and semi-automatically gener-
ated subsets and across sample sizes, and prompt-
based evaluation generally did not outperform per-
plexity. Future work will expand Swe-BLiMP with
additional categories.

Limitations

The most important limitation of the study is that
the number of phenomena (i.e., 25) is smaller than
half of the original BLiMP paper (Warstadt et al.,
2020). Addressing this is part of our future plans.
As for the dataset itself, we have not investigated
the distribution of naturalness across well-formed
or ill-formed sentences. Additionally, while 100
sentence pairs per phenomenon might be viewed
as a possible limitation of the study, we provide
reasons why this is not necessarily the case.
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Eva Klingvall and Fredrik Heinat. 2022a. The ef-
fects of quantifier size on the construction of
discourse models. Journal of Neurolinguistics,
63(101066):1–15.

Eva Klingvall and Fredrik Heinat. 2022b. Referential
choices. A study on quantification and discourse
prominence in sentence production in Swedish.
Journal of Pragmatics, 193:122–138.

Eva Klingvall and Fredrik Heinat. 2024a. The ef-
fects of negation on discourse structure. Journal
of Pragmatics, 235:115–131.

https://doi.org/10.1017/S0332586500003024
https://doi.org/10.1017/S0332586500003024
https://aclanthology.org/2024.lrec-main.695
https://aclanthology.org/2024.lrec-main.695
https://aclanthology.org/2024.lrec-main.695
https://doi.org/10.5281/zenodo.15525265
https://doi.org/10.5281/zenodo.15525265
https://doi.org/https://doi.org/10.1075/slcs.217.14hei
https://doi.org/https://doi.org/10.1075/slcs.217.14hei
https://doi.org/10.1016/j.bandl.2020.104808
https://doi.org/10.1016/j.bandl.2020.104808
https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/2020.acl-main.560
https://doi.org/10.18653/v1/2020.acl-main.560
https://doi.org/10.18653/v1/2020.acl-main.560
http://arxiv.org/abs/2504.02768
http://arxiv.org/abs/2504.02768
http://arxiv.org/abs/2504.02768
https://doi.org/10.1016/j.jneuroling.2022.101066
https://doi.org/10.1016/j.jneuroling.2022.101066
https://doi.org/10.1016/j.jneuroling.2022.101066
https://doi.org/10.1016/j.pragma.2022.03.015
https://doi.org/10.1016/j.pragma.2022.03.015
https://doi.org/10.1016/j.pragma.2022.03.015
https://doi.org/10.1016/j.pragma.2024.11.008
https://doi.org/10.1016/j.pragma.2024.11.008


6793

Eva Klingvall and Fredrik Heinat. 2024b. Lexical
cues and discourse integration: an ERP study of
the N400 and P600 components. Cortex, 178:91–
103.

Artur Kulmizev and Joakim Nivre. 2022.
Schrödinger’s tree—on syntax and neural
language models. Frontiers in Artificial Intelli-
gence, 5:796788.

Murathan Kurfalı and Robert Östling. 2025. Con-
flicting needles in a haystack: How LLMs behave
when faced with contradictory information. In
Proceedings of the 2025 Conference on Empir-
ical Methods in Natural Language Processing
(EMNLP).

Murathan Kurfalı, Shorouq Zahra, Evangelia
Gogoulou, Luise Dürlich, Fredrik Carlsson, and
Joakim Nivre. 2025. Swesat-1.0: The Swedish
university entrance exam as a benchmark for
Large Language Models. In Proceedings of the
Joint 25th Nordic Conference on Computational
Linguistics and 11th Baltic Conference on Human
Language Technologies (NoDaLiDa/Baltic-HLT
2025), pages 331–339.

Yair Lakretz, German Kruszewski, Theo Desbor-
des, Dieuwke Hupkes, Stanislas Dehaene, and
Marco Baroni. 2019. The emergence of number
and syntax units in LSTM language models. In
Proceedings of the 2019 Conference of the North
American Chapter of the Association for Compu-
tational Linguistics: Human Language Technolo-
gies, Volume 1 (Long and Short Papers), pages
11–20, Minneapolis, Minnesota. Association for
Computational Linguistics.

Jey Han Lau, Alexander Clark, and Shalom Lappin.
2015. Unsupervised prediction of acceptability
judgements. In Proceedings of the 53rd Annual
Meeting of the Association for Computational
Linguistics and the 7th International Joint Con-
ference on Natural Language Processing (Vol-
ume 1: Long Papers), pages 1618–1628, Beijing,
China. Association for Computational Linguistics.

Beth Levin. 1993. English verb classes and alter-
nations: A preliminary investigation. University
of Chicago press.

Tal Linzen, Emmanuel Dupoux, and Yoav Goldberg.
2016. Assessing the ability of LSTMs to learn
syntax-sensitive dependencies. Transactions of
the Association for Computational Linguistics,
4:521–535.

Anne Lobeck. 2006. Ellipsis in DP, chapter 22.
John Wiley & Sons, Ltd.

Stella Lundqvist. 2025. Do large language models
and humans follow similar learning stages?: As-
sessing GPT-2’s order of Swedish grammar ac-
quisition within the Processability Theory frame-
work. Master’s thesis, Uppsala University.

Manfred Pienemann. 1998. Language Process-
ing and Second Language Development: Pro-
cessability Theory, volume 15. John Benjamins
Publishing.

Taiga Someya and Yohei Oseki. 2023. Jblimp:
Japanese benchmark of linguistic minimal pairs.
In Findings of the Association for Computational
Linguistics: EACL 2023, pages 1581–1594.

Siyuan Song, Jennifer Hu, and Kyle Mahowald.
2025. Language models fail to introspect about
their knowledge of language. arXiv preprint
arXiv:2503.07513.

Yixiao Song, Kalpesh Krishna, Rajesh Bhatt, and
Mohit Iyyer. 2022. SLING: Sino linguistic evalua-
tion of large language models. In Proceedings
of the 2022 Conference on Empirical Methods
in Natural Language Processing, pages 4606–
4634, Abu Dhabi, United Arab Emirates. Associ-
ation for Computational Linguistics.

Jon Sprouse and Diogo Almeida. 2012. Assessing
the reliability of textbook data in syntax: Adger’s
core syntax1. Journal of Linguistics, 48(3):609–
652.

Michelle Suijkerbuijk, Zoë Prins, Marianne
De Heer Kloots, Willem Zuidema, and Stefan L.
Frank. 2025. Blimp-nl: A corpus of dutch
minimal pairs and acceptability judgments for
language model evaluation. Computational
Linguistics, 51(4):1267–1301.

Gemma Team, Morgane Riviere, Shreya Pathak,
Pier Giuseppe Sessa, Cassidy Hardin, Surya
Bhupatiraju, Léonard Hussenot, Thomas Mes-
nard, Bobak Shahriari, Alexandre Ramé, et al.
2024. Gemma 2: Improving open language
models at a practical size. arXiv preprint
arXiv:2408.00118.

Ulf Teleman, Staffan Hellberg, and Erik Anders-
son. 1999. Svenska Akademiens Grammatik.
Norstedts Ordbok, Stockholm.

Ahmet Üstün, Viraat Aryabumi, Zheng-Xin Yong,
Wei-Yin Ko, Daniel D’souza, Gbemileke Onilude,
Neel Bhandari, Shivalika Singh, Hui-Lee Ooi,
Amr Kayid, et al. 2024. Aya model: An instruc-
tion finetuned open-access multilingual language
model. arXiv preprint arXiv:2402.07827.

https://doi.org/10.1016/j.cortex.2024.06.009
https://doi.org/10.1016/j.cortex.2024.06.009
https://doi.org/10.1016/j.cortex.2024.06.009
https://doi.org/10.18653/v1/N19-1002
https://doi.org/10.18653/v1/N19-1002
https://doi.org/10.3115/v1/P15-1156
https://doi.org/10.3115/v1/P15-1156
https://doi.org/https://doi.org/10.1002/9780470996591.ch22
https://doi.org/10.18653/v1/2022.emnlp-main.305
https://doi.org/10.18653/v1/2022.emnlp-main.305
https://doi.org/10.1162/COLI_a_00559
https://doi.org/10.1162/COLI_a_00559
https://doi.org/10.1162/COLI_a_00559


6794

Marten van Schijndel, Aaron Mueller, and Tal
Linzen. 2019. Quantity doesn’t buy quality syn-
tax with neural language models. In Proceed-
ings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the
9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP), pages
5831–5837, Hong Kong, China. Association for
Computational Linguistics.

Elena Volodina, Yousuf Ali Mohammed, and Ju-
lia Klezl. 2021. DaLAJ – a dataset for linguistic
acceptability judgments for Swedish. In Proceed-
ings of the 10th Workshop on NLP for Computer
Assisted Language Learning, pages 28–37, On-
line. LiU Electronic Press.

Alex Warstadt, Alicia Parrish, Haokun Liu, Anhad
Mohananey, Wei Peng, Sheng-Fu Wang, and
Samuel R Bowman. 2020. Blimp: The bench-
mark of linguistic minimal pairs for English. Trans-
actions of the Association for Computational Lin-
guistics, 8:377–392.

Chris Wendler, Veniamin Veselovsky, Giovanni
Monea, and Robert West. 2024. Do llamas work
in English? on the latent language of multilingual
transformers. In Proceedings of the 62nd Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 15366–
15394, Bangkok, Thailand. Association for Com-
putational Linguistics.

Beilei Xiang, Changbing Yang, Yu Li, Alex Warstadt,
and Katharina Kann. 2021. CLiMP: A benchmark
for Chinese language model evaluation. In Pro-
ceedings of the 16th Conference of the European
Chapter of the Association for Computational Lin-
guistics: Main Volume, pages 2784–2790, On-
line. Association for Computational Linguistics.

Yuhan Zhang, Edward Gibson, and Forrest Davis.
2023. Can language models be tricked by lan-
guage illusions? easier with syntax, harder with
semantics. In Proceedings of the 27th Confer-
ence on Computational Natural Language Learn-
ing (CoNLL), pages 1–14, Singapore. Associa-
tion for Computational Linguistics.

https://doi.org/10.18653/v1/D19-1592
https://doi.org/10.18653/v1/D19-1592
https://aclanthology.org/2021.nlp4call-1.3/
https://aclanthology.org/2021.nlp4call-1.3/
https://doi.org/10.18653/v1/2024.acl-long.820
https://doi.org/10.18653/v1/2024.acl-long.820
https://doi.org/10.18653/v1/2024.acl-long.820
https://doi.org/10.18653/v1/2021.eacl-main.242
https://doi.org/10.18653/v1/2021.eacl-main.242
https://doi.org/10.18653/v1/2023.conll-1.1
https://doi.org/10.18653/v1/2023.conll-1.1
https://doi.org/10.18653/v1/2023.conll-1.1

	Introduction
	Related Work
	Syntactic Phenomena Selection and Description
	Syntactic Categories

	Data Construction and Judgments
	Experiments
	Results and Discussion
	Conclusion and Future Work
	Bibliographical References

