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Abstract
This paper evaluates the performance
of transformer-based language models on
split-ergative case alignment in Georgian,
a particularly rare system for assigning
grammatical cases to mark argument roles.
We focus on subject and object marking
determined through various permutations
of nominative, ergative, and dative noun
forms. A treebank-based approach for the
generation of minimal pairs using the Grew
query language is implemented. We cre-
ate a dataset of 370 syntactic tests made
up of seven tasks containing 50–70 sam-
ples each, where three noun forms are
tested in any given sample. Five encoder-
and two decoder-only models are evaluated
with word- and/or sentence-level accuracy
metrics. Regardless of the specific syn-
tactic makeup, models performed worst in
assigning the ergative case correctly and
strongest in assigning the nominative case
correctly. Performance correlated with the
overall frequency distribution of the three
forms (nom > dat > erg). Though data
scarcity is a known issue for low-resource
languages, we show that the highly spe-
cific role of the ergative along with a lack
of available training data likely contributes
to poor performance on this case. The
dataset is made publicly available and the
methodology provides an interesting av-
enue for future syntactic evaluations of lan-
guages where benchmarks are limited.

1 Introduction
Small and Large Language models (LMs) have
led to a paradigm shift in how we consider the
learning of language by a machine. A natural
question to ask has been: what understand-
ing have they of the structure of the language
they’re trained on? A standard approach to
tackling this question has been the use of min-
imal pairs, that is, grammatical/ungrammati-

cal sentence pairs differing by a single syntac-
tic feature. A significant effort has been put
into compiling benchmarks for evaluating mod-
els on such pairs, however much of this has
focused on a small subset of the world’s ap-
proximately 7,000 languages. This has exacer-
bated a recognised dearth of research on low-
resource languages (LRLs), typically defined
as languages that are under-studied, less com-
monly taught, or for which relatively few on-
line resources exist (Singh, 2008; Cieri et al.,
2016). We consider Georgian one such lan-
guage due to a significant lack of relevant re-
search in this domain. This presents an oppor-
tunity however to analyse the rarer aspects of
its syntax.

In this work we evaluate one such aspect
by looking at its split-ergative case-alignment
system, exhibited in the same manner by only
three other languages according to the World
Atlas of Language Structures (WALS; Comrie
(2013)). This revolves around three combina-
tions of subject–object marking depending on
verb tense/aspect/mood: nominative–dative,
ergative–nominative, and dative–nominative.
We use the Grew query language and Geor-
gian Language Corpus Universal Dependen-
cies treebank (GLC UD; Lobzhanidze et al.
(2024)) to generate minimal sets of syntac-
tic tests. The resulting 370 case-alignment
tests mark one of the first such datasets for
Georgian1 and an evaluation of seven LMs re-
veals that models particularly struggle with
the ergative case. Many LRLs suffer from
a lack of available syntactic benchmarks and
the approach used here may be generalised to
other languages and phenomena where there
is a treebank available.

1The full dataset is available on Hugging Face at
DanielGallagherIRE/georgian-case-alignment.
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2 Related Work
Transformer-based architectures (Vaswani
et al., 2017) have become the standard for the
training of high-performing language models
and introduced a new wave of research in
the field of Natural Language Processing
(NLP). It appears that elements of syntax
have been encoded by some means, however
our understanding of their sense of grammat-
icality is still limited (Kulmizev and Nivre,
2022). There have been a variety of methods
used to evaluate linguistic knowledge in LMs
such as probing classifiers (Conneau et al.,
2018; Hewitt and Manning, 2019; Giulianelli
et al., 2018) or psycholinguistic tests (Futrell
et al., 2019). Targeted Syntactic Evaluation
(TSE) was introduced by Marvin and Linzen
(2018) and brought a focus on minimal-pair
acceptability judgements into the LM domain,
where a minimal pair is defined as a set of
two items with a single differing feature. In
this context, the term is used to distinguish
between a grammatical and ungrammatical
sentence. Example 1 shows agreement across
a subject-relative clause with test run/runs.

(1) The officers that chased the thief _.

p(run | context) > p(runs | context) 3

p(run | context) ≤ p(runs | context) 7

The Corpus of Linguistic Acceptability (CoLA)
was released soon after containing 10,657 sets
of grammaticality judgements (Warstadt et al.,
2019) and incorporated into the General Lan-
guage Understanding Evaluation benchmark
(GLUE; Wang et al. (2018)). Newman et al.
(2021) refined the goals of TSE further by fo-
cusing not just on how LMs fared with a single
pair for a given sentence, but also expanded
to include a wider variety of pairs beyond the
most likely. It was observed that models could
typically assign the correct conjugation to the
expected verb, such as the distinction in Exam-
ple 1, but struggled when it came to verbs that
were less frequent despite the same grammat-
ical/ungrammatical distinction e.g. rest/rests.
This provided evidence that models can have
high syntactic performance on some tests with-
out having generalised for that phenomenon
across the language. Further work has been

carried out on evaluating whether models have
generalised syntactic phenomena across lan-
guages (Someya et al., 2024; Hu et al., 2020).

2.1 Linguistic Minimal Pairs
Minimal-pair syntactic tests have become the
standard for evaluating model performance
on syntactic phenomena and this ethos has
resulted in a concerted effort towards the
creation of standardised minimal-pair bench-
marks. The Benchmark of Linguistic Mini-
mal Pairs (BLiMP; Warstadt et al. (2020))
compiled and published 67 datasets at 1000
sentences each for evaluating model perfor-
mance on English syntax, remaining one of
the most important datasets in the TSE do-
main. Similar benchmarks have been compiled
for other languages such as German (Zaczyn-
ska et al., 2020), Spanish (Bel et al., 2024),
Chinese (Song et al., 2022; Wang et al., 2021),
Russian (Taktasheva et al., 2024), Japanese
(Someya and Oseki, 2023), and Dutch (Suijker-
buijk et al., 2025).

2.2 Low-Resource Languages
Work in the syntactic evaluation of LRLs has
been limited. There has however been a no-
table buildup of momentum in the creation
of BLiMP-style datasets, though with some
being much smaller and covering fewer syn-
tactic categories. These include datasets for
Turkish (Baar et al., 2025), Swedish (Volod-
ina et al., 2021), Icelandic (Zhang et al., 2024),
and more recently Irish (McGiff et al., 2025).
Kryvosheieva and Levy (2025) evaluated mul-
tilingual models on phenomena in three differ-
ent languages: Swahili noun-class agreement,
Hindi split ergativity, and Basque verb agree-
ment. Performance correlated with how well a
language was represented in the training data,
with models performing strongest on Hindi.
Leong et al. (2023) focused on Southeast Asian
languages and introduced a test suite for the
evaluation of LMs on Tamil and Indonesian.
A significant recent contribution is that of
MultiBLiMP (Jumelet et al., 2025), covering
101 languages with all data stemming from
UD treebanks. They include Georgian as one
of the languages including subject-verb and
subject-participle agreement for both number
and person, however they do not examine case
alignment. Furthermore, they do not use a
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Alignment Screeve Subject Object
Accusative pres/fut nom dat
Ergative past erg nom
Inverted perf dat nom

Table 1: Outline of the 3 Georgian alignments,
their correspondings tense–aspect–mood category
(i.e. screeve) triggers, and the resulting cases as-
signed to the subject and object in both transitive
and intransitive constructions.

query language to match specific syntactic con-
structions but rather implement this program-
matically. In this work we will take a query-
based approach using Grew, a graph-based
query language that can identify syntactic pat-
terns in treebanks (Guillaume, 2021, 2019).

3 Georgian Syntax

Georgian is a Kartvelian language of the south-
ern Caucasus syntactically characterised by its
derivational morphology as well as its split-
ergative case alignment system (Bolkvadze
and Kiziria, 2023), the latter being discussed
in detail in Section 3.2. Modern Georgian uses
the Mkhedruli script written left-to-right and
without distinction between upper and lower
case (Tuite, 1996, p. 4). An important aspect
of this language’s verb paradigm is that it does
not distinguish clearly between tense, aspect,
and mood, instead categorising them into dis-
tinct properties known as screeves (Amiridze,
2006). Henceforth we will refer to these tense–
aspect–mood combinations using this term.

The typical properties of an agglutinative
language are exhibited with words built from
an inventory of largely invariable morphemes
(Plungian, 2001). Unique suffixes represent
any of seven noun cases as well as singular/plu-
ral marking that are appended to correspond-
ing root forms (Tuite, 1996, p. 33). A large
variety of word forms are thus able to be pro-
duced. Only the nominative (nom), ergative
(erg), and dative (dat) cases pertain to ar-
gument structure, therefore they will be our
focus. How these cases are mapped to the
argument roles determines the case-alignment
system. We focus here solely on subject–object
relations and will sometimes refer to particular
alignments using x–y notation, where x repre-
sents the subject’s case and y the object’s.

3.1 Accusativity & Ergativity
The most common case-alignment system is
accusative (Comrie, 2013), where the nomina-
tive marks the subject of both transitive and
intransitive verbs (e.g. he runs, he helps the
boy) and the accusative marks the object of
transitive verbs (e.g. he helps him). Geor-
gian however has no true accusative case and
so the dative acts in its stead. In the screeves
corresponding closely to the present and future
tense we observe a nominative subject and da-
tive object. Uniquely, in the perfective screeve
e.g. “have done something” (though requiring
evidence of completion), these undergo inver-
sion (Harris, 1981, ch. 8) and the subject is
marked as dative and the object as nominative.
On the other hand, in the screeve correspond-
ing to the past tense, ergativity is observed.
The key feature of this alignment is that a
special case is assigned to the subject of tran-
sitive verbs. The subject of intransitive verbs
and the object of transitive verbs thus take the
same case, often referred to as the absolutive
case (Dixon, 1994) though we label it simply
as the nominative. Table 1 shows an overview
of the various alignments along with their cor-
responding screeves and assigned cases.

3.2 Split Ergativity
Ergative languages are often only partially
ergative; under certain conditions they follow
an ergative system and under others an ac-
cusative system (Coon, 2013). If a language
exhibits a mixture of alignments including at
least partial ergativity, as is the case for Geor-
gian, then this language typically falls un-
der the category of split-ergative (DeLancey,
1981). Screeves and their alignments are typ-
ically grouped into sets of ‘series’ that are la-
belled I, II, and III (Harris, 1981, ch. 1), how-
ever we will refer to the exact subject–object
case alignments instead of individual series for
simplicity. We leave the incorporation of fur-
ther screeves as valuable future work. The full
case-alignment system with corresponding ex-
amples is shown in Figure 1. The noun ბავშვ
‘bavshv’ meaning ‘child’ takes, for instance,
three different cases when acting as the subject
depending on the screeve: nom: -ი ‘-i’ , erg:
-მა ‘-ma’ , or dat: -ს ‘-s’. Example glosses are
provided in Example 2.
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Figure 1: The Georgian split-ergative case system, made up of accusative, ergative, and inverted align-
ments. Examples are provided top-to-bottom for intransitive and transitive constructions. In most
languages, including English, there is solely accusative alignment.

(2) a. Present (nom)
Bavshv-i
child-nom

tchams
eat.3sg.pres

“The child eats.”
b. Present (nom–dat)

Mama
father.nom

sakhl-s
house-dat

ashenebs
build.3sg.pres

“Father builds a house.”
c. Past (erg–nom)

Mama-m
father-erg

sakhl-i
house-nom

aashena
build.3sg.pst

“Father built a house.”
d. Perfective (dat–nom)

Mama-s
father-dat

sakhl-i
house-nom

aushenebia
build.3sg.perf

“Father has built a house (eviden-
tially).”

We can see from Figure 1 that the same case
may be used for a wide variety of syntactic or
semantic roles and some naturally tend to oc-
cur more frequently than others. The Geor-
gian nominative case, for instance, appears
11,438 times in the GLC UD treebank, while

the dative 10,034 times and the ergative only
475 times. The nominative case thus occurs
over 24 times as often as the ergative. This
trend may persist in Georgian text generally.

4 Data

We use Grew, a graph-based query language,
for the creation of minimal-pair syntactic tests
from the GLC UD treebank which contains
3,013 annotated sentences. Example 2 shows
the queries used for a sample of the datasets.
We search the treebank for four different forms
of subject–object constructions: (1) intran-
sitive nominative (2) transitive nominative–
dative, (3) transitive ergative–nominative, and
(4) transitive dative–nominative. These corre-
spond respectively to accusative (for both (1)
and (2)), ergative, and inverted alignments as
discussed in Section 3.

All data is in the Mkhedruli Georgian script
as this is the expectation of model tokenisers.
Table 2 shows an outline of the datasets, with
separate sets for testing the subject and ob-
ject in transitive constructions resulting in a
total of seven datasets of 50–70 samples each
totalling 370 case-alignment tests. Each test
sentence is accompanied with a target noun
provided in the nominative, ergative, and da-
tive form. Additional ergative forms were cre-
ated and validated by a human annotator in
order to reach at least 50 in any given set.
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Test Set Subject Object Relation Tested # Tests
intransitive-nom-subj Nominative Subject 70
transitive-nom-dat-subj Nominative Dative Subject 50
transitive-nom-dat-obj Nominative Dative Object 50
transitive-erg-nom-subj Ergative Nominative Subject 50
transitive-erg-nom-obj Ergative Nominative Object 50
transitive-dat-nom-subj Dative Nominative Subject 50
transitive-dat-nom-obj Dative Nominative Object 50

Table 2: Overview of the 7 Georgian case-alignment datasets from the GLC UD treebank totalling 370
tests. Table contains the dataset name, subject–object relations, relation tested, and number of tests.

// Transitive Erg-Nom
pattern {

V [upos="VERB"];
SUBJ [Case="Erg"];
OBJ [Case="Nom"];
V -[nsubj]-> SUBJ;
V -[obj]-> OBJ;

}

// Intransitive Nom
pattern {

V [upos="VERB"];
SUBJ [Case="Nom"];
V -[nsubj]-> SUBJ;

}
without {

V [upos="VERB"];
V -[nsubj]-> SUBJ;
V -[obj]-> OBJ;

}

Figure 2: Grew queries to match sentences in the
GLC UD treebank that are transitive erg-nom
and intransitive nom constructions.

5 Methodology
We propose a query-based approach for gen-
erating syntactic tests from UD treebanks
through the use of the Grew query language 2.
The usage of treebanks allows us to take ad-
vantage of (1) dependency relations between
words for syntax specification, and (2) syn-
tactic annotations. The latter allows us to
find specific word forms and adjust them by a
single morphosyntactic feature to create mini-
mal pairs e.g. nom bavshvi (lit. ‘child’)→erg
“bavshvma”. Furthermore, the usage of a query
language allows the intuitive specification of
syntactic constructions. This approach relies
heavily on the richness of the UD treebank in
question, with some constructions and word

2Dataset creation and evaluation code is available
on GitHub at DanielGall500/georgian-case-alignment.

forms naturally occurring less often than oth-
ers, thus placing a limit on the number of syn-
tactic tests that can be generated. In the case
of Georgian, nominative and dative nouns oc-
cur frequently and ergative forms less so, there-
fore a native speaker provided assistance in
creating additional ergative noun forms where
necessary. Each test contains a masked sen-
tence along with a nominative, dative, and
ergative form of the same noun. Example tests
with the three forms for transitive accusative
and ergative alignments are shown in Example
3.

(3) a. bavshvi3/bavshvma7/bavshvs7
child.nom/child.erg/child.dat

khatavs
draws

surats
picture

‘The child draws a picture.’

b. bavshvi7/bavshvma3/bavshvs7
child.nom/child.erg/child.dat

dakhata
drew

surati
picture

“The child drew a picture.”

5.1 Minimal Sets
The creation of a minimal pair using a
treebank-generated lexicon requires (1) a base
word form as it appears in text and (2) a single
feature adjustment. In a typical TSE experi-
ment configuration, two word forms are eval-
uated against each other, however we create
a minimal set of three noun forms to account
for all cases, one valid and two invalid in a
given context. We thus make two feature ad-
justments, e.g. nom→{dat,erg}.
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5.2 Metrics
The standard unit of measuring syntactic per-
formance is accuracy, defined as the propor-
tion of answers that a model gets correct. Typ-
ically, accuracy relates to discrete or categori-
cal values. The value with the highest proba-
bility is taken to be the final prediction ŷi and
compared with the ground truth yi. We are
not however comparing one discrete label with
another but rather probabilities. For a given
grammatical–ungrammatical pair (wG, wUG),
a model is deemed correct if it assigns a higher
probability to wG than to wUG given a context
C (Marvin and Linzen, 2018). Accuracy is de-
fined in Equation 1 as applied across all tests.

1

N

N∑

i=1

1
[
P (wG | C) > P (wUG | C)

]
(1)

Measuring accuracy in this manner may not
account for the highest-probability token from
a model inference as is otherwise typical.
Rather, it compares any target words that
have been pre-defined for the minimal pair. In
our case we extrapolate this to the minimal set
of three forms where the grammatical item wG

must be assigned a higher probability than the
two ungrammatical items wUG1 and wUG2 .

5.2.1 Word- versus Sentence-level
Comparing the likelihoods of words or sen-
tences involves calculating the joint probabil-
ities of their sequences of tokens. We imple-
ment two distinct approaches to the calcula-
tion of joint probabilities: sentence-level (SL)
and word-level (WL). To calculate SL we take
the joint probability over entire tokenised sen-
tences auto-regressively. This can result in ex-
tremely low probabilities for long sentences,
thus we convert this metric to a logarithmic
scale to alleviate this issue. An additional
problem with this metric is that the ungram-
matical item may be present in the chain of
probability multiplications long after the tar-
get word, causing unknown downstream ef-
fects on the results. WL evaluations, on the
other hand, measure certainty at the exact mo-
ment that a grammatical/ungrammatical item
is chosen by taking the joint probability of the
tokenised target word only, given the full con-
text.

5.2.2 Why use one or the other?

WL can be more representative of performance
as it measures certainty at the exact moment
that a model chooses an item in the minimal
pair, whereas SL measures this across an en-
tire tokenised sentence. However, in models
trained on next-token prediction (i.e. decoder-
only), WL only make sense if the grammati-
cality of a minimal pair is determined linearly
earlier in the sentence. Decoder-only models
cannot see the full context if the target is not
the last word. For instance, in Georgian the
verb often appears at the end of a sentence
but the noun case is marked linearly earlier.
SL metrics do not suffer from this as the full
context is taken into account and thus ambi-
guities are limited. If we include decoder-only
models, we should include SL evaluations to
some extent despite WL being more represen-
tative of performance.

6 Experiments

We evaluate seven LMs, with encoder-only
models evaluated on both WL and SL accu-
racy and decoder-only solely on SL accuracy
for the reasons discussed in Section 5.2.2. The
language marker for Georgian is ‘ka’ or ‘geo’.
The encoder-only models selected are XLM-
RoBERTa base and large (Conneau et al.,
2020), BERT multilingual base (Devlin et al.,
2018), RemBERT (Chung et al., 2020), and
HPLT-BERT-ka (Samuel et al., 2023; de Gib-
ert et al., 2024). All are multilingual except
for the HPLT model which is trained solely
on Georgian. The decoder-only models are
GPT2-geo (Kuduxaaa, 2025) and mGPT-ka
(Shliazhko et al., 2024; AI-Forever, 2025), both
models fine-tuned on Georgian though with
the latter additionally fine-tuned on English
and Russian. Models range from 110M–1.3B
parameters and 1–104 languages. They use a
variety of tokenisation algorithms consisting of
WordPiece (Schuster and Nakajima, 2012) for
mBERT and HPLT-BERT-ka, SentencePiece
(Kudo and Richardson, 2018) for RemBERT
and the XLM-R models, and Byte-Pair Encod-
ing (BPE; Sennrich et al. (2016)) for the GPT
models.
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nom nom–dat erg–nom dat–nom
Model Size #langs subj subj obj subj obj subj obj

Word-Level Accuracy (%)
XLM-RoBERTa(bs) 270M 94 83 96 52 26 84 56 96
XLM-RoBERTa(lg) 550M 94 86 94 56 34 94 54 98
HPLT-BERT-ka 110M 1 97 100 70 40 96 74 100
mBERT 110M 104 100 92 42 8 98 36 98
RemBERT 559M 104 59 72 20 14 72 28 56

Sentence-Level Accuracy (%)
XLM-RoBERTa(bs) 270M 94 50 54 18 14 52 24 62
XLM-RoBERTa(lg) 550M 94 56 48 18 18 50 20 62
HPLT-BERT-ka 110M 1 66 54 16 18 54 28 52
mBERT 110M 104 71 68 10 14 84 14 80
RemBERT 559M 104 61 62 30 26 70 24 60
GPT2-geo 124M 1 69 68 38 16 70 34 66
mGPT-ka 1.3B 3 97 100 100 84 98 78 100

Table 3: Accuracy scores for all models across tasks. x–y indicates the subject–object makeup and the
tested role is underneath. Model performance is highest on the nominative regardless of the task and
most models perform particularly poorly on assigning the ergative case.

7 Results

The resulting WL and SL accuracy scores are
shown in Table 3. The cases assigned are indi-
cated in the x–y format and the subj or obj
label indicates which role was tested. Figure 3
shows box plots with the average probability
assigned to each case for each dataset, listed
in the same order top-to-bottom as in Table
3. Note that this shows the results for the
word-level only as they are more comparable
due to fewer probability multiplications. The
results show the strongest overall performance
on assigning the nominative correctly, followed
by notably poorer performance on dative and
ergative. Across all tasks that tested the cor-
rect assignment of the nominative, the average
word- and sentence-level accuracy was 88.6%
and 67.3%, respectively. This was followed by
48.8% and 32.3% for the dative, and 24.4%
and 27.1% for the ergative. The majority of
models perform poorest on the ergative. Sim-
ilarly, Figure 3 shows a dramatic reduction in
model certainty for WL evaluations when eval-
uating the grammatical ergative form. On the
other hand, models assign a much higher av-
erage probability to the correct form for tasks
that test the nominative and dative. This ef-
fect persists regardless of the syntactic task.

7.1 Discussion

The strongest performance across tasks is ob-
served from the mGPT-ka decoder-only model,
notably the largest tested. High model accu-
racy alone however tells us little of the general-
isation of a syntactic feature due to issues with
testing on unseen data. Poor performance, on
the other hand, does indicate a meaningful gap
in knowledge. We thus see the almost univer-
sally poor performance assigning the ergative,
discussed further in Section 7.2, as of partic-
ular interest in these results. We additionally
observe a notable nominative bias that extends
across all tasks, indicating an effect that is be-
yond simple memorisation. We will explore
this in Section 7.3.

The frequency distribution of Georgian case
approximately follows nom > dat > erg (see
Section 3). There is an interesting correlation
between this general frequency of cases and the
word-level accuracy, sentence-level accuracy,
and probability results: nom (wl: 88.6%, sl:
67.3%, wl p(x): 0.03) > dat (wl: 32.3%, sl:
36.6%, wl p(x): 0.029) > erg (wl: 24.4%,
sl: 27.1%, wl p(x): 0.008). These results in-
dicate a possible relationship between the gen-
eral frequency of syntactic constructions and
their learnability in data-scarce contexts.
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Figure 3: The average word-level probability as-
signed to each case represented as box plots. In all
cases, the highest average probability is assigned to
the correct grammatical case. Most significantly
however, the average probability is significantly
lower where the model must assign the ergative
case correctly.

TSE results can be difficult to interpret (see
Section 2) and we have included multiple accu-
racy metrics to alleviate this. We will however
focus primarily on word-level metrics to iden-
tify patterns in the results due to their more
direct measurement of model preference (see
Section 5.2.1). We will additionally assess the
possible impact of tokenised word or sentence
length on performance in Section 7.4.

7.2 Models Struggle with Ergativity

A key finding is that models tend to strug-
gle most with correctly assigning the ergative
case. The nominative and dative are used for
a wider variety of purposes and naturally oc-
cur more frequently, while the ergative is used
in very specific cases (sometimes defined as a
more marked feature (Andrews, 1990)). There
is thus a natural reduction in instances of the
ergative case in the training data, strained fur-
ther by limited data for this language generally.
This leads us to a situation where models may
easily over-generalise and thus fail to learn the
correct triggers for the ergative case, namely,
the usage of the perfective screeve. Further-
more, the rarity of this case-alignment system
across languages likely means that there is lim-
ited scope for improvement through transfer
learning. Data scarcity is a well-understood is-
sue for training models on LRLs (Chang et al.,
2024; McGiff and Nikolov, 2025), however here
we have isolated its effects on the learning of
syntax to a single syntactic feature.

7.3 Nominative Bias

There is conversely a clear default bias towards
the nominative case regardless of syntactic
makeup. In cases where the dative was the cor-
rect choice but models chose wrongly, the nom-
inative was preferred 83.2% of the time with
only minor deviation among datasets (σ=2%).
In failed tests for the ergative case, the nom-
inative was preferred an average of 74.4% of
the time. Lastly, where the nominative was
the correct choice but the model chose wrongly,
the dative was preferred over the ergative an
average of 79% of the time with limited devi-
ation across the four datasets (σ=3%). Even
where models did not choose the nominative
as they should have, the dative is a secondary
default and the ergative is rarely preferred.
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7.4 Assessing Tokenisation Impact
Agglutinative languages such as Turkish or
Georgian provide particular challenges for to-
kenisation algorithms due to the building of
particularly complex word forms (Altnta et al.,
2025). However, we found that their effect on
the end result was in this case limited and, fur-
thermore, we did not find a qualitative word
or sentence type that correlated with poor per-
formance. Models used a variety of tokenisa-
tion approaches (see Section 6) and the aver-
age token length of the target word for the
WL results differed significantly: mBERT –
4.1 > RemBERT – 2.3 > XLM-R(lg) – 2.2
> XLM-R(bs) – 2.1, > HPLT-BERT-ka – 1.4.
Upon performing a Pearson correlation anal-
ysis between model performance and both to-
kenised (a) target word length, and (b) sen-
tence length, we found no statistically signif-
icant correlations for the nominative (a. r=–
0.34, p=0.21; b. r=0.04, p=0.45), the dative
(a. r=–0.24, p=0.2; b. r=–0.04, p=0.53), or
the ergative (a. r=0.03, p=0.34; b. r=0.07,
p=0.42) tasks. These findings partially allevi-
ate the limitation that we did not control for
sentence length and point further toward the
rarity of the ergative and general data scarcity
for Georgian as a key issue.

8 Conclusion

In this work we created a dataset for the syn-
tactic evaluation of Georgian case alignment
and evaluated seven LMs trained on Georgian
text. Performance correlated with the distri-
bution of case seen within the language: nom
> dat > erg. The low frequency of the erga-
tive case, its highly specific use case, as well
as an overall lack of available training data
make this a particularly difficult syntactic phe-
nomenon for models to learn. We found that
models tended to default to using the nomi-
native regardless of the syntactic construction
as shown by an error analysis of model pref-
erences. Furthermore, a Pearson correlation
analysis revealed that tokenised word and sen-
tence length did not appear to be strong indi-
cators of performance. The dataset, primarily
generated from the GLC UD treebank, con-
tributes towards a syntactic benchmark for
Georgian. The approach used may also be
generalised to other languages for which a

treebank exists. The incorporation into the
dataset of additional screeves as well as a
broader range of intransitive tests would be
a fruitful avenue for future work.

Limitations

A treebank-based approach to the creation of
minimal pairs comes with the caveat that any
generated tests have possibly been seen in the
training data, leading to difficulties in prop-
erly evaluating the generalisation of syntactic
features or performance on unseen data. Fur-
thermore, an upper limit is placed on the num-
ber of syntactic tests that can be generated
for a given feature that is determined by the
treebank size. Dataset size was thus a limit-
ing factor in this work. Due to these limita-
tions we additionally did not control for sen-
tence length, though this was shown not to
have major implications in Section 7.4. There
are additional difficulties in the interpretation
of the results due to tokenisation biases and
context ambiguities.
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