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Abstract
In this paper we introduce a Hindi verb alter-
nations benchmark to investigate whether pre-
trained large language models (LLMs) can infer
the frame-selectional properties of Hindi verbs.
Our benchmark consists of minimal pairs such
as Tina cut the wood/∗Tina disappeared the
wood. We create four variants of these alter-
nations for Hindi to test knowledge of verbal
morphology and argument case-marking. Our
results show that a masked monolingual model
performs the best, while causal models fare
poorly. We further test the quality of the predic-
tions using a cloze-style sentence completion
task. While the models appear to infer the right
mapping between verbal morphology and va-
lency in the acceptability task, they do not gen-
erate the right verbal morphology in the cloze
task. The model completions also lack prag-
matic and world knowledge, crucial for making
generalizations about verbal alternations. Our
work points towards the need for more cross-
linguistic research of verbal alternations.

1 Introduction

A question that has been investigated repeatedly is
whether large language models (LLMs) are able
to learn the syntactic and semantic generalizations
of a natural language given the diverse data they
are trained on. A number of studies have created
linguistic benchmarks consisting of syntactic phe-
nomena (e.g. active-passives, syntactic agreement)
using minimal pairs. LLMs are then tested on ac-
ceptability judgement tasks, comparing their per-
formance with human judgements (Warstadt et al.,
2020; Xiang et al., 2021; Someya and Oseki, 2023;
Song et al., 2022).

Recent work evaluated transformer LLMs on
Hindi syntactic agreement (Kryvosheieva and Levy,
2025). LLMs’ performance was robust despite
Hindi’s complex split-ergative system. With re-
spect to verb argument structure alternations, cross-
linguistic results are mixed. For English as well

as Chinese, experiments show that model perfor-
mance is relatively poor for argument structure
(Warstadt et al., 2020; Xiang et al., 2021). For
Japanese on the other hand, models seem to match
human accuracy (Someya et al., 2024). There is
no previous work evaluating LLMs’ knowledge of
verb argument structure for Hindi.

The core meaning of an event is contributed by
the verb in a sentence or context. It comes densely
packed with information about the number of ar-
guments (or participants), their role, and how they
are related to each other. This information com-
prises syntactic knowledge: mapping the verbal
morphology to the correct number of arguments in
the sentence. It also contains semantic knowledge
where the verb and its arguments contribute to the
event meaning.

In this paper, we use both acceptability judge-
ments and cloze-style sentence completions fol-
lowing Ettinger (2020). We evaluate both masked
and causal models, and also compare multilingual
and monolingual models (Martin et al., 2020; Song
et al., 2022). Results from our acceptability task
indicate knowledge of the mapping between verbs
and syntactic frames. At the same time, the best
performing models from this task are not able to
predict the correct verb forms in a cloze-style sen-
tence completion. We show that verb alternations
require LLMs to make generalizations that are dif-
ferent from other syntactic phenomena.

2 Alternations in Hindi

Hindi verbs carry morphosyntactic information that
signals the change in arguments. In the following
examples, the base form of an intransitive verb
/ub@l/ ‘boil’ changes to transitive in /ubal/ and then
to the indirect causative in /ub@lva/. While there
is variation in the way each of these alternations
are realized (e.g. some verbs have a null transitive
alternation), there is a surface form-function map-

17542



ping unlike English. For example, John broke the
window and The window broke are causative and
intransitive, respectively but without any surface
differences.

(1) pani
water.M

ub@l
boil

r@ha
PROG.SG.M

tha
AUX.PST.SG.M

‘The water was boiling.’

(2) l@óka
boy.3.SG.M

pani
water.M

ubal
boil.DCAUS

r@ha
PROG.SG.M

tha
AUX.PST.SG.M
‘The boy was boiling the water.’

(3) l@óka
boy.3.SG.M

b@cce-se
child.3.SG.M-AGT

pani
water.M

ub@l-va
boil-ICAUS

r@ha
PROG.SG.M

tha
AUX.PST.SG.M

‘The boy made/had the child boil the water.’

Begum et al. (2008) groups Hindi verbs together
on the basis of this morphological relatedness. In
this paper, we aim to investigate whether LLMs
learn such a mapping between the morphological
form and its corresponding argument frame.

One challenge in developing such an evaluation
dataset for Hindi is that arguments are regularly
dropped (elided), and case markers on the nouns
exhibit case syncretism. For example in (5) the case
/-se/ describes a source (Mira) and takes a transitive
form. In example (4), the same case marker /-se/
is instrumental, occurring with a causative form of
the verb /b@d@l/ ‘change’.

(4) amIt-ne
amit.3.SG.M-ERG

mira-se
mira.3.SG.F-INST

gh@Di
watch.3.SG.F

b@d@l-va-i
change-ICAUS-PST.PERF.SG.F

‘Amit made/had Mira change the watch.’

(5) amIt-ne
amit.3.SG.M-ERG

mira-se
mira.3.SG.F-SOURCE

gh@Di
watch.3.SG.F

b@d@l-i
change-PST.PERF.SG.F

‘Amit exchanged the watch from Mira.’

For our benchmark, we choose sentences where
all argument and adjunct slots are filled. In our
minimal pairs, the acceptable sentence has the /-va/
causative as in (3), with three arguments (causer,
agent, and patient). An additional instrumental
argument is also added to restrict the choice to
causatives and avoid ambiguity. We then replace
the grammatically correct verb with an incorrect
form to test for awareness of the correct frame.

3 Benchmark construction

To examine the extent to which pretrained models
effectively leverage syntactic and semantic infor-
mation from the context, we introduce a benchmark
of minimal pairs in Hindi. We construct minimal
pairs such that both sentences have a common sen-
tential prefix and a grammatical or ungrammatical
verb (which occurs in SOV order in Hindi). The
last word in each sentence is a past tense auxil-
iary (the verb occurs at second last position). All
examples are shown in Table 1.

Our benchmark consists of 56 verbs that have
been selected on the basis of different criteria. We
first chose verbs on the basis of their frequency us-
ing the Shabd database corpus (Verma et al., 2022).
We have selected verbs that are high on the Zipf
scale to maximize the chance of their occurrence
across model training corpora. This ensures that
these verbs are well represented and we minimize
out-of-vocabulary effects. We then categorized
verbs according to their valency. Since the goal
of this work is to study how well pretrained models
understand the verb argument structure of Hindi
verbs, the final verb list maps to all three syntac-
tic frames – intransitive (1 argument), transitive
(2 arguments), and ditransitive (3 arguments). We
also consider finer classifications, e.g. intransitive
verbs which are further categorized into unergative
and unaccusative verbs. Transitive verbs contain
a sub-category of ingesto-reflexives. The final set
has 28 intransitive verbs (13 unergatives and 15
unaccusatives), 23 transitive verbs (with 13 ingesto-
reflexives), and 5 ditransitive verbs.

For our evaluation, we generate four variants of
our benchmark that are described below:

Different Verb: the two verbs are morphologi-
cally unrelated forms, with different valency.

Same Verb: the two verbs are morphologically
related, but with a different valency.

No Case(E): the two verbs are morphologically
related, but the verbal aspect is habitual, which
results in the ergative marker on the subject being
removed1.

No Case(I): the two verbs are morphologically
related, but we remove the additional adjunct argu-
ment from both sentences.

We can think of the ‘Different Verb’ and ‘Same
Verb’ variants of the dataset as being maximally
specified in terms of the arguments and adjuncts, al-

1Hindi has split ergativity where /-ne/ marker on agents
appear only when the verb is in past perfective.
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Task Exp Sentence Prefix Verb Acceptability

Accept-
ability DV mã-ne arjun-se kulhaDi-se l@kDi

mother-ERG arjun-AGT axe-INST wood
k@t-vai thi
cut-DCAUS.PST be.PST

!

j@li thi
burn.PST be.PST

✗

SV mã-ne arjun-se kulhaDi-se l@kDi
mother-ERG arjun-AGT axe-INST wood

k@t-vai thi
cut-DCAUS.PST be.PST

!

k@Ti thi
cutPST be.PST

✗

No Case(E) mã arjun-se kulhaDi-se l@kDi
mother arjun-AGT axe-INST wood

k@T-va-ti thi
cut-DCAUS-HAB be.PST

!

k@t-ti thi
cut-HAB be.PST

✗

No Case(I) mã-ne arjun-se (...) l@kDi
mother arjun-AGT (...) wood

k@T-va-i thi
cut-DCAUS be.PST

!

k@t-i thi
cutPST be.PST

✗

Cloze mã-ne arjun-se kulhaDi-se l@kDi
mother-ERG arjun-INST axe-INST wood _______ thi NA

Table 1: Minimal pairs from our Hindi verb alternation benchmark. The example sentence is translated as Mother
made Arjun cut the wood with an axe. DV=Different Verb, SV=Same Verb, No Case(E)= no ergative case on
subject, and No Case(I)= no instrument case marked adjunct. The cloze task shows the sentential prefix, missing
verb and the auxiliary. Argument /arjun-se/ is glossed as AGT ‘AGENT’ to distinguish it from the Instrumental case
for kulhaDi ‘axe’.

lowing us to test whether the mapping between mor-
phological encoding and valency is learned. The
‘No Case’ variants compares the morphologically
related verbs but the case information is changed.
This is done primarily to test whether the models
are robust to subtle changes in the surface forms
of the arguments. Table 1 shows example for each
variant.

Each set has 56 pairs for the acceptability task.
To collect acceptability judgements, we conducted
a forced choice acceptability judgment experiment
using PCIBEX (Zehr and Schwarz, 2023). Partic-
ipants were asked to choose the most acceptable
sentence (see Appendix B.1 for all details). We
present annotator accuracy along with LLMs’ in
Table 2. For all the variants of our dataset, human
accuracy is quite high. We use the sentential prefix
as shown in Table 1 for the cloze task.

4 Models

We test our dataset using six models via the
HuggingFace Transformers library (Wolf et al.,
2020) – four BERT-based masked language models
(XLM-RoBERTa, MuRIL, IndicBERTv2 and Hind-
BERT) and two causal language models (mGPT
and BLOOM). All models, except for HindBERT
are multilingual models and differ primarily in
terms of their size and the language(s) they are
trained on. (An overview of models is presented in

Appendix A). mGPT has 1.3B and 3B variants and
BLOOM has 560M, 1.1B, 1.7B, 3B, 7.1B, 13B,
and 176B variants. We found that as the param-
eters increased beyond 1B for the these models,
performance worsened. On the ‘Different Verb’
variant of our benchmark the performance of the
1.7 million and 1.1 billion variants of the BLOOM
model was the same (75% accuracy). However,
for BLOOM 3 billion, the performance dropped to
62.5%. These results are similar to Kryvosheieva
and Levy (2025)’s results for Hindi where the per-
formance dropped for BLOOM’s 3 billion variant.
Hence, in this study we present results only from
mGPT1.3b, BLOOM560m and BLOOM1.1B.

We evaluate models’ performance using sen-
tence score. For causal models, the score of
a sentence is computed as the sum of the log-
probabilities of each token conditioned on the se-
quence of preceding tokens. Whereas for masked
models, we employ the pseudo-log-likelihood
(PLL) scoring method introduced by Kauf and
Ivanova (2023). The original PLL scoring method
estimates sentence probability by masking words
iteratively in a sentence, calculate the probability
of each mask, and then multiplying probabilities
of each word (Wang and Cho, 2019; Salazar et al.,
2020). However, this method does not mask within
word tokens of a multi-token word and results in
inflated scores (Kauf and Ivanova, 2023). There-
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Type Models Accuracy
DV SV No Case(E) No Case(I)

masked XLM-Rbase 67.9 55.4 35.7 58.9
XLM-Rlarge 89.3 62.5 53.6 69.6
MuRIL 85.7 76.8 50.0 67.9
IndicBERTv2 92.9 91.1 67.9 83.9

(monolingual) HindBERT 98.2 83.9 83.9 91.1
causal mGPT1.3b 53.6 21.4 16.1 30.4

BLOOM560m 58.9 42.9 8.9 42.9
BLOOM1.1b 75.0 58.9 23.2 62.5

Humans 99.0 90.9 96.4 99.7

Table 2: Average percentage accuracy of the LLMs and human performance on each experiment (chance probability
is 50%). Overall, LLMs performance is comparable to humans and the monolingual model (HindBERT) performs
better than the multilingual ones.

fore, we calculate the PLL score for each word by
masking within word tokens as well.

We calculate the PLL score for each sentence
individually. The sentence with the greater PLL
score is deemed to be more acceptable than the
other. We then evaluate these probabilities against
the gold data to calculate accuracy.

The Syntactic Log-Odds Ratio (SLOR) (Pauls
and Klein, 2012; Lau et al., 2017; Lu et al., 2024) is
also another method that is used to score sentences,
while controlling for sentence length and lexical
frequency. We did not calculate this score in our
work as the training data for all the models that we
tested was not publicly available. We also note that
in our dataset all the example sentences were of
similar length (between 9-11 words).

5 Results

Acceptability Task: Table 2 shows results for
the acceptability task. For the ‘Different Verb’ vari-
ant, all masked models performed above chance
with the monolingual model close to the human
accuracy. However, all causal models lag far be-
hind humans with only BLOOM1.1b achieving 75%
accuracy. mGPT and BLOOM have shown good
results in Kryvosheieva and Levy (2025)’s experi-
ments on Hindi syntactic agreement but performed
poorly for our task. Our results suggest that ver-
bal alternations are more challenging than syntac-
tic agreement for causal models. We additionally
tested the Llama 3.2-1B and Llama 3.3-3B models
for our acceptability task, but found their perfor-
mance to be similar to mGPT and BLOOM.

For the ‘Same Verb’ task, there is a drop in per-
formance, which is also reflected in the human
accuracy. But the performance drop is more promi-
nent in XLM-R-large and MuRIL. For the ‘No

Case(I)’, both IndicBERT and HindBERT are less
accurate. This shows that using an additional instru-
ment argument, and maximally filling all argument
and adjunct slots does help LLMs to discriminate,
while it makes little difference to humans. The
weak performance for ‘No Case(E)’ variant is sur-
prising. All models are less accurate, showing that
case information like the ergative marker /-ne/ is
an important cue for models. Ravfogel et al. (2019)
also report that overt morphological case marking
makes model prediction easier for syntactic agree-
ment phenomena.

As discussed in Section 2 Hindi verbs can be
classified into different categories according to
their valency and type. In order to understand
whether these distinctions impact model perfor-
mance, we further analyze our results for each of
the different categories. For intransitives and tran-
sitives, models’ performance across each task was
uniform, however we do see a decrease in perfor-
mance for ditransitives in all variants except for the
‘Different Verb’ task (see Table 5 in Section C in
the Appendix).

Sentence Completion Task: We also carried
out a cloze-style sentence completion task. We
took the best performing models– the multilin-
gual IndicBERTv2 and monolingual HindBERT
and asked them to complete the sentence as shown
in Table 1. Both models were shown 56 senten-
tial prefixes with the missing verb followed by the
auxiliary signaling the end of the sentence. All
the gold examples contain the morphological /-va/
causative.

Models rarely generated verbs with the /-va/
causative. Rather, the completions are usually tran-
sitive or ditransitive verbs. Sometimes these com-
pletions may be grammatical due to the ambigu-
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Sentential Prefix Expected Predicted

moh@n-ne b@cci-se p@nkhe-se bujhvai 1. kh@ridi
momb@tti thi (made to (bought)
‘Mohan made/had the girl extinguish) 2. nikali

the candle with the fan.’ (removed)

Table 3: Example of cloze predictions from (1) Hind-
BERT and (2) IndicBERTv2

ity in the case markers on the nouns (see Section
2). Our qualitative analysis suggests that in 28%
of the sentences, LLMs produce completions are
ungrammatical. The errors show lack of comm-
monsense or pragmatic knowledge, in particular
semantic content of the nominal argument and the
case marker. Table 3 shows such an example where
the most appropriate verb would be extinguish, but
the models predict buy or remove. This shows that
the models learn about valency and morphological
forms (as shown by the acceptability tasks) but not
about event semantics.

We also collected human judgements to see
whether they prefer the gold completions or mod-
els’ predictions using a forced choice task. Annota-
tors were shown pairs of completions and asked to
select the most grammatical option. We then cal-
culated the percentage of times annotators agreed
with the gold completions, finding a mean agree-
ment rate of 85.9%, which indicates strong pref-
erence for the gold completions over the models
outputs (see Appendix B.2 for the experiment de-
tails).

6 Discussion

In this work, we have created a benchmark of mini-
mal pairs with four variants to test the knowledge of
Hindi verbal alternations. Our benchmark has been
publicly released.2 We show that masked models
are the closest to human performance for the ac-
ceptability task, but when these models are used
in a cloze-style completion, their completions lack
integration of both syntactic and semantic knowl-
edge. This indicates an incomplete understanding
of verb frames.

Hindi morphologically encodes its verbal argu-
ment structure, and this information seems to give
the models a boost in the ‘Different Verb’ vari-
ant (Mueller et al., 2020). At the same time, case
syncretism is a disadvantage, which makes the ar-
gument and adjunct distinction more challenging

2https://github.com/kjain93/verb-knowledge-in-LLMs

for ‘No Case’. Both IndicBERTv2 and HindBERT
are fairly large models, trained on 20 billion and
1.8 billion tokens respectively. It is unlikely that in-
creasing the size of the models will help to improve
their event semantics knowledge.

We see that that current models have close to
human performance for acceptability judgements
but they are far less robust in a generation task.
The ungrammatical completions indicate that the
models have a surface understanding of valency but
are unable to integrate this knowledge with event
meaning. Our research points towards the need to
investigate syntactic and semantic integration in
LLMs.

Limitations

Our study focuses on one syntactic phenomenon,
that is knowledge of verb frames in Hindi, unlike
benchmarks like BLiMP (Warstadt et al., 2020)
that includes many syntactic phenomena. Future
research work covering other syntactic phenomena
for Hindi and other languages will give a general-
ized idea of models’ linguistic competence. Fur-
ther, we carried out the cloze task only with top
performing models and not others. There is a pos-
sibility that causal models may have better perfor-
mance and we plan to explore this in future work.

Ethical Consideration

We collected informed consent from all individuals
who volunteered to participate in the data collec-
tion, adhering to all relevant norms and regulations
of our institution. We also obtained required per-
missions from our institute’s ethics committee. All
the participants for all the studies were adequately
compensated for their time.
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A Models Evaluated

A.1 XLM-R
XLM-R (Conneau et al., 2019) is a multilingual
masked language model (MLM) developed by
Facebook. It is pretrained on trained on 2.5TB
of filtered CommonCrawl data in 100 languages
including Hindi. In this work, we are evaluating the
base and large version of this model. XLM-Rbase
has 12 layers, 768 hidden units, 12 attention heads,
and 270M parameters where as XLM-R large has
24 layers, 1024 hidden units, 16 attention heads,
and 550M parameters.

Type Model Tokens Par

maked XLM-Rbase 2.5TB 270M
XLM-Rlarge 2.5TB 550M
MuRIL 21B 236M
IndicBertv2 20.9B 278M

(monolingual) HindBert 1.8B

causal mGPT 46B &
442B 1.3B

Bloom560m 341B 560M
Bloom1.1b 341B 1.1B

Table 4: Models evaluated by training data size (in
tokens) and number of parameters (Par). We couldn’t
find the exact number of parameters for HindBERT.

A.2 MuRIL

MuRIL (Multilingual Representations for Indian
Languages) (Khanuja et al., 2021) is a multilingual
transformer-based language model developed by
Google, specifically for Indian languages. It is
based on the BERT architecture, with 12 layers,
12 attention heads, and 236 million parameters.
MuRIL is trained on significantly large amounts of
Indian text corpora across 16 Indian languages and
English. It significantly outperforms mBERT on
all tasks in XTREME benchmark (Hu et al., 2020).

A.3 IndicBERT

IndicBERT (Kakwani et al., 2020) is a multilin-
gual ALBERT-based language model developed
by AI4Bharat, optimized for Indian languages. It
has two versions and we are testing the version
2. IndicBERT v2 is trained on IndicCorp v2, an
Indic monolingual corpus of 20.9 billion tokens,
covering 24 Indian languages. The model has 12
encoder layers, 12 attention heads, and 278 million
parameters.

A.4 HindBERT

HindBERT (Joshi, 2022) is a monolingual BERT-
based transformer model trained exclusively on
Hindi by L3Cube. It is trained on around 1.8 billion
Hindi tokens. The model has 12 layers and 12
attention heads, and the vocabulary size of 197285.

A.5 mGPT

Multilingual GPT (mGPT) (Shliazhko et al., 2024)
is a causal language model based on the GPT-3
architecture. It supports 61 languages, including
several Indian languages, and the pretraining cor-
pus size is 46B (Wikipedia), and 442B UTF char-
acters (C4). There are two variants available for
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Models
DV SV No Case(E) No Case(I)

Intran Tran Ditran Intran Tran Ditran Intran Tran Ditran Intran Tran Ditran

XLM-Rbase 64.3 69.6 80 75 43.5 0 57.1 17.4 0 75.0 52.2 0
XLM-Rlarge 85.7 91.3 100 82.1 47.8 20.0 60.7 47.8 40.0 89.3 56.5 20.0
MuRIL 78.6 95.6 80 78.6 78.3 60.0 53.6 47.8 40.0 71.4 69.6 40.0
IndicBERT 92.9 91.3 100 96.4 86.9 80.0 75 56.52 80.0 92.9 78.3 60.0
HindBERT 96.4 100 100 92.9 82.6 40.0 89.3 86.9 40.0 100 91.3 40.0
mGPT1.3b 42.9 65.2 60.0 53.6 8.7 0 21.4 13.0 0 53.6 8.7 0
BLOOM560m 50 69.6 60.0 53.6 39.1 0 14.3 4.3 0 53.6 39.1 0
BLOOM1.1b 71.4 78.3 80.0 75.0 60.9 0 28.6 21.7 0 75.0 60.9 0

Table 5: Average percentage accuracy of the LLMs on each experiment for different class of verbs

this model. In this work, we are evaluating only
the small one with 1.3 billion parameters

A.6 BLOOM
BLOOM (BigScience Large Open-science Open-
access Multilingual Language Model) (Workshop
et al., 2022) is a multilingual autoregressive trans-
former model developed by the BigScience project.
It supports 46 natural languages, including many
low-resource ones, and 13 programming languages.
BLOOM is trained on the ROOTS corpus. The full
model has 176 billion parameters but also has 5
small size variants. For our study, we test the 560
millions variant and the 1.1 billions variant.

B Experiments with Humans

B.1 Acceptability Task

Figure 1: Example of a minimal. English translation:
Arjun made Mohan catch a fish with net.

All the experiments for acceptability task were
conducted using PCIBEX. Participants were given
instruction about the task in both in Hindi and En-
glish. We explained that there are no risks involved
in the task to each participant.

In each experiment they saw the minimal pair
simultaneously as shown in Fig.1 and they were
asked to choose the more grammatically acceptable
sentence for each pair. We also included fillers and

practice sets. The order of main sentences and
fillers was shuffled.

Participants for first experiment, Different verb,
were aged 18-40. We collected the data in person
using anonymous id for each one of them. We have
15 judgements for each pair in this experiment. The
participants were paid according to our institution
policy. For the remaining variants we collected
data on the crowdsourcing platform Prolific. For
each of these experiments the dataset consisted of
28 randomly sampled sentences. We collected 20
judgements on each pair. All the participants were
self reported native Hindi speakers and they were
paid in accordance with Prolific’s fair compensa-
tion policies.

B.2 Cloze Task
We collected human judgments on the comple-
tions produced by the two models. We presented
each sentence prefix to 14 native speakers of Hindi
on Prolific and provided them three options: the
(gold) causative verb and the verbs predicted by In-
dicBERT and HindBERT. Participants were asked
to choose the most appropriate completion for each
sentence. The information sheet clearly mentioned
that there are no risks involved in the study. All
participants were self reported native speakers of
Hindi and were paid in accordance with Prolific’s
fair compensation policies.

C Class wise analysis for Verbs

In Table 5, we present evaluation results of verbs
categorized as intransitives (Intran), transitives
(Tran) and ditransitives (Ditran) for all the mod-
els.
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