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Abstract
This paper introduces GreekCommonGen, the first benchmark designed for generative commonsense reasoning
in Greek. The dataset is created by automatically translating the original English CommonGen corpus and
subsequently refining the outputs through manual post-editing to ensure linguistic and semantic quality. We conduct
a comprehensive evaluation of a range of approaches/models on this benchmark, exploring the impact of different
prompting strategies, decoding methods, and model sizes/architectures. Our findings provide valuable insights into
the challenges of commonsense generation in Greek, paving the way for future research in the field.
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1. Introduction

Large Language Models (LLMs) have demon-
strated strong performance across a wide range
of natural language tasks. For English there are
a plethora of large-scale evaluation benchmarks,
however, for Greek, as noted by Papantoniou and
Tzitzikas (2020); Zhang et al. (2026), there is a lack
of such resources.

A popular benchmark for testing how well models
can perform Generative Commonsense Reason-
ing (GCSR) for English is CommonGen, introduced
by Lin et al. (2020). In CommomGen, given a set
of common concepts (e.g., {dog, frisbee, catch,
throw}) the task is to generate a coherent sentence
describing an everyday scenario using these con-
cepts; e.g., “a man throws a frisbee and his dog
catches it”. The task is considered challenging
mainly because it requires 1) relational reasoning
based on commonsense knowledge, and 2) compo-
sitional generalization for unseen concept combina-
tions. Several methods/approaches for the specific
task/dataset in English have been proposed.

The contributions of the paper are the following:
a) we make freely available GreekCommomGen1,
the first Greek benchmark for evaluating Genera-
tive Commonsense Reasoning b) we evaluate well-
known Greek LLMs on the dataset using different
models and decoding/prompting strategies. The
results provide valuable insights for the difficulty of
the task in Greek and for future research.

The remainder of this paper is structured as fol-
lows: Section 2 presents the related work while
Section 3 describes the construction of GreekCom-
monGen. Section 4 presents the evaluation meth-

1https://github.com/aristotelisStam/
CommonGen_Greek/

ods used for GCSR. Section 5 analyzes the experi-
ments that were conducted on GreekCommonGen,
and finally Section 6 presents the concluding re-
marks and outlines future research directions, as
well as the main limitations of this study.

2. Related work

A large number of LLMs have been released in the
last few years; e.g., GPT, Mistral, Llama, Qwen,
Gemini, Gemma, etc. However, most of them have
been trained predominantly on data for widely spo-
ken languages, particularly English. To address
this imbalance, several initiatives in recent years
have focused on adapting existing LLMs to low or
medium resource languages through continual pre-
training. Examples of such initiatives are the BIELIK
models (Ociepa et al., 2024) for Polish based on
Mistral as well as LeoLM2, a German model derived
from Llama. For Greek, two models have been
made available the last years, Meltemi (Voukoutis
et al., 2024) and Krikri (Roussis et al., 2025), the
former is based on Mistral (Jiang et al., 2023) and
the latter on Llama 3.1 (Grattafiori et al., 2024). Ex-
perimental results have shown that the two Greek
LLMs surpass in several Greek NLP tasks the mod-
els on which they were based on.

The evaluation of these two Greek LLMs (Vouk-
outis et al., 2024; Roussis et al., 2025) has been
based on a) machine-translated datasets that are
widely used for that purpose in English; e.g., MMLU,
ARC-Challenge, HellaSwag, etc. and b) native
Greek benchmarks such as Belebele (Bandarkar
et al., 2024) and Medical MCQA. Recently, more
native Greek datasets were made available such

2https://laion.ai/blog/leo-lm/

https://github.com/aristotelisStam/CommonGen_Greek/
https://github.com/aristotelisStam/CommonGen_Greek/
https://laion.ai/blog/leo-lm/
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as GreekMMLU (Zhang et al., 2026) and Greek-
BarBench (Chlapanis et al., 2025); also, there is
the Greek portion of Global PIQA (Chang et al.,
2025).

Regarding Generative Commonsense Reason-
ing evaluation there is CommonGen (Lin et al.,
2020) for English and the recently released CO-
COTEROS (Maestre et al., 2024) and MULTICOM
(Martínez-Murillo et al., 2025). COCOTEROS is
for Spanish while MULTICOM extends it and cov-
ers English, Spanish, Dutch, and Valencian. To
the best of our knowledge, however, there are no
available datasets in Greek for Generative Com-
monsense Reasoning (GCSR).

3. GreekCommonGen dataset

We created GreekCommonGen, a Greek coun-
terpart of CommonGen. CommonGen consists of
concept sets (3–5 words), each set is paired with
multiple reference sentences describing plausible
scenarios integrating these concepts. Our objec-
tive was GreekCommonGen to preserve the com-
monsense reasoning nature of the original bench-
mark while ensuring linguistic naturalness in Greek.
The process consisted of two stages: (i) automatic
translation and (ii) manual revision. In the first
phase, reference sentences were translated using
MADLAD-3B3(Kudugunta et al., 2023), a multilin-
gual machine translation model based on T5. Con-
cept sets were not translated at this stage, as their
interpretation depends on the contextual alignment
with the reference sentences.

Due to the rich morphology of Greek, flexible
order of words and pro-drop properties etc., au-
tomatic translations frequently required a revision
to ensure grammatical agreement, idiomatic flu-
ency, and semantic fidelity. Literal renderings of-
ten produced unnatural expressions or semantic
shifts. For example, in the concept set [’bow’, ’rib-
bon’, ’tie’], automatic translation produced “τόξο”
(the weapon used to shoot arrows) for ’bow’ in-
stead of “φιόγκος” (the decorative knot). Revisions
were restricted to minimal interventions with the aim
of restoring grammaticality, preserve the original
scenario, cover all concepts as well as to ensure
the dataset’s linguistic naturalness in Greek. Both
manual revisions of automatic translations and con-
cept set translations were carried out by a native
Greek speaker to ensure the quality of the trans-
lations. Each translated instance was evaluated
using the following principals: (i) grammatical cor-
rectness, including agreement in gender, number,
and case, (ii) The best possible semantic fidelity
to the original English sentence while maintaining
linguistic naturalness in Greek and (iii) coverage of

3https://huggingface.co/google/
madlad400-3b-mt

all concepts within the set. Sentences that failed
to meet these criteria were either minimally cor-
rected or discarded if the original meaning could
not be preserved without substantial modification.
We ensured that the final dataset preserves the
structural properties of the original benchmark and
kept the concept sets to three concepts each. As
a result, GreekCommonGen constitutes a linguis-
tically natural yet structurally faithful adaptation of
CommonGen

Concept sets were translated only after finaliz-
ing the corrected Greek reference sentences, to
ensure lexical and semantic alignment. Each con-
cept set is paired with one to three reference sen-
tences. All concepts were translated according to
the following principles: (i) Verbs were expressed
in first-person singular present tense, reducing mor-
phological ambiguity in Greek (e.g., distinctions of
person, tense, voice, and gender). Furthermore,
unlike English, the Modern Greek language lacks
an infinitive mood, making the first person indica-
tive a natural and grammatically sound base form
for sentence generation. (ii) Passive forms were ex-
plicitly preserved where required. (iii) Nouns were
rendered in nominative singular. (iv) Participial or
derived verbal forms were retained when neces-
sary to reflect the structural diversity of the original
dataset.

Overall, the curation of the dataset, the manual
translations and revisions required approximately
3 months of careful manual work.

Statistics Training Test
References 3,868 1,004
Concept Sets 1,843 342

Table 1: Statistics for GreekCommonGen

The produced GreekCommonGen dataset (Ta-
ble 1) consists of two parts: A test set used for
evaluation purposes and a training set that can
be used as a parameter tuning dataset. The test
set contains 1,004 reference sentences with 342
unique concept sets while the training set contains
3,868 references with 1,843 unique concept sets.
Figure 1 showcases the part-of-speech distribution
analysis of GreekCommonGen. The PoS distri-
bution shows that nouns and verbs constitute the
majority of the words in both parts, which is justified
by the concept-focused nature of the dataset. De-
terminers and prepositions also form a substantial
portion. Due to the nature of the GreekCommon-
Gen task, it is also characterized by noun-heavy
sentences and rich verbal morphology.

https://huggingface.co/google/madlad400-3b-mt
https://huggingface.co/google/madlad400-3b-mt
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4. Evaluation measures

Systems and methods developed for the Common-
Gen task were usually evaluated on the whole test
set (1497 concept sets) based on widely-used auto-
matic metrics that measure the overlap of machine-
generated between human-generated reference
sentences. Such metrics are BLEU-4 (Papineni
et al., 2002), CIDEr (Vedantam et al., 2015), SPICE
(Anderson et al., 2016) and METEOR (Banerjee
and Lavie, 2005). The respective leaderboard that
reports these scores is available online4. In recent
years CommonGen-Lite5, a subset of 400 concept
sets from the CommonGen test is used for evalua-
tion. The respective leaderboard is also available
online on the same web page as the initial leader-
board. The overall CommonGen-Lite scores are
based on a) Length b) Coverage: the percentage of
examples where all given concepts are covered by
model outputs c) PoS: the percentage of examples
where the part-of-speech (PoS) of all given con-
cepts are correct in the outputs. d) Win+Tie Rate:
the percentage of examples where GPT-4-turbo
prefers the model outputs over the human-written
references. Win+Tie Rate can be thought of as an
LLM-as-a-judge approach (Zheng et al., 2023).

In the experiments that we present for Greek-
CommonGen in the following section we use auto-
matic scores and human scores for evaluation:

• Automatic measures: We adapted the pro-
vided implementation of BLEU-4 to Greek’s
rich morphology. Specifically, we replaced the
default tokenizer with spaCy’s Greek model,
el_core_news_sm6, and instead of raw tokens,
we computed n-grams over lemmatized forms.

4https://inklab.usc.edu/CommonGen/
leaderboard.html

5https://huggingface.co/datasets/
allenai/commongen_lite

6https://spacy.io/models/el

In addition, we applied Unicode normalization
and accent removal, followed by lowercasing.
BLEU-4 computation on the preprocessed to-
kens followed the original approach and was
based on precision and brevity penalty. For
CIDEr, we modified the preprocessing and n-
gram representation following the same steps
as with BLEU-4. Minor adjustments to the TF-
IDF computation were made, including loga-
rithmic smoothing of document frequencies, to
prevent several issues caused by rare n-grams
in the Greek reference corpus. The code for
SPICE for the task was not adapted in Greek
because of its design; i.e., it would require
significant re-engineering.

• Human-assigned scores: Following stan-
dard practices in NLG evaluation, annotators
rated each generated sentence on a 5-point
Likert scale (1=very poor, 5=excellent) along
three distinct dimensions: a) Grammatical-
ity: the degree to which the sentence is flu-
ent, well-formed, and syntactically correct b)
Commonsense Plausibility how realistic and
plausible the described event is with respect
to commonsense and everyday knowledge c)
Coverage of Concepts: how effectively the
generated sentence incorporates and relates
all the given concept words as instructed. The
final scores were averaged per sentence.

Automatic measures BLEU-4 and CIDEr were
calculated for the whole test set. For human scores,
a subset of 50 concept sets was used.

5. Experiments and Results

Our experimental setup consisted of a variety of
model configurations, including instruct models,
quantized versions of them, and models fine-tuned
using QLoRA (Dettmers et al., 2023). Addition-
ally, we explored different decoding and prompting
strategies to examine how these influence model
performance.

The evaluated models are a) Meltemi-7B-
Instruct-v1.5 (5-bit quantized)7: A 7B instruction-
tuned model optimized for Greek. We use its 5-bit
quantized GGUF version. This model serves as
a baseline instruction-following system b) Llama-
Krikri-8B-Instruct 8: An 8B LLaMA-based model
instruction-tuned for Greek. This model represents
a higher-capacity instruction-following system. c)
Llama-Krikri-8B-Instruct (5-bit quantized)9: A 5-

7https://huggingface.co/tensorblock/
Meltemi-7B-Instruct-v1.5-GGUF

8https://huggingface.co/ilsp/
Llama-Krikri-8B-Instruct

9https://huggingface.co/ilsp/
Llama-Krikri-8B-Instruct

https://inklab.usc.edu/CommonGen/leaderboard.html
https://inklab.usc.edu/CommonGen/leaderboard.html
https://huggingface.co/datasets/allenai/commongen_lite
https://huggingface.co/datasets/allenai/commongen_lite
https://spacy.io/models/el
https://huggingface.co/tensorblock/Meltemi-7B-Instruct-v1.5-GGUF
https://huggingface.co/tensorblock/Meltemi-7B-Instruct-v1.5-GGUF
https://huggingface.co/ilsp/Llama-Krikri-8B-Instruct
https://huggingface.co/ilsp/Llama-Krikri-8B-Instruct
https://huggingface.co/ilsp/Llama-Krikri-8B-Instruct
https://huggingface.co/ilsp/Llama-Krikri-8B-Instruct
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bit GGUF quantized variant of the above model d)
Llama-Krikri-8B-Instruct + QLoRA: A 4-bit quan-
tized version of Llama-Krikri-8B-Instruct fine-tuned
on the training split of GreekCommonGen using
QLoRA. This variant allows us to measure the effect
of task-specific adaptation.

We experimented with two prompting ap-
proaches: zero-shot and few-shot10, in order to
assess model performance under varying levels
of task guidance. In the zero-shot configurations,
models received only a direct instruction to gen-
erate a single semantically coherent Greek sen-
tence that includes all provided concept words. In
the few-shot configurations, models received mul-
tiple {concept-set, sentence} demonstration pairs.
Those demonstrations illustrate expected structure,
grammaticality, and integration of concepts. The
conducted few-shot experiments allowed us to ex-
amine whether demonstration-based conditioning
improves concept coverage, sentence fluency and
task-specific instruction following abilities of the
Greek LLMs. The prompt configurations can be
found in Appendix A

We included in our experiment setup different de-
coding strategies since prior work shows that it af-
fects fluency, diversity, and faithfulness (Wan et al.,
2023) to required concepts. We therefore evalu-
ate three common decoding methods: 1) Greedy
Decoding: It deterministically selects the highest-
probability token at each step. 2) Beam Search:
Maintains the top-k partial hypotheses at each step.
Beam search is commonly used in the original Com-
monGen benchmark and favors higher likelihood
sequences. 3) Top-p (Nucleus) Sampling: Sam-
ples from the smallest token set whose cumulative
probability exceeds threshold p. This introduces
stochasticity and improves diversity.

In Table 2, we report automatic evaluation re-
sults of our experiments in Tables 3 and 4 and
human evaluation results for two annotators; both
are Greek native speakers.

Model Prompt Decoding BLEU-4 CIDEr

Meltemi-7B-5bit 0-shot Greedy 0.0570 0.4282
Meltemi-7B-5bit 0-shot Top-p 0.0579 0.4353

Krikri-8B-5bit 0-shot Greedy 0.1603 1.0915
Krikri-8B-5bit Few-shot Greedy 0.1771 1.1747
Krikri-8B-5bit Few-shot Top-p 0.1451 1.0357

Krikri-8B-Full 0-shot Beam (5) 0.1578 1.0698
Krikri-8B-Full Few-shot Greedy 0.1954 1.2240
Krikri-8B-Full Few-shot Beam (5) 0.1818 1.1356

Krikri-8B-4bit-QLoRA 0-shot Greedy 0.1977 1.3073
Krikri-8B-4bit-QLoRA Few-shot Greedy 0.1969 1.3050

Table 2: Automatic evaluation results on Greek
CommonGen.

10We adopted an 8-shot configuration

Model Prompt Decoding Gram. Plaus. Cov. Overall

Krikri-8B-5bit 0-shot Greedy 4.70 3.78 4.98 4.49
Krikri-8B-5bit Few-shot Greedy 4.92 4.54 4.98 4.81
Krikri-8B-5bit Few-shot Top-p 4.94 4.54 4.88 4.79

Krikri-8B-Full 0-shot Beam (5) 4.74 4.50 4.96 4.73
Krikri-8B-Full Few-shot Greedy 4.96 4.60 4.92 4.82
Krikri-8B-Full Few-shot Beam (5) 4.98 4.74 5.00 4.90

Krikri-8B-4bit-QLoRA 0-shot Greedy 4.98 4.32 4.98 4.76
Krikri-8B-4bit-QLoRA Few-shot Greedy 4.96 4.48 4.98 4.80

Table 3: Human evaluation results (Annotator 1).

Model Prompt Decoding Gram. Plaus. Cov. Overall

Krikri-8B-5bit 0-shot Greedy 4.64 4.10 4.96 4.56
Krikri-8B-5bit Few-shot Greedy 4.90 4.50 4.98 4.79
Krikri-8B-5bit Few-shot Top-p 4.82 4.56 4.84 4.74

Krikri-8B-Full 0-shot Beam (5) 4.62 4.38 4.92 4.64
Krikri-8B-Full Few-shot Greedy 4.88 4.68 4.96 4.84
Krikri-8B-Full Few-shot Beam (5) 4.92 4.77 5.00 4.86

Krikri-8B-4bit-QLoRA 0-shot Greedy 4.88 4.42 4.96 4.75
Krikri-8B-4bit-QLoRA Few-shot Greedy 4.84 4.56 4.98 4.79

Table 4: Human evaluation results (Annotator 2).

Automatic evaluation results (Table 2) show
that all Krikri-8B configurations/variants substan-
tially outperform Meltemi-7B on both BLEU-4 and
CIDEr. This is due to instruction-following fail-
ures; i.e., Meltemi generated (in many cases) multi-
sentence outputs despite being instructed to pro-
duce a single sentence. For the aforementioned
reasons, Meltemi models were excluded from hu-
man evaluation. The few-shot and 0-shot QLoRA-
tuned Llama-Krikri variants achieve the highest au-
tomatic scores, indicating that task-specific train-
ing improves alignment with the reference sen-
tences. The few-shot Krikri-8B-Full with greedy and
beam search perform strongly, demonstrating that
instruction-tuned models can provide competitive
baselines without task-specific fine-tuning. Finally,
the quantized Krikri models (Krikri-8B-5bit) show
minor degradation compared to the full model, un-
less top-p was used.

Examining the human evaluation results,
across both annotators (Tables 3 and 4), we can
deduce that all Krikri configurations received high
scores for grammaticality and coverage, typically
4.6–5.0. Commonsense plausibility shows slightly
greater variation between configurations. The few-
shot Krikri-8B-Full with beam search configura-
tion receives the highest overall human scores for
both annotators, 4.90 and 4.86. The Krikri-8B-4bit-
QLoRA models are also very close, especially the
ones that use few-shot prompting (4.80 and 4.79).
Importantly, quantization does not substantially de-
grade generation quality, as 5-bit variants (Krikri-
8B-5bit) have human-rated scores comparable to
full models (Krikri-8B-Full ). For example, Krikri-8B-
5bit with few-shot prompting and Greedy decoding
achieve very high overall scores according to both
annotators (4.81, 4.79). We note that although
automatic metrics distinguish configurations more
clearly, human scores are high and range in a nar-
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row interval, suggesting a potential ceiling effect.
Regarding the prompting strategy, the few-

shot prompts consistently outperformed zero-shot
prompting both in automatic and human evalua-
tion. This aligns with studies showing that few-shot
examples improve model grounding and guide rea-
soning by providing structural and semantic cues
(Brown et al., 2020).

The QLoRA-tuned models achieve strong per-
formance in both prompting regimes, with mini-
mal difference between zero and few-shot settings.
This suggests that task-specific adaptation partially
compensates for the absence of in-context demon-
strations.

When comparing decoding algorithms, Greedy
decoding achieves strong and stable performance
across configurations, suggesting that its simplicity
is well-suited to constrained commonsense gener-
ation tasks where faithfulness to required concepts
is critical. Beam search performs slightly below
greedy decoding in automatic metrics but receives
comparable scores in human evaluation for Com-
monsense Plausibility and Concept Coverage. The
broader search appears to improve semantic com-
pleteness in some cases. Top-p sampling underper-
forms and lags behind greedy and beam decoding
in this task. The stochasticity introduced by top-p
appears less suitable for the GreekCommonGen
task.

6. Discussion

6.1. Limitations
The initial CommonGen was only partially trans-
lated due to its size. The training and test part can
GreekCommonGen can be enhanced with addi-
tional human-curated automatic translations. Only
Greek LLMs were evaluated on the dataset. Other
LLMs could be tested; e.g., the multilingual Teuken
7B (Ali et al., 2024) and EuroLLM 9B (Martins et al.,
2025) that were recently released and officially sup-
port Greek.

6.2. Conclusions and Future Work
The results of our experiment show that the choice
of model and the prompting strategy had the
strongest impact on performance. The Krikri mod-
els consistently outperformed Meltemi, reflecting
its larger-scale and more experience in Greek pre-
training. Few-shot prompting led to substantial
improvements over zero-shot, confirming that in-
context examples provide strong inductive guid-
ance for constrained concept-to-sentence gener-
ation. Parameter-efficient fine-tuning (QLoRa) fur-
ther improved concept coverage and plausibility,
while remaining cost efficient and confirming it as a

practical strategy for improving Greek LLM perfor-
mance with limited data. In contrast, quantization
caused only minor degradation. This is in con-
trast with the findings of previous studies that claim
that “non-Latin or lower-resource languages suf-
fer more” from the quantization effects (Marchisio
et al., 2024). The decoding strategy had the small-
est impact overall; deterministic methods greedy
and beam search generated similar results but out-
performed stochastic sampling (top-p), suggesting
that faithful concept realization is more important
than diversity in constrained generation tasks.

A notable finding is the consistently high hu-
man scores, indicating that modern Greek LLMs
(i.e., KriKri) handle the GreekCommonGen task
with near-perfect performance. This suggests that
the benchmark may no longer adequately chal-
lenge current models. Future work could expand
the GreekCommonGen dataset with larger and
more diverse concept sets that require more ad-
vanced reasoning skills. The use of more advanced
automatic metrics, such as embedding-based ap-
proaches (e.g. BERTScore) or scene-graph-based
metrics (like SPICE), could provide better assess-
ment than n-gram overlap. In addition, LLM-as-a-
judge evaluation framework also serve as a more
thorough evaluation strategy. Importantly, the near-
perfect performance observed by the models on
our task indicates that more challenging versions
of the benchmark are needed. A Greek version
of Ordered CommonGen (Sakai et al., 2025), re-
quiring specific concept ordering, would better test
instruction-following and compositional generaliza-
tion. Extending the task to multilingual or context-
enriched settings, for example, a Greek version
of the MULTICOM (Martínez-Murillo et al., 2025)
dataset, would further advance research on Greek
generative commonsense reasoning.
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A. Prompts used in the experiments

Here we provide the prompt configurations used in
the experiments.

0-shot prompt:
messages = ["role": "user", "content":

f¨Δημιούργησε μόνο μία νοηματικά σωστή πρό-
ταση στα ελληνικά που να περιέχει τις εξής

λέξεις:concepts."]
Few-shot prompt:
messages = ["role": "system", "content": ¨Είσαι

ένα βοηθητικό γλωσσικό μοντέλο που δημιουργεί

ελληνικές προτάσεις, με βάση λίστες λέξεων.’,"role":
"user", "content": "γήπεδο, κοιτάζω, στέκομαι’,
"role": "assistant", "content": ¨Ο παίκτης στεκό-
ταν στο γήπεδο κοιτάζοντας το ρόπαλό του.’, "role":
"user", "content": ¨αναπηδώ, χρόνος, μπάλα’, "role":
"assistant", "content": ¨Χρειάζεται χρόνος για να
μάθεις πώς να κάνεις μια μπάλα να αναπηδάει.’,
"role": "user", "content": ¨σταματώ, τραβάω, φω-
τογραφία’,"role": "assistant", "content": ¨Ο άντρας
σταμάτησε για να τραβήξει μια φωτογραφία.’, "role":
"user", "content": ¨πλέω, μέρα, βάρκα’, "role": "as-
sistant", "content": ¨Ο ψαράς έπλεε όλη την ημέρα με
την βάρκα του.’, "role": "user", "content": concepts]
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