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Abstract

Grammar refers to the system of rules that governs the structural organization and the semantic relations among
linguistic units such as sentences, phrases, and words within a given language. In natural language processing,
there remains a notable scarcity of grammar-focused evaluation protocols, a gap that is even more pronounced for
low-resource languages. Moreover, the extent to which large language models genuinely comprehend grammatical
structure especially the mapping between syntactic structures and meanings remains under debate. To investigate this
issue, we propose a Grammar-Book–Guided evaluation pipeline intended to provide a systematic and generalizable
framework for grammar evaluation consisting of four key stages, and in this work we take Luxembourgish as a case
study. The results show a weak positive correlation between translation performance and grammatical understanding,
indicating that strong translations do not necessarily imply deep grammatical competence. Larger models perform
well overall due to their semantic strength but remain weak in morphology and syntax, struggling particularly with
Minimal Pair tasks, while strong reasoning ability offers a promising way to enhance their grammatical understanding.
The code and detailed prompts are open-sourced at : https://github.com/DobricLilujun/GBGP.git.

Keywords: Grammar book, controlled syntax probing, Luxembourgish grammar benchmarking, Low-resource
Language

1. Introduction

In recent years, Large Language Models (LLMs)
have transformed the field of Natural Language
Processing (NLP), achieving remarkable progress
across a variety of tasks such as text generation
and translation (Minaee et al., 2024). Their ability
to produce coherent, and contextually relevant text
has raised important discussions about whether
such models merely mimic language patterns or
demonstrate a deeper understanding of linguis-
tic structures. Furthermore, while much of the
early focus has been on their fluency and perfor-
mance in high-resource languages such as English,
French, or German, less attention has been paid
to their grammatical competence in low-resource
languages (Li et al., 2024a).
Grammar Challenges Machine translation, in par-
ticular, is an area where LLMs are widely applied
and evaluated. Success is often measured in
terms of fluency and semantic adequacy com-
pared to the reference (golden) translation; how-
ever, these metrics do not necessarily capture
whether the model adheres to the explicit grammat-
ical rules of the target language(Caglayan et al.,
2020). For widely used languages with abundant
training data, grammar is often implicitly learned
through statistical exposure. However, the chal-
lenge becomes much more pronounced for low-
resource languages, which have limited digital rep-
resentation and many corner cases that are espe-

♠These authors contributed equally to this work.

cially difficult to capture during training(Li et al.,
2024b; Zhong et al., 2024; Cahyawijaya et al.,
2024). In such cases, an LLM’s ability to gen-
erate correct translations may not imply genuine
grammatical understanding. In this sense, Luxem-
bourgish presents a compelling case study in this
context. As a low-resource language with fewer
available corpora compared to its neighboring lan-
guages (German and French), Luxembourgish can
pose difficult challenges on both translation and
language understanding(Lothritz et al., 2022).
Research Focus As a result, first and foremost,
a key question arises: Do LLMs truly grasp the
underlying grammar of a language, or are they
simply relying on superficial translation pat-
tern recognition that overlooks deeper syntac-
tic structures? To address this question, in this
work, a grammar probing pipeline is introduced
to evaluate the grammatical competence of LLMs
in Luxembourgish. The proposed approach goes
beyond measuring translation fluency, by instead
explicitly incorporating linguistic theory. To sup-
port our evaluation, we use a Luxembourgish gram-
mar document that outlines rules such as syntactic
characteristics and lexical structures. Based on
this resource, we create a dataset containing gram-
mar point descriptions, Luxembourgish example
sentences, and their English translations as refer-
ence data for Luxembourgish-to-English transla-
tion(Gilles, 2023).
Paper Overview The main contribution of this work
lies in the proposed evaluation pipeline and the re-

https://github.com/DobricLilujun/GBGP.git


11553

sulting insights into LLM behavior in the grammar of
low-resource languages. These elements form the
foundation for a series of controlled probing experi-
ments aimed at assessing whether LLMs align their
translations with explicit grammatical rules. This
approach offers a new perspective on assessing
LLMs not only as fluent generators but as systems
whose outputs require grammatical validation. The
paper is structured as follows: Section 2 reviews
related work, Section 3 presents the evaluation
pipeline and the metrics, Section 4 reports results
and analysis, Section 5 presents conclusions and
implications, and Section 6 provides the discussion.

2. Related Work

BERT Moment in Translation LLM remain con-
troversial regarding whether they truly understand
semantics or merely mimic human speech; a po-
tential attitude that makes one wonder whether an
LLM does not amount to being just a “stochastic
parrot” Bender et al. (2021). Despite these debates,
their performance in language translation has be-
come unparalleled, vastly exceeding many previous
non-transformer and even encoder–decoder mod-
els (Tiedemann et al., 2024; Team et al., 2022).
This development constitutes a genuine “BERT
moment” for translation research. Previous non-
conversational models showed limited logical rea-
soning, and their multilingual ability was mostly
attributed to abstract mechanisms like semantic
mapping. In contrast, LLMs mark a major change:
by asking targeted questions and running controlled
comparisons, one can directly test how they under-
stand and apply grammatical rules, giving clearer,
verifiable evidence of their cross lingual abilities.
Grammar Lags Behind In terms of syntactic com-
prehension, LLMs gradually learn hidden states
which represent linguistic structures during train-
ing throughout their layers. As model size and
training data increase, such syntactic differentia-
tion becomes more pronounced—indicating that
the model progressively acquires a form of syntac-
tic understanding (Duan et al., 2025). Nonethe-
less, in multilingual contexts, LLMs are prone to
“overcorrection” or “hallucinations”, generating syn-
tactically correct but semantically implausible sen-
tences, which highlight their limitations in reason-
ing and ambiguity resolution (Lin, 2024). This sug-
gests occasional failures or neglect in their grasp of
syntax. For low-resource languages and dialects,
LLMs’ performances on syntactic tasks remains
relatively weak, calling for greater data diversity
and enrichment (Zhang et al., 2025). Several open-
source datasets provide linguistic minimal pairs
(MPs: (Warstadt et al., 2020; Xiang et al., 2021))
and leverage them to evaluate the core grammatical
competence of LLMs (Ide et al., 2025). Neverthe-

less, to the best of current knowledge, a unified
framework for systematically and comprehensively
assessing LLMs’ syntactic understanding has not
yet been established.

3. Method

3.1. Mindsets - Why Grammar Book?
Translation enhanced by Grammar Our work is
inspired by "Machine Translation from One Book"
which demonstrates that it is possible to translate
a language with virtually no web data (Kalamang)
using a grammar book as the primary resource
(Tanzer et al., 2023; Kondo et al., 2024). How-
ever, (Aycock et al., 2024) shows that the trans-
lation performance in this setting is primarily at-
tributable to the parallel example sentences em-
bedded within the grammar book, rather than the
grammatical descriptions themselves. This raises
the question: instead of using the grammar book
for translation, can we leverage a complete gram-
mar book to simply evaluate the grammatical un-
derstanding capabilities of LLMs? Furthermore,
open-source, grammar-focused datasets remain
scarce and often exhibit incomplete coverage of
grammatical phenomena, with many evaluations
restricted to a single minimal-pair testing paradigm
whose richness is limited.
Grammar coverage is comprehensive Addition-
ally, for every actively used language, grammar
books possesses also lexicon sections, and gram-
mar references typically enumerate the vast ma-
jority of grammar points alongside representative
examples, yielding informational breadth sufficient.
This motivates adopting grammar books as the
foundation for assessing models’ grammatical un-
derstanding, thus explains the choice of leveraging
said books as the primary resource.

3.2. Pipeline Structure
We introduce a grammar-grounded, end-to-end
evaluation pipeline for LLMs that begins from a
canonical grammar reference and systematically
probes grammar-related competencies across mul-
tiple steps, as shown in Figure 1.

1. Material Inspector: component which identi-
fies and typifies grammatical phenomena and
error patterns from the grammar document;

2. Phrasing Atelier: component which distills rel-
evant grammatical content, extracts targeted
constructions such as grammar description,
and elicits constrained generations to specific
forms as language pairs;

3. Twin Forge: component which conducts back
checking and filtering from step 2 and con-
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Figure 1: The proposed framework

structs minimal pairs for grammar understand-
ing evaluations;

4. Proof Stand: component which operational-
izes grammatical competence in end-to-end
tasks for comprehensive grammar understand-
ing evaluation of LLMs.

Material Inspector: Primarily, this step extracts
data from a grammar book in PDF format, dis-
tinguishing between image-only PDFs and text-
recognizable PDFs. For image-only files, Pad-
dleOCR (Cui et al., 2025) is employed to perform
page-level image extraction, followed by table de-
tection and optical character recognition. For text-
recognizable files, PyMuPDF(Artifex Software, Inc.
et al., 2025) is used to identify chapters based on
font-size heuristics and to extract text on a per-
chapter basis; tables in this case are still processed
to localize them and recover both structure and
content. In extracting information from grammar
books, while grammar descriptions are essential,
substantial information is often hidden in or con-
veyed through numerous tables, so the pipeline
places particular emphasis on robust table detec-
tion and recognition.
Phrasing Atelier This stage detects and synthe-
sizes grammatical points by leveraging the spatial
distribution of descriptions and tables. First, sec-
tions of the grammar book that cover syntax and
morphology are filtered, given their relevance to
translation and precise expression. The text is then
segmented using sentence-level sliding windows
to minimize omissions of grammatical points during
extraction. For tables, each row is traversed and
accompanied by a fixed-length window of surround-
ing textual context supplied to LLMs, which analyze
the content row by row to identify and summarize
embedded grammatical points. Additionally, based
on the extracted grammatical points, the system
prompts the model to design pairs of English-to-
Luxembourgish sentences of controlled length that
obligatorily instantiate the identified grammatical
targets.
Twin Forge In this phase, the extracted grammati-
cal targets undergo back testing: LLMs generated

example sentences from step 2 will be scored via
translation quality and assessed for whether they
instantiate the intended grammatical rule; items re-
ceiving a negative judgment are discarded. More-
over, for each surviving grammatical point and its
example sentence, the system elicits a correspond-
ing ungrammatical item that contrast specifically in
grammatical structure, enabling further fine-grained
validation and instruction.
Proof Stand We design four comprehensive ex-
periments to assess whether the model can under-
stand grammatical phenomena and to delineate
the boundaries of its grammatical competence.
Task 1: Sentence-level multi-grammar. Given
a sentence s and a set of different grammar point
descriptionsG = {g1, g2, . . . , gn}, with size denoted
as N1g, the task is to identify the subset Gs ⊆ G
instantiated in s. Formally, f1 : (s,G) 7→ Gs.

Task 1 Example Prompt Simplified

Carefully examine the Luxembourgish sentence
and its English equivalent.
Identify which grammar description best matches
the structure or expression used in the Luxem-
bourgish sentence

Task 2: Grammar-level multi-sentence Given a
grammatical category g and a collection of sen-
tences S = {s1, s2, . . . , sm} with size denoted as
N2s, the task is to identify the subset Sg ⊆ S con-
forming to g. Formally, f2 : (g, S) 7→ Sg.

Task 2 Example Prompt Simplified

Carefully examine each Luxembourgish sen-
tence.
Identify which sentences demonstrate the given
grammar knowledge point.

Task 3: Multi-sentence multi-grammar Given a
set of sentences S = {s1, . . . , sm} with size de-
noted as N3s and grammatical categories G =
{g1, . . . , gn} with size denoted as N3g, the task is
to infer the subset GS ⊆ G instantiated across S.
Formally, f3 : (S,G) 7→ GS .



11555

Task 3 Example Prompt Simplified

Carefully examine the Luxembourgish paragraph.
Identify 2 grammar points from the provided list
are demonstrated in this paragraph.
{{Provided grammar point list}}

Task 4: Identification from minimal pairs. Given
a minimal pair (sc, si), where sc denotes the correct
sentence and si the incorrect sentence, the task
is to identify the grammatical acceptable sentence.
Formally, define f4 : (sc, si) 7→ sc.

Task 4 Example Prompt Simplified

Carefully examine these two Luxembourgish sen-
tences.
Identify which Luxembourgish sentence is gram-
matically acceptable.

3.3. Models and Datasets

For document extraction, the OCR pipeline pri-
marily utilizes a layout detection model, PP-
DocLayout-L, a table classification network, PP-
LCNet_x1_0_table_cls, and a text recognition
module designed for Latin scripts, denoted
as text_recognition_model_name = “latin_PP-
OCRv5_mobile_rec”. For controlled retrieval
and generation tasks that target specific gram-
matical phenomena, GPT-5 is consistently em-
ployed. Carefully engineered prompts are in-
troduced to support information extraction and
grammar-constrained sentence generation.

Following the grammatical extraction process, a
dataset comprising grammatical descriptions and
three to four translation pairs (from English to Lux-
embourgish, each annotated with relevant gram-
matical features) was constructed. The dataset
encompasses 673 distinct grammar points and in-
cludes a total of 2,040 example sentences. Regard-
ing the back-checking process conducted using
GPT-5, 93.97% of the sentences were identified as
grammatically correct. Furthermore, the average
translation performance of the Luxembourgish-to-
English sentence pairs, evaluated under the LLM-
as-a-Judge framework on a scale from 0 to 10,
achieved a score of 7.9.

Luxembourgish Sentence

De klengen Hond, dee nieft eisem Gaart wunnt,
ass ëmmer frëndlech mat de Leit an huet
d’Gewunnecht säi Schwanz héich ze drécken
wann e neue Visiteur kënnt.

English Sentence

The small dog that lives next to our garden is
always friendly with people and has the habit of
wagging its tail high whenever a new visitor ar-
rives at the house.

Extracted Grammar Descriptions

Because nouns themselves no longer show case,
definite and indefinite articles and attributive ad-
jectives change to mark syntactic roles. For mas-
culine singular, articles typically alternate (e.g.,
de/den/dem) to indicate nominative, accusative
and dative respectively; adjectives within the
phrase agree and help signal the function of the
phrase in the clause. This system means word
order and article/adjective morphology are cru-
cial for identifying subjects, objects and indirect
objects.

As a result, we also constructed a unified trans-
lation dataset, called MIXED, as shown in Ta-
ble 1. MIXED includes 2,040 example sentences
from grammar book (G2040), extracted according
to the grammar book, 1,012 example sentences
from FLORES200 with English and Luxembourgish
pairs, and 300 long sentences (LONG300), col-
lected from open-source data, on which the model
was tested to obtain comparative results and an
evaluation of the model’s translation performance.
The final dataset includes, as such, 3,352 pairs.

The Luxembourgish-to-English pairs in MIXED
derived from grammar books were primarily gener-
ated by large language models (LLMs) during the
extraction process, which simultaneously produced
the corresponding English translations. In con-
trast, FLORES200 contains 1,012 relatively short
sentence pairs that were manually verified. The
LONG300 subset includes long Luxembourgish
sentences sampled from the web, translated into
English using LLMs, and subsequently verified by
human reviewers.

Dataset Avg. Char Len ( ± σ) # N Topics Ref.
G2040 171.63 ± 21.42 2040 Grammars 2023

LONG300 429.47 ± 49.18 300 News 2025
FLORES200 125.61 ± 41.18 1012 Diverse 2022

Table 1: Summary of datasets, showing average
length, entry count, and topic coverage, named
MIXED.

We also selected a wide range of state-of-the-art
(SOTA) open-source and closed-source models to
conduct comprehensive experiments and minimize
bias. Specifically, we chose three groups of models:
the Gemma series, the Llama series, and the Qwen
series, as shown in Table 2.
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Model Model Size Release Date
GPT-5 ∼300B 2025-08
google/gemma-2-2b-it 2B 2024-06
google/gemma-2-9b-it 9B 2024-06
google/gemma-3-4b-it 4B 2025-03
google/gemma-3-12b-it 12B 2025-03
google/gemma-3-27b-it 27B 2025-03
meta-llama/Llama-3.2-1B-Instruct 1B 2024-04
meta-llama/Llama-3.2-3B-Instruct 3B 2024-04
meta-llama/Llama-3.3-70B-Instruct 70B 2024-10
Qwen/Qwen3-4B-Instruct-2507 4B 2025-07
Qwen/Qwen3-30B-A3B-Instruct-2507 30B 2025-07
Qwen/Qwen3-Next-80B-A3B-Instruct 80B 2025-09
Qwen/Qwen3-Next-80B-A3B-Thinking 80B 2025-09

Table 2: Major open-source models selected

3.4. Metrics
CometScore is a neural network–based evalua-
tion metric , designed to assess machine transla-
tion quality by jointly modeling fluency, adequacy,
and semantic preservation (Rei et al., 2020). It
provides both reference-based and reference-free
variants, aiming to approximate human judgment
more faithfully than surface-level lexical overlap
measures. Owing to the current lack of support for
Luxembourgish in the reference-free version, this
study employs the reference-based configuration
of CometScore, specifically the Unbabel/wmt23-
cometkiwi-da-xl model.

SentencePiece BLEU (spBLEU) is a classical
machine translation evaluation metric that mea-
sures the degree of word or phrase (n-gram) over-
lap between the machine translation output and
the reference translation (Kudo and Richardson,
2018). It calculates precision and integrates a
length penalty.

ChrF++ is based on the F-score computed over
character-level (rather than word-level) n-grams,
combining both character and word n-gram match-
ing (Popović, 2017) allowing it to more flexibly re-
flect translation similarity.

For Tasks 1 through 4, we used accuracy as the
primary metric to evaluate the model’s grammatical
understanding, supplemented by standard devia-
tion (std). We further examined how the model’s
performance in selecting the correct option varied
with different candidate set sizes.

4. Results

4.1. Pipeline Validity Checking
We randomly selected 50-100 sentences in both
English and Luxembourgish and sent them to lo-
cal volunteers to verify whether the Luxembourgish
sentences, generated based on specific grammar
points, faithfully reflected the intended grammati-
cal structures. Our results show that 98% of the
sentences contained the corresponding grammar.

Notably, when designing grammar points where
pronunciation directly influences spelling or word
formation - such as the Luxembourgish “Eifeler
Regel”- we encountered additional complexity. The
“Eifeler Regel” is a phonological and orthographic
rule involving the omission or retention of a termi-
nal *n* in certain words depending on the initial
letter of the following word, with spelling adapted to
match actual pronunciation. This issue is frequently
discussed, and within our generated sentences, vi-
olations of the “Eifeler-Regel” accounted for 32%
(Gilles, 2006). Regardless, we still marked these
as grammatically correct, as this phenomenon was
outside the grammar points under our focus. This
finding highlights that rules derived from pronunci-
ation are especially difficult for LLMs to learn, and
display when they lack phonological awareness.
Furthermore, it reflects the broader challenge for
LLMs to acquire complete and rigorous grammati-
cal rules in low-resource languages.

4.2. Statistical Analysis
We conducted Spearman and Pearson correlation
analyses on the performance of the four grammati-
cal comprehension test tasks as well as on transla-
tion performance, and the results are illustrated in
Figure 2. It can be observed that Tasks 1, 2, and 3
exhibit very strong correlations, primarily reflecting
the ability to identify grammatical structures and
their corresponding sentences. However, these
three tasks show relatively low correlations with
Task 4, which involves identifying sentences with
correct grammatical usage. As a result, there is a
weak positive correlation between performance on
grammatical comprehension tasks and translation
performance; however, it is insufficient to conclude
that strong translation implies grammatical under-
standing.

In addition, we included the relatively smaller
Unbabel/wmt22-cometkiwi-da (Small size)
model as a supplementary evaluation to the
Unbabel/wmt23-cometkiwi-da-xl (Big size)
model. We found that the larger model shows
higher correlations with spBLEU and ChrF++, while
the smaller model’s evaluation scores are less sta-
ble. This finding led us to adopt Unbabel/wmt22-
cometkiwi-da as our primary evaluation metric.
Weak Correlated This correlation analysis indi-
cates that a model’s grammatical understanding
and its translation performance are only weakly
correlated. A model with strong translation perfor-
mance does not necessarily have strong grammat-
ical comprehension. More in general, we provide a
statistical experiment–based analysis verifying that
machine translation tends to resemble linguistic
imitation rather than genuine understanding. Fur-
thermore, we also observed that the performance
trend of the minimal pair grammatical tests differs
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Selected Model
CometScore

(µ ± std)
spBLEU
(µ ± std)

ChrF++
(µ ± std)

Task 1 Acc
(µ ± std)

Task 2 Acc
(µ ± std)

Task 3 Acc
(µ ± std)

Task 4 Acc
(µ ± std)

MIXED
#3000

MIXED
#3000

MIXED
#3000

Base
Settings

Base
Settings

Base
Settings

Base
Settings

GPT-5 0.26 ± 0.13 39.30 ± 14.46 56.20 ± 11.01 0.94 ± 0.01 0.95 ± 0.01 0.91 ± 0.01 0.61 ± 0.02
google/gemma-2-2b-it 0.04 ± 0.11 3.07 ± 3.82 17.80 ± 5.67 0.80 ± 0.01 0.87 ± 0.01 0.60 ± 0.02 0.50 ± 0.01
google/gemma-2-9b-it 0.18 ± 0.13 11.28 ± 8.48 31.87 ± 8.81 0.83 ± 0.01 0.92 ± 0.01 0.83 ± 0.01 0.51 ± 0.01
google/gemma-3-4b-it 0.14 ± 0.11 10.09 ± 7.50 31.07 ± 7.63 0.81 ± 0.01 0.79 ± 0.02 0.47 ± 0.02 0.52 ± 0.01
google/gemma-3-12b-it 0.22 ± 0.12 23.06 ± 11.83 44.17 ± 9.77 0.87 ± 0.01 0.95 ± 0.01 0.85 ± 0.01 0.54 ± 0.01
google/gemma-3-27b-it 0.22 ± 0.13 17.90 ± 10.56 39.75 ± 9.60 0.88 ± 0.01 0.95 ± 0.01 0.87 ± 0.01 0.54 ± 0.01
meta-llama/Llama-3.2-1B-Instruct 0.08 ± 0.15 1.72 ± 2.79 13.16 ± 5.83 0.88 ± 0.01 0.59 ± 0.02 0.43 ± 0.02 0.51 ± 0.01
meta-llama/Llama-3.2-3B-Instruct 0.06 ± 0.10 3.79 ± 4.42 21.30 ± 6.28 0.84 ± 0.01 0.75 ± 0.02 0.62 ± 0.02 0.47 ± 0.01
meta-llama/Llama-3.3-70B-Instruct 0.22 ± 0.12 26.52 ± 12.84 46.87 ± 10.34 0.88 ± 0.01 0.95 ± 0.01 0.84 ± 0.01 0.51 ± 0.01
Qwen/Qwen3-4B-Instruct-2507 0.15 ± 0.13 8.12 ± 7.04 26.74 ± 7.55 0.86 ± 0.01 0.90 ± 0.01 0.82 ± 0.01 0.52 ± 0.01
Qwen/Qwen3-30B-A3B-Instruct-2507 0.26 ± 0.13 14.40 ± 10.05 35.84 ± 8.85 0.85 ± 0.01 0.95 ± 0.01 0.81 ± 0.01 0.54 ± 0.01
Qwen/Qwen3-Next-80B-A3B-Instruct 0.26 ± 0.12 19.15 ± 11.46 40.31 ± 9.59 0.92 ± 0.01 0.95 ± 0.01 0.88 ± 0.01 0.57 ± 0.01
Qwen/Qwen3-Next-80B-A3B-Thinking 0.24 ± 0.09 18.53 ± 10.60 40.41 ± 8.70 0.95 ± 0.01 0.95 ± 0.01 0.91 ± 0.01 0.58 ± 0.01

Table 3: Performance comparison of selected models on the MIXED benchmark, reporting translation
metrics from English to Luxembourgish(CometScore, spBLEU, ChrF++) and downstream task accuracies
(µ ± std) under base settings.

from that of other performance evaluations, sug-
gesting that it merits deeper investigation. Finally,
the smaller cometkiwi model exhibits greater insta-
bility in translation results. Thus, we recommend
using comparatively larger models to achieve more
consistent and reliable evaluation results.

4.3. Translation Vs Grammar
Understanding?

The central question we aim to clarify is whether
translation is equivalent to deep grammatical under-
standing. Our prior assumption was that if a model
translates well, it should, to some extent, demon-
strate an understanding of grammar, since training
on large-scale parallel corpora implicitly exposes
the model to numerous grammatical patterns. Con-
sequently, the model, through its internal reasoning
and comprehension mechanisms, might inherently
strengthen its grammatical competence.

In Table 3, the experiments are primarily con-
ducted under the base setting. In Task 1, we set
N1g = 2; in Task 2, N2s = 1; in Task 3, N3g = 4 and
N3s = 2; and in Task 4, we use pairs of sentences
with correct and incorrect grammatical usage, along
with the corresponding grammar descriptions that
need to be verified.
Partial mastery of grammar We take the Llama
family as a case study and observe that scaling
from 1B - 3B to 70B parameters improves transla-
tion performance from spBLEU 1.72 to 26.52, which
yields partial gains on Task 2 and Task 3 (approx-
imately 30%), yet leaves Task 1 essentially un-
changed and Task 4 still near chance-level per-
formance. Comparable patterns emerge for the
Qwen and Gemma families. Only GPT-5 achieves
consistently superior results across all tasks and
surpasses chance performance on Task 4. In our
evaluation of Task 4, we prompted LLMs to directly

generate the grammatically correct Luxembourgish
sentence; however, given that grammar constitutes
a strongly logical rule system, we posit that incor-
porating Chain-of-Thought (CoT) reasoning may
enhance model performance on this task, whereas
direct inference to the final option could lead the
model to select responses intuitively rather than
through rigorous logical deduction. Moreover, inter-
estingly, reasoning model “Qwen3-Next-80B-A3B-
Thinking” demonstrate higher performance on most
grammar understanding tasks, even outperforming
GPT-5, highlighting the crucial role of logical rea-
soning in grammatical comprehension. Moreover,
increasing model size within the same family con-
fers modest benefits to grammatical understanding
- likely via enhanced reasoning - yet these gains
are markedly smaller than those observed for trans-
lation.

4.4. Model Point of Views?

We visualize the models individually in Figure 3 and
observe that on Task 4, located in the lower-left
quadrant, models consistently performs poorly, fur-
ther underscoring a deficit in distinguishing correct
from incorrect sentences and a mismatch between
translation performance and grammatical under-
standing. For instance, Qwen-3-Next-80B display
similar with GPT-5 in both translation and gram-
matical competence. Overall, when models are
very small, translation performance can lag behind
grammatical understanding. However, as model
size increases, translation capabilities strengthen
and can possibly surpass grammatical understand-
ing. Moreover, translation improvements appear
to encounter capacity-related bottlenecks beyond
a certain scale, at which point both grammatical
understanding and translation plateau, as exempli-
fied by transitioning from Gemma-3-12B to 27B, or
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Figure 2: Side-by-side Pearson (top) and Spear-
man (bottom) correlations among grammar under-
standing and translation metrics; values are anno-
tated and mapped to a centered diverging color
map.

Qwen3-30B to larger variants.

4.5. More choices, more confusion?
We also investigate whether model choices vary
with the number of options provided; selecting be-
tween two grammatical targets is naturally simpler
than selecting among four, which yields the results
in Figure 4, where several patterns are particularly
noteworthy. Task 1 is markedly more sensitive than
Task 2, indicating that identifying the appropriate
grammar is harder for models than selecting the
corresponding sentence. Sentences are compar-
atively easier for LLMs to interpret, whereas logi-
cally oriented, abstract grammatical categories are
harder to discriminate. For larger models, Task 3
exhibits a gradual, steady decline as number of
options increase, yet overall performance remains
high.

Surprisingly, in Task 2 - selecting the sentence
corresponding to a given grammatical target - even
small models display substantial robustness. Con-

sequently, models do demonstrate a degree of
grammatical understanding, especially given that
with ten grammatical targets or sentences, ac-
curacy remains well above chance, around 80%.
Larger models show this trend more clearly: de-
spite lacking explicit grammar-focused post training,
their grammatical competence is considerable after
extensive multilingual training. This is consistent
with human language acquisition: extensive read-
ing supports word formation, sentence construction,
and the inductive abstraction of grammatical rules,
mirroring gains in grammatical competence seen
in larger LLMs. Although overlap with previously
seen grammar materials cannot be ruled out, our
task requires complex grammar identification and
understanding; moreover, the low-resource setting
substantially limits data contamination, strengthen-
ing the credibility of the results.

5. Conclusion

We propose a complete pipeline for assessing
LLMs’ grammatical understanding, constructed as
a controlled generation framework grounded in
grammar textbooks and readily extensible to other
languages, finally ebvaluated considering a trans-
lation task. The pipeline comprises four compo-
nents - “Material Inspector,” “Phrasing Atelier,” “Twin
Forge,” and “Proof Stand” - which leverage OCR
and LLMs to (i) extract and normalize textbook con-
tent, (ii) synthesize controlled grammatical targets,
(iii) generate corresponding example sentences,
and (iv) conduct final verification. We apply this
pipeline to a Luxembourgish grammar textbook to
extract grammatical points and produce example
sentences, yielding a range of noteworthy findings
about grammatical structure and usage, consider-
ing translation as reference use case.

LLMs appear to acquire language skills in a
human-like manner: extensive exposure to text dur-
ing pre-training functions as “reading,” while subse-
quent error-corrective procedures during instruction
fine-tuning play the role of “classroom” refinement,
together fostering emergent grammatical compe-
tence. Empirically, a weak positive correlation be-
tween translation performance and grammatical
understanding supports this view, though gains in
translation do not necessarily translate into sub-
stantial improvements in grammar. As model size
increases, advances in translation - i.e., sentence
production - tend to outpace advances in grammat-
ical understanding, suggesting that reading-like ex-
posure yields only shallow grammatical knowledge
and that deeper grammatical mastery requires tar-
geted training. Finally, when grammatical tasks
become more challenging, larger LLMs can still
identify correct answers, whereas smaller models
suffer sharp performance declines, indicating that
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Figure 3: A radar chart comparing 12 instruction-tuned LLMs across four task dimensions. Concentric
rings represent normalized model-specific CometScores (in red), serving as an external baseline for
translation fluency. The red ring visually illustrates the relative performance gap from translation to Task 1
through Task 4. All metrics are normalized to a 0–1 scale.

(a) Big Size Models

(b) Small Size Models

Figure 4: The degradation in model performance as a function of the number of options presented in the
prompts across different architectures.

grammar, as a logic-intensive domain, demands
sufficient model capacity and reasoning ability to
handle its abstract nature.

To answer the research question - Do LLMs truly
grasp the underlying grammar of a language, or are
they simply relying on superficial translation strate-
gies that overlook deeper syntactic structures? - the
evidence suggests that models possess a limited
degree of grammatical understanding, acquired
in a human-like manner through extensive read-
ing during pre-training. However, achieving deep
grammatical competence appears to require strong
logical reasoning abilities and targeted training,
which current models typically lack. Consequently,

their behavior is dominated by semantic-level sen-
tence production and imitation rather than rigorous,
character-level grammatical verification.

6. Future work

It is worth noting that Task 4 - the Minimal Pair test -
remains highly challenging for models, because in-
correct grammatical usage often yields sentences
that are semantically similar yet lexically distinct,
a predicament that cannot be resolved by seman-
tic cues alone and instead requires finer-grained,
character-level analysis and understanding. This
observation motivates exploring Chain-of-Thought
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as a lightweight means of strengthening logical rea-
soning in LLMs, as well as adopting dedicated rea-
soning models (e.g., DeepSeek) to assess whether
substantially higher performance in grammatical
understanding can be achieved: pursuing these
directions constitutes a promising avenue for future
research. Finally, conducting grammatical evalua-
tions across multiple languages will form another di-
rection for future work, enabling the establishment
of a benchmark for models’ grammatical under-
standing, especially on low-resource languages.
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