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Abstract
We evaluate large language models (LLMs) through semantic parsing into Yarn, a structured meaning representation
that distinguishes predicate–argument structure from higher-level linguistic features such as tense, aspect, and
modality. For evaluation, we employ SmatchY, a fine-grained metric designed to assess different layers of meaning
independently. Our experiments test multiple LLMs under varied conditions, including inference modes, linearization
formats (JSON and logic-inspired CFG), and the presence or absence of auxiliary supervision via partial semantic
parses. Results show that model performance is highly sensitive to both representational design and supervision,
with no single configuration consistently outperforming the others. While some models gain from additional semantic
information in prompts, others are negatively affected. A layer-wise analysis indicates that surface-level features
such as temporality and negation are captured more reliably than deeper semantic phenomena like quantification.
Consistent with prior work, our findings highlight the limited capacity of current LLMs to generate fully formal meaning
representations.
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1. Introduction

LLMs excel at handling surface-level linguistic pat-
terns but show inconsistent performance on tasks
requiring deeper semantic understanding. Seman-
tic parsing maps natural language to formal mean-
ing representations (Liang, 2016). Unlike syn-
tax, where LLMs generalize well (Blevins et al.,
2023), off-the-shelf models still perform poorly on
formalisms like amr (Banarescu et al., 2013), lag-
ging behind specialized (Ettinger et al., 2023; Shi
et al., 2025) or even pre-transformer parsers such
as JAMR (Flanigan et al., 2014). Beyond prac-
tical use in knowledge base interaction (Kamath
and Das, 2018), semantic parsing directly tests
a model’s ability to produce structured meaning,
offering a clear probe of linguistic competence with-
out task-specific shortcuts (Yuan et al., 2024). It
thus serves as a middle ground between abstract
linguistic benchmarks (Warstadt et al., 2020) and
application-specific evaluations (Wein and Opitz,
2024).

Recent studies have used semantic parsing to
assess LLMs’ natural language understanding (Et-
tinger et al., 2023; Schneider et al., 2024), consis-
tently finding that current models lag behind smaller,
task-specific systems. However, such evaluations
face key limitations. Most adopt a single lineariza-
tion or encoding scheme for meaning represen-
tations, making it difficult to disentangle true lin-
guistic competence from familiarity with a partic-
ular notation (see Figure ), and introducing bias
toward models fine-tuned on that format. More-
over, using broad formalisms like amr (Banarescu

et al., 2013) forces evaluations to conflate distinct
phenomena—such as event identification, tense,
and aspect—within one metric. Because standard
graph-matching metrics aggregate these factors
into a single score, they obscure which specific
linguistic abilities are being tested. This reflects
a broader limitation of most meaning representa-
tions for LLM evaluation: they either lack cover-
age of key semantic phenomena or encode them
in ways that hinder automatic, multidimensional
assessment—leaving fine-grained analysis largely
dependent on manual inspection.

Beyond these issues, current evaluations often
use widely available formalisms, raising concerns
about potential data contamination.

This paper uses Yarn (laYered meAning Rep-
resentatioN)(Pavlova et al., 2024; Pavlova, 2025),
a meaning representation formalism based on Ab-
stract Meaning Representation amr (Banarescu
et al., 2013) that disentangles two distinct dimen-
sions: predicate-argument relations and more sub-
tle linguistic phenomena such as tense, aspect,
modality, and discourse coherence. YARN is suf-
ficiently novel to avoid significant online presence
while remaining grounded in established linguistic
theory. We pair this with SmatchY (de Vergnette
et al., 2025), a fine-grained evaluation metric for as-
sessing performance across specific aspects of the
representation. By evaluating off the shelf LLMs on
parsing toward the Yarn formalism, we provide a
way to make a nuanced answer : By testing mul-
tiple linearizations of Yarn and evaluating differ-
ent linguistic dimensions with the SmatchY metric
family, we can probe how well models capture the
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Metric TP FP FN
smatchy_general 10 2 3
smatchy_predicative 5 1 1
smatchy_feature 4 1 2
smatchy_temp 2 0 0
smatchy_aspect 1 1 1
smatchy_num 2 0 0
smatchy_def 2 0 0
smatchy_quant 2 0 1

Figure 1: Gold reference for Yarn representation of “Some cat ate every mouse”, alongside a candidate
parse from an LLM ; While temporality, number and definitiveness are accurately extracted, and quantifi-
cation is partially correct, aspect and event labelling are misrepresented. This is reflected in the SmatchY
breakdown table, showing True Positives (TP), False Positives (FP), and False Negatives (FN) for each
submetric.

various phenomena encoded in the representation.
Strong performance on a given phenomenon in at
least one linearization indicates some level of un-
derstanding of that aspect of meaning. Consistent
performance across several linearizations, how-
ever, would suggest a deeper grasp of the under-
lying semantic structure encoded by Yarn, rather
than mere familiarity with a specific format.

Our approach aligns with a broader line of re-
search evaluating the linguistic competence of Lan-
guage Models through linguistically informed struc-
tured probing tasks, targeting syntax (Warstadt
et al., 2019), semantics (Ettinger, 2020), and com-
positional generalization (Elazar et al., 2021; Con-
klin et al., 2023). While such methods provide valu-
able insights into implicit linguistic knowledge, they
often rely on isolated templates or classification-
based setups. In contrast, our work complements
these approaches by requiring full structured se-
mantic representations, enabling finer-grained as-
sessment of meaning-level phenomena through a
formalism like Yarn.

Our experimental setup evaluates different LLMs
in both standard and reasoning-based inference
modes, compares performance across two distinct
Yarn linearizations, and analyzes the impact of
auxiliary supervision. This design disentangles the
effects of reasoning ability, representational format,

and external guidance, providing a more nuanced
picture of LLM semantic parsing abilities than prior
work. Prior work suggests that off-the-shelf LLMs
do not reliably parse natural language into seman-
tic formalisms. Rather than treating this as a binary
limitation, we focus on characterizing how and why
failures occur, and on identifying practical indica-
tions for what an effective semantic parsing pipeline
leveraging LLMs should look like.

The remainder of this paper is organized as fol-
lows: we first present the Yarn formalism in Section
2, then the evaluation protocol in Section 3. We
evaluate the results in Section 4, and conclude in
Section 5.

2. Yarn Formalism

Meaning representations typically fall into two main
categories: (i) logic-based approaches grounded
Fregean semantics (Frege, 1967), and (ii) graph-
based representations inspired by conceptual
graphs (Sowa, 1984) and widely used in knowl-
edge representation.

Yarn belongs to the second category. It is a
graphical meaning representation formalism de-
rived from Abstract Meaning Representation (amr),
while preserving logical expressivity. Unlike AMR,
Yarn does not encode underspecification by de-
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fault. It clearly separates predicate–argument struc-
tures (depicted as graphs with black nodes and
edges) from feature annotations (represented as
colored layers that modify or constrain meaning).

Figure 2 illustrates this layered architecture. Lay-
ers annotate information distinct from the sen-
tence’s predicate–argument structure, capturing
nuanced aspects that shape meaning while remain-
ing largely independent of world knowledge. Ex-
amples range from the temporality layer encoding
tense to the quantification layer, which structures
to the logical interpretation of the sentence.

Layers in Yarn are not always independent; they
can interact and modify one another to capture in-
teractions. For instance, the negation of a modal
expression ("I cannot find the passage") differs se-
mantically from the possibility of negation ("I may
not find the passage"), as illustrated in Figure 2. In
Yarn, such differences are modeled through dis-
tinct layer orderings. Furthermore, certain feature
layers can themselves give rise to new layers, allow-
ing the representation of scope-sensitive phenom-
ena such as nested quantification or tense–aspect
interactions (e.g., future-in-the-past vs. past-in-the-
future).

The main advantage of Yarn lies in its modular
layer design, which allows the selection of specific
linguistic features for evaluation. A Yarn annotation
can be restricted to a subset of features, enabling
targeted assessments of individual linguistic com-
petencies. This makes Yarn especially well suited
for disentangled, fine-grained semantic evaluation
of language models.

2.1. SmatchY Metric
The SmatchY metric family (de Vergnette et al.,
2025) extends the widely used Smatch metric (Cai
and Knight, 2013) for evaluating AMR structures.
Like Smatch, it follows a match-then-score ap-
proach: given a reference Yarn structure R and
a candidate C, both are decomposed into sets of
atomic elements (generalized nodes and relations).
The algorithm then identifies an optimal alignment
between elements of R and C, to computes preci-
sion, recall, and F1-score.

SmatchY extends Smatch by enabling fine-
grained filtering.Users can limit scoring to:

• A specific element type set : predicates
(nodes), arguments(edges), feature modi-
fiers(colored edges), or

• A particular (set of) annotation layer(s) (e.g.,
temporality, aspect, modality).

These filters can also be combined. For example,
the SmatchY-Fol metric evaluates performance on
elements relevant to first-order logic interpretation,

Figure 2: Interaction between modality and nega-
tion: (1) Negation of possibility (“I cannot find the
passage”), (2) Possibility of negation (“I may not
find the passage”), and (3) Underspecified layering
that encodes ambiguity.

including predicates, arguments, and the negation
and quantification layers.

SmatchY does not enforce interpretive equiva-
lences. In other words, structurally distinct annota-
tions that may be logically equivalent under certain
theories (e.g., commutative quantifier orderings)
are treated as different. SmatchY is a strictly struc-
tural metric, providing a conservative lower bound
on semantic adequacy—useful for tasks where ex-
act structural correspondence matters, such as log-
ical inference or contradiction detection.

2.2. Linearizing Yarn
To interface with text-only models, we define two
linearization strategies for Yarn graphs:
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JSON-Based Linearization This method closely
follows the original formal mathematical definition
of Yarn, introduced by Pavlova et al. (2024). It ex-
plicitly encodes graph structure through nodes and
edges, serialized in a JSON format. An example
for the first sentence in Figure 2 is shown below:
{
" labels ": {
"f": "find -01 ",
...
},
"s": [ "s1"delim],
"v": [ "f", ...delim],
...
"e": {
"e1": [ "f", " ARG0 ", "i"delim],
...
},
"l": { "l1": [" modal ",

↪→ " possibility ", "f"delim]},
"h": { "h1": [" neg ", "", "l1"delim]},
...
}

Where “s”,“v”, “e”, and “l” /“h” represent sets of
event nodes, nodes, edges, layers edges. Each
element is identified by a unique key (e.g., “f” for
the predicate “find-01”). This linearization takes ad-
vantage of the widespread presence of structured
data formats in LLM pretraining corpora, making
the graph topology explicitly encoded.

CFG Linearization The second approach is in-
spired by logical formalisms. It separates pred-
icate–argument structures from feature compo-
nents, representing the latter as scope-taking op-
erators enclosed in parentheses. For the same
example:

Predicative part:

ARG0(f, i) ∧ ARG1(f, n) ∧ find-01(f)
∧ i(i) ∧ passage(n)

Feature part:

s1 := [(H⟨neg)H-modal-possibility⟩(f)]

This linearization is more token-efficient and
makes both the semantic structure and operator
scope more transparent. However, it is entirely un-
familiar to LLMs, providing an opportunity to test
how different but equivalent ways of encoding the
same formalism affect their performance.

Together, these two linearizations reflect the dual
nature of Yarn — combining the characteristics of
both a graph-based and a logic-inspired represen-
tation.

2.3. Dataset
We use a set of 100 Yarn annotations published
alongside (Pavlova, 2025), based on short sen-

tences from the Parallel Universal Dependencies
English treebank Nivre et al. (2015). The sentences
contain an average of 7.22 words ranging from 3
(“Drop the mic”) to 10 (“ These plant families are still
present in Papua New Guinea.”). Annotated data
is publicly available on https://github.com/YARN-
World, and can be explored on semantics.grew.fr
through the use of GREW (Guillaume et al., 2012)
requests.

These annotations serve as reference data
for evaluation. An additional set of five human-
annotated sentences, covering both complex and
simple examples, is used as few-shot prompts.

3. Protocol

Varied conditions We evaluate the capacity of
different LLMs to perform semantic parsing into
the Yarn formalism under varying conditions. Our
experimental design manipulates three factors: the
choice of LLM, the Yarn linearization format, and
the presence of auxiliary supervision.

The evaluated LLMs include Qwen3 (Yang et al.,
2025)(tested in both Thinking and standard modes),
LLaMA 4 (Scout and Maverick) (Meta AI, 2025),
and Mixtral 8x7B (Mistral AI, 2023).

We design a custom prompt for each lineariza-
tion format. Auxiliary supervision is provided by
including, in the corresponding format, the predi-
cate–argument structure of the reference seman-
tic representation without any feature annotations.
This setup simulates the output of an upstream
AMR-like parser that produces a partial semantic
parse, which the model must then enrich with addi-
tional linguistic features.

This setup allows us to isolate the model’s ability
to capture the more subtle semantic phenomena
represented in Yarn, independently of its predi-
cate identification performance. Predicates cor-
respond to PropBank concepts (Kingsbury and
Palmer, 2002) rather than English surface words,
making their identification a distinct task that relies
on lexical and resource knowledge. In contrast, fea-
ture modifiers primarily use natural English words
and draw from a smaller vocabulary, making them
easier to include explicitly in prompts and to illus-
trate through few-shot examples.

We instruct the model to annotate the following
semantic layers: temporality (e.g., past), aspect
(e.g., habitual), quantification (e.g., existential), def-
initeness (definite vs. indefinite), negation, and
number (singular vs. plural). The detailed use and
interpretation of these layers for semantic annota-
tion are thoroughly defined in (Pavlova, 2025).

Prompting We employ few-shot prompting with
five examples. The model is instructed to generate

https://github.com/YARN-World
https://github.com/YARN-World
semantics.grew.fr
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the Yarn representation within an XML tag to fa-
cilitate automatic extraction. Sampling parameters
are kept at their default settings.

Each prompt follows the structure below:

• Instruction: Explains the task, the Yarn formal-
ism, and the possible values for each feature.

• Format specification: Defines the linearization
format to be used and the XML tag for the
output.

• Examples: Provides five example sen-
tence–representation pairs in the specified for-
mat.

• Test instance: Presents the target sentence
to be parsed, optionally including its predi-
cate–argument structure.

This standardized prompt design ensures con-
sistent guidance across all experimental settings,
enabling controlled comparisons between models
and configurations.

Analysis Results are analyzed using SmatchY.
When a model fails to produce output conforming
to the required linearization scheme, the result is
treated as an empty annotation.

We use several variants of the SmatchY metric:

• SmatchY-General: Global similarity over the
full representation.

• SmatchY-PA/ SmatchY-Feature: Evaluation
limited to the predicate–argument structure
(resp. feature layers).

• SmatchY-{temporality, aspect, negation}:
Evaluation restricted to a single feature layer.

F1 scores are computed on the full test set to en-
sure comparability across models and conditions.

4. Evaluation

4.1. General Observations
As shown in Tables 1 and 2, we observe strong
effects of both the linearization format and the
presence of auxiliary supervision on model perfor-
mance. However, these effects are not consistent
across models, suggesting that different LLMs ex-
hibit distinct sensitivities and failure modes when
parsing into Yarn.

As noted in prior work (Ettinger et al., 2023), a
substantial proportion of model errors arises from
failures to adhere to the expected output format,
resulting in representations that cannot be parsed.
This issue occurs most frequently with the CFG
linearization, which is less structured and there-
fore more difficult to generate correctly. In contrast,

Figure 3: F1 scores for different LLMs across lin-
earization formats and auxiliary supervision condi-
tions, evaluated using the SmatchY-General (over-
all performance) SmatchY-PA (performance on the
predicative part) and SmatchY-Feature (perfor-
mance on the feature part) metrics.

the JSON format—being more explicit—produces
fewer invalid outputs but tends to exhibit subtler
structural errors, such as references to nonexistent
nodes or omissions of required elements like the
root “S” node.

A few general trends can be identified:
Fitrst, auxiliary supervision generally enhances

overall parsing performance, particularly as re-
flected in higher SmatchY-General F1 scores.
This improvement stems primarily from increased
accuracy in the predicate–argument structure
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SmatchY-General SmatchY-PA SmatchY-Feature non valid
model prompt pa_hint
Llama4
Maverick

cfg no 0.40 0.39 0.39 0.20
yes 0.61 0.79 0.37 0.25

json no 0.43 0.46 0.35 0.13
yes 0.60 0.78 0.32 0.16

Llama4
Scout

cfg no 0.20 0.17 0.19 0.63
yes 0.30 0.38 0.21 0.65

json no 0.27 0.26 0.23 0.22
yes 0.47 0.65 0.22 0.26

Mixtral
8x7B

cfg no 0.11 0.10 0.09 0.68
yes 0.31 0.44 0.09 0.62

json no 0.17 0.18 0.08 0.45
yes 0.29 0.42 0.12 0.62

Qwen3 cfg no 0.14 0.11 0.15 0.80
yes 0.23 0.26 0.19 0.80

json no 0.35 0.35 0.31 0.15
yes 0.49 0.72 0.20 0.31

Qwen3-
Thinking

cfg no 0.32 0.26 0.35 0.43
yes 0.57 0.74 0.35 0.39

json no 0.47 0.46 0.44 0.13
yes 0.35 0.47 0.21 0.67

Table 1: Results of semantic parsing into Yarn using different LLMs, linearization formats, and auxiliary
supervision conditions. Scores are reported using the SmatchY metric family: general similarity (SmatchY-
General), predicate-argument structure (SmatchY-PA), and feature layers (SmatchY-Feature). The
proportion, of non valid structure that were produced is indicated in the “non valid” column.

SmatchY-temp SmatchY-def SmatchY-neg SmatchY-quant
model prompt pa_hint
Llama4
Maverick

cfg no 0.74 0.50 0.26 0.40
yes 0.67 0.54 0.29 0.35

json no 0.71 0.47 0.41 0.29
yes 0.72 0.33 0.49 0.24

Llama4
Scout

cfg no 0.38 0.31 0.06 0.29
yes 0.39 0.27 0.18 0.23

json no 0.59 0.37 0.42 0.18
yes 0.56 0.31 0.53 0.22

Mixtral
8x7B

cfg no 0.34 0.06 0.06 0.07
yes 0.37 0.08 0.00 0.02

json no 0.24 0.03 0.24 0.04
yes 0.32 0.05 0.15 0.12

Qwen3 cfg no 0.26 0.26 0.06 0.23
yes 0.28 0.28 0.06 0.28

json no 0.62 0.47 0.35 0.45
yes 0.55 0.21 0.49 0.24

Qwen3-
Thinking

cfg no 0.53 0.50 0.22 0.37
yes 0.60 0.52 0.32 0.39

json no 0.68 0.68 0.63 0.47
yes 0.39 0.31 0.45 0.12

Table 2: Layer-wise results for selected feature layers (temporality, definiteness, negation, quantification)
using the SmatchY metric family

(SmatchY-PA). While there are also gains in the fea-
ture structure, as indicated by SmatchY-Feature

and feature-specific SmatchY metrics, these im-
provements are comparatively smaller. Notably,
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Figure 4: Fine-grained scores. Each radar chart corresponds to a specific combination of linearization
format (JSON or CFG) and auxiliary supervision (with or without predicate-argument hints). Each axis
represents a different feature layer (temporality, aspect, number, definiteness, quantification), allowing for
a detailed comparison of model performance across linguistic competencies.

SmatchY-PA scores remain below 1 even when
supervision is provided, as some models still fail to
produce fully valid structures.

Second, the JSON linearization generally yields
better results for most models in the absence of su-
pervision. However, for the best-performing models
(Qwen3-Thinking and LLaMA4 Maverick) as well
as the lowest-performing one (Mixtral 8×7B), the
CFG format benefits more strongly from auxiliary
supervision. In these cases, CFG achieves perfor-
mance comparable to—or even surpassing—that
of JSON. For the more challenging quantification
layer, supervision in the JSON setting significantly
reduces performance. This suggests that, although
CFG is generally harder to parse, it may allow
models to make better use of the provided pred-

icate–argument structure. This advantage likely
stems from the clearer separation between struc-
tural and feature components in the CFG format.

An exception is Qwen3-Thinking: in the CFG set-
ting, auxiliary supervision actually reduces perfor-
mance. Manual inspection reveals that the model
frequently copies the provided structure without
adding the required feature layers, leading to in-
valid or incomplete representations. It also often
fails to produce the output within the requested
XML tags, a problem that does not occur when
no predicate–argument structure is provided. This
suggests that the additional information confuses
the model rather than assisting it. In contrast, the
same model benefits substantially from supervision
in the CFG format.
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The last column of Table 1 shows that models
fail to produce structurally valid outputs more of-
ten when additional supervision is supplied in the
JSON setting, and that this trend is observed for
every model tested. The effect is especially pro-
nounced for the Qwen3 family model. An analysis
of the outputs indicates that, in this situation, mod-
els tend to generate longer thinking traces, and
instruction forgetting occurs. We hypothesize that
this difference between the CFG and JSON set-
tings is due to the intertwining of the predicate and
layer elements in the JSON linearization. In con-
trast, CFG makes this distinction explicit, allowing
the additional supervision to be used directly.

4.2. Layerwise Observations
Figure 4 presents feature-level performance, con-
trolling for both the prompt format and the supervi-
sion condition.

Performance varies considerably across feature
layers. Although no single performance profile
emerges, temporality consistently achieves the
highest scores across all models, with stable F1
scores around 0.7. Negation and definiteness are
also handled reasonably well by the strongest mod-
els. These layers exhibit the least variation across
hint settings and often yield better parsing accu-
racy than the predicate–argument structure when
no assistance is provided. This trend likely reflects
the fact that such features can often be identified
directly from surface cues in the sentence.

In contrast, abstract features like quantification
are poorly captured across all models. Even the
best-performing systems fail to surpass an F1 score
of 0.5 on this layer. This underscores a persistent
limitation of current LLMs in modeling non-local
or scope-sensitive phenomena, which cannot be
reliably inferred from surface forms alone.

These findings suggest that LLMs are able to
align words in the original sentence with corre-
sponding concepts in the semantic parse and to
refine these concepts using annotation layers in-
formed by surface cues. However, their ability to
perform deeper, more abstract semantic analysis
remains limited.

4.3. Model comparison
The clear winner in terms of adhering to structural
constraints and producing valid representations
is the LLaMA4 Maverick model. It achieves the
best overall performance, with Qwen3-Thinking per-
forming comparably—or even slightly better—in
most settings, except for the JSON linearization
with supervision. Interestingly, Qwen3-Thinking
surpasses or matches LLaMA4 Maverick on the
quantification layer despite producing fewer valid

parses. This contrast reveals distinct model pro-
files: Qwen3-Thinking tends to generate higher-
quality parses when it strictly follows annotation
guidelines, whereas LLaMA4 Maverick produces
less accurate but more consistent outputs.

LLaMA4 Scout and Qwen3 (in non-Thinking
mode) exhibit a noteworthy pattern, showing a pro-
nounced drop in performance when switching to
the CFG format.

5. Conclusion

We presented an evaluation framework for assess-
ing the semantic parsing capabilities of LLMs us-
ing the Yarn formalism, which separates predi-
cate–argument structure from higher-level linguistic
features. Our experiments evaluated multiple mod-
els across two linearization formats, both with and
without auxiliary supervision, and analyzed overall
as well as feature-specific performance using the
SmatchY metric suite.

We found that LLM performance varies consid-
erably depending on the representation format and
the presence of partial supervision. While super-
vision generally improves predicate–argument ac-
curacy, its impact on feature parsing differs across
models. Format compliance remains a major
source of failure, and some models are even nega-
tively affected by auxiliary input, particularly in the
JSON setting. Layer-specific evaluation reveals
that surface-aligned features such as temporality
and negation are captured more reliably than ab-
stract features like quantification. Overall, our find-
ings highlight the critical importance of how se-
mantic annotations are linearized, as the chosen
format strongly influences whether LLMs can effec-
tively leverage additional supervision or become
hindered by it.

Our analysis points to a hierarchy in the types
of semantic phenomena that LLMs can effectively
handle. Features directly reflected in surface
forms—such as temporality and number in En-
glish—are generally well captured. Event identifi-
cation and predicate–argument structures are mod-
eled with moderate success. In contrast, deeper
semantic phenomena that require scope sensitivity,
such as quantification, remain challenging across
models. This pattern underscores a persistent
gap between surface-level pattern recognition and
deeper, compositional semantic understanding.

Beyond the specific task of semantic parsing,
our results align with prior studies that leverage
theoretical linguistic frameworks to probe and eval-
uate the semantic abilities of large language mod-
els (Scivetti et al., 2025; Ettinger et al., 2023; Et-
tinger, 2020)

Overall, while LLMs show progress in “learning to
write semantics correctly”—with recent models like
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LLaMA 4 producing a higher proportion of struc-
turally valid outputs—effective semantic parsing
through general-purpose transfer learning still ap-
pears out of reach. For the time being, specialized,
fine-tuned smaller models remain the more reliable
option for automated semantic parsing.

While sensitivity to how semantics is represented
is a meaningful result in itself, our evaluation in-
herently targets two intertwined abilities: a model’s
general understanding of what meaning representa-
tions mean, and its capacity to produce highly con-
strained formal structures. One could argue that the
latter remains too underdeveloped for our approach
to fully assess the former. In other words, conclu-
sions about the linguistic competence of LLMs are
limited by a broader, non-linguistic weakness in gen-
erating complex structured outputs—particularly
graph-based linearizations. This supports hybrid
approaches where an LLM handles general lan-
guage understanding, while generation is dele-
gated to a specialized, constraint-aware model, as
in (Zhan et al., 2025) for SQL parsing.

In future work, experimental setups where mod-
els are asked to evaluate or incrementally complete
existing annotations, rather than generate them
from scratch, could mitigate format adherence is-
sues and yield a more reliable measure of linguistic
competence. A similar approach has been success-
fully employed to probe syntactic comprehension
in (Warstadt et al., 2019).

Ethical considerations

This study raises no specific ethical concerns be-
yond those inherited from semantic representation
and large language models. Potential issues re-
late mainly to ontological bias in meaning repre-
sentations. All resources used are public and non-
sensitive. We emphasize transparency in method-
ology and the importance of linguistic diversity
to avoid underrepresentation of low-resource lan-
guages.

Limitations

The study is limited by the small dataset size and
the use of English-only examples, which restricts
generalization. Results depend partly on mod-
els’ ability to produce well-formed outputs rather
than purely on linguistic competence. Evaluations
were conducted without fine-tuning, and future
work should explore multilingual settings and larger,
more varied datasets.
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