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Formal Linguistic Competence is not a Monolith: Consequences for LLMs
Tommi Buder-Gröndahl (tommi.grondahl@helsinki.fi)1

1Department of Digital Humanities, Faculty of Humanities, University of Helsinki

Abstract

The capacities of large language models (LLMs) remain dis-
puted, but one particular hypothesis has recently become widely
endorsed: LLMs have a uniform human-level formal linguistic
competence in grammar and semantics, while diverging in func-
tional competence that extends to broader cognitive and social
capacities. I raise two challenges with this account. First, the
separation between weak and strong generative capacity should
not be sidestepped. LLMs can process and produce grammati-
cal text, but this does not reveal how they represent its structure.
Second, the dissociability of the two competences does not elim-
inate influence between them. Distinct functional competences
are not expected to coincide with identical formal competences,
since the choice between different weakly equivalent grammars
is likely regulated by functional competence. I further evaluate
this hypothesis by reviewing experimental work on the behav-
ioral and mechanistic analysis of LLMs, which does not point
to a uniform formal competence across models.

Keywords: formal linguistic competence; large language mod-
els; grammar; syntax; semantics; linguistic representation;
weak generative capacity; strong generative capacity

Introduction
The impressive performance of large language models (LLMs)
has led many to conclude that they represent grammatical
structure similarly to humans (Kallens et al., 2023; Pianta-
dosi, 2024). At the same time, they continue to be prone
to errors and can “hallucinate” material that fails to reflect
relevant information (Huang et al., 2025). To clarify the situ-
ation, it would be useful to find a generic taxonomy of LLMs’
linguistic capacities. To date, the most prominent and well-
developed proposal comes from Mahowald et al. (2024), who
take LLMs to have mastered formal but not functional lin-
guistic competence. The former is restricted to grammar and
semantics, which the latter extends to abilities required for
real-world language use. This account has become widely
adopted in recent literature (Azaria et al., 2024; Kibria et al.,
2024; Mitchell & Krakauer, 2023; Tuckute et al., 2024).

However, I challenge the taxonomy on two counts. First,
weak and strong generative capacity should be distinguished,
where the former concerns which strings are treated as gram-
matical, while the latter concerns abstract linguistic structures
(Chomsky, 1959; Miller, 1999). Since weak equivalence
does not guarantee strong equivalence, the grammaticality of
an LLM’s output does not suffice to reveal its “internal gram-
mar”. Out of all possible weakly equivalent grammars, only

some are acquired. Since LLMs are architecturally holistic
and lack innate language-specific partitions, their functional
competence is expected to modulate this learning process.
Hence, instead of a single uniform formal competence, LLMs
are expected to have a range of diverse formal competences.

Second, the dissociability between formal and functional
competence does not suffice to discard their mutual impact,
and their interaction is still central for guiding grammar ac-
quisition. This is especially clear in usage-based functional
linguistics (Croft, 2001; Tomasello, 2003; Van Valin, 2016),
although it also holds in generative approaches where the
syntax-semantics interface plays a key role (e.g. Hale and
Keyser 2002; Harley 2012; Wiltschko 2014). In particular
– contra Weissweiler et al. (2025) – replacing abstract rule-
based grammars with constructionist alternatives does not re-
solve the issue, but even accentuates it.

Formal competence is thus not a single capacity, but di-
visible into numerous variants. Divergences across both be-
havioral findings (Murphy et al., 2025; Qiu et al., 2025) and
probing results (Bonial & Madabushi, 2025; Diego-Simón
et al., 2025) indeed suggest that LLMs can acquire varying
grammars, even if these overlap in weak generative capacity.
In light of this, I discuss both theoretical and methodological
ramifications of rethinking formal competence in LLMs.

Large Language Models
State-of-the-art LLMs are predominantly variants of the trans-
former architecture (Vaswani et al., 2017). Operating on vec-
tor representations of tokens – known as embeddings – they
have been trained with massive amounts of text on a generic
task, such as masked token prediction for BERT-type models
(Devlin et al., 2019), or next token prediction for autoregres-
sive models (such as GPT). Further refinement is possible via
reinforcement learning with human feedback (Ouyang et al.,
2022) or instruction tuning (S. Zhang et al., 2026).

Formal Vs. Functional Linguistic Competence
Mahowald et al. (2024) describe formal competence as
“knowledge of linguistic rules and patterns” (p. 517), divided
between phonology, morphology, lexical semantics, and syn-
tax (pp. 519–520). In line with generative grammar, they
treat syntactic phrases as being “captured by a tree-like struc-
ture” (p. 519). Within the human brain, formal competence
has been localized to a dedicated fronto-temporal network
(Fedorenko et al., 2024; Fedorenko & Varley, 2016).
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Likewise, Mahowald et al. divide functional competence
into four categories: formal reasoning (logic, mathemat-
ics), world knowledge (memorized facts), situation modeling
(tracking discourse participants), and social reasoning (under-
standing communication contexts). These are not language-
specific capacities, but are required for successful real-world
language use. Mahowald et al. propose that LLMs have for-
mal competence with natural language, but their functional
competence is more varied and falls short of that attained
by humans. This taxonomy has quickly become ubiquitously
adopted in both theoretical and empirical literature (Azaria
et al., 2024; Kibria et al., 2024; Lu et al., 2024; Mitchell &
Krakauer, 2023; Momennejad et al., 2023; Piantadosi, 2024;
Tuckute et al., 2024; Wu et al., 2024).

Challenges with the Taxonomy
I raise two theoretical problems with the analysis, in light of
which I evaluate notable empirical findings on LLMs.

Linguistic Theory
Weak and Strong Generative Capacity Standard formal
language theory defines languages extensionally as sets of
strings, which grammars generate or classify. Grammars that
generate/accept the same strings have the same weak gener-
ative capacity, and are thereby weakly equivalent (Chomsky,
1959). For example, consider context-free grammars G1 and
G2 with lexical insertion rules N → John|Mary and V → saw:

(G1) S → NP VP
VP → V NP
NP → N

(G2) S → N V N

G1 and G2 are weakly equivalent since they accept the
same two sentences: John saw Mary and Mary saw John.
Still, they are crucially distinct. As shown below, G1 places
the verb and object into a single verb phrase (on the left),
whereas G2 gives the sentence a flat structure (on the right):

S

NP

N
John

VP

V
saw

NP

N
Mary

S

N
John

V
saw

N
Mary

We can say that the grammars assign different structural
descriptions to the same strings – that is, they have different
strong generative capacities (Miller, 1999). Structural de-
scriptions are defined theory-internally, and prominent con-
tenders include phrases, dependency graphs, or constructions.
All of these are irreducible to mere linear properties of strings,
and thereby allow several weakly equivalent grammars with
distinct strong generative capacities.

Consequently, discovering that a cognitive system can pro-
cess a particular set of strings is insufficient to conclude that it
has parsed them via a particular grammar𝐺𝑖 out of all strongly
non-equivalent but weakly equivalent grammars {𝐺1, ..., 𝐺𝑛}.
To assess which grammar (if any) it has employed, further
means of evaluation are needed. In the taxonomy of Marr
(1982), strong generative capacity belongs to the high compu-
tational level, realized by lower-level algorithms. In abstract,
the goal of explaining formal linguistic competence in terms
of strong generative capacity can be construed as mapping al-
gorithmically defined lower-level states to structural descrip-
tions that appropriately capture their high-level computational
properties (Buder-Gröndahl, 2024a, 2025; Dupre, 2021).1

A focus on strong rather than weak generative capacity
characterizes much of contemporary theoretical linguistics
(Ott, 2017), and is adopted by Mahowald et al. (2024) as well.
As reviewed above, their conception of formal competence
goes beyond weak generative capacity by explicitly involving
structural descriptions such as hierarchical phrase structure.

Generative Linguistics Mahowald et al. (2024) explicitly
state that LLMs have internalized syntactic phrase structures
familiar from generative linguistics (pp. 517, 522, 527).
A prima facie challenge here is that generativists are typi-
cally committed to a nativist picture of language being largely
shaped by innate cognitive capacities (Chomsky, 1965). This
“universal grammar” is, of course, a contentious postulate
(Dąbrowska, 2015; Evans, 2014). But, whatever its status in
human cognition, it is at least clearly absent in LLMs.

However, while this concern has some initial force, it is not
decisive, After all, the formal structure of linguistic represen-
tations is not the same as their etiology. Perhaps an innate uni-
versal grammar is not the only way to obtain phrase-structural
representations. If so, what is the alternative?

The most prominent contender is the interface between
grammar and other cognitive systems. Current mainstream
generative linguistics typically treats the syntactic component
as very generic, consisting only of a basic combinatory op-
eration (Hauser et al., 2002). This makes syntax itself in-
sufficient to block most ungrammatical constructions, which
invites appealing to interface constraints. A central idea here
is that phrase structure mirrors thematic argument structure
(Baker, 1988; Borer, 2005; Hale & Keyser, 2002; Ramchand,
2008), such as Davidsonian event semantics (Davidson, 1967;
Lohndal, 2014; Parsons, 1990; Pietroski, 2018) or situation
semantics (Barwise & Perry, 1983; Ramchand, 2018).

As a concrete illustration, Ramchand and Svenonius (2014)
posit three syntactic domains linked to dedicated interpreta-

1It might be asked if strong generative capacity could be restricted
to a purely computational level without the need for any algorithmic
realization. However, if these levels are fully divorced, weakly equiv-
alent grammars again become assimilated. If computational analysis
is construed purely behaviorally without the need of some lower-level
algorithm to realize it, structural descriptions that share extensional
coverage become equivalent. Multiple realizability entails that no
particular realization is necessary; not that they could all be absent.
(I thank an anonymous reviewer for raising this issue.)
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tions, where the first specifies an event, the second specifies a
situation, and the third links the situation to a proposition by
anchoring it to the discourse (Giorgi, 2010). In a related ac-
count, Wiltschko (2014) proposes four semantically grounded
domains with varying language-specific manifestations. The
classification domain determines an ontological type and the-
matic structure. The point-of-view and anchoring domains
add further information that relates the entity to the context.
Finally, the linking domain adds information about the whole
speech act, such as illocutionary force.

Mahowald et al. (2024) characterize functional competence
as involving “factual and commonsense knowledge about
agents, objects, properties, actions, events, and ideas” as well
as “the dynamic tracking of objects, agents, and events as a
narrative/conversation unfolds over time” (p. 526). The for-
mer is clearly required for understanding event structure and
thematic roles, while the latter underlies situation semantics
along with the representation of discourse (c.f. Kamp 1995).
Indeed, Mahowald et al. dub it situation modelling.

If syntax and semantics reflect each other, this is expected to
guide their co-development during language acquisition – par-
ticularly if innate constraints are shunned. We would thus not
expect two cognitive systems with markedly different func-
tional competences to develop identical formal competences.

To be clear, not all variants of generative theory stipulate a
highly transparent syntax-semantics interface. In particular,
the Simpler Syntax model (Culicover & Jackendoff, 2005) pro-
poses that syntax does not mirror semantics; instead, it only
contains the minimal structure needed for articulation and
conceptual interpretation. Nevertheless, this does not make
syntax independent of extra-linguistic influence. The mini-
mal structure needed for conceptual interpretation evidently
depends on which conceptual representations are present on
the other side. Changing them would alter syntax as well.

Overall, then, there are major challenges in trying to fit
generative accounts of syntax to the analysis of Mahowald
et al. (2024). Even if grammar and conceptual cognition are
represented in different parts of the human brain, their links are
still crucial for the specific grammatical structures acquired.
Interface-driven syntax requires both sides of the interface.

But perhaps the generative literature is just the wrong place
to look, given that its nativist assumptions stand in clear con-
trast to LLMs as data-driven learning systems (Piantadosi,
2024). Even though Mahowald et al. explicitly posit phrase
structure as the format of syntax in LLMs, their main claim
can be reconstructed via alternative frameworks.

Functionalist Linguistics Tomasello (2015) summarizes
the usage-based approach to linguistics via two principles:
(1) meaning is use, and (2) structure emerges from use (p.
69). Language acquisition is traced back to two main cog-
nitive skills: pattern recognition and understanding commu-
nicative intentions. This perspective is typically combined
with some variant of construction grammar, which replaces
the traditional lexicon with a unified repository of memorized
form-meaning pairs (Goldberg, 2006; Kay & Fillmore, 1999).

The central idea behind usage-based linguistics is that
generic socio-cognitive processes are responsible for the emer-
gence of patterns that capture conceptual and communicative
functions. These include categorization, associative mem-
ory, prototypes, exemplars, analogy, iconicity, metaphor, and
frequency effects such as entrenchment (Bybee, 2010; Ibbot-
son, 2013). All but the last are unequivocally allocated to
functional competence in the taxonomy of Mahowald et al.
(2024). The same holds even more evidently for cognitive
linguistics (Evans & Green, 2006; Lakoff, 1987; Langacker,
1987), where the guiding idea is that language arises from
pre-linguistic cognitive processes at play in perception, motor
control, emotion, and social interaction. Such capacities are
plainly allocated to functional competence.

Working within the functionalist picture of language, Gold-
berg (2025) recognizes that it would be initially surprising if
LLMs had human-like linguistic capacities since their inputs
are limited to text. Nevertheless, she maintains that they have
indeed attained such capacities, and takes this to bolster the
constructionist approach to grammar. This initially seems to
converge with the proposal of Mahowald et al. (2024).

However, a careful look at Goldberg’s argument shows
that she is specifically relying on LLMs’ increased functional
competence. In her assessment, a key leap took place with
the adoption of instruction tuned models trained via human
feedback (Ouyang et al., 2022). She further provides small
case studies by prompting GPT-4 with social inferences, ex-
plaining unusual constructions, mathematical problems, and
characterizing conceptual metaphors. As these are aspects of
functional competence, her account actually ends up contrast-
ing Mahowald et al.’s. If the formal competence of LLMs has
changed due to their enhanced functional capacities, this illus-
trates that the competences are linked rather than dissociated.

This point extends to a recent suggestion that usage-based
grammar shows LLMs to be more human-like than often
thought. Weissweiler et al. (2025) call for rejecting abstract
rule-based formulations familiar from formal (especially gen-
erative) linguistics, and replacing them with a network of
memorized constructions with varying levels of specificity
(c.f. Croft 2001; Goldberg 2006). Unlike abstract static rules,
constrctions are flexible, can be only partially productive, and
display sensitivity to similarity and frequency effects under-
lying statistical learning (Kallens et al., 2023). Weissweiler et
al. also emphasize the need to move beyond binary grammat-
icality judgements toward graded assessments (Juzek, 2024)
and naturalistic data with a better inclusion of context effects.

Indeed, critiques of LLMs have often stemmed from gener-
ative perspectives (e.g. Dupre 2021; Katzir 2023), which can
facilitate a general affinity between linguistic functionalism
and a favorable attitude toward the capacities of LLMs. My
present focus, however, is not this debate but the separation
between formal and functional competence: is the first uni-
form but not the second? As Boleda (2025) observes, a strict
division between grammar and broader conceptual capacities
is particularly dubious within functionalist frameworks:
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(...) as pointed out in functional approaches like cogni-
tive linguistics, interactions between grammar and con-
ceptual aspects of meaning are pervasive in language;
and there is no clear dividing line between semantic
properties that are relevant vs. irrelevant for grammar
(Langacker 1987; Fillmore et al. 1988; Goldberg 1995).
Thus, the strict division betweeen linguistic-semantics
and other-semantics is questionable.
(Boleda, 2025, pp. 9368–9369)

This is hardly surprising – after all, a strict formal-functional
distinction would be anathema to the foundational notion that
both meaning and grammatical structure emerge from lan-
guage use. Whatever the general merits of linguistic function-
alism may be, it does not reflect Mahowald et al.’s taxonomy.

Summary Mahowald et al. (2024) maintain that formal
competence is uniformly shared between LLMs (and humans)
even though their functional competence exhibits divergence.
Linguistic theory provides two major reasons to doubt this
taxonomy. Contemporary generative perspectives retain a dis-
tinction between grammar and conceptual cognition, but nev-
ertheless treat their interface as explanatorily crucial. Func-
tionalist approaches, in turn, shun a clear formal-functional
division to begin with. From both standpoints, cognitive sys-
tems that differ significantly in functional competence are not
expected to develop identical formal competences, especially
once innate language-specific constraints are ruled out.

Formal Linguistic Competence in LLMs
So far, I have argued that convergence in formal linguistic
competence across LLMs would be surprising, as long as
they diverge in functional competence. But surprising things
can happen, and the matter is not resolved from the armchair.
Therefore, I now move on to assessing whether experimental
literature points towards convergence in formal competence.

Grammaticality Classification While the methodological
limits of grammaticality judgements have been widely recog-
nized (Juzek & Häussler, 2020; Ott, 2017; Schütze, 1996),
they continue to make up much of the data used in linguistic
literature. Their main benefit arises from allowing targeted
experimentation for evaluating hypotheses concerning the un-
derlying linguistic competence (Gross, 2021). However, re-
sults on LLM judgements remain highly mixed, with verdicts
ranging from the proposal that LLMs “are better than theoreti-
cal linguists at theoretical linguistics” (Ambridge & Blything,
2024, p. 33) to the notion that they “have not yet grasped
formal language competence” (Murphy et al., 2025, p. 1).

Accurate judgements are reported by Mahowald (2023) for
one English construction on GPT-3, and Ambridge and Bly-
thing (2024) for English causatives on text-davinci-002. Cai
et al. (2024) show alignment between ChatGPT and humans in
10/12 psycholinguistic tests. Qiu et al. (2025) adopt grammat-
icality judgement tasks from a prior study on human respon-
dents (Sprouse et al., 2013), and report significant correlations
between responses by ChatGPT and humans.

In contrast, Dentella et al. (2023) report negative results for
eight syntactic constructions on davinci2/3 (based on GPT-3)
and ChatGPT-3.5. Leivada et al. (2023) illustrate Dall·E’s
insensitivity to grammatical phenomena such as binding prin-
ciples, thematic roles, negation, and coordination. Dentella et
al. (2024) reveal both syntactic and semantic difficulties with
Bard, ChatGPT-3.5, ChatGPT-4, Falcon, Gemini, Llama-2,
and Mixtral-8. Recently, Murphy et al. (2025) assessed the
o3-mini reasoning model across several linguistic tasks, ob-
serving failures at detecting ungrammatical sentences, hallu-
cination of inappropriate structures, troubles with generating
grammar violations when prompted to do so, and grammati-
cality assessments that contradict syntactic theory.

One possible reaction to this predicament would be to as-
sign judgements to functional rather than formal competence.
Song et al. (2025) observe a discrepancy between LLMs’ per-
formance in metalinguistic tasks and the string probabilities
they assign. For example, even if a model fails at judging
which of two sentences is grammatical, it might still assign
a higher probability to the grammatical sentence. Based on
this, Song et al. argue that judgements only reflect introspec-
tion as part of functional competence. This interpretation
would initially fit well with Mahowald et al.’s taxonomy, with
string probabilities residing in formal competence and gram-
maticality judgements measuring functional competence.

However, string probabilities alone fail to capture why a
string might be assigned a low probability. Ungrammaticality
is only one possible reason for this, others including semantic
or pragmatic oddity, rarity, taboo status, etc. Some of these
belong to formal and others to functional competence, but
probabilities do not wear such labels on their sleeves. More-
over, given the holistic architecture of LLMs, probabilities are
most likely the joint outcome of both formal and functional
factors. This hinders their assimilation to formal competence.
Empirical evidence also shows that there is no clear cut-off
point between probabilities that LLMs assign to grammatical
and ungrammatical strings (Leivada et al., 2024).

As a remedy, J. Hu et al. (2026) propose to replace raw string
probabilities with probability contrasts across minimal pairs.
If 𝑆1 and 𝑆2 express the same message, 𝑆1 is grammatical and
𝑆2 is ungrammatical, models should assign a higher probabil-
ity to 𝑆1 than to 𝑆2. J. Hu et al. corroborate this hypothesis
with both English and Chinese variants of GPT-2 and Llama-3
across several minimal pair datasets. This is indeed in many
ways a superior proxy for grammaticality classification than
raw probabilities, since the latter do not control for other fac-
tors such as lexical rarity or semantic oddity. Nevertheless,
without denying its usefulness as a source of evidence for
LLMs’ weak generative capacity, I raise two considerations
that prevent its equivocation with formal competence.

First, not all grammaticality judgements can be replaced
by minimal pair comparisons, since many ungrammatical ex-
pressions lack a grammatical counterpart for expressing the
same message. For example, English does not allow turning
a noun head into a wh-pronoun while retaining its modifiers:
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(1) She bought some fresh carrots

(2) a. *What did she buy some fresh?
b. *What some fresh did she buy?
c. *Some fresh what did she buy?

Even though the intended meaning of (2a–c) is semantically
intelligible, no grammatical sentence can express it. Hence,
no minimal pair can be formed. Capturing the ungrammatical-
ity of (2a–c) thus requires other means. Given the unreliability
of raw probabilities, it is unclear what would be available aside
of grammaticality judgements.

Second, minimal pair comparisons do not concern which
structural descriptions (if any) the model has internalized.
Suppose one model processes transitive sentences in line with
grammar𝐺1 and another in line with grammar𝐺2 (see above).
Both would produce the same comparisons across grammati-
cal and ungrammatical minimal pairs, but these results could
not reveal which grammar each model represents. Minimal
pairs cannot get us from weak to strong generative capacity.

Similar limitations apply to benchmarks such as Syntax-
Gym (Gauthier et al., 2020), which compares model surprisal
at different tokens between grammatical and ungrammatical
inputs. For example, the model should have a high surprisal
for a verb token with faulty subject agreement. This does
not reveal the grammatical structure over which the relevant
relations (e.g. agreement) are computed, and is thereby com-
patible with all weakly equivalent analyses of the data.

It is also crucial to distinguish strong generative capac-
ity from model-internal causal pipelines. CausalGym (Arora
et al., 2024) modifies SyntaxGym into an intervention-based
mechanistic interpretation method (c.f. Geiger et al. 2021;
Geiger et al. 2022) that locates circuits for altering the output
in a grammatically relevant way, such as changing verb agree-
ment. While this is more informative than mere surprisal,
it still does not uncover representations of specific structural
descriptions. CausalGym could find the circuit for subject-
verb-agreement in transitive clauses; but this still would not
tell whether it represented these clauses in line with grammar
𝐺1 or 𝐺2 (or neither). Even though mechanistic interpreta-
tion goes “inside” the model, it does not yet guarantee the
assessment of strong rather than weak generative capacity.

That being said, mechanistic analysis has a crucial role for
revealing influence between different capacities. Recently,
Hanna et al. (2026) compared grammatical and functional
tasks across five LLMs (Llama-3, Qwen-2.5, OLMo, Mistral-
v0.3, Gemma-2), finding low but non-zero overlap across
circuits. In light of the independently discovered semantic
influence on attention heads specialized for syntactic depen-
dencies (McGee et al., 2026), these results fit the hypothesis
that formal and functional competence are partly dissociable
in architectural terms but not fully independent.

It also bears emphasis that my present account is compatible
with contemporary LLMs having improved in formal compe-
tence when compared to prior ones. It simply predicts that
this should correlate with a superior functional competence.

That being said, recent research has continued to uncover dif-
ficulties that contemporary LLMs face in central functional
capacities, including logical reasoning (Ariyani et al., 2025;
Beyer & Reed, 2025; Han et al., 2024), the recognition of
events (Chen et al., 2024; Z. Hu et al., 2025), social reason-
ing (Bortoletto et al., 2025; Liu et al., 2026; Wagner et al.,
2025), and understanding negation (Kim et al., 2025; Seo
et al., 2025; Varshney et al., 2025; Y. Zhang et al., 2024).
Especially the last of these highlights a striking problem with
drawing a clear formal-functional distinction; negation being
both a grammatical marker and a logical operator. Overall,
while formal and functional competence have (co-)evolved in
recent years, important challenges still remain in both.2

Grammatical Probing Properly assessing the strong gener-
ative capacity of LLMs requires going beyond the strings they
produce or classify, toward the structural representations they
have incorporated. While significant effort has been put into
explaining LLMs’ internal mechanisms (Zhao et al., 2024),
their computational outlook still remains contested.3 Prob-
ing aims to extract information about LLMs’ representations
and operations. A prominent range of methods uses (linear or
non-linear) transformations for mapping embeddings to gram-
matical labels, or relations between embeddings to syntactic
relations (Hewitt & Manning, 2019; Manning et al., 2020;
Müller-Eberstein et al., 2022; Tenney et al., 2019; White et
al., 2021; Wu et al., 2020). Probing also covers certain behav-
ioral methods such as instruction-based prompting (Bonial &
Madabushi, 2025; Dunn & Eida, 2025; Li et al., 2022).

Hewitt and Manning’s (2019) probe maps word embed-
dings to parse distances, which Diego-Simón et al. (2024) ap-
pended with directionality and dependency labels. Training
these probes on a Universal Dependencies treebank (Silveira
et al., 2014), Diego-Simón et al. (2025) assessed which prop-
erties are most predictive of their accuracy with three LLMs
(Mistral, Llama-2, BERT). They found both probes to be most
sensitive to linear distance between words and parse depth.

Kennedy (2025) applied Hewitt and Manning’s (2019)
probe to four LLMs (BERT, RoBERTa, GPT-2, Qwen2.5)
using Subject Raising and Subject Control sentences, which
share the same dependency graph but have different phrase
structures in standard generative analyses (Rosenbaum, 1967).
Despite being trained only on dependencies, the probe as-
signed different parses to these constructions, in line with
the hypothesis that Subject Control sentences have a more

2Moreover, smaller models are increasingly employed in domain-
specific applications – motivated by resource limitations, efficiency,
and adaptability (Wang et al., 2025). Variation in performance across
actually deployed models is thus not automatically expected to dis-
appear even as top benchmark performance improves.

3Ambridge and Blything (2024, pp. 39–40) maintain that we do
actually know how LLMs work, since they are defined via algorithms
such as the transformer (Vaswani et al., 2017). However, as Müller
(2025, p. 3) notes, this is only true on the low algorithmic level of
explanation, which does not yet disclose the higher-level computation
enacted within the network (c.f. Dunbar 2019). Analogous concerns
arise in neurolinguistics as well (van der Burght et al., 2023).
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complex underlying structure. However, the effect was incon-
sistent across word pairs: it was often missing between the
subject and the infinitive marker (to) despite being present be-
tween the subject and other elements in the embedded clause
(the embedded subject or the direct object). As Kennedy
(2025, p. 384) notes, such an “arbitrary and alien” structure is
not sensible within any known syntactic analysis of English.

To mitigate the challenge of assuming target parses a pri-
ori, Wu et al. (2020) provide a parameter-free probe for BERT,
which constructs dependency graphs or phrase structures from
mutual impact measures between embeddings. While their
initial results indicated similarity to human parses, subsequent
work contrasts this. Looking further into Wu et al.’s method
for constructing phrase structures, Niu et al. (2022) concluded
that it only partially encodes syntactic information, and barely
exceeds a right-branching baseline. Buder-Gröndahl (2024b)
compared dependency graphs obtained via the probe to Uni-
versal Dependency parses, and found major discrepancies be-
tween these especially in embedded clause structure as well
as various modifier-head relations.

In construction probing, differences have arisen between
models of different size. Li et al. (2022) probed variants of
BERT for argument structure constructions via embedding
clustering. Smaller models grouped sentences more based
on lexical content, while larger models were more sensi-
tive to construction-level information. Bunzeck and Zarrieß
(2023) likewise observed variation across smaller and larger
RoBERTa models in the influence of part-of-speech informa-
tion for sentence embeddings.

Constructions obtained via probing can also markedly dif-
fer from those proposed in the linguistic literature. Veenboer
and Bloem (2023) found that similarities between BERT’s
embeddings correlate with constructional information, but
fails to distinguish between semantically similar construc-
tions that differ in grammatical form. Dunn and Eida (2025)
illustrated that both metalinguistic prompting and embedding-
based probing of GPT-4 reveals sensitivity to “hallucinated”
constructions that are absent from English based on human
judgement. Bonial and Madabushi (2025) surveyed experi-
mental literature on construction probing, and extended on it
by prompting GPT-3.5 and GPT-4 to find sentences that be-
long to the same construction. Summarizing both prior work
and the novel results, they propose a Schematicity Hypothesis
concerning constructions in LLMs:

LLMs have access to the lower levels of the construc-
tional hierarchy and more substantive constructions, but
do not have the ability to distinguish higher-order, fully
schematic constructions requiring recognition of both the
form and associated meaning pole.
(Bonial & Madabushi, 2025, p. 4571)

This stands in notable contrast to the results of Diego-Simón
et al. (2025), who found that structural propertes are relevant
for probing syntax whereas statistical effects specific to lex-
ical content are not. In part, it seems that these differences
trace back to the linguistic formalisms used as probing tar-

gets: dependency probes are more responsive to structural in-
formation, while construction probes are more schematic and
sensitive to lexical content. While comparison between target
formalisms remains severely under-studied, models have in-
deed shown preferences toward some formalisms over others
in both syntactic dependencies (Kulmizev et al., 2020) and
semantic argument structure (Kuznetsov & Gurevych, 2020).

Summary Experimental results on both grammaticality
classification and probing point to significant discrepancies
across LLMs, when focus is shifted from weak to strong gen-
erative capacity. That being said, Song et al. (2025) are un-
doubtedly correct that performance in metalinguistic tasks is
far from a direct measure of formal competence. Probing
results are also influenced by numerous factors, such as the
probing algorithm and training scheme. Hence, the results
deserve a modest but nevertheless crucial negative interpreta-
tion: empirical evidence does not support the hypothesis of a
uniform formal competence across LLMs. The hypothesis is
not thereby falsified, but lacks independent support.

Conclusions
Mahowald et al. (2024) construct a comprehensive taxonomy
of linguistic capacities in both humans and LLMs. This is
commendable, and thus far no superior alternative has been
put forth. That notwithstanding, I contend that LLMs should
not be analyzed as having a uniform formal competence. The-
oretically, it would be unexpected for identical formal compe-
tences to occur with distinct functional competences. This re-
mains compatible with the competences being constitutively
distinct (Fedorenko et al., 2024; Hanna et al., 2026); what
matters is that their interaction shapes grammar. This is in
line with empirical findings, which do not point to a uniform
strong generative capacity across LLMs. Of course, variation
here can be traced to several possible sources, such as model
architecture, training data, or tokenization. However, these
factors are also likely to influence functional competence, in
line with the hypothesis that the competences covary.

I do not deny that LLMs can converge in weak generative
capacity, which is operationalizable via minimal pair compar-
isons (albeit only in part). Some recent analyses of LLMs
(e.g. Gastaldi and Pellissier 2021; Mickus 2024) have moved
toward construing languages purely extensionally, in line with
certain variants of classical structuralism (Bloomfield, 1936;
Harris, 1951). For this perspective, convergence in formal
competence is a far more viable prospect: if nothing is admit-
ted beyond weak generative capacity, the problem certainly
becomes more manageable (c.f. Quine 1970). This, however,
is not what either Mahowald et al. (2024) or I have been after.

Once strong generative capacity is brought to the forefront,
formal linguistic competence should no longer be seen as
uniform or independent of functional competence. Far from
being resolved, uncovering it in LLMs calls for significant
further attention. Despite their shortcomings, grammaticality
judgements and probing continue to play crucial roles here,
and are not surpassed by string probability comparisons alone.
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