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The compositionality principle is considered to be a hallmark of human cognition and is
said to be pivotal in human’s ability to routinely understand and produce novel linguistic
structures (Partee et al., 1995). While Transformer-based language models seemingly appears
to emulate compositional language (see Chang & Bergen, 2024 for a state-of-the-art review),
the extent to which they encode compositional semantic representations to achieve this
remains debated (Pavlick, 2023). In line with the field’s goal of "un-blackboxing" neural
networks, the probing classifier paradigm has emerged as one of the principal interpretability
techniques in NLP studies. The method consists of linking the internal representations of
a language model with an identifiable external property of its training sets by training a
simple classifier (generally a logistic regressor or a multilayer perceptron) on its intermediate
layers (Belinkov, 2022). The researcher usually starts its inquiry by selecting a relevant and
annotated dataset containing the linguistic properties under scrutiny (e.g. whether a verb
is in the past or in the present tense, as in Conneau et al., 2018). One defines a training
and a test set for the language model, trains the language model on the corresponding
dataset, and extracts the embeddings of the input sentence at each intermediate layer of
the network. The lightweight model will come into play and statistically segregate the
embeddings according to the presence or absence of the linguistic representation, as indicated
by dataset annotation. The probe will consequently flesh out either as a binary (e.g. the
verb is in the present tense or not) or as a multilevel classification task (e.g. the verb is the
present simple, present continuous, past simple, or past continuous form). The performance
of the classifier, usually expressed in terms of F1 score or accuracy, is meant to indicate
whether the scrutinized linguistic properties featured in the presented datasets can be linearly
recovered from the embeddings of the network. In short, the probing paradigm proposes to
query traces of symbolic computation inherited from linguistic theory among the reputedly
continuous vectors of transformer-based models. Scholars have thus used probing methods
to identify representations of various linguistic phenomena that serve as building blocks of
compositional meaning. These include, among others, syntactic dependencies, thematic role
assignment, anaphora resolution, or figures of speech. In this work, I propose to build on
this decade-long body of work and draw a state-of-the-art picture of LLMs’ compositional
competence through the lens of probing classifiers.

However, prior to garnering the insights of probing studies, several key takeaways should
be highlighted in order to sketch a careful account of LLMs’ compositional competence.



From a conceptual viewpoint, the linguistic representations identified through probing
do not give decisive evidence of emergent compositional behaviors (as conceptualized
by Fodor & Pylyshyn, 1988). That is, the probing methodology does not give insights
into the compositional pathway of transformer-based language models and thus cannot
illuminate whether they have actually implemented composition-like algorithms. From a
methodological viewpoint, the statistical nature of classifiers makes it impossible to guarantee
that the scrutinized representations are functionally relevant to the model and are not fitting
irrelevant or incidentally encoded properties (Ravichander et al., 2021). In this light, negative
results appear more informative: failure to identify traces of computation in a network’s
intermediate layers provides a strong indication that the assumed computation was likely
not performed by the system. Under such constraints, the computational primitives of
the probing tasks fare better than the tasks themselves in enlightening the compositional
functions of LLMs. Hence, taken alone, probing studies have limited explanatory power, but
when considered collectively, they provide compelling evidence against a specific formal
model of LLMs’ linguistic competence. Subsequently, I will, through this work, answer the
following research question: how do the computational primitives of probing tasks shed light
on the compositional functions of transformer-based language models?

To scaffold a comprehensive account of LLMs’ compositional competence, I relied on
the literature review principle, which proposes to gather all papers tied to a previously
stated research question through a systematic search with key terms and inclusion/exclusion
criteria. As the field of artificial intelligence is confronted with a vertiginous publication
rate and a reliance on conference papers, I decided to query the literature with broad search
terms1 on the search engine Google Scholar. I then relied on inclusion and exclusion
criteria to distinguish relevant from irrelevant pieces of work2. After extensive pruning, we
identified 21 studies (as of Spring 2025) that used probing classifiers to investigate linguistic
properties relevant to an inquiry of compositional meaning in LLMs. If studies usually
investigated confounding semantic phenomena, each task was classified according to the
semantic domain it targeted. To do so, we conceptualize meaning by adopting the structured
semantic representations assumed in formal semantics frameworks. We propose to break
down our posited compositional competence into four tiers of meaning: lexical semantics,
the syntax-semantics interface, propositional semantics, and discourse semantics. Under
such a view, each tiers operates at a distinct level of granularity and considers different
primitives and combination functions, which form the basic units of our considered formal
model of compositional competence. Inspired by contemporary formal account, we adopt a
view of meaning that is simultaneously type-driven, model-theoretic, and truth-conditional,
but remains semantically under-determined and must be enriched pragmatically (see e.g.
Venhuizen et al., 2022). Within our schema, theoretical choices impact the functions and
computational primitives considered, thus playing a crucial role in shaping a formal model

1Search query was the following: "probing classifier" AND "transformer" AND semantic
2These included, among others, model types considered, the exclusion of theoretical paper, publication

quality, etc.



of compositional competence. The results are synthesized in Table 1, which organizes the
findings by semantic tiers, primitives, composition functions, and performance levels.

Table 1: Synthesis of Probing Results
Lexical Semantics Syntax-Semantics In-

terface
Propositional
Semantics

Discourse Seman-
tics / Pragmatics

Primitives Concepts Arguments, Predi-
cates, Morphemes,
Thematic Roles

Propositions, Truth-
values

Implicatures, Illocu-
tionary Force, Infor-
mational Status

Composition Functions Lexical Relations, Co-
composition, Type Co-
ercion

Predication, Semantic
Translation

Logical Operations,
Syllogisms

Inferences

Good Performance Entity labeling (Ten-
ney et al.; Zhao et al.)

Syntactic constituents
(Tenney et al.; Jawa-
har et al.; Arps et al.),
Semantic roles (Ten-
ney et al.; Wang
et al.), Predicate prop-
erties (Edge probing:
Tenney et al.)

– –

Moderate Performance Lexical relations (As-
pillaga et al.; Lin &
Ng; Chen & Gao)

Tense and inflec-
tion (Jawahar et al.;
Mikhailov et al.)

– Figures of speech
(Aghazadeh et al.;
Schneidermann
et al.; Klubička
et al.), Informa-
tional status (Li
et al.; Ju et al.)

Fair Performance – Abstract morphosyn-
tactic organization
(Choenni & Shutova),
Grammatical func-
tions (Alt et al.),
Syntactic relations
(Alt et al.), Corefer-
ence and anaphora
(Tenney et al.; Saleh
et al.), Predicate
properties (Vertex
probing: Chen & Gao)

Logical operators
(Lyu et al.; Ryb
et al.; Traylor et al.)

Speech acts (Saleh
et al.; Chen & Gao),
Discourse organiza-
tion (Jawahar et al.;
Saleh et al.)

Poor Performance – Event apprehension
(Wang et al.), Nega-
tion (Chen & Gao)

Monotonicity (Chen
& Gao), Semantic
odd-man-out (Jawa-
har et al.)

Discourse
macrostructure
(Saleh et al.)

Performance levels: Good: F1 > 90, no contrasting results / Moderate: 70 < F1 < 90, some contrasting results / Fair: F1 <
70, contrasting results / Poor: F1 < 60.

As can be seen in Table 1, much more studies have been carried out in the lower tiers and
focused on the syntax-semantics interface. Looking at the performance of the classifiers, a
gradual drop of accuracy can be observed as probes target increasingly abstract linguistic
constructs, particularly those involving larger constituents and higher-order composition, like
propositions or discourse movements. Most notably, pinpointing the influence of a single
word or a group of words on the logical structure of a proposition remains difficult for LLMs.
By contrast, representations of concepts and basic relations appear to be consistently well



encoded. Compared to earlier neural network architectures, transformer-based models seem
to represent relational information more robustly, as demonstrated by the higher prevalence
of lexical and dependency-based information at the predicate level. On the other hand, a
simple concatenation of static vectors can encode pragmatic features to a degree comparable
to, if not higher than, transformer models. This suggests that the purported computational
primitives of my formal models fail to give a comprehensive account of the seemingly
compositional behavior of LLMs: while probing studies do not contradict the presence of
word-level semantic information in LLMs, the evidence for propositional or discourse-level
representations remains inconclusive at best. These results therefore fail to provide support
for the existence of higher-order composition functions like pragmatic inferencing or logical
reasoning on propositions.

What emerges from this review is an ambivalent picture of LLMs’ compositional competence:
they appear to encode lexical and local relational information, yet fall short of representing
propositional and discourse-level structures. In that respect, transformer models do not appear
to encode traces of compositional computation more robustly than other distributional models
of semantics (Lenci et al., 2022; Li et al., 2023). This dissonance between the seemingly
compositional behaviors of LLMs and the representational vacuum at the proposition and
discourse-level could be interpreted (1) as evidence that LLMs bears no compositional
competence as posited by the considered formal framework, or (2) that alternate pathway
other than symbolic computation have emerged from transformer language model to attain
composition-like behaviors. Albeit conceptually and methodologically limited in its outreach,
the probing paradigm remains useful when combined with a rigorous theoretical basis.
Hence, classifiers should either serve as a functional diagnosis of LLMs’ limitations – as
a method to systematically eliminate implausible composition functions – or as a post-hoc
representational check part of a larger mechanistic schema of LLMs’ competence (in the vein
of Geiger et al., 2025). Another promising perspective lies in combining probing with model-
centered theories of meaning, considering LLMs as functionally distinct architectures shaped
by statistical learning, and revealing their computational primitives in an ontology-free
fashion (e.g. Cunningham et al., 2023; Michael et al., 2020).
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