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Abstract

A core aspect of compositionality, systematic-
ity is a desirable property in ML models as it
enables strong generalization to novel contexts.
This has led to numerous studies proposing
benchmarks to assess systematic generaliza-
tion, as well as models and training regimes
designed to enhance it. Many of these efforts
are framed as addressing the challenge posed
by Fodor and Pylyshyn. However, while they
argue for systematicity of representations, ex-
isting benchmarks and models primarily focus
on the systematicity of behaviour. We empha-
size the crucial nature of this distinction. Fur-
thermore, building on Hadley’s (1994) taxon-
omy of systematic generalization, we analyze
the extent to which behavioural systematicity
is tested by key benchmarks in the literature
across language and vision. Finally, we high-
light ways of assessing systematicity of repre-
sentations in ML models as practiced in the
field of mechanistic interpretability.

1 Introduction

A core feature of human cognition is the ability
to understand and generate novel combinations of
known concepts in systematic ways. To illustrate,
understanding (and producing) the utterance “the
octopus ate the fish” implies the ability to also un-
derstand (and produce) “the fish ate the octopus”.
This systematicity, often considered fundamental
to the concept of compositionality, has become
an increasingly important evaluation criterion for
artificial intelligence systems. Recent years have
seen a proliferation of papers proposing both bench-
marks to test for systematicity (e.g., Lake and Ba-
roni, 2018; Hupkes et al., 2020; Kim and Linzen,
2020; Wu et al., 2023; Kim et al., 2023; Okawa
et al., 2023) as well as new model architectures
designed to exhibit systematic behaviour (e.g., Lo-
catello et al., 2020; Didolkar et al., 2021; Soulos
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et al., 2024; Assouel et al., 2024). Many of these
works frame their contributions as addressing the
challenge! posed by Fodor and Pylyshyn (1988,
F&P): to explain how systematic language compe-
tencies can emerge without structured mental rep-
resentations. However, there is a crucial distinction
that is often overlooked. F&P specifically argued
for the necessity of systematic representations in
cognitive systems, while modern benchmarks and
evaluations typically focus solely on testing for
the presence of systematic behaviour. This confla-
tion has led to misunderstandings and conflicting
claims about the systematic generalization capabil-
ities of artificial neural networks. This is further
compounded by black-box nature of our models.
This paper aims to disentangle these issues by
separating behavioural and representational sys-
tematicity. We argue that meaningful progress to-
ward human-like systematic generalization requires
appropriately-scoped behavioural claims backed
up by rigorous mechanistic interpretability. We de-
velop our argument in three parts. First, we discuss
the historical development of the concept of system-
aticity. Drawing on lessons from psychology, we
highlight how the focus has gradually shifted from
representations to behaviour, as well as the impact
of this shift. Second, we analyse key benchmarks
in the language? and vision literature, assessing the
type of systematicity they evaluate using Hadley’s
(1994) framework of weak, quasi-, and strong sys-
tematicity. Finally, we explore current approaches
to evaluating systematicity of representations in
end-to-end trained Transformer models through the
lens of mechanistic interpretability. Our review
concludes with a set of recommendations for eval-
uating claims of systematicity in machine learning
(ML) systems. It must be noted that works mea-
suring compositionality of representations using

! Although F&P do not explicitly propose a challenge, it is
referred to as such in Fodor and McLaughlin (1990).
2Specifically, at the syntactic and semantic levels.

31842

Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 31842-31856

July 27 - August 1, 2025 ©2025 Association for Computational Linguistics



custom architectures (e.g., Andreas (2019); McCoy
et al. (2020); Li and McClelland (2022)), while
relevant, are beyond the scope of this paper.

Related Work Compositionality has received a
great deal of attention in ML. However, although
one of the most frequently invoked definitions of
compositionality is derived from the human capac-
ity for systematicity, it has largely been sidelined
as a secondary concern.

McCurdy et al. (2024) survey the NLP research
community, asking them to rate their agreement
with a definition of “compositional behaviour”
(CB) and a set of statements regarding the investiga-
tion thereof. They define CB as a model’s tendency
to produce a correct output for input I given that
it produces correct output for human-defined com-
ponent parts of I. They further decouple their def-
inition from any notion of learning, making their
definition of CB agnostic to the dataset(s) from
which it is learned. We believe that systematicity is
indeterminable under this definition. Absent a clear
definition of the component parts and the contexts
in which they appear during training, it is impos-
sible to judge a model’s ability to systematically
recombine them. This impairs even behavioural
evaluation of a model’s generalization capabilities.

Russin et al. (2024) provide a comprehensive
historical overview of compositionality as an ob-
ject of inquiry. They also review current trends
in endowing ML architectures with compositional
mechanisms. However, their central question of
“can contemporary neural networks replicate the
behavioral signatures of compositionality” (p. 11)
also focuses on behaviour rather than representa-
tion. They only briefly discuss systematicity and
do not engage with Hadley’s (1994) distinctions
between levels of systematicity, which is central to
our analysis. Nevertheless, they do call for mecha-
nistic interpretability of model representations to
reinforce conclusions in behavioural tests of com-
positionality.

There are some reviews which discuss represen-
tational systematicity, albeit in different terms. Wat-
tenberg and Viégas (2024) survey key mechanisms
for enabling neural networks to represent relation-
ships between features—a long-standing question
in cognitive science, known as the binding problem
(see Feldman, 2013, for an overview). They pro-
pose a number of directions for future work with
respect to interpreting how trained models may
be representing (or approximating) relational bind-

ing. Greff et al. (2020) argue that contemporary
neural networks lack human-level compositional
generalization abilities precisely because they are
unable to solve the binding problem. The authors
provide a comprehensive theoretical review of the
connection between the binding problem and com-
positionality. They present an extensive survey of
mechanisms which may implement binding and
the properties which such mechanisms should pos-
sess. Conversely, Pavlick (2023) argues that exist-
ing LLMs can already encode symbols and under-
take symbolic processing. Despite their differences,
these papers all underscore the importance of mech-
anistic interpretability in establishing the presence
of systematic representations in neural models.

2 Compositionality via Systematicity

Often attributed to Frege (1892), the principle of
compositionality is frequently stated as: “the mean-
ing of a complex expression is a function of the
meanings of its parts and of the way they are syn-
tactically combined” (Partee, 2004). It is essential
in formal semantics, serves as a foundational el-
ement in most logical formal languages?, and its
influence extends across modern linguistic theories
(Halvorsen and Ladusaw, 1979; Gazdar et al., 1985;
Steedman, 2019; Joshi, 2005). In technical terms,
this principle can be understood as a mathemat-
ical relationship—syntax and semantics function
as algebras, with meaning assignment acting as
a homomorphism that maps syntax to semantics
(Janssen and Partee, 1997).

It is crucial to note that the principle of compo-
sitionality is “extremely theory-dependent” (Par-
tee, 2004). Without establishing a theory of syn-
tax, semantics, and the interaction between them,
the principle is severely underspecified and can
be made trivial if not completely vacuous (Wester-
stahl, 1998; Kazmi and Pelletier, 1998). We echo
Janssen and Partee (1997): “the principle [of com-
positionality] should not be considered an empir-
ically verifiable restriction, but a methodological
principle that describes how a system for syntax
and semantics should be designed.” We now turn
to F&P’s definition of compositionality, which puts
systematicity in the driver’s seat.

3Although there are some exceptions, see for example,
Hintikka (1979).
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2.1 Fodor and Pylyshyn’s Compositionality

In order to establish a syntax and semantics of the
language of thought, Fodor and Pylyshyn (1988,
F&P) build their definition of compositionality
from the more basic notion of systematicity. They
define systematicity as an entailment between cog-
nitive capacities: a human capable of understand-
ing the statement a Rb, where a, b are objects and
R is a relation, is necessarily able to understand
bRa. For example, for the vast majority of lan-
guage users, understanding the sentence “John
loves Mary” necessarily implies the ability to un-
derstand and produce the sentence “Mary loves
John”, and vice versa. F&P argue that this capac-
ity is evidence for the existence of structure and
structure-sensitive operations in the human brain.
They assert that this property arises because such
sentences are composed from the same constituents:
“insofar as a language is systematic, a lexical item
must make approximately the same semantic con-
tribution to each expression in which it occurs.”
F&P admit relaxations of this principle in language,
such as context-sensitive word definitions, syncat-
egorematic compositions such as “good [X]” and
idioms. However, they maintain that for most lan-
guage users to be able to make systematic linguistic
inferences, human cognitive representations must
be systematic too.

Importantly, F&P position their definition of
compositionality—consisting of systematicity and
the related properties of productivity and inferential
coherence—as a property of the representational
system (specifically of human mental representa-
tions). For F&P, composition is a syntactic (struc-
tural) operation which produces a semantic result.
By complement, the semantics of individual lin-
guistic units are amenable to performing structural
operations over them. They assert that in represen-
tations without such structure, human-like compo-
sitionality is incredibly unlikely to emerge. Indeed,
F&P’s challenge is to explain how systematicity
can arise in a representational system which does
not posit structural operations over symbols (Fodor
and McLaughlin, 1990).

2.2 Hadley’s Three Levels of Systematicity

Based on the work of F&P, Hadley (1994) out-
lines three progressive levels of systematicity in
language learning.

Weak systematicity is defined as the ability to pro-
cess sentences that use familiar words in new com-

binations, but only if those words have appeared in
identical syntactic positions before elsewhere in the
training data. For instance, if a system is trained on
sentences like “John loves Mary,” “Jim loves John,”’
and “Mary loves Jim,” it should be able to process
“Mary loves John” as a test case.

A system possesses quasi-systematicity if it
has weak systematicity under recursion. Quasi-
systematic models can process novel sentences that
contain embedded clauses, provided both the main
sentence and the embedded clause are structurally
isomorphic to various sentences in the training cor-
pus. For any successfully processed complex sen-
tence, the training data must include a simple sen-
tence demonstrating the same word in the same
syntactic position in which it appears in the embed-
ded clause.

To exhibit strong systematicity, the system must
be able to process novel sentences, including those
with embedded clauses, even when words appear
in syntactic positions that they did not occupy in
the training data in any simple or embedded clause.
Hadley states that strong systematicity is closest to
human systematic generalization, as the system can
integrate its understanding of syntax and semantics
to process words in entirely novel structures.

2.3 Systematicity and Productivity

Closely connected to systematicity is the notion
of linguistic productivity, defined as the ability
to make "infinite use of finite means" (Chomsky,
1965, quoting Humboldt (1836)). To disambiguate
the two, many have redefined productivity to re-
fer specifically to a capacity for understanding
and producing unbounded inputs and outputs (e.g.,
Fodor and Pylyshyn, 1988; Hupkes et al., 2020), or
“length generalization” in modern parlance.

We conjecture that Hadley’s weak systematicity
will yield no productivity, because for a sentence
of an unseen length there will necessarily be at
least one word in the sentence in a novel syntactic
position. A quasi-systematic model could exhibit
productivity for some, but not all, sentences given
its ability to process some recursive clauses. Fi-
nally, strong systematicity yields full productivity.

3 From Representation to Behaviour

The core of the distinction between representational
and behavioural systematicity lies in the classical
distinction between competence and performance
(Chomsky, 1965, p. 2). Representational system-
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aticity is a competence, a cognitive mechanism
which ideally manifests itself in performance, i.e.,
systematic behaviour, except as mitigated by other
factors such as compute limitations, noise, errors,
etc. Below, we lay out the implications of this
distinction for ML research.

3.1 Operationalisation

F&P defined systematicity as a relation between
cognitive competencies. Hadley reformulated their
definition in terms of the properties that must be
true of learning systems claiming to possess sys-
tematicity. In other words, he put forth a framework
for the operationalisation of systematicity.

Operationalisation is a common practice in fields
like psychology, wherein unobservable properties
of black-box systems must be reasoned about via
proxy measures. For example, to study an unob-
servable property like memory function, a psychol-
ogist may operationally define memory in terms of
recall from a list. Operationalisation, though, is not
without its potential pitfalls. For any operational
definition A of a concept B, demonstration of A is
at best only evidence for the presence of B, and the
strength of the evidence depends on the strength of
the connection between concept and operationalisa-
tion. Psychologists have long grappled with these
issues, leading to the development of subfields like
measurement theory and psychometrics (e.g., Luce,
1996; Stevens, 1946).

Consider the use of the relational match to sam-
ple task in comparative cognition (e.g., Premack
and Woodruff, 1978). In this task, the participant is
presented with a pair of sample items (e.g., two red
shapes) and asked to select one of two additional
pairs of items that best corresponds to the sample
(e.g., two blue shapes vs a red shape and a blue
shape). The task aimed to test the capacity to rea-
son about a relational concept like same/different,
and was historically used as a demonstration that
certain animals had or did not have this capac-
ity (e.g., Thompson et al., 1997; Fagot and Par-
ron, 2010). However, Mike Young and colleagues
(Fagot et al., 2001; Young and Wasserman, 1997,
2001) demonstrated that certain animals solved the
task simply by detecting and responding to the en-
tropy in sets of items, without recourse to relational
reasoning.

The converse problem exists as well. The field
of developmental psychology has long dealt with
the issue of performance and competence with chil-
dren, for whom failure to exhibit a behaviour does

not necessarily imply the lack of capacity to do
so in any circumstance (such as due to distraction
or disinterest). In the literature on object perma-
nence, for example, there has been a long debate
about if and when children actually possess the ca-
pacity (e.g., Piaget, 2013; Baillargeon and DeVos,
1991). A resolution one way or the other would
circumscribe the scope of what a child is able to do
and understand at a given age. However, this has
proven elusive due to the difficulty of operational-
ising object permanence appropriately.

3.2 Implications for Machine Learning

There are parallels to be drawn here with research
in ML. The literature is rife with failures of op-
erationalisation, in which a model’s performance
on a particular task poorly predicts performance
on other, even very similar tasks (see Geirhos
et al., 2020, for an overview of “shortcut learn-
ing”). Thus, modellers must ensure that their tasks
can only be solved using the competence which
they intend to test.

However, demonstrating perfect operationalisa-
tion is very difficult. Consequently, when evaluat-
ing generalization capabilities, researchers require
insights into the underlying representations that
drive the behavioural outcomes on their task of
choice. This mechanistic interpretability enables
researchers to assess the validity of their opera-
tionalisation and predict model performance across
tasks that draw upon the same competence, even
when behavioural tests prove imperfect.

According to F&P, systematic generalization
requires systematicity of internal representations
(representational systematicity), not merely evi-
dence of systematicity in the model’s performance
on any number of tasks (behavioural systematic-
ity). The relationship between valid operationali-
sation, behavioural evidence, and mechanistic in-
terpretability creates three analytical cases, each
with different implications for our understanding
of model capabilities:

Case 1: Systematic behaviour without valid
operationalisation. Valid operationalisation re-
quires demonstrating that tasks actually demand
specific levels of behavioural systematicity, rather
than weaker levels or no systematicity at all. This
demands principled control over dataset syntax and
semantics. If this is not established, success or fail-
ure on the behavioural task no longer constitutes
evidence of the existence or absence of representa-
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tional systematicity. Models may rely on various
non-systematic strategies to achieve performance,
even when datasets intuitively appear to require
systematicity. Sections 4 and 5.2 examine several
imprecise operationalisations of systematicity and
demonstrate how this inhibits drawing meaning-
ful conclusions about the systematic generalization
capabilities of evaluated models.

Case 2: Systematic behaviour under valid op-
erationalisation. When models demonstrate sys-
tematic behaviour under conditions of valid op-
erationalisation, F&P assert that they must pos-
sess systematic representations. If one gives cre-
dence to this position, supported by Hadley and
other theorists of structured cognition, this case will
be evidence of systematic internal representations.
However, definitively proving this requires mecha-
nistic interpretability of the model representations
underlying systematic behaviour. Demonstrating
that a model exhibits systematic behaviour without
possessing systematic representations would effec-
tively overcome Fodor and Pylyshyn’s challenge,
representing a significant theoretical breakthrough.

Case 3: No systematic behaviour under valid
operationalisation. This case also permits two
competing interpretations. The model may fail to
display systematic behaviour because it does not
have systematic representations. Alternatively, the
model may possess systematic representations, but
be unable to use them to behave systematically.

The second possibility is analogous to the child
who cannot, or does not want to, demonstrate object
permanence in a particular context. This possibility
becomes more worrisome as ML systems become
more complex and modular, with components per-
forming one subtask pipelined with components
solving another. Even if one module has representa-
tions that support systematicity, the system will be
unable to demonstrate systematicity on the task if
a non-systematic module intervenes before the out-
put layer. One example of models ending up in this
case (partially) as a result of dataset construction is
illustrated in Wu et al. (2023), which we discuss be-
low. As in the case above, distinguishing between
these two interpretations requires mechanistic in-
terpretability of the model’s representations. Both
are consistent with F&P’s challenge.

4 Behavioural Systematicity

We propose that Hadley’s taxonomy provides a
robust framework for operationalising systematic
generalization. It clearly defines the generalization
capabilities of each level of systematicity, and es-
tablishes the requirements for testing it in a particu-
lar train/test data split. Below, we use it to examine
representative datasets that test behavioural system-
aticity in end-to-end trained models. Rather than at-
tempting an exhaustive review of this rapidly evolv-
ing field, we focus on key examples that demon-
strate the critical importance of evaluating the level
of systematicity required by a particular dataset.
We hope that researchers will find this analysis use-
ful and in turn apply it to their models and datasets.

4.1 Linguistic Tasks

SCAN, NACS Lake and Baroni (2018) introduce
SCAN, a synthetic dataset for testing composition-
ality in text. It consists of all 20,910 command
phrases generated from a non-recursive phrase-
structure grammar of 13 words. Each command
unambiguously maps onto a sequence of actions
(for example, “jump opposite left and walk thrice”
maps to “LTURN LTURN JUMP WALK WALK
WALK?™). It aims to test compositionality via a
judicious set of data splits: Split 1 is an iid (in-
dependent, identically distributed) split with up to
99% of the training datapoints withheld randomly.
Split 2 tests a form of productivity by testing the
network on phrases which map to longer action
(output) sequences than any that occur in training.
Split 3 asks the network to parse compositions with
a held-out word that it had only ever seen in a prim-
itive context before (e.g., parsing "run twice and
jump" having only seen "run" as a primitive, but
having also seen "look twice and jump" before).
We suspect that Split 1 of SCAN tests Hadley’s
definition of weak systematicity. Lake and Baroni
(2018) state that with even 98% of the training set
for Split 1 withheld, every command in the test
set that does not have a conjunction also appears
in the training set an average of 8 times. Given
that conjunction-less commands must also appear
in conjunctions, it is likely that even 2% of Split 1
exhibits all possible commands in all possible posi-
tions. Split 2 tests productivity and thus requires at
least quasi-systematicity*. Finally, Split 3 aims to
test strong systematicity sans recursion. However,

*The fact that the SCAN grammar is non-recursive does
not mean the model cannot rely on recursion internally.
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Bastings et al. (2018) argue that good performance
on SCAN can be achieved with simple modelling
tricks that require neither structured representations
nor systematicity, demonstrating the difficulty of
inferring anything about a model’s representations
based on the model’s behaviour on the task.

PCFG SET Hupkes et al. (2020) propose the
PCFG SET dataset, an artificial translation task
similar to SCAN. In this task, input sequences—
generated by a probabilistic context-free gram-
mar (PCFG) and corresponding to string edit
operations—must be “translated” into output se-
quences representing the result of the sequence
of operations. The authors propose several splits
which aim to test various aspects of (their definition
of) compositional generalization®:

The Systematicity split tests the model’s ability
to produce the correct output for a sequence of
operations a b, if it has not seen this (sub)sequence
in the training dataset, but has seen a and b in
other contexts. This split appears to test Hadley’s
weak systematicity. Although, unlike in SCAN,
the PCFG SET grammar is recursive and therefore
the dataset is non-exhaustive, it is likely that most
operations will individually have been seen in most
of the positions in which they will occur in the
test dataset. This is because the parameters for
constraining the length and recursive depth of the
generated input-output pairs are the same for the
train and test sets.

The Productivity split involves training the
model on sequences containing up to 8 operations,
and testing it on sequences containing 94 opera-
tions. As argued in Section 2.3, this split tests at
least quasi-systematicity, and may contain some
cases requiring strong systematic generalization.

COGS, ReCOGS, SLOG Proposed by Kim and
Linzen (2020) and extended by Wu et al. (2023)
and Li et al. (2023a), the COGS family of datasets
examines systematicity in a linguistic semantic
parsing context. Directly specifying the meaning
of a representation is challenging; instead, seman-
tic parsing involves mapping sentences to logical
forms (LFs). It does so under the assumption that
the LFs can then be mapped to meanings more di-

>The authors also propose splits testing the useful proper-
ties of Substitutivity, Localism and Overgeneralization, which
are out of the scope of the current work. Dankers et al. (2022)
extends this framework to look for evidence of these factors in
a natural-language machine translation dataset, and highlight-
ing the difficulty of rigorously evaluating compositionality in
real-world data.

rectly (Wu et al., 2023). The task involves parsing
multiple semantically-equivalent expressions into
a (more) canonical semantic representation con-
cerned with binding the semantic roles of events
and actions to particular entities. Here, we discuss
the original COGS dataset (Kim and Linzen, 2020),
but our arguments apply equally to its variants.

The dataset operationalises semantic parsing as
a sequence-to-sequence problem. The model’s task
consists of predicting the LFs (as strings) for a large
set of natural-language sentences. Systematicity
is evaluated by testing the model on a generaliza-
tion set, constructed by systematically altering the
sentences in the training set. These manipulation
include:

* Novel pairings of primitives and syntactic
roles (e.g., Subject — Object and vice versa)

* Alternations of verb structure (e.g., “Charlie
blessed Emma” — “Lina was blessed”)

» Inferences based on verb class, i.e., the se-
mantic roles of a verb (e.g., “The cobra helped
the dog” — “The cobra froze”)

* Deeper recursion than seen in training

* Object modifiers to subject modifiers (e.g.,
"Noah ate the cake on the plate" — "The cake
on the table burned")

To the extent that the first three cases, termed
"lexical generalization" in the paper, evaluate novel
recombinations of familiar items and structures,
and the fourth and fifth, termed "structural general-
ization", test the ability to process novel structures,
all test cases require strong systematicity.

The changes proposed by ReCOGS (Wu et al.,
2023) illustrate the importance of the distinction
between behavioural and representational system-
aticity. Compared to COGS, ReCOGS (1) removes
irrelevant output tokens, (2) isolates the effects of
length vs. depth generalization and (3) mitigates
spurious correlations between syntactic position
and variable indexing. None of these transforma-
tions alter the meanings of the LFs and, therefore,
the nature of the capabilities which COGS purports
to test; nevertheless, ReCOGS evokes much better
performance on structural generalization from the
same models evaluated in Kim and Linzen (2020).
Thus, it is hard to draw any conclusions as to the
true systematic generalization capabilities of any
model evaluated on COGS, as any model’s success
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or failure on COGS may be due to spurious and
unintended effects of dataset construction, rather
than the model’s capability for systematic repre-
sentation (see Csordas et al., 2021). We note that
SLOG (Li et al., 2023a) incorporates the proposals
of ReCOGS and adds 17 new systematic general-
ization cases, providing a compelling behavioural
benchmark for strong systematicity.

4.2 Visual Tasks

In contrast to linguistic tasks, compositionality
and systematicity in vision have only recently re-
emerged as a focus of research. While perception is
undoubtedly compositional—complex representa-
tions are made up of simpler percepts and relations
between them—the nature of compositionality in
perception is contested (see Lande, 2024). Fur-
thermore, properties such as systematicity and pro-
ductivity have not been clearly defined for visual
perception and must not necessarily mirror their lin-
guistic definitions (Cummins, 1996; Lande, 2024;
Camp, 2007). Lacking a strong theory of the syntax
of images, it is unclear how Hadley’s levels of sys-
tematicity apply to visual concepts (see Cavanagh,
2021; Lande, 2021; Quilty-Dunn et al., 2023). Mul-
tiple datasets address these challenges by testing
compositionality in computer vision through three
distinct approaches.

The first approach involves the disentanglement
of generative variables. Here, the aim is to test
whether a model can represent stimuli as a con-
junction of several properties or variables which
are conditionally-independent given the stimulus
(Schott et al., 2022). Specifically, models are
trained on compositionally constructed inputs to
either directly predict the variables of the under-
lying generative model (Schott et al., 2022), clas-
sify composites of real-world images (Liao et al.,
2023), or, given an input image I, produce an im-
age I’ which only differs with respect to a minimal
change in the generative variables (e.g., exchange
of colors between two objects while preserving
their shape, size, and position) (Kim et al., 2023).
These datasets can only test weak systematicity,
as they (a) lack a hierarchical structure, preclud-
ing them from incorporating recursion, which is
necessary for quasi-systematicity, and (b) do not
require the models to make use of concepts in novel
contexts (e.g., colour always relates to a shape’s
interior, never its outline).

The second approach involves vision-based ab-
stract reasoning tasks designed to evaluate con-

ceptual understanding rather than mere perceptual
feature composition. Models must first infer the
underlying invariants across images, and use this
information to produce an appropriate response—
e.g., identifying rule violations (Zerroug et al.,
2022), choosing the right image from a candidate
set (Zhang et al., 2019; Odouard and Mitchell,
2022), or generating rule-based solutions (Chol-
let, 2019; Moskvichev et al., 2023; Assouel et al.,
2022). The RAVEN domain (Zhang et al., 2019)
has no hierarchical structure, although Zerroug et al.
(2022) make use of hierarchical rule compositions.
The open-ended ARC domain (Chollet, 2019) al-
lows for complex task structures as well as novel
applications of concepts, but there is no systematic
description of its construction process. Thus, ARC
may constitute a test for strong compositionality
but cannot be judged on an objective basis. Deriva-
tive works (Moskvichev et al., 2023; Assouel et al.,
2022) give clearer task descriptions but still lack a
rigorous control over the presentation of concepts
in novel contexts, also making them unsuitable for
testing strong systematicity.

A third approach examines behavioural system-
aticity in vision-language models without com-
mitting to a theory of compositionality in vision,
leveraging linguistic theories of systematicity to
test their text component. However, they do not
exhaustively manipulate the syntax of the image
caption. Instead, they approximate it by placing
novel atoms and compounds in various syntactic
slots in the caption and test whether the model’s
behaviour is sensitive to such manipulations (e.g.,
Johnson et al., 2017; Thrush et al., 2022; Ma et al.,
2023; Lewis et al., 2024). These approaches either
test for weak systematicity (e.g., Johnson et al.,
2017; Lewis et al., 2024) as they use indivisible
objects and do not always change the contexts in
which concepts are used, or can only be applied
to pre-trained models (e.g., Thrush et al., 2022;
Ma et al., 2023), making it impossible to judge
the model’s true generalization capabilities given

unknown training exposure®.

4.3 Evaluating Learning Trajectories

Systematicity also relates to the speed of knowl-
edge acquisition—a systematic learner should re-
quire training data that scales linearly with the
number of concepts, whereas for a non-systematic
learner this scaling should be exponential, assum-

®For an exemplary discussion of the pitfalls of constructing
a dataset testing only for systematicity, see Diwan et al. (2022).
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ing that the underlying grammar allows full permu-
tations of concepts. A compositional representation
should also allow faster skill acquisition as learning
a new task will not require a reconfiguration of the
encoding space. Okawa et al. (2023) examine con-
vergence rates of diffusion models, finding that the
number of training steps required to learn new con-
cepts indeed scales exponentially with Hamming
distance in conceptual space. Thomm et al. (2024)
also find a super-linear scaling in an algorithmic
task requiring Transformer models to map input
strings to the outputs of compositional algorithms.

5 Representational Systematicity

To recap, investigating a model’s representations
allows us to reason about the model’s performance
on behavioural tests of systematicity, even in light
of imperfect operationalisation’. Mechanistic in-
terpretability provides evidence towards composi-
tional, if not explicitly systematic, representations.
This includes how predictions are built through a
model (nostalgebraist, 2020); how information can
be routed, copied, and deleted through a network
(Elhage et al., 2021); how a kind of compressed
sensing can be used to allow models to represent
efficiently (Elhage et al., 2022); and the tension
between representational compression versus the
flexibility of full compositionality (Olah, 2023). In
examining trained models for systematic represen-
tations, most work takes the approach of “concept
discovery”, i.e., looking for the presence and use of
a specific concept in a model’s activations (Sharkey
et al., 2025).

5.1 Evidence for

Tenney et al. (2019a,b) uses linear probing to iden-
tify the presence of linguistic concepts that might
be used in systematic representations. Having re-
ceived much attention in recent years, this approach
has been applied to the discovery of circuits respon-
sible for algorithmic computation (Bricken et al.,
2023; Huben et al., 2024, Park et al., 2024).

Li et al. (2023b) and Nanda et al. (2023) use
probing to argue that a Transformer trained on the
game Othello learns a ‘world model’—a systematic
representation of the rules and dynamics of the

7Although there is a wide range of neurosymbolic ap-
proaches that explicitly bake in systematic representations
(e.g., Mao et al., 2019; Coecke et al., 2010; Sen et al., 2022;
Badreddine et al., 2022; Doumas et al., 2022), we only discuss
to representational systematicity in end-to-end trained models.

game that is used to plan the next move®.

Todd et al. (2024) and Merullo et al. (2024) go
further, extracting components (specifically, ‘func-
tion vectors’) of a trained network that can be re-
combined in other contexts to produce predictable
output (cf. Opielka et al., 2025).

Finally, Feng and Steinhardt (2024) and Feng
et al. (2025) discover ‘binding vectors’ that suffi-
ciently large LLMs use to bind entities. These can
be used to encode propositions in linguistic tasks.
Whilst their experiment does not test for system-
aticity (propositions are subject-verb-object, but
verbs are such that subject and object cannot be
swapped), it does propose a possible mechanism
for systematicity in LLMs.

5.2 Evidence Against

Much of the evidence against systematic represen-
tations can be summed up in a critique of probing,
both linear and non-linear. Specifically, the ability
to decode a given property from a model’s represen-
tations does not guarantee that the model causally
relies on this property (Belinkov, 2022; Sharkey
et al., 2025). Indeed, the property may be decoded
from the representations even if it is uncorrelated
to task performance or distributed in the input data
as random noise (Ravichander et al., 2021).

Vafa et al. (2024) suggest that world models
learned by Transformers on several tasks are “far
less coherent than they appear”. For example, they
train a Transformer on a dataset of taxi journeys in
Manhattan, requiring it to output a valid sequence
of turns from an origin to a destination. They
demonstrate that the Transformer does not learn
a consistent world model despite excellent next-
token prediction performance. The model learns
a number of fictitious and impossible road con-
nections; consequently, when the model is made
to detour from its chosen route, the proportion of
valid routes generated decreases dramatically.

Furthermore, Aljaafari et al. (2025) show that
models do not represent words and phrases as sys-
tematic compositions of tokens. Instead, these rep-
resentations are spread across attention heads and
layers. Finally, even when (weakly) systematic rep-
resentations can be detected, they are not always
used. Kobayashi et al. (2024) train a vanilla Trans-
former model on a task that involves systematic re-
combination of latent variables for a regression task.
The model learns to generalize on in-distribution

$However, cf. jylin04 et al. (2024)
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tasks, and the vector of underlying latent variables
can be decoded from its activations. However, the
model does not use this knowledge when faced
with OOD tasks, and therefore fails. The Trans-
former is only able to systematically generalize to
OOD tasks when augmented with an additional hy-
pernetwork that explicitly takes the decoded latent
vector as input.

Overall, there is mixed evidence for the use of
systematic representations in Transformer models.
While systematic representations can at times be
extracted or elicited from the model, they also fre-
quently resort to non-systematic tricks and short-
cuts to achieve performance. This may be due to
the conflict between efficient data encoding and the
development of fully systematic representations
(Olah, 2023). Furthermore, even when models do
learn apparently systematic representations, it is
difficult to ascertain to what extent they use them
on OOD tasks.

6 Takeaways for Machine Learning

Compositionality is rapidly emerging as a key em-
pirical factor of strong, robust and interpretable
generalization behaviour in ML systems. However,
the study of compositionality draws on a rich theo-
retical foundation spanning diverse approaches to
syntax and semantics. As a result, two definitions
of compositionality rooted in different frameworks
may have little in common when applied to mod-
elling and prediction. As the volume of research on
compositionality in ML systems increases, it is cru-
cial to maintain clear definitions of the phenomena
in question. In this work, we have focused on Fodor
and Pylyshyn definition, but other definitions are
certainly possible. We urge researchers to engage
with existing literature and situate their definition
in the context of previous work, enabling the field
to make fair comparisons amongst the multitude of
datasets, methods and models.

While many researchers reference F&P’s sem-
inal work, they frequently overlook the fact that
F&P define compositionality through systematic-
ity, specifically systematicity of representations
rather than behaviour. This is a crucial distinc-
tion, as behavioural systematicity does not necessi-
tate the presence of systematic representations. A
model might achieve strong performance on sys-
tematicity benchmarks through mechanisms that
do not involve systematic internal representations,
such as memorization or task-specific heuristics.

There is evidence that this is already the case—
Sun et al. (2023) show that different compositional
generalization datasets rank the same modelling
approaches differently while purporting to test the
same capability. To address this issue, researchers
should be explicit about their focus on behavioural
systematicity, representational systematicity, or
both. Those claiming to address F&P’s challenge
must demonstrate the presence or absence of sys-
tematic representations, while those working on
behavioural measures should justify why their op-
erationalisation of systematicity is valid.

When examining systematicity through Hadley’s
framework of weak, quasi-, and strong systematic-
ity, we find that many current benchmarks fall short
of testing strong systematicity—the level that most
closely approximates human systematic general-
ization capabilities. Many datasets inadvertently
test only for weak or quasi-systematicity, limiting
our ability to assess whether artificial systems can
achieve human-like systematic processing. Future
benchmark development should explicitly target
strong systematicity, with careful consideration of
the theoretical requirements for such evaluation.
Li et al. (2023a) is an example of such a bench-
mark. However, strong systematicity is difficult
to test for in large-scale pre-trained models, as we
are blind to what they see during training. Conse-
quently, claims of strong behavioural systematicity
may need to be limited to custom trained models.

Above all, the emergence of mechanistic inter-
pretability techniques offers promising approaches
for investigating representational systematicity. Re-
cent work on function vectors and binding mech-
anisms suggests that some neural networks may
indeed have mechanisms required for systematicity,
though often in unexpected ways. However, many
studies conflate the discovery of interpretable com-
ponents with proof of systematic processing—the
mere presence of decomposable representations
does not guarantee they are used systematically,
nor that the discovered mechanisms are causally
responsible for the model’s systematic behaviour.

In sum, it is representations, not task perfor-
mance, that drive generalization. Until we develop
principled methods for controlling training distribu-
tions and validating representational mechanisms,
the quest for strongly systematic learners will re-
main stifled by the opacity of existing models. De-
spite the challenges, we believe that rigorous as-
sessments of representational systematicity are well
worth the effort.
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7 Limitations

This paper discusses systematicity, an important
facet of compositionality, and how it is currently
tested across ML literature. Limitations of the pa-
per include the following:

* We concentrate on clarifying the definition of
one facet of compositionality, i.e. systematic-
ity. In future work, more aspects of composi-
tionality should be treated in the same manner.

* We have discussed widely used benchmarks
in the literature to highlight the points we are
making about common practices in ML, rather
than an exhaustive summary of all literature.

* The benchmarks we have discussed tend to be
somewhat based in English, and our analysis
has focussed on monolingual English mod-
els. Multilingual models may have different
generalization abilities.

* Our current analysis primarily assumes phrase
structure grammar frameworks, but different
theoretical perspectives on syntax may un-
cover additional dimensions of systematicity
that warrant further investigation. Therefore,
a full treatment of systematicity under alterna-
tive syntactic theories such as tree-adjoining
grammars (Joshi, 2005), construction gram-
mar (Goldberg, 1995), or combinatory catego-
rial grammar (Steedman, 2019) represents an
important direction for future work.

8 Ethics

As a survey paper, there is limited ethical impact
of the form of bias in datasets or environmental
impact of training. As mentioned above, we do
concentrate on benchmarks and tasks phrased in
English, which may have an impact on the con-
clusions we draw. However, overall, we feel that
our emphasis on thorough testing of claims of sys-
tematicity, and call for behavioural systematicity
to be backed up by representational systematicity,
should have a positive ethical effect in pushing for
the development of more reliable and predictable
models.
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