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Many domains of cognition, such as language and reasoning,
have traditionally been modeled with symbolic systems. However,
in both biological and artificial intelligence, some of the most
advanced systems in these domains are neural networks, despite
the fact that neural networks appear fundamentally different from
symbolic systems. What, then, is the relationship between neural
computation and symbolic behavior? In this paper, we review
recent literature that analyzes the internal mechanisms used by
neural networks from Al. We conclude that this line of work
supports a quasi-symbolic view of cognition, in which the mind
uses computation that is approximately symbolic but with some
important non-symbolic properties that derive from the mind’s
neural underpinnings.

Addresses

1 Department of Linguistics, Yale University, 37 Hillhouse Avenue, New
Haven, CT 06511, USA

2Wu Tsai Institute, Yale University, 100 College Street, New Haven, CT
06511, USA

3 Department of Computer Science, Yale University, 51 Prospect Street,
New Haven, CT 06511, USA

Corresponding author: McCoy, Thomas (tom.mccoy@yale.edu),
McCoy, Thomas (X @RTomMcCoy),

Enyan, Zhang (X @EnyanZhang),

Zhou, ZhenghaoHerbert (X @zh_herbert_zhou)

Current Opinion in Behavioral Sciences 2026, 72:101686
This review comes from a themed issue on Al and Psychology

Edited by

Available online xxxx

Received: 20 May 2026; Revised: 14 August 2026;
Accepted: 30 August 2026

https://doi.org/10.1016/j.cobeha.2026.101686

2352-1546/© 2026 The Authors. Published by Elsevier Ltd. This is an
open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

Introduction

A central task for cognitive science is determining what
type of computational system the mind is. One long-
standing proposal is that the mind is a symbolic system [1],

in which discrete units are combined in structured ways
(e.g. combining logical primitives to form propositions),
potentially augmented with probabilities [2]. An alternative
proposal is to model the mind with artificial neural net-
works, in which information is represented in continuous
vectors [3]. Though they seem qualitatively different from
symbolic systems, neural networks are the state-of-the-art
in artificial intelligence (AI) for many domains long
thought to require symbolic representations, such as lan-
guage [4], board games [5], and math problems [6].

What should cognitive science conclude from the recent
advances in neural networks used for AI? The seemingly
straightforward conclusion is that these systems refute
symbolic conceptions of the mind. However, there is an
important alternative possibility: Perhaps state-of-the-art
Al models achieve their successes by internally im-
plementing symbolic computation. It has long been known
that symbolic systems can be implemented inside neural
networks [7-9]. Indeed, proponents of symbolic cognitive
theories have argued that the mind must be leveraging
such a ‘mere implementation’ of symbolic systems inside
the biological neural network that is the brain [10,11]. Al-
though current Al models have not been explicitly de-
signed to implement symbols, they might nonetheless do
so implicitly, in which case their successes would support
rather than refute symbolic cognitive theories.

Of course, there is no guarantee that the mind operates
in ways similar to current Al systems. Nonetheless, for
many domains, artificial neural networks provide strik-
ingly strong fits to human behavior [12] and human brain
data [13]. Thus, understanding what internal mechan-
isms are being used by these systems could form the
basis for a promising theory of human cognition [14]. A
major challenge for this goal is that neural networks are
famously difficult to understand, but the field has made
substantial progress on this problem in recent years.

In this paper, we review the available evidence about how
artificial neural networks perform seemingly symbolic
tasks, and we argue that this evidence supports a guasi-
symbolic view of cognition (Figure 1). Under the quasi-
symbolic view, which was proposed by Smolensky in 1988
[15], neural networks that perform structured tasks use
processing that is approximately but not fully symbolic.
The processing is partially symbolic because it operates

www.sciencedirect.com

Current Opinion in Behavioral Sciences 2026, 72:101686


http://www.sciencedirect.com/science/journal/23521546
mailto:tom.mccoy@yale.edu
https://twitter.com/@RTomMcCoy
https://twitter.com/@EnyanZhang
https://twitter.com/@zh_herbert_zhou
https://doi.org/10.1016/j.cobeha.2026.101686
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cobeha.2026.101686&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cobeha.2026.101686&domain=pdf

2 Al and Psychology

Figure 1
r
Neural networks show emergent ] ... but are only
symbolic structure ... J guasi-symbolic
\.
aE d("ThespyheIped)= 33 BV 0.0 9 e doctor
0%l the doctor” e i' *biologist
8 scientist
D The journalist .
ecompose Recompose 7| stopped the actor chemist™ Ztronomer
6 * The biologist
ject: 5 introduced the senator
) Py ..- m 4 astronomer * president
lawyer,
. 3 Y governor
verb-helped |00 [ 11[32[0:1 1] : e * e
+
. 1
ovectocor [Elooloolo[iaf] |
01 2 3 4 5 6 7 8 9
c - d f -
The judge thanked The poet visited *The chef c?lled ,,/ novel movie o
the engineer the engineer the tourist conversation painting
The chef helped The b*anker
the astronaut knew the actor goon good good
The judge thanked  The Poet visited . N conversation ~ novel movie good
the gardener the gardener S The poet visited painting
P the teacher
eal storyteller .
The mayor called he chef painter,
the engineer ,%aw the pilot
v S~
The mayor called The athlete* The tourist good good  good
the gardener stopped the pilot  advised the pilot meal storyteller painter
Current Opinion in Behavioral Sciences

Quasi-symbolic representations in neural networks. The specific examples in this figure are hypothetical, but all except for f are based on well-
recognized properties of neural networks. (a—d) Symbolic structure in network representations. a. Neural networks encode information, such as
sentences, in continuous vectors. Such vectors can often be decomposed into sums of vectors encoding basic representational units. b. Vectors can
also be thought of as points in space; for example, the vector [2.0, 6.0] corresponds to the point with coordinates (2.0, 6.0) on a 2D plane. This
geometric perspective provides other windows into symbolic structure in neural network vector encodings: c. Systematic relationships between
structures are often realized via systematic offsets in vector space. d. Representations can often be classified along symbolic dimensions (e.g.
identifying what a sentence’s subject is) via linear partitions. (e-f) Ways in which neural networks might deviate from pure symbolic structure. e.
Distance in vector space can capture gradations of semantic similarity. f. Representations in vector space can handle domains that are only partially
systematic. For instance, the relationship between NOUN and good NOUN is broadly similar across nouns but is not uniform; for example, a good
novel is one that is interesting, while a good meal is one that is tasty. This situation can hypothetically be reflected via offsets in vector space that vary

somewhat depending on the noun.

over representations made of structured compositions of
symbols. However, it is not fully symbolic because the
symbols are implemented in a continuous way that pro-
duces deviations from the behavior expected in a ‘mere
implementation’ of a symbolic system. We argue that the
quasi-symbolic view can explain how neural networks
(whether artificial or biological) perform well in symbolic
domains while still deviating in important ways from
strictly symbol-system-like behavior [16,17].

Marr’s levels and neural network
interpretability

Our argument can be situated in Marr’s proposal that in-
formation-processing systems, such as the mind, can be
understood at three levels [18]. The computational level

characterizes the abstract function that the system per-
forms; the algorithmic level characterizes the algorithms
and representations that the system uses to perform that
function; and the implementational level characterizes
how the algorithm is realized. We now consider how this
framework applies to neural networks that display see-
mingly symbolic behavior. Griffiths et al. [19] note that all
known learning procedures that produce such symboli-
cally behaving networks involve training them on data
from symbolic domains. Since the training data char-
acterize the function that the system is optimized to per-
form, these networks can be viewed as symbolic at Marr’s
computational level. Meanwhile, if we take the network’s
explicit architecture as its implementational level, it is
clear that the implementational level is non-symbolic,
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since standard neural architectures operate over con-
tinuous vectors rather than symbols. But what should we
make of the intermediate algorithmic level?

Unfortunately, it is notoriously difficult to understand
what sorts of algorithms and representations drive a
given neural network’s behavior. This issue has inspired
a discipline called nzerpretability or mechanistic interpret-
ability, which aims to understand the inner workings of
neural networks. In the following sections, we discuss
evidence from interpretability about whether neural
networks implicitly make use of symbolic algorithms and
representations.

Symbolic representations in neural networks
We consider a representational system to be symbolic if
it uses a finite vocabulary of discrete units (symbols) that
form representations by being combined in structured
ways. For instance, Arabic numerals (e.g. 2§) are sym-
bolic representations; the basic symbols are the digits 0
through 9, which are combined by placing the ones digit
in the rightmost position, the tens digit in the second-
rightmost position, etc.

Neural networks encode information in continuous
vectors, which seem qualitatively different from sym-
bolic structures. However, several papers have found
evidence that, when neural networks are trained on
symbolic tasks, they implicitly implement symbolic re-
presentations in vector space. These papers are based on
the Tensor Product Representation (TPR) formalism,
which provides a way to realize symbolic representations
inside fixed-size vectors [20]. When neural networks are
trained to perform symbolic tasks (e.g. reversing a list),
their internal representations can be closely approxi-
mated by TPRs, at least in the cases that have been
investigated [21]; similar results have been found for
larger-scale models trained on natural language [22].
Further, TPR-based analyses enable a network’s vector
representations to be edited in targeted ways to change
the model’s behavior [23]. For instance, in a model
trained to translate a command into an action sequence
(e.g. jump twice — JUMP JUMP), the vector that en-
codes jump twice can be edited by removing the
vector component that encodes twice and inserting the
vector component predicted to encode thrice; when
the edited vector is fed to the network, its output
changes from JUMP JUMP to JUMP JUMP JUMP.

Many other techniques exist for analyzing neural net-
work representations; these techniques are not usually
framed around symbols, but they often point to symbol-
like units in network representations. First, symbol-like
features and concepts — for example, parts of speech —
can often be decoded straightforwardly (i.e. linearly)
from neural network representations using simple
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decoding networks called probes [24-26]. Second, net-
work encodings often support meaningful vector ar-
ithmetic [27,28]; for example, in a system trained to
encode words, the vector for 4/zg minus the vector for
man plus the vector for woman is approximately equal to
the vector for gueen [29]; such results are evidence that
the vectors are structured in ways that capture mean-
ingful concepts (though see Ref. [30] for complications
in interpreting these results). Third, work with sparse
autoencoders [31] shows that network representations
can be decomposed into sums of distinct features, which
often capture discrete conceptual meanings such as the
Golden Gate Bridge [32]. In fact, [33] demonstrated that
all three of these methods — linear decoding, additive
analogies, and sparse autoencoders — can be derived
from the TPR formalism; thus, the results discussed in
this paragraph and the previous one provide converging
evidence that neural networks naturally develop sym-
bolic, TPR-like representations when they are trained
on structured domains.

Symbolic algorithms in neural networks
We consider two (non-mutually-exclusive) definitions of
what it means for an algorithm to be symbolic:

(1) Symbolic algorithm (causal definition): An algorithm
is symbolic if its input-output behavior is causally
driven by compositional symbolic structure in its
representations.

(2) Symbolic algorithm (structural definition): An algo-
rithm is symbolic if it is a structured composition of
distinct operations over symbolic representations.

If symbolic representations have been identified in a
system, one can check whether the system satisfies de-
finition (1) by performing causal interventions, in which
one edits the symbolic structure of a representation and
checks if the system’s output changes accordingly. The
previous section already gave one example of a causal
intervention, in which a network’s internal representa-
tions were modified in ways that changed the output of
JUMP JUMP to JUMP JUMP JUMP. Many other papers
have also demonstrated successful symbolic causal in-
terventions [35-38].

There is also evidence that such networks satisfy the
structural definition in (2). At least in many cases, net-
works can be decomposed into subnetworks (also called
circuits) that perform meaningful sub-components of the
network’s overall function [39-41]. For instance, a net-
work trained to take in two numbers # and 4 and return &
+ ab was found to incorporate internal subnetworks
computing @° and @b [34] (note that all operations men-
tioned here are in modulus 7). There has also been work
mapping entire neural networks to the complete structure
of symbolic algorithms [42], and work that ‘decompiles’
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Figure 2
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Quasi-symbolic algorithms in neural networks. a. As evidence that there is causal symbolic structure in neural network processing, the compositional
structure of neural network representations can be causally implicated in network processing via targeted edits to representations [23] b. Neural
networks performing structured tasks have been shown to develop subnetworks computing sub-components of the broader task, such as having
subnetworks for a2 mod 7 and ab mod 7 inside a network computing a® + ab mod 7 [34] ¢. Neural network algorithms differ from purely symbolic
algorithms in that they display graceful degradation as inputs stray farther from the network’s training domain [16].

neural networks by reading out a symbolic program from
the network’s weights [43,44]. Thus, whether symbolic
algorithms are defined in causal terms or structural terms,
there is evidence that neural networks that perform
structured tasks do so (at least in many cases) by re-
cruiting symbolic algorithms (Figure 2).

Symbolic learning in neural networks

In addition to representations and algorithms, learning
provides a third area where neural networks and sym-
bolic systems seem qualitatively different. Models based
around symbolic representations can often learn from
small numbers of examples, whereas neural network
learning typically requires far more training data.
However, recent work has shown that a technique called
meta-learning can give symbolic inductive biases to
neural networks [45,46], where inductive biases are the
factors that guide how a learner generalizes. The re-
sulting systems can learn symbolic rules from small
numbers of examples, paralleling the learning behavior
of systems based on explicit symbolic representations.

What enables meta-learned neural networks to learn in
ways that traditionally required symbolic processing?
[47] has found evidence that these networks impose

symbolic structure on their hypothesis space and that
this structure is connected to the networks’ rapid
learning ability (Figure 3, left). Thus, it appears that
rapid, symbol-like learning in neural networks relies on

implicit symbolic structure.

Evidence that neural networks are quasi-
symbolic rather than symbolic

We have argued that, when neural networks display
symbol-system-like behavior, they make use of internal
processing that is also symbol-system-like. In this section,
we discuss why the networks in question should be viewed
as only quasi-symbolic rather than fully symbolic.

First, symbolic approximations of neural networks are
usually imperfect. For instance, causal interventions
often have accuracy that is high but not 100%. These
imperfections suggest that symbolic idealizations of
neural networks capture much of how a network oper-
ates but still miss some aspects.

A second reason to view these networks as only quasi-
symbolic is behavioral: they typically do not fully behave
as they would be expected to if they were precisely
symbolic. For example, neural networks often struggle
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Quasi-symbolic learning in neural networks. a. The technique of meta-learning is used to find an initial parameter setting 6 for a neural network; from
this initial setting, it can rapidly learn any function within a domain of functions. For instance, consider networks that can rapidly learn sequence

patterns governed by a repeating A B A B structure; for example, one function in this domain would have A = 2 and B = 5, allowing sequences such as
25,2525,252525, etc.; this function is captured by starting at 6 and then rapidly learning the parameter setting 6(2, 5). [47] found that these meta-
learned networks induce systematic structure in the space of network parameters. b. When a neural network meta-learns over a symbolic domain,
hard constraints from the symbolic domain turn into soft constraints in the neural network. For instance, in a meta-learned network that could learn
symbolic linguistic rules, certain rules that were impossible in the symbolic definition of the rule space instead became merely difficult to learn, but not

impossible, in a meta-learned network [48].

to generalize to novel types of examples, such as ex-
amples involving symbols used in novel positions
[49-51]; these types of generalization should follow
naturally from algorithms implemented in fully symbolic
ways. Some of these behavioral trends are also observed
in humans [52].

If we accept that symbolically-behaving neural networks
are quasi-symbolic, what are the consequences of this
fact? Below is a list of properties that would be likely to
arise in a quasi-symbolic system but not a symbolic one.

1. Capturing the gradient nature of similarity. Neural net-
works represent units of information (e.g. words) in
continuous vectors. Such vectors allow these elements
to have a graded degree of similarity [16] by oper-
ationalizing similarity as closeness in vector space; for
example, a dog might be more similar to a wo/f than to a
cat. In contrast, if these units were encoded with
atomic symbols, gradient similarity would not follow in
a straightforward way because of the all-or-nothing
character of symbols. Gradient similarity might be
useful for enabling the generalization of knowledge
across similar entities. Effects of graded similarity also
arise in human cognition, such as in interference ef-
fects — that is, more similar elements cause greater
interference than less similar elements [53].

2. Graceful degradation. When a symbolic system en-
counters an input that is outside the domain in which
it is defined, it fails completely on that input. In neural
networks, however, performance instead tends to gra-
dually decline as inputs become more unusual [3].

Thus, we would expect a quasi-symbolic approach to
similarly display gradual decreases in performance as
difficulty increases rather than sharp dropoffs.

3. Softness of constraints. Symbolic systems often involve
strict constraints; for example, in symbolic grammars,
certain types of sentences are strictly outside the
grammar. In contrast, quasi-symbolic systems likely
inherit the property of neural networks that con-
straints are rarely absolute, meaning that restrictions
that are hard constraints in a symbolic system might
instead be realized in quasi-symbolic systems as soft
constraints that can be violated if there is sufficient
reason to do so. As an example, see Figure 3 (right).

4. Flexibility in learning. A symbolic learner is constrained
to represent hypotheses in symbolic terms, which
might make it challenging to smoothly move between
hypotheses over the course of learning. In contrast, it
may be that the continuous nature of quasi-symbolic
systems affords more flexible learning than occurs in
systems based on fully symbolic representations [46].

5. Handling of partially-symbolic tasks. Many naturalistic do-
mains seem best described in ways that are only partially
characterizable by symbolic rules; for example, natural
language involves rich symbolic structure, yet human
language processing is also highly sensitive to continuous
usage statistics. By combining symbolic structure and
gradience, quasi-symbolic approaches may be better
equipped to handle such domains than fully symbolic
approaches. As one example of how quasi-symbolic
structure enables a unified treatment of continuous and
discrete features, Ref. [54] found that neural network
language models encode a continuous linguistic property
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Box 1 Approaches for reconciling vectors and symbols.

The image below sketches out a variety of ways in which symbolic systems and neural networks might be reconciled. Under our interpretation of
these proposals, they all agree that the mind involves symbols at Marr’s computational level (though in reality the computational level is less
universally agreed-upon than what we show here) and that it is neural at Marr’s implementational level, but they disagree on the handling of the

algorithmic level:
Key: . Symbolic % Neural

Quasi. Symbols Mere
Eliminative == Hybrid +noise  implementation

e | - I N
//// //// m - -

We argue for the quasi-symbolic view, in which the algorithmic level is simultaneously neural and (approximately) symbolic. The eliminative view is
that the algorithmic level is purely neural, with no symbolic character; we argue against this view based on evidence that artificial neural networks
naturally develop approximate internal symbolic computation. Conversely, the mere implementation view is that the algorithmic level is purely

symbolic; we argue against this view due to the plausibly algorithmic-level aspects of cognition that seem to depend on gradience (e.g. effects of
gradient similarity). One way in which a mere implementation could capture graded similarity is by finer-grained symbols, such as encoding each
word with a vector of binary features (rather than as an atomic unit) and quantifying similarity by counting how many features are shared; however,
at least for the case of word meanings, it has been empirically very challenging to break down concepts into discrete, primitive subsymbols [56].

The hybrid view models cognition with some neural components and some symbolic components, but as discrete aspects of the model (e.g. [57]).
However, hybrid approaches seem less well-poised than quasi-symbolic ones to handle aspects of cognition that plausibly involve gradience
within symbolic computation, such as graceful degradation and softness of constraints. Finally, the symbols + noise view is that cognition might
arise from representations and algorithms that are fully symbolic but with some random noise added. Random noise might be able to capture
graceful degradation and softness of constraints, but it does not naturally account for gradient similarity, since a noise-focused account would

predict that deviations from pure symbolic structure would be random rather than producing structured similarity relationships.

(verb bias) with a strategy similar to the strategy found by
previous papers to be used for encoding discrete features
(such as whether a word is singular vs. plural). Quasi-
symbolic structure can even provide useful explanatory
power in areas of language that seem much less statistical
and much more discrete, such as grammar [55].

Note that all of the above properties could, in principle,
be realized by a fully symbolic system. Indeed, most
neural networks used today are run on digital computers,
which could be viewed as symbolic because they operate
over binary zeroes and ones; therefore, anything that
these networks do is, in some sense, being done by a
symbolic system. Our claim that the above properties
favor quasi-symbolic analyses over fully symbolic ones is
not about what is possible but rather about what is
straightforward. While the above effects could in prin-
ciple be realized by inherently-discrete symbolic sys-
tems, we believe that they can be more straightforwardly
explained by processing that is inherently continuous.

Defining the quasi-symbolic view and its
alternatives

The evidence that we have presented in favor of the
quasi-symbolic view is far from conclusive. The field does
not by any means fully understand how advanced neural
networks operate, and the fact that many of these

networks use quasi-symbolic processing does not entail
that all of them do. Further, many existing analyses of
neural networks analyze only a simplified version of the
network or a constrained space of stimuli, and insights
from such partial analyses do not always capture the full
complexity of the network’s internal mechanisms [58,59];
as a result, these analyses might lead to an overestimation
of the importance of simple symbolic mechanisms.

In the hope of facilitating future work that continues to
test the quasi-symbolic view, here we define this view in
more detail and discuss how it could be falsified. A
quasi-symbolic system is one that possesses all three of
the following traits:

i. Symbols (that are neurally realized) play an im-
portant, causal role in the system’s representations
and algorithms.

ii. The system’s internal symbolic components deviate
from their fully-discrete idealizations.

iii. The deviations mentioned in (ii) are responsible for
important properties of the system.

There are several ways in which the quasi-symbolic view
could be falsified for a given neural network. Each fal-
sification would point to a different proposal about how
symbols and neural networks would interact; these
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alternative proposals are italicized in this section and
discussed in more detail in Box 1. First, if symbols do
not play an important, causal role in the network, con-
dition (1) would be violated, supporting an eliminative
view. Alternatively, if the system uses symbolic com-
ponents, but with all such components being precisely
symbolic, condition (ii) would be violated, resulting in a
mere implementation view or a hybrid view. Finally, a
system would violate (iii) if all of its deviations from
purely-symbolic processing are judged to be unim-
portant (e.g. because they fall within a noise threshold),
which would point to a symbols + noise view (Box 1).

Teasing apart these possibilities is non-trivial. It will
require philosophical progress on some key questions:
What does it mean for an aspect of a system to be ‘im-
portant,” and how far can a symbol deviate from its
precise idealization before it stops being a symbol? (We
have assumed that some such deviation should be al-
lowed, but even that assumption may not be un-
controversial). Future work should also investigate the
extent to which quasi-symbolic structure is inevitable. It
might be that a neural network trained on symbolic tasks
is virtually guaranteed to be quasi-symbolic; perhaps
symbolic task structure strongly encourages internal
analogs of symbols to develop, and perhaps neural net-
works, due to their continuous implementation, will al-
ways have properties that a purely-symbolic system
would not. If that line of reasoning holds, it would have
important implications for the inferences that we could
draw about human cognition based on the structure of
the brain and the types of tasks it learns to perform.

Conclusion

Smolensky argued in 1988 that a quasi-symbolic view is the
‘proper treatment of connectionism’ [15]. We have pre-
sented evidence supporting this claim: When artificial
neural networks carry out tasks in symbolic domains, they
seem to do so by implicitly using quasi-symbolic re-
presentations and algorithms. Given the fact that such
systems provide strong fits to human behavior and brain
data, this conclusion further suggests that human cognition
might have a similarly quasi-symbolic nature. Much further
work remains to answer several critical questions: In what
precise ways do cognitive algorithms deviate from purely
symbolic processing? What are the behavioral consequences
of these deviations? To what extent are these deviations a
source of power vs. a source of errors? Answering these
questions will help us understand the systematicity, the
flexibility, and the limits of natural and artificial minds.
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