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SUMMARY

Large language models (LLMs) have mastered human language in ways that no previous computational sys-
tem has. While rule-based, symbolic systems sufficed for constrained, well-defined problems, they were not
able to accommodate the context-sensitive expressivity of natural language. LLMs instead use statistical
learning to encode the diversity of linguistic structures into a unified high-dimensional embedding space.
Strikingly, this context-driven, distributed representation closely parallels neural population codes, suggest-
ing that the human language system may have converged on a similar computational strategy. Drawing on a
growing body of work at the intersection of artificial intelligence and cognitive neuroscience, we show that
LLMs can serve as cognitively plausible models of the neural computations supporting language in the hu-
man brain. We conclude that explaining how language can emerge from neural population codes, in both bio-
logical and artificial systems, will not be achieved through the incremental refinement of algebraic-symbolic
theories but will demand new theoretical paradigms.

INTRODUCTION

Language is a marvelous achievement of the human brain and
culture. The remarkable complexity and expressivity of human
language have traditionally set it apart as an object of study
distinct from other domains of cognition and social behavior.
Within linguistics and neurolinguistics, this complexity is typically
confronted using a divide-and-conquer approach: researchers
have developed rich—yet largely separate—theories of
phonology, syntax, semantics, and pragmatics (Figure 1A). Stu-
dents typically learn about these topics in separate courses, and
researchers tend to specialize in only one or two areas. A domi-
nant paradigm since Chomsky '~ treats language as a system of
categorical, symbolic rules that combine lexical items largely
independently of communicative function or context of use
(see Box 1). Central to this view is the claim that certain core
properties of language—its generative, combinatorial, and
recursive productivity, the capacity to “make infinite use of finite
means”?“—must arise from a cognitive system of algebraic,
rule-based computations operating over discrete symbolic rep-
resentations.”~’ The parallel to algebra is illustrated by Fodor and
Pylyshyn’s” example that anyone who understands John loves
Mary can also understand Mary loves John on the assumption
that symbols like Mary and John enter into a constituency rela-
tionship homologous to X loves Y, where X and Y are variables
that can be filled by any atomic symbol and the Joves relation ap-
plies in a rule-based fashion across any such fillers. (However,
we note that the type of filler does matter: Tyler loves pancakes
versus Pancakes love Tyler; Tyler loves Abraham Lincoln versus
Lincoln loves Tyler).

While the algebraic-symbolic tradition has produced a wealth
of formal constructs for describing linguistic structure, it has not
ultimately produced holistic models capable of processing or
producing rich, communicative language in everyday contexts.
Early rule-based systems for natural language processing
achieved some success on structured problems in highly con-
strained domains; for example, Winograd’s®® SHRDLU proce-
dural block-world manipulator.®°° However, these systems
were brittle and scaled poorly: they demanded extensive manual
rule construction and failed to handle the ambiguity, variability,
and open-endedness of real-world language.’® These systems
were eventually supplanted by statistically oriented models of
linguistic structure that were more broadly applicable and easier
to scale.” ™4

Large language models (LLMs) are the first generation of
computational models capable of processing and producing
fluent, meaningful, and context-sensitive human language.”>"”
What makes these models so effective? In this perspective, we
argue that the success of LLMs stems from a foundational compu-
tational commitment to statistical learning over a unified, high-
dimensional embedding space (Figure 1B). This foundation allows
LLMs to absorb and express essentially all of the structures of nat-
ural language,®*"® %% while subsequent training innovations,
including instruction-tuning and reinforcement learning from hu-
man feedback (RLHF), further refine and align the models to
human communicative goals. LLMs scale up the theoretical foun-
dations of connectionism®® from experimentally motivated, hand-
crafted models to the full scope of human language (Box 2).%°

A system of this kind calls for theories and explanations
different from those familiar to many researchers in the field.
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Figure 1. Encoding different kinds of linguistic structure in a unified embedding space

(A) Linguistic formalisms for describing language appeal to different sets of features or rules for different levels of analysis. But the brain must integrate these
structures in a lingua franca of neural computation.

(B) Neural population codes, as implemented in connectionist networks such as large language models (LLMs) and in the human brain, provide a unified
computational “language” for representing and processing the various structures of language. Linguistic inputs are encoded as distributed patterns of activity —
or embeddings—across a population of many simple, neuron-like computing elements. Any given unit may exhibit graded, context-sensitive, heterogeneous
tuning over a variety of seemingly distinct linguistic levels. Connections between populations of units transform these representations, and transformations may
occur between different populations of units (i.e., various layers of a processing hierarchy) or dynamically within a population from one moment to the next (i.e.,
recurrent connections).

(C) All structures of language (e.g., phonetic features, morphemic inflections, grammatical constructions, including words, idioms, and more abstract patterns)
are encoded in the geometric relationships between embeddings. For example, words with similar meanings are encoded nearer to each other in representational
space, and phonetic, morphemic, syntactic, and semantic relations correspond to different directions in representational space. Under this framework, a lin-

guistic utterance unfolds over time as concurrent trajectories of neural activity among interconnected neural populations.

The expressivity of a high-dimensional embedding space allows
the model to capture the myriad interrelated patterns of natural
language without explicit rules. The geometric structure of the
embedding space allows the model to interpolate the meaning
and usage of words in novel contexts (Figure 1C). Crucially,
from the perspective of a statistical learning model, there is no
qualitative distinction between linguistic patterns that behave
in a rule-like manner and those that do not. Take verb inflection,
for example: the model learns that certain verbs take a regular
past tense while others have irregular forms, yet it does not pro-
cess these two classes in a fundamentally different way. Both are
encountered as constituents of surface-level contextual pat-
terns, both are learned through co-occurrence statistics, and
both are produced as statistically likely continuations of a pre-
ceding token sequence. A subtler example involves argument
structure. The verb make accepts an open-ended range of ad-
jectives (He made her happy/sad/worried), whereas the verb
drive is conventionally restricted to adjectives conveying a loss
of composure (He drove her crazy/insane/bananas but not He
drove her sad). Where a theorist might seek a concise, interpret-
able rule to capture this contrast, the LLM simply encodes the full
distribution of attested patterns—insofar as doing so enables it
to produce fluent, contextually appropriate language.

Our focus on LLMs in this review stems from their parallels with
another type of neural network that masters language: the hu-
man brain. We suspect it is no coincidence that both LLMs
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and the human brain appear to have found converging solutions
to language in neural population codes.'% %% We hope to ex-
press our excitement about what we perceive as a crucial step
toward building a unified, ecological theory of language process-
ing—one grounded in real-world communication with mecha-
nistic explanations based on neural computations. Throughout
the manuscript, we review evidence for shared computational
principles in how LLMs and the human brain process natural lan-
guage. We focus in particular on the power of statistical learning
and the capacity of a high-dimensional embedding space to
accommodate the diversity of linguistic structures. Despite the
apparent complexity of LLMs, we argue that they provide a
more parsimonious—and more neuroscientifically relevant—
model of human language processing than alternative models.

HOW LLMs WORK: A NEURAL NETWORK SOLUTION TO
NATURAL LANGUAGE

Transformer-based language models'%® now process and pro-
duce human language with a fluency and versatility unlike any
previous system, matching or exceeding human performance
across tasks spanning comprehension, translation, reasoning,
and open-ended generation.”>"""19"1"5 Aytoregressive models,
such as the GPT family,”® are trained on a deceptively simple
self-supervised objective: predicting the next token given the
context of preceding tokens. In text-based LLMs, tokens
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Box 1. Context and diversity in the patterns of everyday language use

Language is fundamentally a communicative act—coordinated between individuals, shaped by context, and oriented toward
social goals.>"" A long tradition of functional linguistics has emphasized the role that everyday contexts of use play in shaping
linguistic structure,’#2° and a large body of work suggests that the demands of communication exert considerable pressure
on the structure of languages themselves.”' " We use language in a wide range of contexts for a wide range of purposes: to
share information, to organize our thoughts, to question, command, threaten, and signal social affiliation.'®**% More
traditional linguistic theories make two commitments that sit uneasily within this ecological framework.

The commitment to linguistic modularity. The divide-and-conquer approach has led to distinct formal systems for distinct levels of
linguistic structure (Figure 1A). Phonological units are decomposed into bundles of binary features,****° words into morphological
roots and affixes,”'~*® syntactic structures into binary-branching trees annotated with parts of speech and grammatical roles,”**
and lexical meanings into hierarchical graphs or semantic decompositions.*>™*® Underlying this approach is a commitment to
linguistic modularity, both compartmentalizing language from other domains of cognition and social behavior and subdividing
language into separate domains of inquiry. The risk of this approach is that it obscures the fact that many linguistic patterns
are inherently multidimensional, simultaneously spanning multiple levels of structure.

Consider the choice between gave a book to her versus gave her a book. Both patterns are available for common verbs like give,
but longer, more formal verbs (often borrowed from Latin), like transfer or return, resist the second pattern: returned the book to her
sounds more natural than returned her the book. Processing factors like constituent length affect the choice: she gave the book that
she found at a second-hand shop to Mary is more burdensome than she gave Mary the book she found at a second-hand shop.
Semantic properties, like the animacy of the participants, affect the choice: gave the book to the library sounds more natural than
gave the library the book. Discourse factors affect the choice as well: if Mary has already been under discussion, gave her the book
may be favored. If the book is the topic, gave the book to her may be more natural. No single level—phonology, syntax, semantics,
information structure, or pragmatics alone—predicts the observed behavior, and constraints at multiple levels operate
simultaneously.”® How (and whether) a given linguistic distinction is grammatically marked also varies dramatically across
languages. Consider what counts as a subject. In English, an experiencer is encoded as the grammatical subject when it is
topical, as in / like it. Spanish marks the same relationship differently: me encanta (“it delights me”) treats the experiencer as an
indirect object, paralleling the rarer English construction it is pleasing to me. The variation can run deeper still. In Ewe, a Niger-
Congo language spoken in Ghana, intentional actions that are semantically intransitive are nonetheless expressed using transitive
syntax: “to run” is literally “move.limbs course.”*°

The commitment to universal, unlearned features. The second commitment is to a fixed inventory of symbolic, categorical, and
universal features at each level of structure. The Minimalist program, for example, aspires to reduce syntax to a single
recursive operation—Merge—that combines two formal units into a binary-branching structure of arbitrary depth.°°> The
primitive units of this system, described as “word-like atomic elements,”**°* are presumed to host a range of formal features
that determine how atomic concepts are combined in an unlearned Universal Grammar®®°°: grammatical category features ([N]
and [V]), ¢-features ([person], [number], and [gender]), case features ([Nom] and [acc]), selectional features ([for types of
complements]), positional features, and discourse-related features such as [Top] and [Foc] that may trigger
“movement.”*®°"°® The proliferation of such features raises a question: in what sense does the Minimalist program actually
minimize the content of Universal Grammar? More fundamentally, treating linguistic categories as fixed, categorical, and
universal is at odds with the diversity of the world’s roughly 7,000 languages®’**°°? and the considerable variation within
each.®®®" There are no formal criteria that consistently identify nouns, verbs, or subjects across all languages, except by
appeal to semantically prototypical properties, suggesting that these categories may be better understood as emergent from
use rather than as primitive or universal.®’

correspond to words or parts of words (e.g., running may be to-
kenized as run and ning) and serve as input and output units of
the model. Note that different models use different token vocab-
ularies. Speech-based models typically operate on continuous
audio or discrete acoustic units rather than text tokens. Despite
its simplicity, this objective —applied at scale over vast quantities
of text—proves remarkably powerful,'® effectively pushing the
model to learn not just surface statistics but the syntactic, se-
mantic, and pragmatic structure of language.

When we refer to the “statistical structure” of language, we do
not simply mean word frequencies or local associations (the fact
that happy often precedes birthday, for instance). We use the term
inclusively to encompass the full array of statistical dependencies

in natural language: across time (from syllables to words to sen-
tences to discourse) and across levels of description (acoustic,
syntactic, semantic, and pragmatic). This includes not only local
co-occurrence patterns but also long-distance dependencies:
for example, a plural verb (e.g., were) must agree with a possibly
distant subject in a complex sentence. It also includes context-
sensitive meaning: cold means something different depending
on whether the surrounding discourse concerns the outside tem-
perature, someone’s personality, or their flu symptoms. Neural
networks, as highly expressive statistical learners, are particularly
well-suited to capturing precisely this kind of complex, multiscale
statistical structure that resists concise definitions.''”""®
Crucially, a neural network does not need to represent these
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Box 2. Scaling up and the specter of connectionism

LLMs are direct descendants of the connectionist models that have played a significant role in neuroscience, linguistics, and
cognitive science for over half a century. The principles outlined in work on parallel distributed processing (PDP)**%* form the
theoretical basis for many recent developments in deep learning. Surprisingly sophisticated behaviors can emerge from a
network of simple, interacting units that dynamically settle into a state best satisfying a combination of constraints across
units.®>:%¢ This body of work has made a compelling case that seemingly rule-based linguistic computations can be grounded
in more general processes of statistical learning in neural networks, despite the system never explicitly learning the rules.®”=°"

While there have been numerous technical innovations over the past two decades that have led to the development of LLMs, there
are two key advances over the previous generation of connectionism. The first is obvious: scale. Massive increases in raw
computing capacity have enabled engineers to run larger and deeper networks against massive training corpora. This
astronomical scaling up has led to emergent, qualitatively different performance.’”°° Notably, larger-scale LLMs also appear
to better align with human brain activity during natural language comprehension.®”:?® The second advance is, to our reading,
underappreciated. The majority of classical connectionist models developed in psychology are “toy” models by modern
standards: they were specifically designed to express targeted patterns of behavior, often tied to particular experimental
paradigms, and typically trained on handcrafted inputs. The availability of massive volumes of uncurated images and text on
the Internet has changed things. The deep learning revolution began in earnest when researchers relinquished handcrafted,
easily interpretable features and started developing models that learn whatever features are necessary®® to perform human-like
tasks on largely unconstrained, naturalistic inputs.’°®'°" This shift from experimentally constrained boutique models to full-

fledged models trained to perform real-world tasks on real-world data has led to qualitatively new capabilities.

33,102

dependencies in an easily interpretable form to exploit them
effectively in processing and producing language.

Each input token is immediately projected into a high-dimen-
sional embedding space—a vector corresponding to a pattern
of activity distributed across hundreds or thousands of neuron-
like units—and passed through multiple layers of processing.
At the final layer, this embedding is used to generate a probability
distribution over the entire vocabulary of tokens, indicating
which tokens are most likely to come next given all words in
the preceding context. In early autoregressive models, this
context window included thousands of tokens (e.g., the original
GPT-2 had a context window of 1,024 tokens), while in modern
models the context window has grown to hundreds of thou-
sands, if not millions of tokens. The output token is sampled
from this probability distribution, while the learning signal is
derived from the continuous probability distribution (e.g., via
cross-entropy loss) rather than the output token itself. Although
the input and output tokens are discrete symbols, all of the inter-
nal computations are continuous and high-dimensional. As the
activity pattern for a given token proceeds from one layer to
the next, it is progressively updated by circuit elements called
attention heads. These attention heads are the core mechanism
for context sensitivity: each attention head can look back over
the entire context window and use that context to refine the
meaning of the current token. The meaning of game, for instance,
will correspond to different embeddings depending on whether
the preceding text is related to sports or to poaching.

Modern models are further refined and socialized through a
number of different methods: for example, RLHF optimizes models
toward human-preferred outputs.''®'?° Instruction tuning (a form
of supervised fine-tuning; SFT) optimizes models on desirable
input-output pairs to bias the model toward helpful responses.'*’
Modern models also deploy chain-of-thought reasoning'?* and
are trained on tasks with verifiable rewards (e.g., mathematics
and programming) to improve their performance on complex,
multi-step tasks. These fine-tuning methods build on the founda-
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tion of next-word prediction and serve to make models more help-
ful, reliable, and conversationally appropriate.'?*~'?° Critically, all
of this complexity boils down to relatively simple matrix arithmetic:
embedding vectors are transformed via weight matrices from one
layer to the next through simple weighted sums and nonlinearities.
The same applies to attention heads. All of the weights are learned:
any meaningful structure in the embeddings (and behavior) is ab-
sorbed statistically from linguistic examples and ultimately stored
in the learned weights.

Two recurring ideas run through this computing architecture,
and we believe they hold the key to why LLMs succeed where
rule-based systems have failed. We unpack each in turn below
and revisit both later in the paper as candidate principles for un-
derstanding language in the human brain.

WHY LLMs WORK: TWO PRINCIPLES OF BIOLOGICAL
LEARNING

We contend that the success of LLMs is rooted in two computa-
tional principles also observed in biological learning systems: (1)
encoding the structures of natural language as distributed repre-
sentations in a high-dimensional embedding space and (2) re-
placing rule-based learning with context-driven computations
for reproducing the statistical structure of real-world language.
In the next two subsections, we unpack how each principle man-
ifests in LLMs and then discuss plausible points of contention.

Principle 1: Encoding the structures of language in a
high-dimensional embedding space

How can a neuroscientific theory of language accommodate all
of the structures of natural language? Modern artificial neural
networks provide one possible solution: LLMs learn to encode
the diverse structures of language in a unified, high-dimensional
embedding space—a neural population code. The embedding
space provides a unified computational lingua franca'?’ for en-
coding and integrating all the structures of language. In a neural
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population code, the fundamental unit of representation is not a
single neuron but a distributed pattern of activity across an
ensemble of neuron-like units. These patterns of activity can
be thought of as vectors corresponding to specific locations in
a high-dimensional, continuous space of neural activity (or
“representational space”). No single unit hosts a cleanly inter-
pretable “concept” or “rule” the way one might design a clas-
sical computer or cognitive architecture.?®2° Instead, individ-
ual units exhibit “polysemanticity”'%'3": context-sensitive
responses to heterogeneous combinations of linguistic features
(related to mixed selectivity observed in the brain).'**** Mean-
ing and structure, in the most general sense, are not stored inin-
dividual units but encoded in the geometric relationships be-
tween patterns of activity—in the distances, angles, and
neighborhoods of the representational space (Figure 1C)."*4~%°

Surprisingly complex structures can be encoded in the geome-
try of a vector space of this kind. To invoke a simplistic example,
an activity vector for the word queen can be approximated via
simple vector arithmetic: Viing = Vimale + Viemale & Vaueen- . In
LLMs, all manner of syntactic, morphological, semantic, and
contextual structures are encoded along specific directions in
this high-dimensional vector space (Figure 1C).”®8":1427145 For
example, Hewitt and Manning'*® demonstrated that hierarchical
syntactic structures can be approximately recovered from the
representational geometry of an LLM. That is, non-adjacent gram-
matical relationships between words are encoded in particular
subspaces of the embedding space. Diego-Simén and col-
leagues'“® further demonstrated that the type and direction of
syntactic dependencies are oriented along particular directions
in the embedding space. While specific internal circuits may
approximate familiar syntactic operations,’*”~'“° the inputs and
outputs of these operations are “read out from” and “written
into” the embedding space.'*°

This continuous, geometric representational format yields a
surprisingly powerful kind of generalization.”®" For example,
LLMs can interpolate novel relationships from a handful of previ-
ously seen examples without any additional training (i.e., in-
context learning).””'%7%* Even points of the representational
space that the system has never precisely visited before can
be interpreted in a meaningful way, given the overall geometry
of the vector space. Consider the combinatorial nature of lan-
guage. The words you are reading right now may occur in a
particular context you have never experienced before. They
may express an idea slightly different from any you have previ-
ously entertained. How is the LLM able to accommodate such
novelty? Not by retrieving a stored match but by triangulating
and geometrically interpreting a new location in the embedding
space.'°° By training on vast quantities of real-world language,
the model constructs a dense, richly structured internal land-
scape; a geometry of meaning in which related concepts cluster,
analogies form parallel lines, and context shifts a word’s position
in principled ways. A word appearing in a never-before-seen
context lands somewhere in this space, and its meaning can
be interpolated from its geometric neighborhood. The latent rela-
tional structures encoded in this way can be surprisingly ab-
stract, supporting genuine analogical reasoning across do-
mains.'*%'°® Novelty, in this framework, is not a problem to be
solved by rules—rather, it is a matter of geometric navigation.
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While efforts to interpret the circuits and representations of
LLMs are valuable for understanding how neural population co-
des can implement languages, we should resist the temptation
to read these models through a symbolic, rule-based lens.**°
The fact that we can decode certain linguistic constructs from
a model’s internal representations does not mean those con-
structs are driving the model’s computations. This is a subtle
but important distinction. Just because we can recover some-
thing resembling dependency grammar from the attention
heads'*”* does not mean the attention heads are implement-
ing graph-based computations of the kind specified by depen-
dency grammar theory. Certain attention heads may appear to
be involved in certain syntactic operations (e.g., identifying direct
objects), but these same attention heads are influenced by the
semantic plausibility of the relationship they identify.'®® That is,
LLMs do not appear to perform purely algebraic, rule-governed
operations on symbolic structures like syntax trees or semantic
graphs.'® Instead, they learn to populate a high-dimensional
embedding space with representations whose geometric rela-
tionships are useful for predicting real-world language. What
appear to be qualitatively distinct levels of structure
(morphology, syntax, and semantics) are all, from the model’s
perspective, geometric relationships between points in the
same continuous representational space. The boundaries we
draw between these levels are our own.

Principle 2: Learning the statistical patterns of language
in context
The success of LLMs marks a significant moment in the long-
running debate between empiricist and rationalist accounts of
language acquisition.'®’""®® Where some rule-based theories
have argued that the complexity of language requires innate,
domain-specific knowledge, LLMs learn to reproduce linguistic
behavior directly from exposure to real-world language through
a “mindless,” algorithmic fitting process.*? Central to this suc-
cess is the self-supervised objective of next-word prediction.
This deceptively simple task has driven neural network models
of language for decades,®* 614157 put its power only became
fully apparent at scale: trained on vast quantities of text, next-to-
ken prediction proves sufficient to induce rich representations of
phonology, morphology, syntax, semantics, and discourse,
without specifying any of these as a learning target.”>”":11°

In LLMs, the combination of the transformer architecture with
a large context window of preceding text allows the model to
leverage statistical patterns to better capture meaning in
context. What is “context” in language? For LLMs, context is
everything—or, more precisely, everything is context. Following
the simple, self-supervised objective of next-token prediction,
the LLM will seek to leverage any patterns in its context window
insofar as they are useful for producing fluent, appropriate hu-
man language. Some of these patterns are highly regular. These
patterns are more easily detected in language behavior, and
many correspond to patterns that linguists have richly described
in terms of morphological, syntactic, and lexical-semantic struc-
tures. Syntactic or structural patterns, for example, appear to
crystallize fairly early in a model’s learning timeline.'®® Many
other patterns are more abstract, graded, multidimensional, or
otherwise less regular. These patterns are less obvious and
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harder to describe.'®*'"" However, for the LLM, all of these
structures are simply patterns in context. Syntactic depen-
dencies, for example, are a subset of contextual relations useful
to the model but are only theoretically distinct from other contex-
tual relations from the perspective of the linguist or experimenter.
Patterns at a particular “level” (Figure 1A) are not privileged or
processed in a qualitatively different way than any other pattern.
The primacy of context has profound implications: it renders
all types of structures learnable by a simple, general-purpose,
self-supervised learning algorithm (with some evidence that pat-
terns that are unlearnable by people are also more challenging
for LLMs)."”? In pursuing this simple objective, the LLM seeks
to compress patterns across prior tokens (i.e., across time)
into a single “right now” pattern of activity that captures the cur-
rent context and is useful for producing upcoming tokens. The
power and simplicity of statistical learning challenge us to rethink
certain intuitions about language. None of the structures of lan-
guage are built into or given a priori to the model—they are
only learned to the extent that they help the model better pursue
its objective of reproducing natural language.'®®'”® An LLM
does not learn a “rule” for the English plural while memorizing
certain “exceptions,”’”*""® and an LLM does not seek to learn
concise or interpretable rules for language at all—it learns to
approximate whatever patterns of language it can absorb from
its training data.®® In the same way, the model does not seek
to compartmentalize different levels of linguistic structure: pat-
terns of phonology, morphology, syntax, and semantics are all
integrated and accommodated by the same statistical learning
mechanism.
LLMs and the mapping problem
The computational architecture of LLMs is fundamentally
different from those inherited from formal linguistics and sym-
bolic computing. Consider Poeppel’s'”® “mapping problem”:
can we link the formal structures of linguistics to the neural com-
putations performed by an LLM? In an LLM, any given input or
output token corresponds to a collection of activity patterns ex-
pressed across the layers of the model. Operations that the
linguist may consider as distinct—phase-structure generation,
semantic composition, linearization—are all learned through
the same general-purpose algorithm, all implemented by self-
attention circuits, and all supported by the geometry of the
embedding space. Linguistic categories like phonemes and
parts of speech are not represented as primitive building blocks
but emerge as approximate, continuous structures in the
embedding space insofar as they are useful for predicting up-
coming inputs.”””"'"® The model encodes predictive structure
in a graded, continuous, multidimensional fashion and only com-
mits to a discrete output token at the final step, when a single to-
ken is sampled from a probability distribution over possible con-
tinuations. Producing language that is well-formed, semantically
coherent, and contextually appropriate corresponds to probabi-
listically pursuing a meaningful trajectory through a high-dimen-
sional embedding space. The learned weights of the model pro-
pel the internal activity toward appropriate sequences of tokens.
If the human brain likewise relies on context-driven computa-
tions over a high-dimensional population code—rather than
rule-like operations over discrete symbols—this should funda-
mentally reshape how we study the neural basis of language.
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Instead of attempting to map the constructs of formal linguistics
directly onto the brain, we would be better served by trying to un-
derstand how the patterns of language emerge from a neural
system that seeks to transform linguistic inputs into fluid, mean-
ingful, context-sensitive outputs.’*®

LLMs do not implement linguistic rules

One plausible objection to our argument so far is that we are
conflating learning mechanisms with learning outcomes: while
LLMs learn through a “soft” statistical process operating over
continuous vector representations, perhaps the outcome of
learning is a set of rules for language. After all, a native English
speaker, without explicit instruction, eventually commands the
complex regularities of the language: they say the keys to
the cabinet were missing, not was missing, correctly matching
the verb to the distant plural noun keys rather than the closer sin-
gular noun cabinet. We argue that this framing mischaracterizes
what has been learned. The native speaker does not consult a
mental rulebook —rather, they have internalized a high-dimen-
sional system of conventions in which the verb agrees in number
with the matching subject. Here we distinguish a rule, a compact,
symbolic abstraction designed to extrapolate beyond experi-
ence, from a convention, a complex, experience-driven statisti-
cal regularity in behavior. LLMs are not rule learners but conven-
tion learners: “direct-fit” function approximators that utilize their
massive parameter space to approximate the complex manifold
of language within the boundaries of their experience.®® The
result is a geometric space of linguistic conventions so dense
and richly structured that the model can generalize to an un-
bounded variety of novel sentences, not by condensing knowl-
edge into context-free symbolic rules but by interpolating within
the learned manifold. When we say LLMs do not learn rules, we
are not merely commenting on their complexity. We are pointing
to a fundamental property of their computing architecture: they
solve linguistic problems through dense geometric mapping
rather than through the discovery of portable symbolic axioms.
LLMs and Marr’s levels of analysis

A related objection is that we are failing to distinguish Marr
computational, algorithmic, and implementational levels of anal-
ysis in our treatment of LLMs. That is, one might argue that LLMs
are best understood as an implementation of a symbolic compu-
tational system.>'®" However, reducing LLMs to a subordinate
level of abstraction within Marr’s framework obscures the funda-
mentally different computational and algorithmic principles
separating LLMs from algebraic-symbolic systems. At the
computational level, symbolic theories hold that the goal of the
language system is to distill a set of grammatical rules and rep-
resentations to support the productivity of language. LLMs, on
the other hand, pursue a statistical objective for producing fluent,
context-sensitive probability distributions over token sequences
(i.e., to internalize and reproduce a set of conventions). These are
not two instantiations of the same computation, but rather funda-
mentally different computational goals. At an algorithmic level,
symbolic systems manipulate discrete representations via rule-
governed operations. LLMs, on the other hand, transform high-
dimensional vector spaces from one layer to the next via matrix
operations and nonlinearities—continuous, geometric computa-
tions with no symbolic counterpart. At an implementational level,
both symbolic systems and deep learning models enjoy a degree
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of hardware independence, but LLMs mirror the continuous
representational formats and learning dynamics of biological
neural networks far more closely than any rule-based symbolic
system (see conspicuous gaps between artificial and biological
neural networks). The divergence between these computational
systems persists across Marr’s levels of analysis.

We should be careful not to invoke Marr’s framework to insu-
late symbolic theories from challenges arising across different
levels of analysis, because these levels are not fully indepen-
dent.'® Artificial neural networks offer an alternative that sat-
isfies constraints across multiple levels, without privileging one
level over the others. Forcing LLMs into a symbolic description
to preserve the appearance of independence between levels
does not clarify how these models compute and risks obscuring
different avenues of explanation.

THE CHALLENGE OF UNITING THE STRUCTURES OF
LANGUAGE IN THE HUMAN BRAIN

The earliest theories of how the brain gives rise to language were
based on behavioral deficits resulting from localized brain in-
juries'®> 8% separate, albeit interconnected, left-lateralized sys-
tems specialized for speech production and speech comprehen-
sion."® Although this classical model is now understood to be
highly oversimplified, '®4~'®° the goal of identifying distinct brain
areas for different language functions continued to shape later
work. With the popularization of noninvasive neuroimaging
came an explosion of experimental work aimed at teasing apart
specialized systems for different components of language as
posited by linguistic theory, for example, localizing neural sys-
tems that track syntactic complexity.'®° %% Influential work
argued that syntactic combination—Merge in Minimalist
terms—is localized in a specific subregion of inferior frontal cor-
tex.'9>19 More recent work, however, reports that syntactic and
semantic processing are inseparable and distributed across
essentially the entire language network.'9>'%6

Over the years, researchers have tried to synthesize the
sprawling body of experimental results into larger-scale interpre-
tive frameworks; for example, by appealing to distinct process-
ing pathways.'®"?°° We cannot provide a thorough treatment
of this large body of work here and instead direct readers to other
reviews.' 992917205 Desgpite these efforts, the results resist a clear
synthesis. To borrow a Chomskyan®°® metaphor: we have accu-
mulated many beautiful experimental “butterflies” —but the
explanatory principles that would unite them remain elusive.

Why has it been so difficult to piece experimental findings
together? Some of the frustration may stem from a reliance on
tightly controlled manipulations targeting the neural correlates
of very specific linguistic phenomena—a particular syntactic
operation, isolated words, decontextualized sentences—that
do not generalize well across contexts. Outside the laboratory,
language is rarely decontextualized. We use it to tell stories,
share experiences, and communicate what matters to us and
to our interlocutors.?°”?° Any given word or sentence derives
its meaning from the narrative and communicative context sur-
rounding it. Controlled experiments, by design, factor out pre-
cisely this kind of contextual situatedness. The result is findings
that are internally valid but difficult to generalize to natural lan-
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guage use, a limitation that has led many researchers to advo-
cate for more naturalistic paradigms.®*°°2'2 Targeted manipu-
lations yield targeted answers. What we lack are the principles
that connect them.

There is a deeper concern about whether experimental work
derived from rule-based linguistic models will ever make contact
with the neural computations that support natural language pro-
cessing. Should we expect, for example, dissociable neural sys-
tems for syntax and semantics, just because linguistic theory
treats them as distinct? Language emerges from human brain
activity in some way, so the underlying processes must be inter-
linked; yet the formal constructs we have developed to describe
linguistic structure stubbornly refuse to map onto the neural
code. This returns to Poeppel’s'’® mapping problem: can we
map the descriptive structures in linguistics (e.g., a hierarchical
noun phrase or the process of linearization) onto neuroscientific
mechanisms (e.g., integrate-and-fire neuronal dynamics or long-
term potentiation)? Decades of work suggest the answer is not
straightforward. What would a genuinely useful computational
model of the neural processes that support language in the brain
look like? At minimum, it would need to (1) illuminate the under-
lying mechanisms that support natural language processing and
(2) generate testable predictions about how the brain compre-
hends and produces language. In what follows, we argue that
LLMs offer a glimpse of what such a model might look like.

We do not claim that these models fully resolve the challenges
outlined above, nor are they even approximately isomorphic with
the human brain (see conspicuous gaps between artificial and
biological neural networks below). Nonetheless, following the
example of deep learning in visual neuroscience,”'®*'* these
models offer a new theoretical framework from which to pro-
ceed. In the spirit of Dobzhansky’s®'® “nothing in biology makes
sense except in the light of evolution,” we argue that these
models can provide a useful explanatory framework for under-
standing how the diverse range of experimental findings may
emerge from the interactions of simple neuron-like computing el-
ements running up against an environment of real-world lan-
guage.®>?'® The diversity of neurolinguistic phenomena, much
like the diversity of biological organisms, may be an emergent
property of a mindless fitting process operating over a richly
structured world—in this case, a world of human language.®®

In the next two sections, we ask whether Principles 1 and 2,
the same principles underlying the success of LLMs, can help
resolve these challenges for understanding language in the hu-
man brain. We unpack both principles in turn, with examples
from a growing body of work that positions LLMs as models of
the neural mechanisms underlying language processing in the
brain. We direct the reader to other recent reviews for a more
global perspective on the relationship between LLMs and the
brain.217—221

Before turning to the evidence, we want to be explicit about
what we can conclude from quantifying the alignment between
an LLM’s internal representations and human brain activity. A
linear encoding model mapping LLM embeddings onto human
neural activity demonstrates that the model captures certain fea-
tures of the stimulus or task (e.g., the relationships between
words as they unfold in a narrative) that are also encoded in
the neural activity, ideally in a way that generalizes to novel
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examples.”????* It does not, alone, demonstrate the brain em-
ploys a similar architecture or algorithm.?*> LLMs differ substan-
tially from the brain in their circuit architecture, learning rule,
objective function, and training diet. More specific claims require
theoretically motivated model comparisons and experiments de-
signed to disentangle competing models.?*°??” The claim we
defend is narrower and, we think, more defensible. Both systems
converge on a similar representational format: a distributed,
high-dimensional population code for solving the same underly-
ing learning problem. With that caveat in place, we turn to the ev-
idence.

Principle 1 for the human brain: A unified
embedding space
Neural population codes, similar to the kind employed by LLMs,
are nearly ubiquitous in theoretical and empirical neurosci-
ence'%*71%: population codes in sensory, motor, and cognitive
systems are transformed both moment-to-moment by recurrent
connections and by longer-distance connections from one neu-
ral population to another. For example, visual inputs are encoded
in high-dimensional patterns of neural activity.?®*?° These
distributed representations are transformed from one process-
ing stage to another”*°?*? to disentangle behaviorally relevant
perceptual and conceptual representations.?**°¢ |n the same
vein, neural population codes are thought to support both motor
preparation®**?%® and motor execution.?*'**? Similar to LLMs,
individual neurons do not selectively encode particular stimulus
or task features but rather exhibit graded tuning across a variety
of features and nonlinear combinations of features (Figure 1B).
This heterogeneous tuning and mixed selectivity, combined
with population-level geometric computing, is thought to under-
gird our capacity for abstract, flexible cognition. '3 133243

These ideas have begun to permeate the neuroscience of natu-
ral language as well. For example, recent work using high-density
intracranial recordings has shown that LLMs can predict popula-
tion-level activity vectors in cortical language areas (e.g., inferior
frontal gyrus; IFG).>** A simple linear mapping between the LLM
embeddings and human neural activity is sufficient to accurately
predict activity vectors for left-out words in novel contexts, sug-
gesting that the geometry of the LLM’s embedding space is
remarkably well-aligned with the geometric relationships between
patterns of human brain activity. Work on sentence processing
suggests that the language network populates individual words
into a high-dimensional representation of the ongoing context.?*°
Single-unit recordings in language areas show that individual neu-
rons exhibit mixed tuning for different linguistic features and are
highly sensitive to local context®*®**” —a signature of high-dimen-
sional neural population codes.'®® A highly distributed code for
language may appear to be at odds with certain empirical re-
sults—for example, putative “concept cells”?*472°° or highly selec-
tive deficits resulting from localized brain damage.?*'*>* We
contend that these apparent discrepancies suggest promising di-
rections for future research: for example, introducing spar-
sity'®"?>% and functional-topographic organization®>*~2° into lan-
guage models may help resolve this tension.

In the following, we outline two cases that showcase the
explanatory power of Principle 1 in the human neuroscience of
natural language. We highlight recent work that directly com-
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pares LLMs to human brain activity and suggest that reframing
our assumptions about the neural code for language may resolve
certain tensions among prior experimental findings.

Case 1: Syntax and semantics in a unified

embedding space

Historically, in linguistics, the meaning of words (semantics) and
the rules used to combine them (syntax) have been described
using very different formal structures, e.g., tree-like syntactic
structures® and semantic graphs.*® How are these seemingly
different kinds of structure encoded in neural activity? Despite
efforts to experimentally disentangle syntax from semantics in
the human brain,?®” a growing body of neuroimaging work has
suggested that syntactic processing is widely distributed across
the language network and closely intertwined with word mean-
ings.?°®?%9 For example, Shain and colleagues'“® observed a
syntactic effect of constituent length throughout the language
network and found that the same areas were also modulated
by semantic content.

Recent work leveraging LLMs has come to a similar conclu-
sion.?®%27% Kumar, Sumers, and colleagues,®’" for example, de-
constructed the circuitry of BERT’® into the transformations im-
plemented by individual attention heads and mapped these
transformations onto fMRI activity during natural story listening.
In BERT, these attention heads have been found to exhibit emer-
gent functional specialization for specific syntactic opera-
tions.'#"149272 Kymar, Sumers, and colleagues found that atten-
tion heads provided strong predictions across many language
areas, and specific features of the transformations, such as
look-back distance, captured trends in functional organization
across the language network. The context-rich compositional
transformations learned by BERT predicted brain activity much
better than context-free syntactic dependencies. Despite a long-
standing theoretical distinction, mounting evidence shows that
the brain does not compartmentalize syntax and semantics.

Modern neural network models for language appear to agree
with the brain on this front. As we previously discussed, rather
than compartmentalizing syntactic rules from lexical seman-
tics,'”* LLMs fuse these seemingly different kinds of linguistic
structure in a high-dimensional embedding space.”®#%"%° The
success of LLMs indicates that the structures of both syntax
and semantics can be distilled from contextual patterns across
words using the same statistical learning mechanisms and en-
coded in the same geometric format. The theoretical distinction
between syntax and semantics may be largely immaterial in
terms of neural computation. If the brain follows a similar strat-
egy, syntactic and semantic structures are expected to be wide-
spread, co-localized, and functionally entangled, encoded by
overlapping subpopulations of neurons in a mixed and graded
fashion. Insofar as a valid cognitive representation must be im-
plementable in a neural system,'”® '8 we find it highly relevant
that neither human brains'°® nor LLMs'“%'%% appear to strictly
distinguish syntax and lexical semantics.

Case 2: Transforming the acoustics of speech into
meaningful language

How does the brain extract meaning from a continuous speech
signal? Traditionally, this process has been divided into an
explicit hierarchy: acoustic signals are transformed into pho-
nemes or syllables, indexed to lexical representations, and
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Figure 2. A unified model for speech and language

The Whisper model learns to transform acoustic inputs into text via a joint encoder-decoder architecture. We extracted both speech (encoder) embeddings and
language (decoder) embeddings from the same model. We evaluated their alignment to human neural activity for both speech production and comprehension
across ~100 h of natural conversations.

(A) Both speech embeddings and language embeddings dramatically outperform symbolic speech features (e.g., phonemes) and symbolic language features
(e.g., part-of-speech) during both production and comprehension. Error bands indicate standard error of the mean encoding performance across left-out test
conversations.

(B) Acoustic embeddings extracted before the transformer block in the speech encoder best predict electrode activity in articulatory areas during production and
in perceptual areas during comprehension. Speech embeddings yield more widespread encoding performance, with strong predictions in areas associated with
both speech articulation and perception. Language embeddings yield the strongest predictions in higher-level language areas such as the IFG and the angular
gyrus. Electrodes shown are significant at p < 0.01 after Bonferroni correction.

(C) Phoneme categories can be recovered from the speech embedding space but are not as clearly encoded in the language embedding space.

(D) On the other hand, part-of-speech categories can be recovered from the language embedding space but are not as evident in the speech embedding space.
In both cases, the model does not explicitly use symbolic representations like phonemes or parts of speech in its internal computations. Rather, these structures
are learned from surface-level language inputs and emerge from the geometry of the embedding space. Adapted with permission from Goldstein and col-
leagues.'’®

assembled via syntactic operations into higher-level meaning

contextual word embeddings from a late intermediate layer of
igure 1A)."=> arly models of neural speech representations
Fi 1A).19927 Ear| dels of I h tati

the text decoder. All three types of embeddings predicted brain

relied on handcrafted features such as spectrotemporal filters or
phonetic categories.?”*?"” Kell and colleagues®’® took a signif-
icant step forward, showing that a deep neural network trained
simply to map sound waveforms onto words reproduces human
word-recognition behavior and learns internal representations
that predict neural activity better than any handcrafted
model.177'279'281

Goldstein and colleagues'"® extracted three internal represen-
tations from a transformer-based speech-to-text model called
Whisper:?®? (1) low-level acoustic embeddings from an early
layer of the audio encoder, (2) mid-level speech embeddings
from the final layer of the audio encoder, and (3) high-level

activity across many electrodes during hours of held-out natural
conversations, and all three dramatically outperformed symbolic
features like phonemes and parts of speech (Figure 2A). Acoustic
embeddings predicted a relatively focal set of electrodes in sen-
sory and motor regions (Figure 2B). Speech embeddings pre-
dicted a much broader set of electrodes, with the strongest
alignment in superior temporal gyrus (STG) during comprehen-
sion and in motor areas during production, suggesting a strong
overlap in features underlying perception and articulation.
Finally, contextual word embeddings best predicted higher-level
language areas, including IFG and the angular gyrus, during both
comprehension and production.
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Critically, although phoneme categories can be partially
recovered from Whisper's speech embeddings and part-of-
speech categories can be recovered from the model’s language
embeddings (Figures 2C and 2D), the model does not encode
discrete, symbolic representations of these categories internally.
Rather, they emerge as approximate byproducts of the embed-
ding geometry shaped entirely by the task of predicting speech
and text. Different levels of linguistic structure—acoustic, pho-
netic, syntactic, semantic, and contextual patterns—are fused
into a continuous representational space. Goldstein and col-
leagues'’® show, for instance, that higher-level contextual em-
beddings (from the decoder) predict brain activity more accu-
rately across many electrodes when they incorporate
information from mid-level speech embeddings (from the
encoder). A variance partitioning analysis shows that many elec-
trodes exhibit mixed tuning for mid-level speech and high-level
contextual-semantic features. This “soft hierarchy” differs from
the compartmentalized picture of classical linguistics but offers
a unified account of how the brain might integrate information
across levels in a way that resonates with the mixed tuning
observed in individual human neurons.?47+250:283.284

Principle 2 for the human brain: Context-driven
prediction

From infancy, humans are exquisitely sensitive to the statistical
structure of their environment, leveraging a continuous stream
of experience to learn patterns that predict upcoming
events.?®>?%% This predictive capacity operates on conditional
probabilities and supports language comprehension across
levels of representation, modalities, and timescales.?®”2%° Pre-
dictive coding theories of brain function have gained consider-
able traction on this basis: for example, the N400 event-related
potential scales with the predictability of a word given its preced-
ing context.?9%:29"

Modern deep neural networks provide a proof of principle that
linguistic structure can be acquired through statistical learning
alone.'® These models are trained on a simple self-supervised
objective, predicting the next sample in a sequence, where the
upcoming input itself serves as an imminently available teaching
signal. In speech recognition, self-supervised models trained in
this way learn internal representations that predict human brain
activity more accurately than handcrafted acoustic features
and supervised models.'®?177179:279-281 The same pattern holds
for text: across numerous studies, text-based LLMs that learn to
contextualize their internal representations for next-token pre-
diction capture human neural activity far better than handcrafted
linguistic features or context-free semantic representa-
tions.?67271:292729% Recent work has begun to chart out how
the higher-level contextual features learned by LLMs emerge
over time in the developing human brain.>*°

In the following, we discuss two cases where Principle 2 can
shed light on how humans learn to efficiently process language
in context and ultimately converge on shared meaning for
communication.

Case 3: Context-driven predictive processing

A number of studies have explored parallels between predictive
processing in LLMs and the brain,?4295:297:300 g,,ggesting, for
example, that as LLMs become better at predicting upcoming
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tokens, they also become more closely aligned with human brain
activity.??’*9" Researchers have also used LLMs to show that
the brain likely deploys predictions at multiple levels of granu-
larity®* and across multiple words.*%

Goldstein and colleagues®®® capitalized on the high temporal
resolution of human intracranial recordings to more directly
ascertain whether features of upcoming words are encoded in
neural activity before those words are actually heard. They found
that encoding performance for LLM embeddings begins to rise
well before word onset. However, this could be partly because
these models, by design, encode contextual information from
previous words into the current embedding. Follow-up analyses
ruled out this confound: pre-onset encoding persists even with
non-contextual embeddings, after removing highly predictable
bigrams, and after regressing out the embeddings of preceding
words.??%*%* The nature of this pre-onset encoding, and to what
extent it can be dissociated from stimulus-driven dependencies,
remains a subject of active debate.**> One clue may be the
observation that pre-onset encoding does not appear to be a
simple pre-activation of the post-onset word representation,
since pre-onset predictions do not transfer directly to post-onset
neural activity.****% This pattern is consistent with the frame-
work we propose here. We would not expect the brain to pre-
activate a discrete representation of a specific upcoming
word—that would require committing to a single prediction in
advance. Instead, the brain likely maintains a continuous, distrib-
uted representation that simultaneously encodes the current
context and probabilistically anticipates a range of features
consistent with the likely upcoming words, without committing
to one of them until the word actually arrives.

These studies leverage the predictive capacity of LLMs to lend
new neuroscientific evidence to longstanding arguments that the
brain deploys predictive processing to facilitate language
comprehension. However, LLMs also suggest a deeper connec-
tion: moment-by-moment predictions furnish the model with a
feedback signal that drives language acquisition. LLMs not
only learn to predict but also use prediction to learn.*”® Recent
work has suggested that LLMs, driven by the objective of next-
token prediction, follow a trajectory similar to that of children in
acquiring the structures of speech®*” and language.®°® While
the degree to which prediction drives language learning in hu-
man development is an active area of research,*°?="* the suc-
cess of LLMs highlights the power of prediction in learning and
provides a plausible explanation for how multiple, seemingly
different kinds of linguistic features (e.g., syntactic and semantic
features) could be predicted jointly by a generic algorithm oper-
ating over a high-dimensional embedding space.

Case 4: Learning a shared geometry for communicating
our thoughts

To understand one another, we must come to agree on the mean-
ing of words in context. Language is typically a highly interactive
process between two or more people, in which individuals dynam-
ically alternate between speaker and listener (or reader, writer,
signer, and so on). Conversation is the most basic form of lan-
guage use, and speakers interactively align with one another ac-
cording to a shared understanding of the world.®'° In science,
for example, we frequently use a scaffold of familiar words in novel
combinations to inspire new ideas in the reader’s mind. Modern
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Figure 3. Different neural systems converge on a shared geometry for language

No two humans have exactly the same neuronal tuning for language. Nonetheless, we each ultimately converge on a geometry of internal neural states that is
similar enough across language users to allow us to communicate with one another. We learn this geometry of internal states by interacting with other language
users in a shared world. Even native speakers of different languages converge on a remarkably similar neural population code.*? In the same vein, LLMs learn a
neural population code with representational geometry sufficiently similar to our own for them to communicate with us meaningfully and usefully. They learn this
geometry by encoding the structures of language in a neural population code using self-supervised statistical learning. Note that the parallelogram depicted here
is a gross oversimplification for the purpose of visualization: the internal geometries learned by both humans and LLMs are inflected by context to differentiate all
manner of constructions such that “man” differs in its role in “man and woman” and “you’re the man!”, and “queen” differs meaningfully from “the queen of

shoes” and “Freddie Mercury’s Queen.”

language models, like ChatGPT, have become increasingly
conversational in recent years. While these advances were built
on a foundation of next-word prediction, conversational models
appear to require intensive training on conversational data®'®
and human feedback''®'?1:125816317 15 glign with the conven-
tions of human dialogue. Human neuroscience generally agrees
that both language production and comprehension rely on shared
neural systems. Likewise, language comprehension and language
production in LLMs rely fundamentally on the same neural ma-
chinery. The use of special tokens (like the “end-of-text” delimiter
token) allows the model to learn when to relinquish the “speaking”
role and start “listening.”

Generative LLMs offer a robust framework for modeling the
neural basis of language production in natural conversa-
tions.'78318:319 7ada and colleagues®® analyzed a rare dataset
of intracranial recordings acquired simultaneously in dyadic
pairs of epilepsy patients while they engaged in free-form,
face-to-face conversations. Using GPT-2 embeddings to predict
neural activity simultaneously in both brains during speaking and
listening, the authors were able to model how thoughts are trans-
mitted from one brain to another: linguistic content emerges in
the speaker’s brain just before word articulation and re-emerges
in the listener’s brain after word onset, word by word, in natural
conversations. They show that contextual embeddings from
GPT-2 better capture the shared content of speaker-listener
coupling in natural conversations than lexical, syntactic, or artic-
ulatory features do. In a second hyperscanning study, Zada and
colleagues®?° used the superior spatial coverage of fMRI to map
model-based brain-to-brain coupling. They found that contex-
tual embeddings also capture coupling beyond the language
network, extending into default-mode areas associated with the-
ory of mind.*?'~%2* These findings suggest that production and
comprehension rely on shared neural mechanisms for language

processing and that we interactively align our internal neural rep-
resentations during conversations.

How do we ultimately align our internal representations of lin-
guistic structure well enough to understand one another? We are
not born with knowledge of the context-specific meaning of
words or how to convey our thoughts to one another. We do
not have direct access to each other’s brain activity, and no
two people have direct neuron-to-neuron correspondence any-
way: even if we could transmit our brain activity directly to
another person, there would be no way to map it onto their
unique configuration of neurons.®>?° We ultimately align through
interactive conversations, in which we listen to and speak with
one another in a shared social world (Figure 3).°® Through this
interactive process, we learn a configuration of internal neural
representations for language (a representational geometry) that
roughly matches the internal geometry of other speakers in our
community. Amazingly, LLMs seem to learn an internal geometry
similar enough to ours, despite their radically different neural ar-
chitectures (see conspicuous gaps between artificial and
biological neural networks), that they can produce conversa-
tional, human-like language. These models demonstrate that
shared linguistic input, shared objectives, statistical learning,
and an expressive embedding space are sufficient for neural
systems to converge on a shared geometry for language across
a community of language users.

CONSPICUOUS GAPS BETWEEN ARTIFICIAL AND
BIOLOGICAL NEURAL NETWORKS

All models make simplifying assumptions. Artificial neural net-
works, including LLMs, embody several commitments about
what features of neural information processing are most impor-
tant. From a neuroscientific perspective, artificial neural
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networks do not respect the diversity and complexity of individ-
ual neurons;*?32° they often simplify neuronal spiking to a rate-
like code;**° they do not strictly adhere to biological learning al-
gorithms;**' and they do not reflect well-known biological circuit
motifs.®** Instead, LLMs make the following commitments: the
structures of language are represented across simple, intercon-
nected computing elements (akin to neurons); these units are
neuron-like in the sense that they aggregate their inputs and
generate an output according to a nonlinear activation function
(akin to a voltage threshold); the memory of the network is en-
coded in the connection weights between units (akin to the syn-
aptic strength between neurons); and these weights are itera-
tively updated according to a relatively simple learning rule
(akin to synaptic plasticity). Like ants in an ant colony, no individ-
ual neuron is in control or “knows” what’s going on in a global
sense—instead, cognition and complex behavior emerge from
the dynamic interactions between units.

Certain features of LLMs are at odds with human language
learning and processing. Modern LLMs are trained on orders
of magnitude more language input than humans receive (it would
take thousands of years for a human to read the amount of text
used to train newer GPT models).>*® That said, recent results
from the 1,000 First Days Project®°”*** and the BabyLM Chal-
lenge®*°~2°7 suggest that certain linguistic skills, such as syntac-
tic competence, may be achievable with developmentally plau-
sible input volumes.>*® Transformer-based models also retain
veridical access to thousands of tokens of prior context at any
given time. Humans, on the other hand, must rapidly condense
the present input to be ready for the next input.>*° Most text-
based LLMs also lack fine-grained temporal dynamics,
let alone the rich, endogenous oscillatory dynamics observed
in human brain activity.>*>"***> Recurrent neural network archi-
tectures®*'%53** are more biologically plausible and may ulti-
mately better capture these temporal dynamics.

Some have argued that LLMs fail to recapitulate human gram-
maticality judgments or comprehension,***¢ but other work
has shown strikingly high correlations between humans and
LLMs when accounting for task design, evaluation metrics,
and pragmatic sensitivity.''*3*773° || Ms must be taught to be
helpful®*° while humans may be more inherently cooperative.'"
Most LLMs learn from text alone, whereas children receive
much richer, multimodal inputs. LLMs trained to perform next-
word prediction are passively yoked to their linguistic inputs.
They cannot actively explore or perturb their linguistic environ-
ment and cannot “choose their own adventure.” Infants, on
the other hand, are active agents who perturb their environment,
including the behavior of social others, and observe the conse-
quences of their actions. Moreover, while next-word prediction
is a surprisingly powerful objective, an infant’s learning objec-
tives are surely richer, including social affiliation, capturing their
caretaker’s attention, and ensuring their needs are met.

Recent LLMs are becoming surprisingly good at answering
novel questions in one- or few-shot tasks,””"'°*%9 but they
remain highly data-inefficient learners. What will it take for neural
networks to become more efficient and human-like in their
learning and behavior? One possibility is that these capabilities
may emerge from different network architectures. For instance,
introducing complementary memory systems®>'-*>? and/or con-
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trol systems®°*®°** may vyield qualitative improvements in

learning. Subjecting models to more ecological architectural
constraints and learning objectives may also help.*>°°° We sus-
pect that as models become more embodied, agentic, and so-
cial, they will learn even deeper, more human-like representa-
tions of the world.

CONCLUSION

In this perspective, we have argued that the recent success of
LLMs is rooted in the same computational principles that
govern biological brains. LLMs are not just feats of engineering;
they are a working demonstration that context-based statistical
learning is sufficient to implement natural language at scale ina
neural population code. Rather than factorizing linguistic struc-
ture into separate representational formats, the way a linguist or
engineer might decompose phonology, syntax, and semantics
into separate modules, LLMs encode the full diversity of lan-
guage in a unified, high-dimensional embedding space. Rather
than relying on handcrafted features or rule-based grammars,
LLMs learn to reproduce the patterns of language use directly
from real-world contexts. The result is a fully mechanistic model
that processes natural language and generates fluent, context-
sensitive outputs, achieving this without any of the computa-
tional commitments that linguistic theory has long assumed
were necessary. The primacy of context and the commitment
to neural population codes in both LLMs and the human brain
present a challenge to traditional theories of language. If
LLMs can master language without “building in”” any of the con-
structs of formal linguistics, perhaps the brain does not need
them either.

Deep neural networks are sometimes dismissed as “black
boxes,” and there would indeed be little scientific value in replac-
ing one black box with another. It might be tempting to abandon
such models altogether or simply resign ourselves to their
complexity. We resoundingly disagree with these sentiments.
Despite their complexity, LLMs are not black boxes: they are fully
transparent, and we can “open the box” to explore their inner
workings and their alignment with human brain activity. Work to-
ward a deeper, more mechanistic understanding of these
models is already well underway, '°:150:153:169-171.356 \yith prom-
ising parallels to emerging theories in neuroscience. '%:240:357:358
LLMs can serve as “animal models” or “digital twins” for study-
ing human language,®**° but we should resist projecting rule-
based linguistic theories onto them.*” To quote Rumelhart and
McClelland,®” “lawful behavior and judgments may be produced
by a mechanism in which there is no explicit representation of the
rule.” Rather than search for old theories inside these models,
we should let them inspire new ways of thinking.

Finally, despite their apparent complexity, there is something
remarkably elegant about these models. What appear to be
complex examples of computational machinery, like the objec-
tive function for next-word prediction or the self-attention circuit,
can be summarized in one-line equations. Their power (and
apparent complexity) stems from running a simple direct-fitting
algorithm up against the rich complexity of their linguistic envi-
ronment.®* One might be tempted to disparage these models
as “just a bunch of matrix multiplications,” but herein lies their
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simplicity and their utility for understanding language in the brain.
Even simple computational principles, implemented at scale,
can give rise to the incredible complexity and beauty of natural
language.
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