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Beyond Big Data: Language, Biology, and the Limits of Next-Token Al
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LLMs are powerful statistical learners, but human language acquisition is hiologically constrained and structurally selective.
For a multilingual society, conflating LLM usefulness with genuine understanding carries real costs, particularly in education.

When you type an email and your phone suggests the next word, you are encountering the central mechanism behind systems such as
ChatGPT. Large language models (LLMs) are trained to predict the next word in a sequence. Unlike your messaging app, however,
"next" could mean the 501st item. They do so with remarkable accuracy. It is tempting, then, to assume that this is also how the
human brain processes language. When we listen, do we not also anticipate what comes next?

Human listeners first group words into structured units and only then generate predictions within those units. This
difference is not merely technical. LLMs predict continuously using statistical patterns without an intermediate
structure-building stage.

Because LLMs excel at mimicking the superficia structures of the corpora on which they are trained, it has become commonplace to
hear from over-enthusiastic proponents that these systems are adequate models of Natural Language. Geoffrey Hinton himself has gone
on record multiple times claiming that Natural Language is inherently associative; that is, its structural constraints are entirely
predictable through next-token statistical evaluation.

This is a bold claim-and unfortunately one that is entirely unfounded. Decades of research in Generative Grammar, Biolinguistics and
Evolutionary Biology have uncovered intricate evolutionary constraints that have shaped Natural Language and its implementation in the
brain, and Hinton's claims run afoul of all of them.

Using magnetoencephalography (MEG) and behavioural "cloze" tests with Mandarin and English speakers, researchers recently
compared brain responses to word predictability against LLM predictions (Poeppel et a. 2026). The core finding shows a clear
divergence: while LLMs predict uniformly across al sequences, the human brain's responses varied systematically depending on a
word's position within hierarchical grammatical constituents (phrases and clauses; see TP, AP etc. in Figure 1).

Human listeners first group words into structured units and only then generate predictions within those units. This difference is not
merely technical. LLMs predict continuously using statistical patterns without an intermediate structure-building stage. Humans, on the
other hand, are biologically constrained to evaluate statistical patterns only within a priori determined structures that are hierarchical in
their relationship.

But before we get into the hierarchies, let us take a look at something a little more basic. The primary mode of interaction with LLMs
is through text. This is both the mode of interaction with LLMs and the primary corpus on which they are trained. Verbal interaction,
and auditory responses, are possible, though the basic issues remain the same there.

A crucia fact often overlooked in pedantic uses of "language" is that it is primarily an acoustic phenomenon, with a secondary visual
modality available in sign languages. Everyday usage tends to include orthography, but this is problematic for severa reasons. As
Darwin famously noted in The Descent of Man (1871), "Man has an instinctive tendency to speak ... whilst no child has an instinctive
tendency to bake, brew, or write."

After all, when you hear someone talk, you hear words follow each other without overlapping or blending into each
other. One of the foundational discoveries made by cognitive scientists ... is that this is realy not true.

Writing is a human artifact, invented perhaps three or four times across history. Natural Language, by contrast, is an evolved biological
capacity (Lenneberg 1967; Pinker 1995; Chomsky 2005), with a genetically invariant developmental trajectory (Brown 1973; Tsimpli
1992; Nomura 2006)-hence, Natural Language. Any child acquires any language on mere exposure, without instruction, making few if
any mistakes (Snyder 2007, 2021), and rapidly converging on a system that can generate an infinite number of utterances.
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But speech is transient; writing makes it permanent. It is this permanent corpus that LLMs are largely trained on. But the question
scientists are increasingly asking is: what exactly do LLMs learn, and is it the same as what a child acquires (Marcus 1998, 2025;
Mitchell and Krakauer 2023; Chomsky 2023)?

Consider what you are doing right now as you read this article. Your eyes move from word to word; each word neatly separated from
the next by blank space. It is commonplace to think this is how we speak as well. After all, when you hear someone talk, you hear
words follow each other without overlapping or blending into each other. One of the foundational discoveries made by cognitive
scientists in the last century is that this is really not true.

Speech signals are messy, noisy sound streams that provide no reliable cues for word boundaries (Cutler 2012). For a child, language
does not arrive as neatly separated words. As a matter of fact, there can be more silence within a single word than between two
different words. Plosive sounds such as "p" or "t" briefly block airflow, creating closures inside words like "captain”. If we relied on
pauses to detect word boundaries, we would be systematically misled. The clean temporaly separated word-streams we hear when
talking are not properties of the signal. They are percepts created by our brain through a process called "chunking" (Miller 1951).

As if this was not bad enough, speech signals also come mixed with various other sounds and noises-the AC running, dogs barking, or
wind blowing. A great many of these sounds share acoustic properties with speech sounds. For instance, the first sound in a word like
"sin" is no different than the hissing of a snake. For a baby, this creates a peculiar problem, often called "framing", that continues to
be a central topic in cognitive science.

Consider a noise-isolating microphone: it can separate speech from background noise only because it has been engineered with a built-
in system-a set of pre-programmed filters-that distinguishes between the two. The human infant, lacking any such manual programming,
must nevertheless solve the same problem. This means the child must be born with some neurobiological endowment that can parse and
separate language-related sounds from the broader acoustic environment.

Once the child has identified that a stretch of sound counts as a word, a second, even deeper problem emerges:
how those words relate to each other.

A child acquiring a language must first be able to tell which sounds are language-related, and then having identified a stream be able
to decide what counts as a suitable "chunk"-in this case, words and syllables-for interpretation. Exactly the same problem recurs in sign
languages, where the visua input is continuous, lacking segmentation markers. The learner's mind must possess some parsing strategy
that is capable of chunking continuous signals into the right-sized discrete chunks that form our percepts.

LLMs do not face this problem. Their input is already segmented into tokens-words or sub-word units separated by boundary markers.
The world arrives pre-structured for the machine. The child must construct structure from noise.

Once the child has identified that a stretch of sound counts as a word, a second, even deeper problem emerges. how those words relate
to each other. And here, the difference between the child and the machine becomes even more striking.

Human language is not merely a sequence of words; it is organised hierarchically. Sentences consist of nested structures-phrases within
phrases-and meaning depends on these relationships. Imagine a necklace: each bead follows the next in a simple line. That is how
LLMs see language-as a string.

But human language is more like a tree, with branches that split and nest inside one another. Consider the sentence: "The chicken is
ready to eat." As noted in classic work by Thomas G. Bever (1970), this sentence has two interpretations. It could mean that the
chicken is about to eat something (perhaps some grain), or that it is ready to be eaten (cooked and on a plate). The words and their
order are identical. What differs is the underlying structure-specifically, how the noun phrase "the chicken" relates to the verb "eat".
The reader can easily think of comparanda from their native tongues.

The contrast is illustrated in Figure 1. Look at the left side of the diagram. Here, "the chicken" is the subject of "to eat"-the chicken is
the one doing the eating. Now look at the right side. Here, "the chicken" is the object (or patient) of "to eat"-the chicken is the one
being eaten. The diagram shows this difference using tree-like structures: in one case, the chicken sits above the action as its agent; in
the other, it sits below the action as its recipient.
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ONE SENTENCE, TWO STRUCTURES

The sentence: The chicken is ready to eat.

Chicken will be eaten
(object / passive-like reading)
“The chicken” is the
object (patient)
of "to eat”.

It is the one that
is eaten.

€= = chicken is the agent 4=~ = chicken s the patient
{performer) of “eat” eat : (undergoer) of "eat”

Identical word sequences can encode different hierarchical structures. Interpretation depends on structure, not order.

The words never move. Only the invisible grammatical tree changes. A five-year-old child hearing this sentence in context will know
immediately who is eating whom. That is because the human brain is hardwired to parse language hierarchically-to build trees, not just
strings. LLMs can approximate some distinctions through statistical patterns-for example, they might learn that "chicken" is often
associated with "eat" in two different ways-but they have no principled, built-in constraint that forces one interpretation over the other
based on grammatical structure.

This is why the human brain's predictions are chunked by grammatical constituents (phrases and clauses), while LLM predictions are
uniform across the entire sequence. The brain builds a tree first. The LLM sees only the next token. Merely increasing the number of
tokens visible cannot solve this problem (Marcus 2025).

If language is this complex, with hidden trees and discourse-level dependencies, how do children ever figure it out
from the messy, noisy speech they hear?

But hierarchy does not stop at the sentence boundary. Consider two short passages. First: "The white rabbit jumped from behind the
bushes. The anima looked around and then he ran away." Here, "the white rabbit", "the anima", and "he" are al the same creature.
Now reverse the order: "The animal looked around and then he ran away. The white rabbit jumped from behind the bushes." Human
interpretation shifts. Human readers now treat "the anima" and "the white rabbit" as different entities.

The order of mention changes how we assign reference-not because of word proximity, but because humans track how entities are
introduced and maintained in discourse structure. LLMs performance on these remain unreliable because they lack the underlying
structured representations that make human reference tracking reliable.

This brings us to a deeper puzzlewhat Noam Chomsky calls Plato's Problem. If language is this complex, with hidden trees and
discourse-level dependencies, how do children ever figure it out from the messy, noisy speech they hear?

Consider the facts. A child does not hear billions of clean sentences. She hears fragments, interruptions, and incomplete utterances.
Correction is rare and rarely grammatical. Yet, within a few years, she converges on systematic grammars. This gap between
impoverished input and rich knowledge is known as the poverty of the stimulus.

Take a simple example. From "The boy is hungry", a child forms "Is the boy hungry?'-moving the auxiliary "is' to the front. Now
take "The boy who is running is hungry". The correct question is "Is the boy who is running hungry?'-the second "is' moves, not the

first. A rule based purely on linear order ("move the first 'is") would fail.

Children nevertheless produce the correct form, relying on structural principles that distinguish main clauses from embedded clauses-
even though no one ever teaches them this rule. Figure 2 illustrates this gap: from noisy, incomplete data on the left, children arrive at
constrained, hierarchical knowledge on the right.

a INPUT: What a child hears FROM NOISY INPUT TO PRECISE GRAMMAR OUTPUT: What the child knows by ~ age 5
j— ~
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This gap between data and knawledge s the poverty of the stimulus.

The emergence of Nicaraguan Sign Language-created spontaneously by deaf children without any prior linguistic model-drives the point
home (Senghas and Coppola 2001). The human brain does not merely learn language from input; it actively constructs it under internal,
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biological constraints (Lenneberg 1967; Hauser et a. 2002; Berwick and Chomsky 2016).

The distinction between human and machine learning becomes even sharper when we ask the question, "What is an impossible natural
language?'. Research in biolinguistics has systematically characterised the kinds of hierarchical syntax that constrains the scope of
possible human languages under Universal Grammar, or the Faculty of Language (Chomsky 1986; Hauser et a. 2002; Berwick and
Chomsky 2016).

Andrea Moro has spent decades conducting experiments in which participants are exposed to artificial "languages' based on linear
counting rules rather than hierarchical structure seen in Natural Languages (Moro 2008). Neuroimaging studies show that when
participants attempt to learn these systems, the brain's language areas-including Brocas area-are not engaged (Moro 2008). Instead,
regions associated with general problem-solving are activated (Musso et al. 2003), as illustrated by Figure 3.

LARGE LANGUAGE MODEL (LLM)

HUMAN BRAIN
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Linear counting rule R
{"mave the third word s
1o the front”)

Only hierarchical, natural language engages the brain's language circuitry.

General system: no distinction betwesn language and non-language

Hierarchical language ® ®
(natral, strctured) e BRA AR AR p | Leams statistical
O O< %é O e 18] regularities

TEEOCLL O o
Uinear counting o OB RN O — ([t
(“mave the third word = === >| O

to the front™) Statistical sequence learner

(Trained to predict the next token)
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The same training signal helps with both.

Moro's findings reveal a negative constraint: certain logically possible patterns are excluded from the human language faculty. Likewise,
a recent large-scale study by Verkerk and colleagues (2025) provides evidence for positive constraints-patterns that recur across
unrelated languages despite vast geographic and historical separation. Using Bayesian spatio-phylogenetic methods on more than 1,700
languages, the researchers found that linguistic patterns are not random; they have evolved repeatedly across language families,
suggesting that shared cognitive and communicative pressures push human languages towards a limited set of preferred grammatical
solutions.

Converging evidence from multiple disciplines point to the same conclusion: the human brain does not learn just any statistical pattern.
It is born with a biological filter that permits only certain kinds of grammatical systems-and actively gravitates towards them.

None of this diminishes the engineering achievement of modern Al. LLMs assist with writing, summarisation, and coding-their
usefulness is undeniable. But usefulness is not understanding. The confusion arises because fluent output invites anthropomorphic
interpretation.

We are accustomed to associating well-formed language with intelligence. Yet, scientific evidence shows that even in the narrow task of
next-word prediction, humans and machines operate differently. Humans build structure first and predict within it. LLMs predict
continuously across sequences.

The deeper issue is not whether LLMs use structure at all-they can at times approximate it-but whether structure constrains what they
can learn. Natura language is not just structured; it is selectively structured. Not all logically possible systems count as language, and
human learners converge on a restricted subset despite limited data.

LLMs, by contrast, are unconstrained statistical learners. They cannot distinguish, in principle, between natural language and arbitrary
patterns. As Chomsky has repeatedly argued, any improvement in an LLM's performance on natural language is accompanied by a
corresponding improvement in its ability to learn arbitrary, non-linguistic sequences (Chomsky 2023).

We insist, however, that usefulness and pedagogical equivalence are different claims, and conflating them carries
costs specific to multilingual contexts.

These distinctions are not confined to a disciplinary quarrel between cognitive scientists and LLM engineers; they bear directly on how
a multilingual society like India should think about deploying LLMs in education and policy. Consider the optimistic case often made
for Al tutors in under-resourced schools. a cheap, scalable system that can teach English, or help a child practice Hindi or Tamil,
regardless of whether it "understands' anything.

We do not deny that such tools can be useful. We insist, however, that usefulness and pedagogical equivalence are different claims, and
conflating them carries costs specific to multilingual contexts.
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A child acquiring Tamil at home and English at school is not running two instances of the same statistical learner on two different
corpora. Each language is parsed through the same biologically fixed hierarchical architecture, alowing children to effortlessly transfer
abstract structural knowledge, such as word-order constraints, agreement patterns, and embedding, across languages they are exposed to,
even when the surface vocabulary differs completely.

An LLM-based tutor, by contrast, treats each language as a separate statistical distribution; whatever "transfer” it exhibits is itself a
statistical artefact of overlapping training data, not a structural generaisation. For languages with thin digital corpora, which describes
most of India's scheduled languages besides Hindi, Bengali, and a handful of others, this means LLM performance will degrade in ways
that have nothing to do with the inherent learnability of those languages for a human child. Policymakers should not read "the model
struggles with Santali" as "Santali is hard to learn" or "Santali speakers need more remediation”.

The same caution applies to the broader claim that it does not matter whether LLMs think, so long as they can solve mathematical
problems, debug code, or judge a sentence's grammaticality as well as a trained linguist. A recent evauation of OpenAl's 03 model
found that it fails precisely these structural judgements (Murphy et al. 2025).

Presented with Escher sentences such as "Fewer athletes have been to Beijing than | have', syntactically well-formed but semantically
incoherent, the model judged them acceptable, attributing the anomaly to ellipsis; it showed a paralel falure with centre-embedded
sentences missing a verb, and could not reliably generate an ungrammatical sentence even when asked to do so directly (Murphy et al.
2025). These are exactly the judgements an Al tutor must make when training a second-language learner, and a system that cannot
distinguish grammatical from ungrammatical strings is a poor candidate for this position (Murphy et al. 2025; Dentella et a. 2024).

Even in mathematics, Al output still needs human expertise to finish, a gap Marcus traces to next-token prediction’s
lack of algebraic structure, pointing towards neuro-symbolic models instead.

Gary Marcus has long argued that the problem is not limited to Natural Language, and stems from the limits of next-token statistics
itself. In October 2025, OpenAl claimed GPT-5 had "found solutions to ten previously unsolved Erd?s problems’, a claim retracted
after mathematician Thomas Bloom showed the model had merely surfaced existing published solutions, with an OpenAl researcher
conceding that "only solutions in the literature were found" (TechCrunch 20253): a literature search, not novel reasoning.

A later May 2026 claim that an OpenAl model had disproved Erd?s's unit-distance conjecture turned out to have similar caveats, with
Bloom writing that the Al's "success here echoes previous achievements: it often produces the most surprising results by persevering
down the paths that a human may have dismissed as not worth their time to explore, combining superhuman levels of patience with
familiarity with a vast array of technical machinery”. Even then, professional mathematicians verified, refined, and completed the proof
(The Conversation 2026; TechCrunch 2026).

Even in mathematics, Al output still needs human expertise to finish, a gap Marcus traces to next-token prediction's lack of algebraic
structure, pointing towards neuro-symbolic models instead (Marcus 2001, 2024).

So, the next time your phone suggests a word, it is worth appreciating the engineering behind it. But it is not necessary to wonder
whether it thinks like you do. Human language begins in noise and ambiguity. It requires discovering words, building hierarchical trees,
and tracking discourse across sentences-all under severe informational constraints. It is shaped by a biological symbol-manipulation
system that determines not only what can be learned, but also what cannot.

LLMs operate differently. They process pre-structured text, learn from vast datasets, and optimise statistical predictions without an
inherent boundary between language and non-language. Language in human beings is not a flat string but an algebraic, symbol-
manipulating system, structured, constrained, biologically grounded. Recognising this difference sharpens our understanding of both Al
and ourselves.

Sayantan Mandal is a biolinguist and evolutionary psychologist at Krea University, specializing the evolution of and biological roots of
human ability for natural language.

Rakesh Sengupta is a cognitive neuroscientist at Krea with expertise in vision, working memory, brain-computer interface devices and
deep learning.
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