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The current generation of large language models
(LLMs) has been linked to claims about human-
like linguistic performance, and their applications
are hailed both as a step towards artificial general
intelligence and as a major advance in understanding
the cognitive and even neural basis of human
language. To assess these claims, first, we analysed
the contribution of LLMs as theoretically informative
representations of a target cognitive system versus
atheoretical mechanistic tools. Second, we evaluated
the models’ ability to see the bigger picture through
top-down feedback from higher levels of processing,
which requires grounding in previous expectations
and past world experience. We hypothesize that since
models lack grounded cognition, they cannot take
advantage of these features and instead solely rely
on fixed associations between represented words and
word vectors. To assess this, we ran a novel leet
task (l33t t4sk), which requires decoding sentences in
which letters are systematically replaced by numbers.
In line with our hypothesis, the results suggest
that humans excel in this task, whereas models
struggle. We interpret these results by identifying the
key abilities that are still missing from the current
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state of development of these models, which require solutions that go beyond increased
system scaling.

This article is part of the theme issue ‘World models in natural and artificial intelligence’.

1. Introduction
Recent advances in artificial intelligence (AI) have given rise to many applications that have
captured the public imagination (e.g. ChatGPT, DALL·E, DeepSeek, Imagen). These applica-
tions can create realistic images and/or synthetic language, based on textual prompts. This dual
ability to process natural language and produce synthetic language that looks remarkably like
that of humans has given rise to claims that AI has passed the language threshold. Some AI
applications have been linked to claims of passing the Turing test [1], of showing human-like
understanding and sentience [2] and of being able to extrapolate the morphophonological rules
of natural language in a way that can be compared with language learning by children [3].

Yet, good tools are not synonymous with good models that provide faithful representations
of the target system. In general terms, models aim to capture some aspects of a target system
with the aim of helping construct a theory of it. For this to happen, the models need to be
reliable and transparent representations of the target system. Given their stochastic nature
[4], at present, it is not yet clear what large language models (LLMs) can tell us about
human language [5]. Indeed, some researchers prefer the term ‘corpus models’, removing
any association with language [6]. Observing effects and statistical distributions in the model
outputs is not informative about language ipso facto, an effect is something that waits for an
explanation, not explanation itself [7]. What is lacking from the picture is a clear definition of
the research questions (RQs) that link the models to the system they seek to represent: what
properties of language are we aiming to explain through LLMs, and what theory are we putting
to the test?

Contemporary language models are typically differentiable functions with transformer
architectures trained on text, in large quantities, for next-word prediction and are optionally
also trained with reinforcement learning from human feedback. In this work, we demonstrate
that modern language models do not possess full linguistic competence (i.e. the computational
capacity or understanding required to parse human-like syntactic structures), and we offer
explanations as to why they inescapably deviate in substantial ways from the real-world system
they seek to represent. Specifically, we identify and analyse two empirical challenges, related to
linguistic form, that render artificial LLMs and foundation models non-credible representations
of human language. One challenge concerns the methods and standards we currently have
for evaluating the performance of LLMs, while the second challenge boils down to how these
models manipulate data. While some challenges brought to the fore by the inaccurate use
and/or evaluation of LLMs can be linked to serious societal risks (e.g. plausible misinforma-
tion, magnification of harmful biases that exist in the training data [8]), all of them together
support a view of LLMs as largely impenetrable black-box systems that produce linguistic
behaviour that is still markedly different from that of humans. Given that most of these
systems lack transparency in terms of what is being represented and how [9], it is not always
feasible to either associate their target linguistic behaviour with successful language learning or
attribute their deviating characteristics to one of their components (e.g. non-inclusive training
data, engineered biases, the process of transforming word vectors into next-word predictions).
Overall, tracking the ways in which such systems deviate from the real-world system they seek
to model can guide and possibly constrain our expectations of them as well as the RQs the field
thinks they can address.

The claim that a model accurately captures a target phenomenon—such as the claim that
LLMs have human-like language abilities—implies an exact match between model predictions
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and real-world data. In this context, evaluations of LLMs against their real-world counterparts
have given rise to a paradox: LLMs are supposed to model human language, but state-of-the-
art AI performance on benchmarks allegedly shows abilities that have surpassed those of
humans, while at the same time failing to provide accurate responses in very basic language
understanding tasks. Both these states (of over- and under-performing) undermine the claim of
human-likeness. Figure 1 illustrates the problem, citing the notion of ‘above 100%’ language
performance.

Contrary to what it seems, figure 1A does not show the acceleration of AI in figuring
out natural language. It rather reveals a deep problem that concerns the absence of robust
standards of evaluation to determine the linguistic abilities of LLMs. Leaving aside that it is
unclear what accuracy measurements are possible above the 100% threshold in any language
task, there is no index for ‘language understanding’ as a general cognitive ability; the term
means different things in different contexts. More importantly, this estimate that endows LLMs
with suprahuman language abilities relies on a dubious comparison between the model and
the real-world system, because performing well at any single task that involves some form
of language understanding (e.g. answering logic questions in the law school admission tests
(LSATs)) does not entail the possession of human-like language understanding, similar to how
the conditional in example (1a) does not entail that a clock that shows the correct time works
fine.

(1a) If a clock shows the correct time, then it works fine, (P → Q).
The clock on the wall shows the correct time, (P).
Therefore, the clock on the wall works fine, (⊢ Q).

(1b) If an LLM shows accuracy levels equal to those of humans in a language task, then it
has human-like language understanding, (P → Q).
This LLM shows accuracy levels equal to those of humans in a language task, (P).
Therefore, this LLM has human-like language understanding, (⊢ Q).

(1c) If a clock works fine, then it shows the correct time, (P → Q).
This clock shows the correct time, (Q).
Therefore, this clock works fine, (⊢ P).

As Guest & Martin [11] argue, such analogies, although seemingly sensible, are in fact
unfounded, because they reverse the order of the argument (reversing the conditional in
example (1a) converts it into an example of correct reasoning: if a clock works fine, then it
shows the correct time). After reversing the order (1c), the second problem lies in the connection
of the consequent with the antecedent. In (1c), nothing precludes the possibility that there
are other conditions that legitimize the consequents. For instance, the clock may be broken
and show the correct time at some point. Similarly, LLMs may not understand language and
show at-ceiling accuracy in a language understanding task, owing to chance or engineered
biases (e.g. if an LLM suffers from a yes-response bias, testing it in a task that asks whether
sentences are grammatically correct will give us an inflated estimate of accuracy, if we employ
only grammatical sentences [12]). Succinctly put, the fact that P may have occurred does not
legitimize one cause over others. Consequently, if upon observing the ceiling LLM accuracy
in a language task, instead of claiming that a model performed well, we infer that it has
human-like linguistic behaviour (or even surpasses the human limits), we have slipped into
faulty reasoning. This is one of the standard caveats one needs to keep in mind when evaluating
the cognitive abilities of LLMs [13]. As Parnas [14] put it, artificial flowers may appear much
like real flowers, but superficial similarity does not entail system equivalence. Just as a picture
of artificial flowers that look real does not entail that artificial flowers are (like) real flowers, a
snapshot of LLM results (figure 1A) that look as accurate as humans does not entail that LLM
linguistic behaviour is human(-like).
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So why do they look like human results? While there are language tasks that models may
perform better than humans (e.g. naming tasks with strict time constraints), we argue that this
apparent paradox is also nurtured by the weak standards of evaluation that are often employed
to determine the language abilities of LLMs ([13,15]; see also [16]). For example, if we run
an extremely easy task that asks to passivize sentences such as ‘Mary loves John’, it is likely
that LLMs will return accurate results (although LLMs have occasionally failed to perform like
humans in equally easy tasks [12,17]. Is this enough ground for concluding that they have
acquired the syntactic rules that govern passive formation? Figure 1B suggests that the answer
is negative. The error given in figure 1B is not one a neurotypical, adult speaker of English
would consistently commit. While humans are not infallible in language tasks, their performance
in answering this question is expected to be associated with a very low rate of error, which
typically boils down to physical factors such as pressing the wrong button to register a reply
when taking the task or a temporary distraction. The crux of the matter is that when defending
the claim that LLMs have human-like language understanding, finding a failure shows that the
model cannot reason reliably, and this unreliability cannot be due to the same physical factors
that make humans occasionally err. It is for this reason that comparative research of humans
and models has found big differences in the performance of the two agents, with models not
only being outperformed by humans but also committing distinctly non-human errors [12,17].

LLMs are trained on thousands of scientific papers, and this can explain their good
performance in certain standardized tests (e.g. LSATs: they are curves fitted to a data distribu-
tion). At the same time, memorizing task answers does not entail grasping either the meaning
of words or the real-world conditions that guide their use in different contexts. Humans can do
that, using top-down processing; a cognitive ability to grasp the ‘whole picture’ before focusing
on the individual parts of which it is constructed. Top-down feedback from higher levels
of processing requires grounding in previous expectations, past world experience, sensory
information and emotions [18]. We hypothesize that since LLMs lack grounded cognition,
they cannot take advantage of these features and, instead, they solely rely on fixed associa-
tions between represented words and word vectors. Consequently, they will not perform as
accurately as humans in a task that recruits this ability.

To evaluate this hypothesis, a promising domain of testing that has not been previously
explored in the context of LLMs concerns ‘leetspeak’, also known as l33t or 1337. This writing
practice refers to a type of written communication with modified spelling, which is often used
on the Internet. Letters are replaced by (similar-looking) numbers or other symbols, aiming
to make the text harder to decipher so as to gatekeep a group’s identity and prevent it from
being discovered via automatic surveillance methods (e.g. keyword search). Since its purpose
was to conceal identities, leet is ‘an ever-changing language deliberately intended to obfuscate
and evade grokking and detection’ [19]. Interestingly, leet is specifically targeted at preventing

Figure 1. The humans versus LLM language paradox. (A) A dubious estimate of language understanding abilities in humans
versus LLMs, reporting suprahuman abilities for LLMs (data from [10]). (B) The GPT-3.5 performance in a simple prompt
that tests understanding of passive structures; 0% on the y-axis denotes baseline performance. Language understanding in
(A) denotes the general language understanding evaluation (GLUE) benchmark.
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machinized message detection: humans can process leet words (e.g. HUM4NS C4N RE4D THIS)
almost as fast and effortlessly as their base words (i.e. HUMANS CAN READ THIS). The
predominant interpretation of this phenomenon is that the human cognitive parser tolerates
some degree of ‘noise’ in word recognition, relying on top-down feedback from higher levels of
processing [20,21]. This makes leet an ideal test case for the language skills of modern machine
algorithms.

To assess whether LLMs have access to top-down feedback that could assist them in
accurately decoding words based on their previous knowledge about how these words are
used in the real world, a novel leet task was designed. The RQs behind this experiment are as
follows: (RQ1, accuracy) Are humans and LLMs equally accurate in decoding leet code? (RQ2,
reasoning) If target decoding occurs, are humans and LLMs equally accurate in spelling out the
substitutions that lead to the target answer? Our hypothesis is that humans will outperform
models in both measures. The reason is that models, unlike humans, learn language in a
highly delimited way, through access to vast collections of text that enable the establishment of
regularities over form, but not necessarily over meaning (semantics) and its larger embedding
into discourse (pragmatics). To give a concrete example, while an LLM can produce the word
‘tickle’, it lacks a grounded understanding of it that is equal to that of a human [22]. Since
leetspeak alters precisely the form—the very essence of LLM training—but not the meaning, we
predict that humans, but not models, can benefit from a firm embedding of (the altered) words
to discourse-sensitive, world-grounded concepts, leading to differences in decoding success.

This study was conducted in a two-step format. In the first experiment, we exploratorily
identified the best-performing LLM out of a selection of candidates to ensure that our results
are not dependent on LLM quality and hold for the most capable models. In the second
experiment, we conduct a rigorous statistical comparison between humans and this best-per-
forming model. The task, all collected datasets and the code used to run the analyses are
available at OSF (osf.io/nuvh8/?view_only=81f2d52c74ac44528f52d99b9fb44023).

2. Experiment 1: model comparison
(a) Methods
Twenty-four prompts with leet words were created featuring a 2 × 2 design. Two or three
letters were substituted for numbers across either all function words or all content words of the
prompt. Thus, the first independent variable concerns the number of substitutions (two levels:
low versus high for two-letter versus three-letter substitutions, respectively), while the second
independent variable concerns the place of substitutions (two levels: content words versus
function words). Each combination of factor levels has six different prompts. This design aimed
to determine in an exploratory way whether there is a difference in decoding content versus
function words in humans versus LLMs, and whether increasing the number of substitutions
affects accuracy.

The task was administered to six different LLMs: GPT-3.5 [23], ChatGPT-4o [24], Llama2
[25], Falcon [26], Gemini 1.0 [27] and Zephyr [28]. All LLMs were tested between November
2023 and January 2024, except for ChatGPT-4o, which was tested between June and July 2024.
They were tested through the interface of either OpenAI, Google or Hugging Face. The prompts
provided to the LLMs were all as follows: ‘I will ask you to tell me what the sentence says and
what substitutions you did to determine this. There are two rules: 1. If a letter is substituted by
a number, the same letter won’t be substituted by a different number within the same sentence.
2. If a substitution of a letter with a number takes place, it will always be one-to-one (one letter
replaced by one number)’.

The results were coded in terms of accuracy and reasoning: 1 if the sentence was decoded
correctly (e.g. HUMANS CAN READ THIS for HUM4NS C4N RE4D THIS), 0 if not. Reasoning
was coded as 1 if the target substitution was provided (i.e. 4 = A in the previous example), and
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as 0 if it was missing. Any variant of presenting the target substitution (e.g. 4 = A, A = 4, 4
stands for A, A has been replaced by 4, etc.) was counted as correct. If the decoding was correct
and the explanation was correct but incomplete (e.g. two out of three substitutions were spelled
out while the decoded sentence correctly featured all three), both reasoning and accuracy were
counted as accurate. This was done to give the models the benefit of the doubt, as their answers
were often correct but their explanations were incomplete.

(b) Results 
Results are reported separately for accuracy (RQ1) and reasoning, which refers to the justification
of substitutions (RQ2). In this first experiment, we conduct a descriptive analysis to identify
the best-performing LLM out of the six different models we examined here. The performance—
both in terms of accuracy and reasoning—for all models is listed in table 1. As can be seen in
table 1, there are substantial differences between models in both variables, with ChatGPT-4o
performing best in both cases. Generally, accuracy is higher than reasoning, indicating that
often the LLMs do not correctly explain their behaviour.

3. Experiment 2: direct comparison between humans and ChatGPT-4o
Having determined that ChatGPT-4o is the best-performing model, we performed a second set
of analyses comparing the responses of this model to human responses.

(a) Methods
The 50 tested humans (24 self-identified as male and 26 as female; meanage = 43.9 years; s.d.age
= 14.8 years) were recruited through the crowdsourcing platform Prolific, and all participants
self-identified as native speakers of English with no history of neurocognitive impairments.
The experiment was carried out in accordance with the Declaration of Helsinki and was
approved by the ethics committee of the Department of Psychology at Humboldt-Universität
zu Berlin (application 2020-47). All participants provided written informed consent prior to
their participation in the experiment. As instructions, the human participants received the same
prompts we provided to the LLMs. The human data were compared to a new set of data
obtained from iterative testing of ChatGPT-4o alone. The same set of 24 prompts was run
with ChatGPT-4o 20 times. Each prompt appeared once per testing session. After each session,
the user logged off and reconnected. The temporary chat option was enabled to prevent the
material from previous testing sessions from being used to train the models, hence possibly
affecting the results. In this setting, each session is taken as a ‘pseudo-participant’.

The same coding process described in experiment 1 was followed for humans and models. A
small number of humans occasionally did not spell out their substitutions. They often decoded
the prompt correctly, but instead of providing the target substitutions, they gave explanations
such as ‘It is obvious what the sentence says’, ‘Very easy to read’ or ‘The words jumped out’.
These answers were not removed from the analysis; they were instead coded as incorrect in
terms of reasoning, thus holding humans accountable to the same rigorous standards as LLMs.

(b) Results
Generalized linear mixed-effect models (GLMMs) are used to analyse the data, using the lme4
[29] and lmerTest [30] packages in R. We refer to each of the 50 individual human participants
and each of the 20 testing sessions for ChatGPT-4o as one individual ‘agent’, and to the ‘human
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versus ChatGPT-4o’ factor as ‘type’. All GLMMs reported here are estimated on trial-level data
and include random intercepts for agents nested within type, as well as random intercepts for
the 24 items.

(i) Accuracy

In a model that contains a ‘type’ main effect (with ‘human’ serving as the reference category)
in addition to these random effects, this ‘type’ main effect is significant (β = −2.35, z = −8.47,
p < 0.001), indicating a significantly lower accuracy of ChatGPT-4o. Notably, the accuracy rate
of ChatGPT-4o is identical to the smaller-scale dataset in experiment 1 (mean = 0.791), while
the average human accuracy is almost at ceiling (mean = 0.959). Further likelihood-ratio tests
indicate that the additional inclusion of main effects for ‘number of substitutions’ and ‘place
of substitutions’ (henceforth, ‘number’ and ‘place’) is not statistically justified (p = 0.064 and
p = 0.968, respectively). The same holds for an interaction between ‘place’ and ‘type’ (p =
0.319). While the task design aimed to determine whether there is a difference in decoding
content versus function words in humans versus LLMs, our results suggest that the place of
substitutions does not affect performance, neither for humans nor for ChatGPT-4o. However,
we observe a significant interaction between ‘number’ and ‘type’ (χ2(2) = 14.996, p < 0.001):
As can be seen in figure 2A, human accuracy is not affected by number (β = −0.48, z = −0.59,
p = 0.554). On the other hand, ChatGPT-4o already performs worse than humans for the low
number condition (β = −1.27, z = −3.11, p = 0.002), and this difference is even more pronounced in
the high number condition (β = −1.58, z = −3.42, p = 0.001).

(ii) Reasoning

Following the same testing procedure as described for the accuracy analysis, we first observed
a general difference (β = −3.19, z = −6.04, p = 0.001) between humans, who again perform
nearly at ceiling (mean = 0.897), and ChatGPT-4o (mean = 0.565). The additional likelihood-ratio
tests only indicate a further significant main effect of number (χ2(2) = 6.660, p = 0.010), but no
significant main effect of place (p = 0.265) and no further interaction (ps > 0.258); see figure 2B.

4. Discussion
Our results provide an answer to RQ1 that supports our hypothesis that humans and mod-
els are not equally accurate in decoding leetspeak. Humans perform almost at ceiling; this
performance can be explained by access to feedback from top-down processing [20]. By virtue
of being guided by semantic and pragmatic principles of language use, as well as low-level
processes of pattern-matching and recognition, humans recognize the base form of leet words

Table 1. LLM performance in terms of accuracy and reasoning.

LLM accuracy reasoning

ChatGPT-4o 0.791 0.541

ChatGPT-3.5 0.708 0.416

Falcon 0.541 0.000

Gemini 0.416 0.083

Zephyr 0.083 0.000

Llama2 0.041 0.000
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and can easily decode them. On the other hand, LLMs as a class perform considerably worse
(table 1), and even the best-performing models are considerably below the human threshold.
At the same time, the best-performing model, ChatGPT-4o, performs very well (figure 2A),
especially when the base sentence is easily recognizable owing to the low number of substitu-
tions. This suggests that when disturbances in the form are kept at a minimum, ChatGPT-4o
can recognize the base words and subsequently decode leetspeak with reasonable success
that approximates the human threshold. However, ChatGPT-4o’s performance rapidly declines
when the number of substitutions increases from two to just three-letters, which is not the case
for human responses. This difference may be taken to suggest that humans approach the task
in a way that is not sensitive to form alone; hence, pronounced disturbances in the form do not
significantly affect their accuracy rate.

The observed differences between humans and LLMs become more pronounced when it
comes to reasoning about decoding. Thus, RQ2 receives a negative answer: Humans and
LLMs are not equally accurate in spelling out the substitutions that lead to the correct
answer. Humans are significantly better than all the tested LLMs, and only ChatGPT-3.5
and ChatGPT-4o show a reasonable performance (table 1). Still, as figure 2B shows, even the
best-performing model, ChatGPT-4o, shows a reasoning ability that is markedly different from
that of humans.

Quantitative differences aside, some of the raw replies of the models reveal a profound
lack of a grasp of the real-world conditions that govern the use of the words they employ. For
example, 46/50 humans decoded the first prompt ‘C8t0 orang8tan is availabl0 for sal0’ correctly
(i.e. ‘Cute orangutan is available for sale’). Even their incorrect answers are reasonable. For
instance, one of the incorrect answers given by a human was ‘Cute orangatan is available for
sale’. This answer was coded as inaccurate, but it still makes sense in the context of what is
being asked. The answer Llama2 gave to the same prompt is ‘Eight ten orange available salary’.
Upon following up with the model on whether this decoding makes sense, it responded, ‘Yes,
the decoded sentence ‘Eight ten orange available salary’ makes perfect sense to me. It means
that there is an orange fruit available for salary purposes, which could refer to various things
such as payment for work done, compensation for services rendered, etc.’ This type of answer is
not found in human replies, pointing to a difference in kind between the two agents. In another
instance, the prompt ‘R08 f0rg0t his 800ks at sch00l’ (‘Rob forgot his books at school’) was
decoded by Llama2 as ‘Eighteen eighteen forgot his eight thousand kisses at school’, and the
prompt ‘3e resigned 3is job wi23o92 any warning’ (‘He resigned his job without any warning’)
as ‘Eight eighteen resigned seventeen this eight twenty-one any ten warning’. Upon being asked
whether the latter makes sense, the model replied, ‘Yes, the decoded sentence makes sense
to me. It appears to be a grammatically correct senment 1: Modtence in English, although it
may not be a particularly clear or coherent sentence. Here’s the decoded sentence again: Eight

Figure 2. (A) Accuracy by type (human versus ChatGPT-4o) and number (low: 2 letter substitutions, high: 3 letter
substitutions). (B) Reasoning by type and number.
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eighteen resigned seventeen this eight twenty-one any ten warning. This sentence suggests that
someone resigned from their job 18 months ago, and now they are warning someone else about
something. However, the sentence is quite long and complex, and it’s not immediately clear
what the topic of the sentence is or what the warning is about’. Based on these answers, it does
not seem to be the case that the tested models are capable of deliberate multi-step reasoning
that is coherent with the rules that govern the use of these words in the real world. This is a
hallmark capacity of human language: to decode linear strings into hierarchical representations
affording fixed semantic interpretations [31–34]. In this context, certain linguistic frameworks
(e.g. generative linguistics) view the build-up of syntactic structure as the core property of
language [31,35,36]. Syntactic structures are then mapped to the sensori-motor (SM) system
for production and perception as well as to the conceptual-intensional (CI) system for thought
and conceptual structure. From this perspective, language essentially mediates between the CI
and the SM system. One could form the hypothesis that LLMs lack a solid mapping to the
CI system, in line also with non-generative approaches to the linguistic abilities of LLMs that
endow models with target formal linguistic competence (i.e. knowledge of rules), but spotty
functional linguistic competence (i.e. knowledge of how to use language in the real world [37]).

One model that stands out in terms of its high accuracy (at least for items with a low number
of substitutions) is ChatGPT-4o, possibly suggesting that newer models are better approximat-
ing human-level understanding of language, at least in terms of accuracy [38]. Precisely because
its accuracy is high, but its reasoning is lower (figure 2), ChatGPT-4o also stands out in terms
of showing an accuracy–reasoning mismatch: The target base words may be correctly recovered,
but when asked to spell out the process of decoding, the model often fails. For example, in
one of the cases that ChatGPT-4o decoded ‘C8t0 orang8tan is availabl0 for sal0’ correctly, it
listed the performed substitutions as ‘a->8, o->0, e->9, i->0, o->0’. Leaving aside the hallucinated
numbers (i.e. there is no 9 in the leet form) and the paradox of 0 being decoded as both i and o
(i.e. which goes against the rules that the model was given, and which it correctly understood
and successfully applied in other sentences and/or testing sessions), if we back-translate the
remaining proposed substitutions, we get ‘Cato orangatan is available for sale’. The incorrect
decoding of ‘cute’ as ‘cato’ was found in other testing sessions, but crucially not in the one
from which this example is taken. In this session, we observe an accuracy–reasoning mismatch,
whereby the target answer ‘cute’ is combined with a reasoning that does not lead to it.

This opens two possibilities: either the model arrives at the target answer without having
found the target substitutions, or it has found the target substitutions that led to correct
decoding, but it cannot list them. The second possibility seems harder to defend: as table 1
shows, ChatGPT-4o can list target substitutions more often than not. What prevents it from
consistently listing its substitutions, as in this case, where it clearly has found the target answer?
It excels in providing lists, and in fact, it does provide a list of substitutions in this case too,
so the nature of the problem does not seem to lie in the ability to list itself. This leads us to
consider the first possibility: the target decoding is somehow given, even if the model has not
correctly identified the substitutions that lead to it. How does the model arrive at the target
answer then? The answer is unclear to us, echoing Mitchell & Krakauer [22, p. 1]: ‘How LLMs
perform these feats remains mysterious for lay people and scientists alike. The inner work-
ings of these networks are largely opaque; even the researchers building them have limited
intuitions about systems of such scale’. One possible answer is that the models simply provide
a probable answer, owing to their design, but there was never any reasoning to begin with.
However, we also acknowledge that this claim should be further substantiated with empirical
evidence from a broader range of cognitive benchmarks, such as symbolic reasoning or logical
deduction tasks. The narrow domain of our testing limits our support for this conclusion (and
it is possible that chain-of-thought prompting may further enhance LLM performance [39]),
although we do find some preliminary evidence for it.

Overall, our results show that models do not perform like humans in the present leetspeak
task. Apart from quantitative differences, we find an accuracy–reasoning mismatch that makes
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the models’ performance hard to describe as human-like, even in the light of the admittedly
high accuracy of ChatGPT-4o. In this context, despite claims about suprahuman LLM perform-
ance in language tasks (figure 1), our results from a leet-decoding task seem to support those
voices that have called for caution and terminological precision, arguing that LLMs are unable
to master meaning [40] or to perform even basic syntactic processes that humans typically
acquire early on [41,42]. Difficulties in these domains are directly related to issues of reliability,
bringing to the fore the second challenge mentioned in §1: LLMs are often unreliable because
they deal with the target system (i.e. human language) in a way that is not grounded in
real-world conditions or a cognitively plausible architecture for semantic processing [43].

To be more precise, in our view, the source of the low LLM performance can be traced to
the fact that models operate over ‘ungrounded’ forms that correspond to ‘fossilized’ outputs
of human language (text tokens). While LLMs can implement some automatic computations
pertaining to distributional statistics over form, they are incapable of understanding the real-
world conditions that license the use of the forms they employ [5], owing to their lack of
generative world models [44], and their lack of form-meaning mappings that are strictly
regularized via syntactic structures [45]. Abstraction itself is problematic too, as is reasoning, with
LLMs storing patterns for subsequent re-use but not applying any algebraic rules to execute a
fixed set of logical inferences [46]. This explains the difference between high model accuracy
and comparably lower model reasoning, which is shown in figure 2. Common sense also appears
to be lacking in a number of similar systems [47,48], and a clear representation of causality
proves difficult. This apparent absence accounts for the reasoning gaps that are seen even in our
best performing model: If common sense were in place, ChatGPT-4o would not have decoded
on one occasion ‘Wh191 6 come f9om cool autumns a91 typical’ (‘Where I come from cool
autumns are typical’) as ‘What time from cool autumns are typical’. Put differently, had a model
developed common sense, it would not have provided meaningless answers that deviate from
the pragmatically acceptable answers that humans provided in the same task. As argued by
Moro et al. [49], ‘we are our limits’; models need to fail in the ways that humans fail to be
deemed accurate representations of human language (see also [50]).

Many of these abilities that the models seem to lack concern ‘unspoken’ aspects of our
linguistic knowledge that are never explicitly present in the ungrounded forms that LLMs
receive as input. Consequently, building such models is not synonymous with building a
realistic, trustworthy model of human language [51]. While certain aspects of language can be
successfully captured through LLMs, and LLMs can behave in a way that approximates human
language in certain tasks and conditions (e.g. accuracy in the ‘low number of substitutions’
condition in our experiment), superficial similarity does not entail system equivalence.

It is possible that these diversions entail a potentially fundamental and irreconcilable
divide between synthetic and organic computational systems, pointing to concerns that go
beyond scalability. A mastery of even the most elementary components of natural language
seems particularly difficult for LLMs, such as basic principles of compositionality and hier-
archically organized grammatical dependencies [41,52]. When generalization requires system-
atic compositional skills, recurrent neural networks routinely fail [53]; the ability to extract
systematic rules from training data still seems limited. Hahn [54] shows that for some simple
formal languages, the depth of the transformer would need to grow with the length of the
string. LLM-recruiting applications can reproduce chunks of language that they draw from
the training data, applying rules about frequency and form that can easily be coded (e.g. a
morphological rule such as ‘the subject and verb should agree in terms of number’), but in
terms of content, the tokens themselves are semantically impenetrable for the model. All in
all, statistics over form is insufficient to capture language, as our results also suggest; what
is needed is an interface between statistics and structure [55]. Crucially, human language
interfaces in complex ways with other systems of knowledge, many of which appear to be
innate in formal structure. It is the regulation of these knowledge systems by linguistic struc-
tures that affords humans our impressive cognitive advantage over other animals. Some of
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these seemingly innate systems include knowledge of objecthood, a type-token distinction,
a capacity to represent sets and path trajectories, spatiotemporal contiguity, causality and a
self-concept and theory of mind [56,57].

Given this picture, could LLMs ever understand language and the world behind words?
LLMs may use language in a way that resembles that of humans in terms of superficial form,
but the jury is still out regarding similarities that pertain to deeper levels of representation.
We would need models to enact compositionality, communicative intent, belief formation, and
reference to distinct mental entities. Without the latter, LLMs may produce the word ‘newspa-
per’ in an output, but they cannot truly grasp why a newspaper can be politically neutral, wet
and expensive at the same time, as there is no definition of newspaper that captures all these
dimensions, and the way they relate to each other in different pragmatic contexts [58], to be fed
to the model (figure 3). This is why ‘n3wspap3r’ may be decoded correctly by models in a task
like the one we ran, but if disturbances over form become more substantial (e.g. ‘n3ws5a53r’),
only humans can use their knowledge about how these words are used and pattern together to
effortlessly read ‘My favourit3 n3ws5a53r is Th3 Tim3s’.

Attempting to evaluate the overall capabilities of LLMs in the linguistic domain, LLMs can
—with varying success—(i) use words, (ii) reproduce definitions of words and (iii) calculate
probabilities about the distribution of words. Yet the full conceptual meaning of words
themselves remains opaque; we suspect because LLMs do not ‘map’ to some independent
conceptual system with its own rules and representations, which is composed of heterogene-
ous semantic spaces (some digital/logical, some analogue/graded). As our experiment with
LeetCode revealed, when pushed beyond the training data through being tested against
unusual linguistic examples, LLMs provide outputs that suggest that when the lexical envelope
into which concepts are embedded is altered, the models cannot perform like humans, neither
quantitatively nor qualitatively. Put another way, humans know how these words are used and
thus they can successfully re-anchor concepts to their altered lexical envelopes. Models rely on
form; hence, disturbances in the latter are harder to compensate for.

It remains to be seen whether this turns out to just be a problem of scale and fine-tuning, or
if LLMs can even in principle be augmented sufficiently to approximate human-like linguistic
competence. We suspect that any researchers aiming optimistically in this direction will have
to consider appropriate inductive biases (e.g. syntactic priors). Even when language models
succeed in learning from small datasets, it is purely because they have ‘non-trivial structural
priors facilitating language acquisition and processing’ [59, p. 7]. For example, some researchers
have developed transformer models implementing recursive syntactic composition of phrase
representations through attention [60], showing improved performance when internalizing
structural properties of language. It is also possible that model performance could be boosted
by incorporating a more suitable model-internal machinery that pre-processes a prompt before
it is fed into the model.

In future work, we recommend that a closer examination be given to how LLM outputs
align with subtle syntactic, acceptability judgments in humans. This is because many models
may succeed in putative syntactic tasks, but for reasons to do with the lexico-semantic-related
statistics of the data, given how closely these often align [61]. Indeed, mixed results have
already been reported with respect to correlating model performance with human acceptability
judgments [62]; but for a more optimistic assessment, see Pavlick [63] and Lake & Baroni
[64] (although even [64] stress that systematicity still remains a serious challenge for models,
including GPT-4).

We also wish to stress that, when it comes to model evaluations of any measure in psycholin-
guistics and neurolinguistics, failures will be more informative than successes. Success on language
tasks would mean that, potentially, there are similar mechanisms to those of humans at play—
but failure on crucial cases helps rule out such architectural sympathies. And given that neural
models will always exploit shortcuts in their inputs to take the most efficient path to solve a
given task, it remains highly likely that ‘successful’ model performance is due to a constellation
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of strategies (what [65] aptly call ‘cheating’). If, on the other hand, LLMs are deployed as
theories of language, we should remember that the goal of theoretical linguistics is to provide
simple explanations for linguistic structure, and not to predict complex linguistic behaviour,
which under classical Cartesian framing cannot be captured, given its inherently ‘creative’
nature [66]. LLMs do indeed fare well at language prediction, but this does not entail that they
understand words and the world behind these words like humans do.

In 1843, Ada Lovelace discussed the implications of Charles Babbage’s design for a general-
purpose numerical computer: ‘[I]n enabling mechanism to combine together general symbols,
in successions of unlimited variety and extent, a uniting link is established between the
operations of matter and […] abstract mental processes’ [67, Note A, 368]. Developments in
AI have the potential to aid investigations into the origins and biological basis of human
intelligence, yet, in part owing to problems of transparency, discrimination and misinformation,
and in part owing to their inability to capture the deeper levels of representation of the target
system (i.e. pragmatics, semantics, syntax [17]), LLMs currently still provide an incomplete
view of human language.

Healthy scepticism is needed when evaluating the competence of artificial models. Over the
past few years, a number of researchers have made claims about LLMs having a theory of mind;
now, these claims seem extremely premature, as Kim et al. [68] show. LLMs, as well as large
image models, continue to ‘hallucinate’ (e.g. GPT-4V, OpenAI). Leading figures in AI are only
just beginning to embrace conclusions of psychologists and philosophers from the 1970s, e.g.
that not all knowledge is purely propositional [69]. Bill Gates announced in October 2023 that
he suspects the GPT technology has reached a ‘plateau’. Apple AI has recently concluded that
major ‘large reasoning models’ merely engage in ‘sophisticated pattern matching’, rather than
genuine logical reasoning [46].

Despite these limitations, there is no doubt that LLMs are powerful tools that can provide
useful information about word patterns, which could translate into major advances in computa-
tional linguistics and advance methodological progress in psycholinguistics; that is to say, they

Figure 3. Representation of ‘newspaper’. Reproducing the definitions of the various meanings associated with NEWSPAPER does
not entail grasping the relationship between them. Tested LLM: ChatGPT-3.5.
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for sure are already useful tools. It should, however, be acknowledged that good tools do not de
facto entail good theories that rely on faithful representations of the target system (in this case,
human language).

LLMs seem able to reverse engineer the more automatic aspects of linguistic computation,
pertaining to a sensitivity to distributional statistics, but the more fundamental domain-specific
operations have not been captured. Combining the tools of deep learning with models of
symbolic cognition is a promising path forward [70]. Since natural language in humans works
precisely by interfacing with non-linguistic cognitive systems of reasoning, we should similarly
not deprive LLMs of non-linguistic world models. Future language models may need to take
an entirely different approach, beginning with deeper semantics and cognitive models of the
world, rather than just correlation between images and words or words and words; and even
that does not entail understanding language in a human-like way. As Mitchell & Krakauer [22,
p. 2] put it, for humans, ‘[u]nderstanding a tickle is to map a word to a sensation, not to another
word’.

One possible way forward goes through multimodal LLMs, which may bring us closer
to embodied or situated forms of knowledge. Standard LLMs tokenize texts into (sub-word)
tokens, and in their architecture, ultimately only care about which tokens are present or absent
in a prompt, and in which order. Probably, a reason why the models do not perform so well
in our leet-decoding task is that we employ prompts that feature so many ‘messed up’ tokens
that they do not match the patterns the models have been exposed to during their training.
A multimodal LLM may indeed be more robust in such a task, because it can consider the
physical shape of the letters that are there and does not have to rely only on tokens. This
possibility remains to be investigated in future work, as multimodal models still hallucinate
and face other problems such as in generalizing abstractions [46]; it thus may be that deeper
architectural innovations are required.
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