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To model human linguistic prediction, make
LLMs less superhuman
Highlights 
Prediction is a core principle of human 
cognition and language comprehension, 
but the details of the process and the 
range of empiric al findings it can account
for are not well understood.

Large language models could provide 
infrastructure for studying prediction 
because they yield estimates of the prob-
ability of each upcoming word.

But mainstream large language models 
have developed in a direction that is 
increasingly unhelpful for the study of 
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When we read, we make predictions about upcoming words; these predictions 
influence our reading behavior. The success of large language models (LLMs), 
which, like humans, make predictions about upcoming words, has motivated 
their use as models of human linguistic prediction. Surprisingly, in the last few 
years, as LLMs’ ability to predict the next word has improved, their ability to 
explain reading behavior has declined. We argue this is because current LLMs 
can predict upcoming words much better than human readers can. This ‘super-
humanness’ is driven by LLMs’ extensive training data, stronger long-term
memory of training examples, and stronger short-term memory. We advocate
for LLMswith human-likememory and for new experiments tomeasure the align-
ment between humans and LLMs, and we outline directions toward achieving
these goals.
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human linguistic prediction; the accuracy 
of their predictio ns now far exceeds the
accuracy of human predictions.

Large language models’ superhuman-
ness can be attributed to larger training 
data, stronger long-term memory for 
training examples, and stronger short-
term memory.

We advocate for addressing these 
issues through alternative architectures 
and training procedures, together with 
new human experiments to benchmark
large languagemodel–human alignment.
LLMs as potential models of predictio n in human language comprehension
Prediction is a core principle of human cognition, where it plays a central role in domains ranging
from visual object recognition to action planning [1,2]. Language comprehension, in particular, is 
arguably as rapid and efficient due to its predictive nature: when we encounter predictable words, 
we are able to read them faste r, and our brains display reduced neural activity in response to
those words [3–5]. 

Studying how linguistic predictions are generated and how they shape language comprehension 
can help shed light on human cognitive processes in language and beyond. Word predictability
estimates from large language models (LLMs) [6–8]—neural networks that, like humans, make 
predictions about upcoming words—could be immensely useful for this project [9,10]. However, 
for LLMs to serve this purpose, their word predictions need to align with those made by humans. 
In the last few years, it has become clear that the predictions made by mainstream LLMs are, in 
fact, increasingly diverging from those of humans: LLMs are much better able to predict the next
word than humans are; in other words, their predictions are superhuman [9,11,12].  In  many  AI  
applications, superhumanness is benign and even desirable; that is not, of course, the case for
cognitive modeling.

This opinion article highlights two sets of issues that contribute to the growing discrepancy 
between humans and LLMs. The first is LLMs’ long-term memory: they can consume and retain 
massive amounts of data, and consequently, they know dramatically more than human readers. 
The second is their near-perfect short-term memory of previous words in the text: unlike humans, 
LLMs can faithfully recall specific words that occurred many page s before the current word. After
discussing these issues, we outline modeling efforts toward developing more human-like LLMs
and argue that, because the empirical data that measures this discrepancy is currently very
partial, new human experiments will be necessary to benchmark research progress on this front.
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How LLMs are used to study human language comprehension
While it is fairly clear that prediction plays a role in language comprehension [13,14],  there  are
many open questions about this process. What kinds of information about the first few words 
of a sentence do we draw on to predict upcoming words, and what partial representations of 
the sentence do we construct? Which aspects of the behavioral processes involved in language 
comprehension, such as eye movements during reading, can be explained by prediction, and
which aspects need to be explained by other principles [15]? 

Any quantitative study of this process relies on estimates of how predictable a word in a particular
context is to readers (Table 1). For example, given the partial sentence ‘I purchased a _____’, how 
much more predictable is ‘banana’ compared to ‘cassowary’? Traditionally, p redictability was
estimated using responses to the cloze task [16], where subjects are asked to provide a comple-
tion (usually the next word) given an incomplete sentence; words that are more frequently 
produced by subjects in a particular context are deemed to be more predictable in that context. 
However, this method is not very practical: to reliably estimate a difference in predictability
between two low-predictability words, which are likely to be produced only rarely in a cloze exper-
iment, enormous samples from many millions of participants are required.

An alternative to the cloze task relies on conditional probabilities derived from n-gram language
models [17,18], which estimate the probability of a word in the context of a handful of preceding 
words (typically one to four), based on the number of times it occurred in this context in a training 
corpus. While predictability e stimates derived in this way have substantial predictive value for
human word-by-word reading [5,19–22], n-gram language models are too impoverished to 
model human linguistic prediction: the context window they consider is far shorter than the 
context length to which humans are sensitive when making predictions [23,24], and the ability 
of these models to generalize to new contexts that were not seen in the training corpus is very
limited.

LLMs [6–8], which predict upcoming words using neural networks, address both of these issues 
to a large extent, as the probabilities they produce are determined by longer sequences of words, 
and their representations can generalize better to new contexts. These models were quickly 
adopted by cognitive scientists, wh o showed that predictability estimates derived from these
models are superior to those from n-gram models [25–27]: they explained more variance in 
word-by-word reading times, measured as the time taken between keystrokes in an experiment
where each keystroke reveals the next word (self-paced reading) [28], or as the duration of eye 
fixations on each word collected through eye tracking [29]. A consistent finding from these earlier 
studies was that language models that predict the next word more accurately—that is, place 
higher probability on the word that in fact occurred next in the sentence—also yielded conditional
probabilities that align more closely with human reading times.
Table 1. Methods for estimating word predictab ility and their limitations

Method Definition Limitations 

Cloze task [16] Human subjects are asked to provide a completion to an 
incomplete sentence such as ‘I purchased a _____’

Many responses are required to differentiate between low-predictability 
words, raising concerns about feasibility

n-gram language 
models [17,18] 

Conditional probabilities are calculated based on sequence 
counts from a corpus, for example

Some sequences may not be attested in the corpus, and the context 
window is too short to model human linguistic prediction

LLMs [6–8] Conditional probabilities are calculated from a large neural 
network that is typically trained to predict the next word

The probabilities may be based on long-term and short-term memory 
capacities that far exceed those of humans
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Intriguingly, this relationship completely reversed in studies published more recently (from 
around 2022 onward). These studies—which used more powerful lang uage models, typically
based on the Transformer neural network architecture [30] and trained on a much larger amount 
of data—showed that these models find the words they encounter to be more predictable than 
humans do, resulting in a g rowing divergence between the models’ predictions and human
reading times (Figure 1) [9,11,12]. This suggests that these newer models—which we will call 
‘mainstream LLMs’ throughout this article—make predictions that average human readers 
readily cannot, making them superhuman as models of linguistic prediction. We argue that this 
superhumanness is best characterized by two underlying issues: LLMs’ long-term memory of
massive amounts of training data and their near-perfect short-term memory of previous words
in the text.

Superhuman long-term memory
A core reason that LLMs exceed the ability of human readers to predict the next word is their 
ability to remember examples from the training data much more faithfully than humans can. 
This is particularly clear in cases where successful prediction relies on factual knowledge. The
fact that readers bring their background knowledge to bear on the comprehension process
(A) Predicting self-paced 
reading times 

Modeling approach 

Modeling approach 

(Futrell et al. 2021) 

(B) Predicting eye-tracked 
reading times 

(Kennedy et al. 2003) 
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Figure 1. Relationship between an LLM’s word prediction accuracy and fit to human data . (A) Using the Natura
Stories Corpus [31], which contains self-paced reading times of expository articles and short stories, we reproduce the
analysis of [32] by calculating word-by-word predictability estimates from a wide range of LLMs [33] and evaluating thei
linear fit to reading times as the improvement in regression model log-likelihood over a common set of baseline predictors
Each dot represents one LLM; dots with the same color are LLMs with the same number of parameters, but differen
amounts of training data . The improvement in word prediction accuracy initially improves an LLM’s alignment with human
data, which is consistent with earlier studies [25–27]. In contrast, after a certain point, further improvement in word
prediction accuracy drives a misalignment with human data, which cons istent with later studies that used the same
dataset [9,11,12]. (B) The same pattern of results is observed with data from the Dundee Corpus [34], which contains eye-
tracked reading times of newspape r editorials. LLM: large language model.
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has been emphasized in theories of reading comprehension [35,36] and studied as a source of 
individual differences in language comprehension [37]. Consider, for example, the partial 
sentence ‘Elvis Presley was born in the city of _____’. How predictable the upcoming word is 
for the reader will crucially depend on whether they already know this fact about the birthplace 
of Elvis. If they do, they will be more likely to correctly predict ‘Tupelo’ and experience less diffi-
culty upon encountering this word. But many readers, plausibly, will have never been exposed
to information about the birthplace of Elvis Presley or, if they have been exposed to it at some
point, may have completely forgotten it (see Figure 2 for a related example).

Given the central role of background knowledge in next-word prediction, an accurate cognitive 
model of linguistic prediction would need to make predictions that are consistent with the 
reader’s knowledge. However, mainstream LLMs acquire far more knowledge than humans 
could ever acquire. This discrepancy can be attributed to three reasons. First, the data typically 
used to train mainstream LLMs contain a substantial amount of material that conveys factual 
information, such as Wikipedia articles. Second , the amount of data used to train mainstream
LLMs is often orders of magnitude larger than what humans are exposed to [40,41]:  a  typical
English-speaking child will have experienced at most 100 million words by the age of 12, while
mainstream LLMs such as Llama 3 [38] are trained on as many as 15 trillion words. Finally, and
TrendsTrends inin CognitiveCognitive SciencesSciences

Figure 2. The memory capacity of LLMs far exceed those of humans. (A) Mainstream LLMs have much more factua
knowledge than average human s due to their superior long-term memory. Top five words with highest probabilities from the
Llama 3 LLM (blue) [38] and proportions of top five frequent completions collected from 41 human subjects (red) [39]. The
LLM places high probabilities on names of astronomers, including the correct continuation ‘Carrington’. (B) Transformers
have perfect store of the input sequence. Even with thousands of words in between, Transformers can retrieve the earlie
occurrence of the word ‘onions’ to make the correct prediction of the second ‘onions’. LLM: large language model.

4 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx
 

l 

 
 
r

move_f0010


Trends in Cognitive Sciences
OPEN ACCESS

 

perhaps most fundamentally, mainstream LLMs do not easily forget the text they encounter, 
unlike humans who naturally do so over time. Mainstream LLMs have been shown to s tore
long sequences of words they have encountered, such that it is possible to extract them verbatim
by prompting the model [42–44]. To return to our running example, the properties of the training 
data make it more likely for mainstream LLMs to be exposed to the birthplace of Elvis Presley, and 
the learning behavior of these models makes it likely that this piece of knowledge will be retained.
As a consequence, mainstream LLMs becomemuchmore likely than human readers to correctly
predict ‘Tupelo’, in the aforementioned example.

Supporting this conjecture, recent studies provide preliminary correlational evidence that the 
mismatch between LLMs and human linguistic prediction is, in part, due to the LLMs’ superior 
long-term memory. A regression analysis of reading times showed tha t LLMs were much less
surprised than human readers by proper names like ‘Tupelo’, which can only be predicted with
accurate factual knowledge [12]. The discrepancy with humans was more severe for larger, 
more powerful models, suggesting that improving the next-word prediction accuracy of language
models will not make them more human-like—if anything, the opposite is true.

Another, more indirect source of evidence  for  this  hypothesis  comes  from  the  finding that 
language models trained on smaller amounts of data than typical mainstream LLMs yield proba-
bilities that are better aligned with human reading times [32]. Although limiting the amount of 
training data could affect language model probabilities in many different ways [45,46],  one  of
these ways is by preventing the exposure to factual information, such as the birthplace of Elvis, 
that could eventually be memorized. Further support for this hypothesis comes from the finding 
that, while training language models on some amount of text from specialized domains such as 
biology and physics textbooks improves their ab ility to model the reading behavior of subjects
with relevant domain expertise, training on too much data from those domains has a deleterious
effect, suggesting again that the models acquire superhuman factual expertise [47]. 

We hypothesize that the mismatch in familiarity with the text between humans and LLMs goes 
beyond factual, knowledge-based prediction. Consider, for example, multiword expressions 
like the idiom ‘ spill the beans’, where the later words are easy to predict given the first ones
[48]. Mainstream LLMs are likely able to store a much larger range of such expressions from 
different dialects and registers of the language than humans can, thanks to their vast training 
data and strong memorization capabilities. Consequently, they are likely to predict upcoming 
words in these expressions with greater accuracy th an humans. An extreme case of this issue
could be illustrated by famous documents like the Declaration of Independence, which are likely
to be memorized and predicted accurately by mainstream LLMs [42,44] but are not likely to be 
memorized by most humans. Crucially, the amount of exposure required for mainstream LLMs 
to become familiar with these examples is much lower than that re quired for humans: in some
cases, LLMs can memorize a training example after only a handful of exposures [49,50]. 

In summary, a crucial factor that limits the ability of LLMs to serve as models of linguistic prediction is 
their greater familiarity with facts and turns of phrase compared to the average human reader. This is 
due to the difference in the quantity and quality of language exposure, as well as the ability to remem-
ber what was se en. As a consequence, mainstream LLMs embody massive amounts of information
that enable them topredict upcomingwords that are unpredictable to humanswith limited knowledge.

Superhuman short-term memory
Whether it is spoken or written, linguistic input is transient during language processing. From this 
impermanent input, the goal of the human comprehender is to build a mental representation of its
Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx 5



Trends in Cognitive Sciences
OPEN ACCESS

 

meaning [51,52]. During this process, humans are subject to limitations in working memory and
naturally forget parts of the input over time [53–55]. The decay in the availability of earlier linguistic 
input influences readers’ expectations about upcoming words [56,57]. 

In contrast to humans, mainstream LLMs are able to build and maintain robust representations of 
a  much  larger  number  of  previous  words  and  use  these representations to make next-word 
predictions. Part of this is attributable to the Transformer neural network architecture [30] that 
underlies most mainstream LLMs at the time of writing. These networks build vector representa-
tions of each word by taking a weighted average of the representations of each previous word in 
the sequence (this is referred to as ‘attention’). During this process, the model has access to its 
representations of the words in a very large context window, which can span tens of thousands
or evenmillions of words—typically enough to fit the entire length of the text being processed. The
resulting representation of the sequence is not subject to any form of temporal decay, unlike
human memory.

Mainstream LLMs’ substantially stronger short-term memory could allow them to make more 
accurate predictions. Names and concepts are much more likely to be mentioned again once
they have already been mentioned [58]. An LLM could easily predict such repeated entities, 
even in cases where they are difficult for humans to r emember—in a 19th-century Russian
novel with an extensive cast of characters, for example (Figure 2). 

There is evidence that Transformer LLMs, in fact, utilize this property of their architecture to make 
predictions: with sufficient training, they can assign probabilities near one to sequences of words
that they observed earlier [59]. This suggests that these models can learn to implement a form of 
copying mechanism that leverages their decay-free store of the input [60–62]. Indeed, direct 
comparisons between humans and LLMs during the processing of texts that contained repeated 
passages have shown that while mainstream LLMs assigned high probabilities near one to the
repeated portion of the text, humans were not able to predict the repeated words as accurately
[63], and when reading the repeated portion, they did not speed up as drastically as might be 
expected if they had verbatim memory of the first occurrence of the text [64]. 

Mainstream LLMs’ perfect storage of earlier words in the text input may lead to other discrepancies 
with human language processing. One such case could arise when readers form syntactic dependen-
cies between words, for example, when they need to identify the subject for a particular verb from 
multiple candidate subjects. In the sentence ‘The rat the cat the dog chased loved ate the malt ’, for
example, readers often struggle to determine that the subject of ‘ate’ is ‘the rat’ rather than any of
the other noun phrases [65–67]. LLM probabilities fail to accurately predict the increase in reading 
times displayed by participants at the main verb of such deeply embedded sentences [57].  This
suggests that Transformers face little interference from multiple candidate subjects, possibly because 
they can perform many parallel memory retrieval operations at once [68]. Interference from multiple 
candidate subjects in language processing also arises in t he phenomenon of agreement attraction
[69–71], where participants, again because they interpret an incorrect noun as the subject of the 
sentence, consider ungrammatical sentences such as ‘The  keys  on  the  table  is  rusty’ to be accept-
able. Transformer LLMs show a much lower rate o f agreement attraction errors than people do,
suggesting again that they display considerably less memory interference than humans [72]. 

A third mismatch between LLM and human prediction, which could be due to superhuman short-
term memory, concerns syntactic disambiguation. When a sentence turns out to have a structure 
that differs from the one it appeared likely to have based on the first few words of the sentence—
so-called garden-path sentences [73,74],  such  as  ‘The old man the boat’—humans often
6 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx
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experience severe processing difficulty [74–76]. Mainstream LLMs, by contrast, predict only very 
mild difficulty in those contexts, possibly because they have the memory capacity to consider
multiple possible structures of the sentence concurrently [10,15,77]. 

Further support for the hypothesis that mainstream LLMs’ short-term memory is too strong 
to model human linguistic prediction comes from studies that manipulate or limit LLMs’ access 
to the representations of previous words. In deeply embedded sentences, downweighting 
the contribution of high-frequency words that are unlikely to be retained in memory reduces
the mismatch between LLMs and humans in the prediction of the main verb [57]. The alignment 
between LLM probabilities and human reading times improves when the LLM’s  ability  to
access earlier words in the sentence is reduc ed by increasing the attention allocated to recent
words [78,79, but c f. 80] or by providing only a few recent words as input [81]. Finally, limiting 
access to earlier words also yields attention patterns in Transformer LLMs that are better suited
to capture processing difficulty during reading [82]. Overall, while questions about the exact form 
of human-like decay remain, these results converge on the conclusion that mainstream LLMs’ 
access to decay-free representations negativ ely impacts their ability to model human linguistic
prediction.

Toward LLMs that are better aligned with humans
How could changes to language model architectures and training procedures address the 
issues we have identified? The most obvious discrepancy that needs to be addressed is the 
mismatch in the quantity and quality of training data. Limiting training data would not only limit 
LLMs’ opportunities to memorize knowledge that humans may not have but also hinder the 
development of superhuman short-term memory mechanisms, which emerge in Transformers
only after considerable training [59]. Such efforts could follow in the footsteps of the BabyLM
Challenge [41,83], a yearly shared task that invites teams to train language models on curated 
datasets consisting of 100 million words or less, about 40% of which is transcribed child-
directed speech or text material intended for children. This shared task has shown that language 
models can learn robust linguistic generalizations from human-scale amounts of data, pointing to
the feasibility of this paradigm. However, it is as yet unknown if training on this corpus addresses
the superhuman long-term and short-term memory issues described earlier.

A fundamental question remains about the correct mixture of training data that will give rise to the 
next-word predictions representative of those of the typical human reader. Identifying the right
kind of training data is complicated by the fact that humans learn through other sensory experi-
ences in addition to linguistic input [84]; for example, most humans might learn the fact that 
bananas are typically yellow from having seen bananas rather than from reading text that 
describes the color of bananas. This raises the possibility that fully human-like word predictions
would require training on multimodal data or additional textual data that would compensate for
the lack of multimodal training.

Even with the ideal training data, the misalignment will persist if models draw different generaliza-
tions from the data than humans. The typical training objective of LLMs only rewards predicting 
the correct word—the one that, in fact, occurred in the text—and, consequently, mainstream 
LLMs are incentivized to make lexically sharper predictions that assign a high probability to the 
correct continuation whenever possible. For example, given ‘Elvis Presley was born in the city 
of _____’, they are likely to assign a high probability to ‘Tupelo’ and lower probabilities to
names of other cities. Given mainstream LLMs’ ability to store training examples, these lexically
sharp predictions are unlikely to change once they are learned. In contrast, humans make
broader predictions based on meaning. These predictions facilitate the processing of words
Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx 7
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that share semantic properties with the target word, even if the target word itself is unpredictable
[85–87]. Therefore, a reader who does not know the birthplace of Elvis is likely to find the name of 
a plausible yet incorrect city to be somewhat predictable. While we expect that, in such c ases,
LLMs also assign some probability mass to words other than the most likely word, we hypothe-
size that they do so to a lesser extent than people.

To incentivize LLMs to make next-word predictions that are as diffuse as those of humans, 
alternative training objectives that upweight semantically similar words together could be helpful .
Such a training objective could minimize a continuous loss based on the distance between vector
representations [88], which would upweight the prediction of not only ‘Tupelo’ but also other 
cities, to the extent that their representations are similar. This can be coupled with a reduction 
in the size of vector representations for each word, which would further prevent the model 
from encoding sp ecific information about each city. Another way to make LLMs’ predictions
more diffuse could involve temperature-scaling prior to probability calculation to increase the
uncertainty of LLMs’ predictions [89]; this intervention has been shown to improve the fi t of
LLM probabilities to human data [90]. 

The misalignment in predictions, which is due to mainstream LLMs’ long-term memory, can also 
be addressed post hoc by intervening in their representations—first locating a piece of informa-
tion of interest and then adjusting it to steer the model’s predictions. Model editing techniques
[91–93], in particular, typically train the model on a curated set of examples so as to lead it to 
make predictions that are more factually correct than it would otherwise. For instance, if a 
model mispredicts the birthplace of Elvis Presley as ‘Orlando’, one could further train it on 
sentences like ‘Elvis  Presley  was  b  orn in Tupelo’ to get it to predict the correct birthplace of
Elvis. For purposes of cognitive modeling, these techniques can be applied to cause it to unlearn
knowledge that most human readers would not have.

What about LLMs’ superhuman short-term memory? Existing approaches for reducing the 
accessibility of the representations of earlier words in Transformer LLMs make simplifying 
assumptions about human memory—in particular, that the input decays solely as a function of 
time, such that earlier words in the text always decaymore than later words [78,79,81], or as a func-
tion of frequency, such that high-frequency words always decay more than low-frequency words
Box 1. Targeted human experiments for benc hmarking modeling progress

We have outlined the hypothesis that the discrepancy between the linguistic predictions of mainstream LLMs and humans 
is rooted in the models’ superior long-term and short-term memory. Existing evidence for this hypothesis is observational 
and preliminary, as many of the reading datasets that have been studied focus on naturalistic text (e.g., newspaper 
articles), and as such do not manipulate short-term and long-term memory in a controlled way. To better ground this
hypothesis, and to benchmark efforts to close the gap between LLMs and humans, new, targeted human experiments
are necessary.

For the first issue surrounding long-term memory, a more direct link between the readers’ knowledge of text and their 
reading behavior needs to be established. For the example of factual knowledge, this could be achieved by collecting read-
ing times of sentences from datasets that contain information about real-world entities [e.g., 97], coupled with a question-
naire that gauges familiarity with the relevant piece of knowledge. A similar experimental paradigm, which measures 
humans’ familiarity with some text and links it to their reading behavior, can likewise apply to multiword expressions and
famous documents like the Declaration of Independence.

For the second issue of short-term memory, the influence of temporal decay in reading—which needs to be evaluated at 
the discourse level—has been far less studied than the influence of complex subject-verb relations within the same 
sentence. As such, we recommend collecting measurements during the reading of texts that implicitly require readers 
to recall information, such as a short list of items or the name of a particular character in the story. T hese experiments
should vary factors that are known to affect human memory, such as the size of the list, the amount of intervening text
between mentions, and the position of the entity in the first presentation of the list [98].

8 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx



Outstanding questions 
What kinds of training data and training 
objectives are most likely to give rise to
the next-word predictions that average
human readers make?

How does extralinguistic experience— 
to which many large language models 
typically do not have expos ure—
shape humans’ linguistic predictions
during reading?

Compared to large language models, 
how much linguistic and nonlinguistic 
knowledge do average human readers 
lack? Conversely, is there knowledge 
that humans have but large language 
models do not, whic h also introduces
a mismatch in predictions?

What are the most effective machine 
learning techniques for erasing the 
knowledge encoded by large language 
models without drastically distorting 
their representations and predictions?

What kinds of linguistic information 
are retained in human short-term 
memory, and how can neural network 
architect ures be modified to match
this mechanism?
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[57]. As a starting point, experiments should evaluate the impact ofmore flexiblemethods for limiting 
Transformers’ memory retrieval accuracy. These could include decay at the level of syn tactic
constituents rather than individual tokens [55], or memory retrieval bottlenecks that could give 
rise to the interference humans experience between similar units in short-term memory [68].

Alongside these approaches, which aim to restrict the scope of Transformers’ attention 
mechanisms, we recommend exploring approaches that abandon Transformers altogether and 
place a renewed focus on recurrent neural network architectures [e.g., 94–96]. In comparison 
to Transformers, which have direct access to the representations of prior words, recurrent 
models are forced to compress the input into a representation of a fixed size and, therefore,
are more likely to implement a human-like form of decay when making predictions.

These efforts to narrow the gap between LLMs and humans should be accompanied by targeted 
human experiments that measure the role of long-term and short-termmemory in human reading
(Box 1). Such experiments will help benchmark research progress on this front and complement 
existing datasets by providing a more detailed quantitative characterization of the misalignment
between the memory capabilities of humans and LLMs as it affects linguistic prediction.

Concluding remarks 
Prediction is a core principle of human cognition and language processing: we use our linguistic 
experience to make predictions about how a sentence will unfold. While language models could 
help elucidate this process, in the last few years, mainstream LLMs have become much more 
accurate than humans at next-word prediction, limiting their applicability for cognitive modeling. 
This discrepancy between humans and LLMs partly pa rallels findings in the vision domain,
where deep neural networks use prediction strategies that exceed humans’ capabilities [99,100]. 
We highlighted two areas where LLMs are superhuman in this sense: their superior long-term 
memory of training examples and their superior short-term memory of previous words in the
text. We call for research efforts to address these issues (see also Outstanding Questio ns): we 
should develop language models with human-like memory through alternative training procedures 
and neural network architectures, and conduct new human experiments to benchmark research
progress.
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