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Abstract
Language Models (LMs) have achieved impres-

sive performance on various linguistic tasks, but

their relationship to human language processing

in the brain remains unclear. This paper exam-

ines the gaps and overlaps between LMs and the

brain at different levels of analysis, emphasizing

the importance of looking beyond input-output

behavior to examine and compare the internal

processes of these systems. We discuss how in-

sights from neuroscience, such as sparsity, mod-

ularity, internal states, and interactive learning,

can inform the development of more biologically

plausible language models. Furthermore, we ex-

plore the role of scaling laws in bridging the gap

between LMs and human cognition, highlighting

the need for efficiency constraints analogous to

those in biological systems. By developing LMs

that more closely mimic brain function, we aim

to advance both artificial intelligence and our un-

derstanding of human cognition.

1. Introduction
Large Language Models (LMs) have achieved remarkable

performance on a wide range of language tasks, from

machine translation to question answering (Brown et al.,

2020). This success has led to speculation that LMs may

provide valid models of human intelligence. However,

comparisons between LMs and the brain are often limited

to the input-output level, which can be misleading.

It would be incorrect to assume that LMs, because they pro-

duce human-like linguistic outputs, must process informa-

tion similarly to the human brain. David Marr’s levels of

analysis framework (Marr & Vision, 1982) provides a valu-
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able lens for comparing LMs and human language process-

ing. Marr proposed that information processing systems

can be understood at three distinct levels:

• Computational level: What is the goal of the compu-

tation? This level focuses on the abstract function be-

ing computed, independent of how it is implemented.

In this context, it refers to tasks like language under-

standing, question answering, and translating between

languages. Comparisons of input-output behaviors

pertain to this level.

• Algorithmic level: How are the computational goals

achieved? This level deals with the specific meth-

ods and strategies employed to transform inputs into

outputs. In this context, it examines the mechanisms

used to parse sentences, represent semantic informa-

tion, and generate coherent answers. Analyzing which

operations intermediate representations undergo per-

tains to this level.

• Implementational level: How are these mechanisms

physically realized? This level concerns the actual

hardware (biological or artificial) that carries out the

computations. For example, the brain uses spiking

neurons and electrochemical signaling, while LMs run

on silicon hardware with floating-point arithmetic.

Clarifying what aspects of cognition LMs are actually mod-

eling is crucial. Mahowald et al. (2024) argue that while

LMs exhibit remarkable formal linguistic competence (the

ability to produce fluent and grammatical text), they still

lack robust functional competence (the capacity to use lan-

guage to reason and achieve real-world goals). However,

their performance has led to the idea that, beyond modeling

language perception, they may also model more complex

cognitive abilities such as reasoning (Jones, 2024), theory

of mind (Strachan et al., 2024), and building world models

(Li et al., 2023).

Mitchell & Krakauer (2023) contend that despite their

seemingly intelligent behavior, LMs do not understand the

data they process in the same way humans do. The brittle-

ness and lack of robust generalization in these models are

key indicators of their lack of true understanding. LMs are

fundamentally retrieval systems that generate outputs by

recognizing and interpolating patterns in their training data
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(i.e., approximate retrieval) (Kambhampati, 2024). This

leads to high performance for task instances which are well

represented in the training data and failures for analogous

instances which are less represented (McCoy et al., 2023;

Wu et al., 2024; Lewis & Mitchell, 2024). In contrast, hu-

man understanding is based on rich, causal mental mod-

els of the world, rather than massive statistical correlations

learned by LMs. These mental models enable humans to

make robust predictions, generalizations, and analogies, to

reason compositionally and counterfactually, and to inter-

vene in the world to test hypotheses actively.

A key challenge in understanding the true relationship

between LMs and the brain is to move beyond compar-

isons of input-output behavior and intermediate represen-

tations (i.e., the computational level), and focus on probing

the internal processes of these systems (i.e., the algorith-

mic level) using causal interventions and mechanistic inter-

pretability. This argument is developed in the first part of

the paper. We then proceed to identify key properties in the

architectures and training procedures of LMs which differ

from the brain and propose possibilities to reconcile them.

By doing so, we aim to develop LMs that better capture hu-

man cognitive processing, and as such, could serve as more

faithful models of the brain.

2. Probing Representations and Processes
To determine whether LMs process information in ways

analogous to the human brain, it is essential to look be-

yond surface-level behavior. While LLMs have recently

been claimed to pass the Turing test (Jones & Bergen,

2024), Dumas et al. (2014) argue that the classic Turing

test, which focuses solely on external behavior, is insuffi-

cient for investigating the genuineness of the internal mech-

anisms of machine intelligence. This is especially true for

language, where the ELIZA effect can lead people to at-

tribute human-like qualities to any system capable of gen-

erating coherent text (Weizenbaum, 1976). Moreover, per-

formance comparisons between LMs and humans at the

behavioral level are subject to several pitfalls. These in-

clude models trained specifically to solve benchmarks that

claim to quantify general cognitive abilities but do so in

arbitrary and limited ways (Liu et al., 2024), and the risk

of data contamination, where test data may have been in-

cluded in the model’s training set. This section outlines

possible approaches for comparing LMs and the brain be-

yond the input-output level:

Hierarchical Correspondences of Representations.

Research in computer vision has shown that repre-

sentations learned by Convolutional Neural Networks

across layers correlate with brain activity in different

regions of the visual hierarchy (Yamins & DiCarlo,

2016; Kriegeskorte, 2015; Khaligh-Razavi & Kriegeskorte,

2014). This was demonstrated by using techniques like rep-

resentational similarity analysis (RSA) (Kriegeskorte et al.,

2008) to compare the geometry of neural representations

across models and brain regions. Similarly, in the language

domain, studies have found correspondences between LM

activations across layers and brain activity in different

parts of the language network (Caucheteux et al., 2023;

Millet et al., 2023). Shared representational spaces have

been uncovered through encoding models, which produce

simulated brain activity from LM embeddings through

linear regression and correlate the simulated activity

with recorded neural data (Goldstein et al., 2022). The

correlation strength is reflected in an index called brain

score (Schrimpf et al., 2021). However, it is important

to note that both the visual system and the language

network are not simple feedforward hierarchies but

rather highly recurrent networks with pervasive feedback

connections and extensive cross-talk between regions

(Felleman & Van Essen, 1991; Pessoa, 2023). More-

over, it is crucial to understand that representational

similarity between LMs and brains pertains primarily to

the computational level, as it captures the input-output

mappings of intermediate computational steps, but does

not necessarily imply that similar operations or algorithms

are used to transform those representations (Schyns et al.,

2022; Antonello & Huth, 2024; Tuckute et al., 2024). Two

systems can exhibit similar representations while differing

substantially in their algorithms. This is evidenced by

the fact that not only causal transformers (e.g., GPT),

but also masked transformers (e.g., BERT), LSTMs and

RNNs generate internal representations that correlate with

brain activity, and there is no clear agreement on which

one correlates best (Pasquiou et al., 2022; Anderson et al.,

2021; Toneva & Wehbe, 2019; Oota et al., 2022). To make

claims about algorithmic similarities, we need evaluation

approaches that can probe the internal dynamics and causal

structure of LMs (Belinkov, 2022) and compare them with

results obtained using similar approaches in the brain.

Mechanistic Interpretability. This approach involves

analyzing and understanding the internal components and

processes of a machine learning model to explain how it

transforms inputs into outputs at a granular, algorithmic

level (Elhage et al., 2021). It can be used to find units or

circuits within LMs that encode particular syntactic or se-

mantic properties. However, individual neurons in LMs

respond to a variety of seemingly unrelated and heteroge-

neous features, posing a challenge for interpreting the net-

work’s behavior. Recent work addresses this issue by us-

ing sparse autoencoders to extract monosemantic features

from transformer language models (Bricken et al., 2023;

Cunningham et al., 2023; Templeton et al., 2024), includ-

ing abstract concepts that generalize across modalities and

languages. These learned features are significantly more
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interpretable than the model’s original neurons and ex-

hibit interesting properties such as universality across dif-

ferent random seeds and feature splitting as the number

of learned features increases. Comparing these features to

those recorded in brain networks (Jamali et al., 2024) could

provide a more accurate correspondence between LMs and

the brain. Notably, neurons in the brain are also seman-

tically heterogeneous to a certain degree (Leonard et al.,

2024; Tye et al., 2024), suggesting that some degree of pol-

ysemanticity may be a general property of artificial and bi-

ological neural systems.

Ablation and Stimulation Studies. These techniques

can provide causal insights in both the brain and LMs. Le-

sions (Broca et al., 1861; Dronkers et al., 2004) and elec-

tric stimulation (Doron & Brecht, 2015; Rofes et al., 2019)

studies have allowed mapping of the functional organi-

zation of language in the human brain. More recently,

optogenetics has enabled targeting and re-activating spe-

cific neuronal ensembles, which were previously activated

by certain stimuli (Liu et al., 2012). Analogous experi-

ments in LMs, such as pruning, editing or fixing specific

weights, can reveal how different parts of the network con-

tribute to linguistic behavior (Meng et al., 2023; Vig et al.,

2020). Additionally, activating or suppressing specific ex-

tracted features can influence the model’s output, and allow

steering it in specific directions (Templeton et al., 2024;

Marks et al., 2024). For instance, clamping certain features

to high values can induce models to generate specific types

of content or alter their behavior in predictable ways. Com-

parable effects of perturbations in LMs and the brain would

suggest algorithmic equivalence.

Controlled Linguistic Probes and Interventions.

These can be combined with interpretability techniques

to gain a more mechanistic understanding of language

processing in LMs (Marvin & Linzen, 2018; Geiger et al.,

2021; Zhou et al., 2024). By systematically perturbing

inputs or fine-tuning LMs on specific tasks, we can observe

how internal representations change in response to these

interventions. Similar approaches in neuroscience can

provide complementary insights and offer ground for

comparison.

Meta-representations as Representation of Processes .

Proposed by Kanai et al. (2024), this framework offers a

promising approach for comparing the internal workings

of LMs and the brain at the algorithmic level by focusing

on the processes that generate representations, rather than

just the representations themselves. In the case of LMs,

we can use the patterns of weights across different layers

and attention heads as a way to represent the processes that

generate the model’s outputs. We can then compare the two

at the algorithmic level by relating these weight patterns to

process models of the brain (Dohmatob et al., 2020), based

on, e.g., structural and functional connectivity.

3. Toward Brain-Inspired Language Models
While Language Models (LMs) have achieved human-like

performance on several tasks, they still differ significantly

from the human brain in the ways they achieve these re-

sults. As discussed in the previous section, better meth-

ods to test for these differences at the algorithmic level

are needed. In this section, we explore how LMs and the

brain differ in terms of architectures and learning dynam-

ics, and how these differences lead to divergences at the

algorithmic level. By examining these disparities, we can

identify key areas where LMs could be modified to more

closely resemble the brain’s information processing mech-

anisms. The motivation for reconciling these differences is

twofold: 1) By developing LMs that more closely mimic

the brain’s architecture and dynamics, we can provide neu-

roscientists with more accurate computational models of

language processing in the brain. This can lead to new

hypotheses and insights in neuroscience (Jain et al., 2024),

fostering a deeper understanding of human cognition. 2) In-

corporating brain-inspired features into LMs may result in

artificial systems that exhibit more human-like intelligence.

This could lead to AI that is more flexible, efficient, and

capable of handling reasoning and planning in ways that

current models struggle with.

Sparse Connectivity and Modularity. The brain is char-

acterized by sparse connectivity and modularity, with

specialized networks for different cognitive functions

(Bassett et al., 2018; Seguin et al., 2023). In contrast, trans-

former models have dense, all-to-all connectivity. Dur-

ing development, the brain undergoes synaptic pruning, re-

sulting in sparser, more efficient networks (Paolicelli et al.,

2011). Similar pruning emerges in biologically inspired

spiking neural networks (Volzhenin et al., 2022). To in-

corporate some level of modularity in LMs, Mixture-of-

experts (MoE) architectures (Xue et al., 2024) can be em-

ployed, leading to improved computational efficiency and

more functionally specialized sub-networks. However, the

modules in MoE are not interconnected, hierarchically or-

ganized, or able to learn to attend to specific parts of the

inputs. The Recurrent Independent Mechanisms (RIMs) ar-

chitecture (Goyal et al., 2019) addresses these limitations

by introducing sparse interactions among functionally spe-

cialized modules that interact sparsely through attention.

This enables these modules to learn to attend to specific in-

put parts and allows for hierarchical stacking. Sparsity can

be promoted through adjustment of attention mechanisms

(e.g., limiting the number of tokens each token attends to

(Child et al., 2019)), choosing regularization methods alter-

native to L2 (e.g., L1 regularization and elastic net), and
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applying dropout and post-training pruning.

Internal States. The human brain maintains and con-

stantly updates rich internal representations over time,

whereas LMs have a fixed context window, and only feed-

forward connections. Incorporating internal states into

LMs could change the way they maintain and use context.

Recent work on adding recurrence to transformer models

(Hwang et al., 2024) is a step in this direction. State space

models (Gu & Dao, 2023), which explicitly model the dy-

namics of latent states, are another promising approach.

Models that learn to update and maintain internal repre-

sentations, may also dynamically encode and integrate in-

formation over time in a brain-like manner (Hasson et al.,

2015). Moreover, recurrent processing appears to be criti-

cal for consciousness (Chalmers, 2023).

Learning Dynamics. The brain’s learning process is

characterized by continual, incremental acquisition of

knowledge over a lifetime, utilizing moderate resources ef-

ficiently. A key feature of brain development is the pres-

ence of critical periods, during which the brain is especially

receptive to specific types of input and learning experiences

(Hensch, 2005). Moreover, brain learning dynamics main-

tain a delicate balance between acquiring new information

and selectively forgetting unnecessary details. In contrast,

current LMs are typically trained from scratch using ran-

dom weight initialization on massive corpora, requiring

multiple passes over large datasets and consuming enor-

mous computational resources. Additionally, fine-tuning

or training LMs on new tasks often leads to catastrophic

forgetting (Kirkpatrick et al., 2017), highlighting the lack

of balance in retaining old knowledge while acquiring new

information. To enable more brain-like learning in LMs,

several approaches can be considered: (1) Continual Learn-

ing: Adapting continual learning techniques such as elastic

weight consolidation (Kirkpatrick et al., 2017) and experi-

ence replay (Rolnick et al., 2019) could help LMs maintain

a balance between learning new information and preserving

important past knowledge. (2) Curriculum Learning: Grad-

ually increasing the difficulty of training data (Bengio et al.,

2009) can enhance learning efficiency. The PAIRED algo-

rithm (Dennis et al., 2020), which uses a multi-agent setup

where an adversary generates increasingly challenging en-

vironments for the learning agent, is a possible approach

to implementing adaptive curriculum learning. (3) Crit-

ical Periods: Implementing a system of ”sensitive peri-

ods” in LM training could mimic the brain’s critical pe-

riods. This could involve dynamically adjusting learning

rates for different parts of the network during training. For

instance, early in training, the model could have higher

plasticity in lower layers to learn basic linguistic features,

gradually shifting focus to higher-level abstractions in later

stages. Interestingly, current artificial neural networks al-

ready show some similarities to biological learning, exhibit-

ing progressive learning of features of increasing complex-

ity (Nakkiran et al., 2019; Mangalam & Prabhu, 2019).

Embodiment, Grounding, and Active Learning. Hu-

mans learn language through situated interactions with the

physical and social world, grounding linguistic meanings

in perceptual, motor, and affective experiences (Bisk et al.,

2020; Barsalou, 2008; Di Paolo et al., 2018). LMs, in con-

trast, are typically trained on disembodied text data with

a fixed training objective, limiting their ability to capture

the full depth of linguistic meaning. To address this limi-

tation, multimodal models that integrate information from

vision, audition, and other sensory modalities are a promis-

ing approach (Team, 2024). However, true embodiment

may require more than just passive perception—it may

need active interaction and exploration (Engel et al., 2013).

Coupling LMs with external execution modules that can

perform actions or specialized reasoning tasks could pro-

vide an action space. However, just adding an action

space when the model’s weights are frozen won’t gener-

ate active learning. For true active learning, the model

needs to be able to select the training data through actions.

Integrating LMs into robotic systems (Tellex et al., 2020;

Collaboration et al., 2024) is another avenue for grounding

language in embodied experience.

Social Skills and Interactive Learning. The brain’s lan-

guage system is fundamentally geared towards communi-

cation and social interaction, with dedicated neural mech-

anisms for cognitive skills like pragmatics, social reason-

ing, and theory of mind (Scott, 2019; Hagoort & Indefrey,

2014). While recent studies have shown that LMs are start-

ing to exhibit some of these abilities (Strachan et al., 2024),

it is unclear if they are achieving these capabilities in a

way related to humans. To improve LMs’ social abilities,

they could be trained on socially interactive data, such as

multi-turn dialogues, incorporating explicit representations

of communicative intentions and the mental states of inter-

locutors. Training objectives that maximize relevance for

a communicative context or reward successful and attuned

communication in interactive settings (Jaques et al., 2019)

could lead to more human-like language use. Multi-agent

setups where LMs interact with each other or humans in

goal-directed dialogues are promising (Bolotta & Dumas,

2022). By engaging in cooperative or competitive language

games, LMs could learn to reason about the beliefs and in-

tentions of other agents. Inverse reinforcement learning

techniques (Hadfield-Menell et al., 2016) could help the

LMs to infer and align with the communicative goals of

human interlocutors.

Reasoning and Compositional Representations. LMs’

ability to perform reasoning and planning remains limited
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compared to humans (Wu et al., 2023; Valmeekam et al.,

2023; Zhou et al., 2023). Techniques like chain-of-thought

prompting (Wei et al., 2023) and the use of scratchpads

(Nye et al., 2021) to generate step-by-step reasoning traces,

have shown promise in improving reasoning abilities. Us-

ing reasoning traces as fine-tuning data has also been

shown to enhance performance (Zelikman et al., 2022).

However, the brain’s ability to perform logical reasoning

likely relies on more structured, compositional representa-

tions of meaning (Dehaene et al., 2015; Lake et al., 2017).

GFlowNets (Bengio et al., 2021) are generative models that

can sample from complex joint distributions, such as the

distribution over sentences and their meanings. GFlowNets

could potentially capture the brain’s ability to generate di-

verse outputs and learn structured, compositional represen-

tations. Initial applications of GFlowNets to LMs are al-

ready showing promising results (Hu et al., 2024). Another

idea is to move beyond next-word prediction as the primary

training objective for LMs. The brain does not simply pre-

dict the next word in a sequence but constructs rich, hier-

archical meaning representations that span multiple words

and sentences (Heilbron et al., 2022; Lerner et al., 2011).

Training objectives that encourage LMs to predict larger

chunks of text, such as entire sentences or paragraphs,

could lead to more structured and compositional represen-

tations (Gloeckle et al., 2024).

Oscillatory Dynamics. One key feature of language pro-

cessing in the brain is the presence of oscillatory neu-

ral dynamics at multiple timescales, with different fre-

quency bands appearing to track the structure of language

at different levels, from phonemes to words to phrases

(Giraud & Poeppel, 2012; Ding et al., 2016; Gross et al.,

2013). These oscillations are thought to play a crucial role

in segmenting and chunking continuous speech into dis-

crete units. Incorporating oscillatory mechanisms in deep

learning architectures, especially when the input is raw au-

ditory signals, could potentially improve their efficiency

and lead to more human-like speech processing, given the

existing gaps (Tuckute et al., 2023). Simulation work has

been exploring substituting standard neural network nodes

with damped harmonic oscillators (Rusch & Mishra, 2020;

Effenberger et al., 2022), demonstrating the potential use

of oscillatory dynamics for computation.

Allometry and Scaling Laws. Allometry studies the re-

lationship between the size and shape of biological sys-

tems. Scaling laws in the human brain, such as the relation-

ship between brain size and neuron count, play a crucial

role in the evolution of cognitive abilities, including lan-

guage (Changeux et al., 2021). Recently, the field of neu-

ral scaling laws has similarly started to chart the relation-

ships between the number of parameters, dataset size, com-

puting cost, and performance of machine learning models

(Kaplan et al., 2020). These scaling relationships can be

seen as global signatures of complex systems (West, 2018),

providing a quantitative way to compare brains and LMs.

However, LMs benefit from virtually unlimited computa-

tional resources, leading to overparameterization without

the same efficiency constraints as biological systems (West,

1999). To promote algorithmic similarity, it may be es-

sential to introduce analogous pressures on LMs. Imple-

menting such constraints can help bridge the gap between

the computational prowess of LMs and the adaptive effi-

ciency of biological neural systems, ensuring more frugal

and meaningful application of scaling laws in LM develop-

ment.

4. Conclusion
The rapid advancement of Language Models (LMs) has

led to impressive performance on various linguistic tasks,

prompting comparisons with human cognition. However,

this paper argues that despite achieving human-level perfor-

mance in several tasks (computational level equivalence),

LMs exhibit significant divergence from human cognition

in how these performances are achieved (algorithmic level

discrepancy). We contend that the intelligence emerging

from current LMs is fundamentally different from human

cognition. As models continue to scale, this divergence

may widen, potentially resulting in AI systems that excel

at specific tasks but lack the hallmark characteristics of hu-

man intelligence: flexibility, robustness, and generalization

capabilities.

In this paper, we first examined approaches for comparing

LMs and the brain beyond input-output level assessments.

We highlighted the limitations of solely analyzing interme-

diate representations and emphasized the need to under-

stand the processes driving transformations between these

representations. We then explored major differences in ar-

chitecture and training dynamics between LMs and biolog-

ical neural networks that likely contribute to algorithmic-

level divergence, and we proposed several neuroscience-

inspired approaches to narrow this divide.

While these biologically-inspired approaches may not im-

mediately enhance computational efficiency or task perfor-

mance, they are crucial for developing LMs that can serve

as more accurate models of human cognition. Such mod-

els would offer in silico representations of cognitive pro-

cesses to neuroscientists and psychologists, illuminating

key mechanisms underlying human-like intelligence. Addi-

tionally, by constraining the space of possible algorithms to

those that are more biologically plausible, we may discover

novel architectures and learning paradigms that capture the

key principles of human cognition, and lead to AI systems

that exhibit the adaptability and generalization capabilities

characteristic of human intelligence.
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