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a b s t r a c t

Recent advances in neuroscience and artificial intelligence have pushed the state-of-the- 

art from being able to decode the meaning of individual words from non-invasive brain 

recordings, to the reconstruction of the meaning of continuous language. Beyond game 

changing practical implications of such “mind reading” mapping models, e.g., brain- 

computer interfaces that restore lost ability to speak, they also hold the promise to be 

instrumental in addressing a fundamental question in the cognitive sciences: How does 

the human brain represent the meaning of concepts, phrases, and sentences? In order to 

fulfil this promise, however, important methodological and theoretical challenges need to 

be overcome: (1) extant mapping results are inconsistent and difficult to reconcile with 

neurocognitive theory, (2) extant neural meaning representations do not model the 

compositional semantics capturing the meaning of multi-word utterances, and (3) extant 

mapping models fail to take into account the spatiotemporal dynamics of lexical and 

compositional semantic representation and computation. I argue that in order to overcome 

these challenges, we should ground mapping models in linguistic and neurocognitive 

theory, and develop neurocomputational models that explicate the spatiotemporal dy

namics of meaning in the brain's language.

© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC 

BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

How does the human brain represent the meaning of con

cepts, phrases, and sentences? This is a central question in 

cognitive science that is studied in many of its subdisciplines, 

including linguistics, philosophy, and neuroscience. Recent 

advances in neuroscience and artificial intelligence have led 

to a proliferation of analysis methods that allow for the 

empirical investigation of neural semantic representations in 

the brain (Poldrack, 2011; King & Dehaene, 2014): Decoding 

models seek to accurately infer representations of meaning 

from neural activity, while encoding models invert this pro

cess, and aim to predict neural activity from such meaning 

representations. While these mapping models differ in direc

tionality, both can be used to infer or “decode” neural se

mantic representations from neuroimaging data (Ivanova 

et al., 2023; Frisby et al., 2023).

Indeed, using vector-based neural semantic representa

tions―which can be constructed from either lexical co- 

occurrences, e.g., using language models, or human 
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ratings―it has previously been shown that it is possible to 

decode the meaning of words and sentences from non- 

invasive functional magnetic resonance imaging (fMRI) re

cordings (e.g., Anderson et al., 2017; Huth et al., 2012; Mitchell 

et al., 2008; Pereira et al., 2018). More recently, models 

employing the contextualized embeddings from large lan

guage models (LLMs; e.g., Devlin et al., 2018; Radford et al., 

2018), trained on self-supervised next word prediction, have 

been shown to achieve state-of-the-art reconstruction of the 

meaning of continuous language from fMRI recordings (Tang 

et al., 2023), as well as to accurately predict the explainable 

variance in fMRI and invasive electrocorticography (ECoG) 

recordings (Schrimpf et al., 2021; Goldstein et al., 2022).

Beyond game changing practical implications of such 

“mind reading” mapping models, e.g., brain-computer in

terfaces that restore lost ability to speak, they also hold the 

promise to be instrumental in unraveling the organization, 

representation, and computation of meaning in the brain. 

However, in order to fulfil this promise, important methodo

logical and theoretical challenges need to be overcome: (1) 

extant mapping results are inconsistent and difficult to 

reconcile with neurocognitive theory, (2) extant neural rep

resentations do not model the compositional semantics 

capturing the meaning of multi-word utterances, and (3) 

extant mapping models fail to take into account the spatio

temporal dynamics of lexical and compositional semantic 

representation and computation.

In what follows, I will discuss each of these challenges in 

detail, and argue how they can be overcome going forward by 

systematically investigating how different mapping models 

are affected by assumptions about representational structure 

and the nature of the neuroimaging data they model, by 

grounding mapping models in linguistic and neurocognitive 

theory, as well as by complementing mapping models with 

explicit neurocomputational modeling of the spatiotemporal 

dynamics of language comprehension.

2. Mapping neural semantic representations

Mapping models typically assume semantic representations 

for individual lexical items that can be conceptualized as 

vectors in a high-dimensional vector space. The dimensions 

of these vectors may be either directly interpretable (e.g., se

mantic categories, componential features, co-occurrence fre

quencies) or only bare relative meaning to each other (Frisby 

et al., 2023). Given a set of words, the aim of decoding 

models is then to predict the activation level y of each indi

vidual semantic dimension d from, for instance, each voxel vi 

of fMRI activation associated with a word: 

yd =
∑N

i=1

wdi × vi (1) 

where wdi weighs the influence of voxel vi on dimension d. 

These models thus predict the full semantic representation by 

predicting the activation level of each semantic dimension as 

a weighted sum of voxel activations. After training, the fitted 

weights can be investigated to assess how different voxels 

contribute to each dimension, and brain responses to novel 

stimuli can be decoded by finding the most likely semantic 

representation given a predicted semantic vector (see Fig. 1A).

Encoding models, in turn, invert this process and aim to 

estimate the neural activation level y of each individual voxel 

v from each semantic dimension di associated with a word: 

yv =
∑N

i=1

wvi × di (2) 

where wvi weighs the influence of dimension di on voxel v. 

Indeed, these models predict the full neural activity pattern by 

predicting the activation level of each voxel as a weighted sum 

of semantic dimension activations (see Fig. 1B). After training, 

the fitted weights are informative about the relative contri

bution of each semantic dimension to a given voxel, and the 

Fig. 1 — Mapping models. Decoding models aim to infer semantic features from neural activity (A). Encoding models seek to 

predict neural activity from semantic features (B). Encoding models can also be used for decoding by predicting the neural 

activity for different semantic feature vectors, and inferring the most likely prediction given a pattern of observed neural 

activity (C).

c o r t e x  1 9 4  ( 2 0 2 6 )  1 2 —2 1 13 



model allows for predicting brain responses to unseen words. 

Decoding brain responses to novel stimuli is less straightfor

ward using encoding models, but can be cast into an informed 

search problem, e.g., by predicting possible continuations of a 

sentence and finding the predicted brain response that is most 

likely given the observed brain response (e.g., Tang et al., 2023, 

see Fig. 1C).

2.1. Why mapping model results are inconsistent

While mapping models provide a powerful method to connect 

semantic representations to brain activity, and to ask funda

mental questions about the representation and computation 

of meaning in the brain, Frisby et al. (2023) point out that 

mapping results have led to “sometimes startlingly different 

conclusions about the nature, structure, and organization of 

semantic representation” (pg. 258). One explanation for these 

inconsistencies is that mapping results may in fact depend on 

data acquisition, analysis and size, experimental design, as 

well as the combination of representational structure and 

mapping model, among other things (see Ivanova et al., 2023; 

Frisby et al., 2023, for discussions).

To illustrate this point, let us turn to the decoding of the 

lexical semantic (LS) representations capturing the meaning of 

individual words. There are essentially three different theo

retical views on the neural basis of LS representations coding 

for conceptual structure (Frisby et al., 2023): Dimensions of LS 

representations either (1) encode discrete category member

ship for concepts (e.g., flower, house, bird), (2) encode the 

presence/absence of features (e.g., has leaves, made of brick, is 

alive), or (3) bare only relative meaning to each other. Each of 

these distinct hypotheses can have different neural re

alizations: representations may be self-contained or grounded 

in neural circuitry sub-serving perception and action, their 

dimensions may independently or conjointly code for a 

concept, and vary either homogeneously (adopting similar 

activations to code for the presence of semantic information) 

or heterogeneously (adopting graded activations). Further

more, representations may locate to contiguous or dispersed 

cortical regions, and be consistent or inconsistent across in

dividuals. Different combinations of these properties lead to 

different hypotheses about LS representations in the brain, 

and different mapping models may be more or less appro

priate to investigate these hypotheses (Frisby et al., 2023). 

Mapping models harnessing a Region of Interest (ROI) 

approach (e.g., by focusing on theory-driven voxels of inter

est), for instance, assume cortically contiguous representa

tions, while mapping models using a “searchlight” approach 

(e.g., by moving a spherical multivariate searchlight through a 

volume; Kriegeskorte et al., 2006) can detect dispersed repre

sentations. Both approaches do, however, typically assume 

consistent representations across subjects. Whole-brain 

mapping models, by contrast, are less constrained, but may 

consequently be less interpretable.

To complicate matters further, it remains an open question 

if linear or nonlinear mapping models better connect se

mantic representations to brain activity (see Ivanova et al., 

2023). That is, mapping models typically assume a linear 

relationship between neural activity and semantic feature 

spaces that can be estimated using (regularized) linear 

regression. While such simple linear mapping models are 

most common, and are favoured over more complex 

nonlinear mapping models because of their apparent inter

pretability (of voxel/feature weights), biological plausibility 

(approximating downstream readout in the brain), and 

comparability (across feature/data sets), these desired prop

erties may be too limiting, and may not neatly align with a 

linear/nonlinear model dichotomy (Ivanova et al., 2023). Har

nessing the power of complex nonlinear mapping models 

such as deep neural networks, by contrast, may allow for 

more accurate modeling of how semantic feature spaces 

relate to recorded neural activity, for instance, by capturing 

nonlinear interactions between semantic features and/or ac

counting for nonlinearities in the recorded brain signal. 

However, whether such nonlinear mapping models do indeed 

outperform linear mapping models is subject to ongoing 

debate as results are inconsistent (e.g., Bertolero et al., 2020; 

He et al., 2020; Schulz et al., 2020), and may interact with the 

factors discussed above.

2.2. Towards robust and interpretable mapping models

The inconsistency of state-of-the-art mapping results and the 

entanglement of data, representational structure, and map

ping model properties, call for a systematic investigation of 

mapping models going forward. A starting point for such an 

investigation, for instance, is to build upon and extend the 

theoretical work on LS representations by Frisby et al. (2023), 

and to systematically and empirically investigate if and to 

what degree different linear (e.g., linear/lasso/ridge regres

sion) and nonlinear (e.g., feed-forward/convolutional deep 

neural network) mapping models can be used to encode and/ 

or decode competing hypotheses about the structure of LS 

representations from data within and across studies (e.g., 

open data from Mitchell et al., 2008; Wang et al., 2022; Kaiser 

et al., 2022, among others). To this end, a benchmark could 

be developed for the automatic evaluation and introspection 

of different combinations of mapping model, representational 

hypothesis, and data set, in order to directly contrast and 

compare these combinations. This critically allows for con

trasting different hypotheses on the same experimental data, 

with the same pre-processing procedure, and so forth, but also 

to examine how mapping models generalize across studies. 

To obtain a deeper understanding of the models, this 

comparative evaluation could be complemented with exten

sive feature analysis aimed at investigating what the different 

models are sensitive to, and what drives their performance. 

To achieve this for nonlinear mapping models, techniques can 

be employed to decompose the models into interpretable 

modules (Bertolero et al., 2020) or to reduce their dimension

ality through multidimensional scaling approaches (Rogers 

et al., 2021; Venhuizen et al., 2022). Taken together, such a 

systematic comparison and analysis provides critical insight 

into how choice of mapping model, hypotheses on represen

tational structure, and data acquisition, processing and anal

ysis interact, and how this affects the robustness and 

interpretability of the results.

Indeed, arriving at robust and interpretable mapping 

models has the potential to provide breakthrough answers to 

fundamental questions on the organization and computation 

c o r t e x  1 9 4  ( 2 0 2 6 )  1 2 —2 114 



of meaning in the brain. The state of affairs is, however, 

further complicated by the coexistence of different types of 

neural semantic representations, and their spatiotemporal 

representational dynamics.

3. Lexical versus compositional neural 

semantic representations

Much of the work on decoding neural semantic representa

tions has focused on LS representations: that is, on the 

meaning of individual words. The hallmark of human lan

guage, however, is that we can combine words into a poten

tially infinite number of novel sentences. A core notion in 

linguistic theory, therefore, is the principle of compositionality. 

While this principle has different theoretical instantiations, 

these are all grounded in the assumption that the meaning of 

a complex phrase (e.g., a sentence) is a function of the 

meanings of its constituent words and the way they are 

combined (Baggio, 2018; Martin & Baggio, 2020; Partee, 1995; 

Pylkk€anen, 2019; Venhuizen & Brouwer, 2025b). The resul

tant compositional semantic (CS) representation of an utterance 

can be conceptualized as a mental model (Johnson-Laird, 

1980) or situation model (Zwaan & Radvansky, 1998): a 

mental representation of a described state of affairs informed 

by and grounded in world knowledge.

3.1. Insights from the neurocognition of language

The idea that CS representations play a crucial role in incre

mental, word-by-word comprehension is also echoed in 

prominent neurocognitive models of language processing. 

While these models differ in their precise architectural as

sumptions, they converge upon the idea that LS representa

tions are stored and/or activated in temporal areas, whereas 

other, typically frontal, areas are involved in combining/ 

integrating these LS representations into CS representations 

spanning multiple words (e.g., Hagoort, 2005; Hagoort et al., 

2009; Baggio & Hagoort, 2011; Brouwer & Hoeks, 2013; see 

Fig. 2A, but also see Lau et al., 2008; Friederici, 2011 for 

models implicating non-frontal regions in combinatory pro

cessing). Critically, these models make concrete predictions 

about the spatial and temporal organization of LS and CS 

representation in the brain.

To illustrate this, consider the Retrieval-Integration the

ory of the electrophysiology of incremental, word-by-word 

language comprehension (Brouwer et al., 2012, 2017; 

Brouwer & Hoeks, 2013; Venhuizen & Brouwer, 2025a), in 

which the spatiotemporal segregation of LS and CS is 

particularly pronounced (see Fig. 2B). This model is centered 

around two core processes underlying language compre

hension: The retrieval of word-associated LS representations 

from long-term memory, and the compositional integration 

of these retrieved LS representations into a CS representa

tion of unfolding utterance meaning. The process of 

retrieving word-associated LS representations from long- 

term memory, which is facilitated if these representations 

are anticipated by the unfolding context, is assumed to be 

reflected in the N400 component of the event-related po

tential (ERP) signal―a negative deflection peaking around 

400 msec post word onset―such that more effortful retrieval 

results in a larger N400 (Kutas & Federmeier, 2000; Brouwer 

et al., 2012; Lau et al., 2008; Van Berkum, 2009). The left 

posterior Middle Temporal Gyrus is identified as a cortical 

hub mediating this retrieval process (Brouwer & Hoeks, 

2013), while the LS representations are themselves 

assumed to be stored in a distributed manner across the 

association cortices (Pulvermüller, 1999; McClelland & 
Rogers, 2003). Retrieved LS representations are subse

quently integrated into an unfolding CS representation 

spanning the utterance thus far. These compositional pro

cesses are assumed to be reflected in the P600 component―a 

positive deflection that typically reaches maximum within 

600—1000 msec post word onset―such that effortful 

composition results in a larger P600 (Brouwer et al., 2012). 

The left Inferior Frontal Gyrus (lIFG) is identified as a cortical 

hub subserving these integrative compositional processes 

(Brouwer & Hoeks, 2013). Critically, the model is cyclic, in 

that the updated CS representation serves as context for the 

retrieval of upcoming word-associated LS representations 

and their subsequent integration into the further unfolding 

CS representation (see Brouwer et al., 2017, 2021, for explicit 

neurocomputational instantiations of the Retrieval- 

Integration model).

To understand how the brain represents the meaning of 

multi-word utterances, we should thus not only be concerned 

with decoding LS representations, but also consider decoding 

Fig. 2 — Neurocognitive models of language processing. Neurocognitive models of language processing assume distinct 

regions for the storage/activation of lexical semantics and their combination into compositional semantic representations 

(A). Retrieval-Integration theory makes explicit predictions about the spatiotemporal representational dynamics of lexical 

and compositional semantic representations (B).

c o r t e x  1 9 4  ( 2 0 2 6 )  1 2 —2 1 15 



CS representations. This raises the question, however, of how 

CS representations can be modeled in the first place; that is, 

while there exist concrete hypotheses about the nature of LS 

representation in the brain (see Frisby et al., 2023, for discus

sion), the neural basis of CS representation remains largely 

uncharted territory.

3.2. From linguistic theory to neural CS representations

As many decoding models assume feature-based LS repre

sentations, one approach to modeling CS representations is to 

examine how LS representations can be compositionally 

combined into the meaning of sentences. In distributional se

mantics, where LS features reflect data-derived linguistic co- 

occurrences, different approaches have been explored, but 

the most common approach to compositional sentence 

meaning is the order-insensitive averaging or multiplication 

of the constituent word meaning vectors (Mitchell & Lapata, 

2010). While this approach has shown some promising re

sults in approximating simple sentence meaning (Pereira 

et al., 2018), it does not achieve human-like compositional 

generalization, supporting the adage “good at lexical seman

tics, bad at composition” (Pavlick, 2022, pg. 464).

In formal semantics, by contrast, frameworks such as 

Discourse Representation Theory (DRT) fare a lot better in 

modeling the dynamic construction and representation of 

multi-word utterance meaning (Kamp & Reyle, 1993). DRT 

formalizes the concept of a mental model (Johnson-Laird, 

1980) or situation model (Zwaan & Radvansky, 1998) in 

terms of Discourse Representation Structure (DRS) represen

tations. A DRS D is a tuple 〈U, C〉, consisting of a set of referents 

U = {x1, …, xn}, known as the universe, and a set of conditions 

on those referents C = {c1, …, cn}, which are either simple re

lations R(x1, …, xn) over referents or logical combinations of 

sub-DRSs. The representational power of DRT is evidenced by 

its extensive use in the theoretical modeling of diverse aspects 

of meaning (Asher & Lascarides, 2003; Muskens, 1996; Van der 

Sandt, 1992; Venhuizen et al., 2018) as well as the automatic, 

large-scale derivation of DRSs using both rule-based (Bos, 

2003) and neural (Van Noord et al., 2018) approaches. How

ever, in order for these DRS representations to obtain an inter

pretation, they need to be embedded relative to a formal model 

structure M, for instance, through a translation to first-order 

logic. While this is theoretically well-defined, it is unclear 

how the representational power of DRSs can be given an 

interpretation at the neural level, e.g., to account for entail

ment and inference relations between meanings. Moreover, 

as DRT is a truth-theoretical theory of meaning, it does not 

directly capture probabilistic ‘world-knowledge’-driven 

inferences.

Another formalism―building on neurocognitive models of 

story comprehension (Frank et al., 2009; Golden & Rumelhart, 

1993)―that directly models interpretation at the neural level 

is Distributional Formal Semantics (DFS; Venhuizen et al., 

2022). DFS defines meaning relative to a set of formal models 

𝕄ℙ. Each model M∈𝕄ℙ is a first-order model that is defined 

relative to a set of propositions ℙ and can be represented as 

the set of propositions that it satisfies. The full set of models 

𝕄ℙ effectively represents a set of possible worlds, in which 

propositions that are related to each other co-occur in many of 

the same worlds. Propositional and sub-propositional mean

ing is grounded in this (probabilistic) propositional co- 

occurrence space, and represented by real-valued vectors 

that capture meaning in terms of (fuzzy) truth values relative 

to these models; the meaning of a proposition p∈ℙ, for 

instance, is defined by a vector v
→
(p) that assigns a 1 to all M∈

𝕄ℙ that satisfy p, and a 0 otherwise. Critically, DFS represen

tations are fully compositional in that the meaning of any 

logical combination of propositions of arbitrary complexity 

can be expressed. Beyond being fully compositional, DFS is 

also fully probabilistic, in that the probability of a (complex) 

proposition directly derives from its meaning vector (see 

Venhuizen et al., 2022, for more detail). While DFS has been 

successfully used to model compositional neural semantic 

representations in cognitive models of comprehension, ac

counting for key semantic phenomena (Venhuizen et al., 

2019a, 2019b, 2022; Brouwer et al., 2021), these models are 

small-scale, closed world models, and their representations 

do not approximate the scale and broad coverage required for 

usage in mapping models. The main reason for this is that DFS 

uses propositions as atomic meaning units, and scaling up 

coverage entails increasing the number of propositions and 

their co-occurrences in 𝕄ℙ, which quickly becomes practi

cally intractable.

Indeed, while DRT offers wide-coverage representations 

without neural interpretations that capture entailment and 

inference between meanings, DFS does offer such entailment- 

preserving interpretations at the neural level, but its repre

sentations have limited coverage. A first step towards deriving 

neural CS representations, therefore, could be to seek to 

combine the rich, wide-coverage representational power of 

DRT with the direct interpretability of neurally-instantiable 

DFS representations. A concrete starting point is the obser

vation that a DRS D can be embedded relative to 𝕄ℙ through a 

translation into first-order logic; that is, to the degree that ℙ

captures the referents and conditions of D, DRS D has an 

interpretation v
→
(D) relative to 𝕄ℙ that is expressed at the 

neural level. The wide-coverage of DRT as compared to DFS, 

however, stems from the fact that DRT allows for abstraction 

over referents xi, and by extension events ei, in the universe. 

To achieve this coverage in DFS, it is therefore essential to 

move from a set of fixed propositions ℙ to a set of propositions 

that abstract over variables within ℙ, for instance by adopting 

neo-Davidsonian event semantics, as is common in wide- 

coverage DRT (Bos, 2003). The resultant, integrated frame

work could then allow for deriving a meaning space 𝕄ℙ that 

yields neural CS representations that scale up to cover the 

referents and events of the training data of relevant mapping 

models (e.g., the podcasts used by Tang et al., 2023).

3.3. From LLMs to neural CS representations

A complementary approach to neural CS representation is to 

harness the contextualized representations of LLMs; that is, 

early decoding models assume LS representations at the type- 

level such that two identical tokens have the same meaning 

even if they occur in different contexts. Rather than using 

such static representations, more recent mapping models 

have turned to the use of contextualized representations from 
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LLMs, in which meaning is assigned to each individual token as 

a function of the context in which it occurs (e.g., Tang et al., 

2023; but also see Schrimpf et al., 2021; Goldstein et al., 

2022). The impressive comprehension-like behavior of LLMs 

suggests that these contextualized representations may 

instantiate a form of CS representation, and has in fact led to 

the suggestion that LLMs accurately model human compre

hension to some degree (e.g., Goldstein et al., 2022; Piantadosi, 

2023; Schrimpf et al., 2021). Critically, it has been argued that 

LLMs “are effective at predicting brain responses because they 

generally capture a wide variety of linguistic phenomena” 
(Antonello & Huth, 2024, p. 1). This suggests that we may 

elucidate CS representation in the brain by obtaining a better 

understanding of contextualized representations in LLMs (see 

also Dhar & Søgaard, 2024; Xu et al., 2024, for discussion).

Recent advances in explainability for LLMs offer a plethora 

of methods aimed at elucidating the behavior of these models 

as well as their representations (see Belinkov & Glass, 2019; 

Zhao et al., 2024, for reviews). One such prominent method 

is probing, which provides a means to assess whether the 

contextualized representations of LLMs code for certain lin

guistic properties, typically by predicting the presence or 

absence of these properties from the representations using a 

classifier (Belinkov, 2022). Manning et al. (2020), for instance, 

developed a probing method to show that LLM representa

tions code for syntactic relations, and that using a linear 

transformation on these representations allows for the 

approximate reconstruction of sentence tree structures that 

are common in linguistic theory. Critically, such explainability 

techniques offer a means to investigate the degree to which 

the contextualized representations of LLMs code for the deep 

semantic features assumed by semantic theory in a top-down 

manner. However, as of yet, these contextualized represen

tations “have not engaged rigorously with semantic theory” 
(Pavlick, 2022, p. 448), leaving them poorly understood.

Indeed, while probing techniques have been used to 

investigate LLM representations, as well as other word and 

sentence embeddings, for the encoding of surface-level fea

tures―including sentence length, the presence of a particular 

word, syntactic tree depth, syntactic relations, and shallow 

structure-driven semantics such as subject and object num

ber (see Conneau et al., 2018; Manning et al., 2020, among 

others)―these investigations have yet to be extended to deep 

semantics. That is, in order to understand to what degree 

these representations do indeed capture deep semantic 

properties, inferences, and relationships, representations 

need to be probed for features that go beyond what is directly 

present in linguistic surface realizations. To exemplify this, 

consider the number of entities available for anaphoric 

reference in a discourse such as “Mary was talking to Bill and 

John. Bill needed to get up early but John decided to stay for a 

bit. After a while, Mary told him […]”: Indeed, while this 

discourse starts off introducing three available entities in the 

first sentence, the second sentence contains the implicature 

that “Bill” left, changing the state of affairs, such that only 

“John” is available as an antecedent for “him” in the last 

sentence. Human comprehenders readily register the un

availability of “Bill” in such situations (see Nieuwland et al., 

2007; Venhuizen & Brouwer, 2025a). To evaluate whether 

LLM representations capture the unavailability of “Bill” as 

well, one could contrast the discourse above with one in 

which “Bill” remains available, and classify the number of 

available entities. Critically, if the representations do indeed 

distinguish between these constellations, independent of the 

order in which the entities are mentioned, this cannot be 

attributed to shallow surface-structural features, and would 

suggest that contextualized LLM representations do indeed 

code for deep semantic features.

Beyond investigating if representations code for such deep 

semantic features, it is important to understand how these 

features are encoded. To this end, probes instantiating specific 

hypotheses about how features are encoded can be contrasted 

(e.g., whether available antecedents are coded using a nu

merical vs a more general uniqueness feature). Such a sys

tematic, deep semantic investigation of LLM representations 

will allow us to understand to what degree and how these 

representations encode critical aspects of CS, and to the 

extent that they do, ground the claim that LLMs “capture a 

wide variety of linguistic phenomena” (Antonello & Huth, 

2024, p. 1) in linguistic theory. Indeed, this top-down investi

gation of CS can be seen as complementary to the bottom-up 

approach towards CS grounded in linguistic theory; that is, 

while linguistic theory informs on what deep semantic fea

tures to look for, the investigation of LLM representations may 

inform on potential ways in which these features can be 

neurally coded.

4. Spatiotemporal representational 

dynamics

The human language comprehension system incrementally 

combines LS representations into CS representations span

ning multi-word utterances. This means that going forward 

we should be concerned with the nature of both LS and CS 

representations, but also with how these representations 

interact in the compositional process (Venhuizen & Brouwer, 

2025b). One possibility is that LS and CS representations are 

inherently intertwined, and an approach to modeling this 

would be to integrate LS representations as atomic structures 

into a neural framework for CS (Asher et al., 2016; Beltagy 

et al., 2016). Alternatively, composition could be an emer

gent property, such as in neurocomputational models that 

learn to incrementally map sequences of word-associated LS 

representations into an unfolding CS representation spanning 

a multi-word utterance (Brouwer et al., 2017, 2021). Critically, 

these questions have important implications for mapping 

models: As LS representations form the building blocks for CS 

representations, these two types of representation may be 

entangled in space and time, meaning that the neural activity 

recorded in a particular cortical region, at a particular point in 

time, may capture aspects of both LS and CS representations. 

This implies that beyond being concerned with the nature of 

both LS and CS representations, we must address the spatio

temporal dynamics of their interaction in the compositional 

process.

Mappings between semantic feature spaces and cortical 

feature maps have identified voxels scattered across many 

cortical areas (Huth et al., 2012, 2016; Pereira et al., 2018; Tang 

et al., 2023). Tang et al. (2023), for instance, showed that 
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continuous language could be accurately decoded from the 

classical language network, the parietal-temporal-occipital 

association network, and the prefrontal network in each 

hemisphere. It is not clear how this apparent scattered orga

nization of neural semantic representation can be reconciled 

with neurocognitive models of language comprehension that 

assume―informed by neuroimaging but also clinical and 

lesion studies―a more left-lateralized and focused functional 

organization in terms of a spatiotemporal segregation of LS 

representation storage/activation and their combination into 

CS representations spanning multiple words (Hagoort, 2005; 

Baggio & Hagoort, 2011; Ben Shalom & Poeppel, 2008; 

Brouwer & Hoeks, 2013; Friederici, 2011; Lau et al., 2008; 

Pylkk€anen, 2019). To address this apparent inconsistency 

going forward, mapping models should be guided by, and their 

results grounded in, neurocognitive theory in terms of the 

spatiotemporal dynamics of LS and CS (see Goldstein et al., 

2023, for a different approach using LLMs).

4.1. Towards mapping models grounded in 

neurocognitive theory

Retrieval-Integration theory makes explicit predictions about 

the spatiotemporal dynamics of LS and CS representation 

(Brouwer et al., 2012; Brouwer and Hoeks, 2013; Venhuizen 

and Brouwer, 2025a). Spatially, the model assumes the 

lpMTG to serve as a hub for the retrieval of LS representations 

that are stored across the association cortices. This model 

would thus predict that the lpMTG is sensitive to LS in general, 

but that different association cortices may show modality- or 

sensory-specific sensitivity to LS (e.g., visual vs motor con

cepts; see Pulvermüller, 1999). The lIFG, in turn, is predicted to 

be predominantly sensitive to CS. This prediction about 

spatial organization can be tested by complementing extant 

LS mapping results with novel mapping models targeting CS 

representation to decode or encode high spatial resolution 

neuroimaging data such as fMRI responses.

Beyond this spatial differentiation, the Retrieval- 

Integration model also predicts that the decodability of LS 

and CS representations may fluctuate over time post word 

onset, such that during retrieval, LS decodability is dominant, 

while during integrative compositional processing, CS 

decodability is dominant. Predictions such as these can be 

tested by using mapping models to investigate the difference 

in generalization across time of LS and CS representation 

decoding (or classification) post word onset (see Heikel et al., 

2018; King & Dehaene, 2014). The idea behind this temporal 

generalization method is simple, yet powerful: assume a 

mapping model that is trained to succesfully decode a se

mantic representation at a timestep t from a neuroimaging 

signal with high temporal resolution, such as electroenceph

alography (EEG) or electrocorticography (ECoG) data. The 

decoding accuracy of this classifier can then be tested on all 

other time-steps (both backward: t − 2, t − 1, …, and forward: 

t + 1, t + 2, …), to see how well its decoding performance 

generalizes. If it does indeed generalize to time-steps other 

than t, this is taken to indicate that the mental representa

tions at t also occur at those other time-steps (King & 
Dehaene, 2014). Testing each mapping model at each other 

time-step yields a Generalization Across Time (GAT) matrix, 

which reveals how different mental representations unfold in 

time, and to what degree they temporally overlap with each 

other. Indeed, if the prediction from the Retrieval-Integration 

model is right, for instance, relative decoding/classification 

accuracy should peak for LS earlier (e.g., in the 300—500 msec 

N400 time window) and for CS later (e.g., in the 600—1000 msec 

P600 time window), while there may also be a temporal win

dow of overlap, where both LS and CS representations can be 

decoded with a certain degree of accuracy.

4.2. Synthesis through neurocomputational modeling

As commonly used neuroimaging methods have either high 

spatial or high temporal resolution, but typically not both, a 

further challenge is to integrate insights on the spatial orga

nization with those on the temporal dynamics. One fruitful 

approach to synthesizing findings on the cortical organisation 

with those on the temporal dynamics is by complementing 

and connecting the mapping results with neurocomputa

tional modeling of language comprehension that explicates 

the spatiotemporal dynamics of LS and CS. Beyond providing a 

formally precise instantiation of where, when, and how LS 

representations combine into an unfolding CS representation, 

the spatiotemporal dynamics of these models can be directly 

compared to those of the human comprehension system 

through temporal generalization of representation decoding 

or classification (see Rogers et al., 2021, for such an approach 

to LS).

To illustrate this approach, consider the explicit neuro

computational instantiation of RI theory, which has been 

shown to account for key semantic processing phenomena, 

and which is explicit about the cortical organisation of LS and 

CS (Brouwer et al., 2017, 2021). This neurocomputational 

model is a recurrent neural network model (see Fig. 3A) that 

processes sentences on a word-by-word basis. The model is 

built around the lpMTG and lIFG (see Fig. 3B) and produces 

N400 and P600 estimates at each word (Fig. 3C). Each acous

tically (ac; auditory cortex) or orthographically (vc; visual 

cortex) perceived word enters the model through the ac/vc 

layer representing the perceived word form. This word form 

representation is then projected through the lpMTG, which 

retrieves an LS representation, while taking into account the 

model-internal CS representation residing in the lIFG. In the 

model, N400 amplitude (reflecting retrieval difficulty) is esti

mated as the degree to which the activity pattern in the lpMTG 

changes as a function of the incoming word, such that N400 

amplitude is attenuated when the word-associated LS is more 

anticipated, and the other way around. In the model, an LS 

representation is a ‘vector space’-based conceptual vector. 

This retrieved LS representation is then projected to the lIFG, 

where it is integrated into the unfolding CS representation, 

and projected onto an interpretable CS representation, for 

instance, in form of a DFS vector (Brouwer et al., 2021). P600 

amplitude (reflecting integration difficulty) is estimated as the 

degree to which the activation layer changes from one word to 

the next, such that larger P600 amplitude ensues for more 

substantial updates to the unfolding CS representation.

While the neurocomputational instantiation of the 

Retrieval-Integration model is explicit about the spatial orga

nization of LS and CS (Brouwer et al., 2017, 2021), time in its 
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current instantiation is discrete, and hence there are no 

temporal dynamics; that is, when processing an incoming 

word, activation flows through the model for a single discrete 

time tick. A critical adjustment to the model, therefore, would 

be to distribute word processing over multiple time ticks in 

order to investigate spatiotemporal dynamics of LS and CS 

representation (see Brouwer et al., 2017, for a technical dis

cussion). Indeed, this would allow for modeling the spatio

temporally overlapping dynamics of the N400 and P600 

underlying the observed EEG signal (Brouwer & Crocker, 2017), 

the temporally reverberating dynamics of frontal and tem

poral regions during sentence processing (e.g., Tse et al., 2007), 

as well as the relationship between these temporal and spatial 

LS and CS dynamics. Informed by mapping model results, 

neurocomputational modeling thus offers a means to mech

anistically explicate the spatiotemporal representational dy

namics of LS and CS in language comprehension, paving way 

towards an integrated theory of language in the brain.

5. Conclusion

The question of how the brain represents the meaning of 

concepts, phrases, and sentences, is a central question in 

cognitive science. Recent advances in neuroscience and arti

ficial intelligence have led to the development of innovative 

mapping models that enable the decoding of neural semantic 

representations from neural activity, or conversely, the pre

diction of neural activity from neural semantic representa

tions. These mapping models hold the promise to be 

instrumental in unraveling the organization, representation, 

and computation of meaning in the brain. However, I argue 

that in order to fulfil this promise, we need to first systemat

ically investigate how assumptions about representational 

structure and the nature of neuroimaging data affect mapping 

results. Furthermore, mapping models should be developed 

that do not only capture the lexical semantics of individual 

words, but also the compositional semantic representations 

spanning multi-word utterances. While lexical semantic 

representations are relatively well-understood at the neural 

level, this is currently not the case for compositional seman

tics. This critically requires the development of a framework 

for compositional semantic representations at the neural 

level, and I have discussed how linguistic theory may be 

harnessed to arrive at such a framework. Finally, neuro

cognitive theories of language comprehension predict differ

ential spatiotemporal representational dynamics for lexical 

and compositional semantics. Hence, in order to better un

derstand mapping results, they should be grounded in neu

rocognitive theory, and complemented by, and connected to 

neurocomputational modeling of language comprehension, to 

explicate the spatiotemporal dynamics of lexical and 

compositional semantics. In the future, such theoretically- 

informed and grounded mapping models will significantly 

advance contemporary neurocognitive theory on meaning in 

the brain's language.
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