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Abstract

Naturalistic language comprehension often
involves interpretations that go beyond lit-
eral meaning. In continuous narratives, lit-
eral and non-literal meanings are tightly in-
tertwined, making them difficult to distin-
guish computationally. Here, we combined
literal sentence representations and human-
annotated non-literal interpretations for model-
brain alignment. Using fMRI data recorded dur-
ing passive listening to the Chinese version of
The Little Prince, we annotated sentences con-
taining non-literal meaning with human-written
interpretations of their implied meaning. We
then derived the literal and non-literal repre-
sentations from LLaMA3.1-8B and evaluated
their correspondence with neural activity using
whole-brain encoding models. Literal repre-
sentations aligned strongly with left-lateralized
frontotemporal regions, whereas non-literal in-
terpretations showed broader right-hemisphere
involvement. Combining the two further im-
proved encoding performance in the bilateral
temporal and dorsal frontal cortices, suggesting
that naturalistic comprehension engages com-
plementary levels of meaning.

1 Introduction

When we listen to a story, we do not simply process
the words that are explicitly stated. We constantly
infer “implied” messages based on context, such
as metaphors, symbolic meanings, or the speaker’s
intentions. This suggests at least two co-existing
meaning dimensions in everyday understanding:
literal meaning, grounded in the surface sentence,
and non-literal (inferred) meaning, reflecting what
the sentence is taken to convey in context (Grice,
1975; Zwaan and Radvansky, 1998). A central
question is how literal and non-literal meaning re-
late to patterns of brain activity during naturalistic
comprehension.
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Figure 1: Aligning literal and non-literal meaning em-
beddings with whole-brain fMRI data during naturalistic
listening in the Chinese version of The Little Prince.

Much of what we know about non-literal inter-
pretation in the brain comes from neuroimaging
studies that use carefully controlled contrasts, often
focusing on specific phenomena such as metaphor
or irony (Rapp et al., 2004; Eviatar and Just, 2006;
Zempleni et al., 2007). These studies have been in-
valuable for isolating particular processes, but their
simplified stimuli and task settings do not fully
capture how meaning unfolds in the naturalistic
context.

In real narratives, multiple cues co-occur, and in-
formation accumulates over time. Neural responses
therefore reflect moment-to-moment processing
and integration in an extended context (Hasson
et al., 2008; Lerner et al., 2011). This makes it un-
clear how findings from controlled paradigms carry
over to naturalistic story comprehension. What we
still lack is a way to compare literal text and in-
ferred interpretations for the same narrative content
in a matched manner.

To make such a matched comparison possible,
we need predictors that are quantifiable, time-
aligned, and directly comparable across meaning
dimensions. Recent large language models (LLMs)
are well suited to this role: they cover a wide range
of language tasks, and their representations have
been shown to systematically relate to neural re-
sponses during language comprehension (Schrimpf
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et al., 2021; Goldstein et al., 2022; Caucheteux and
King, 2022; Caucheteux et al., 2023; Gao et al.,
2024, 2025; Kumar et al., 2024).

Here, we introduce a measurement framework
for disentangling multiple meaning dimensions dur-
ing naturalistic language comprehension. Using
whole-brain functional magnetic resonance imag-
ing (fMRI) recorded during continuous listening
to the Chinese audiobook of The Little Prince, we
aligned the narrative with the neural time series
at the sentence level and constructed paired pre-
dictors for the same content (see Figure 1). For
narratives, we used two matched texts: the orig-
inal sentence and a human-annotated non-literal
interpretation that summarized what the sentence
is understood to convey in the story. Using LLMs,
we extracted sentence-level features for both literal
and non-literal sentences, and then evaluated these
predictors in whole-brain encoding models. Our
results reveal:

* Literal and non-literal meaning were related to
both shared and dissociable cortical response
patterns during continuous story comprehen-
sion, with a tendency for non-literal signals to
extend more into right-hemisphere regions.

* We introduce a feasible measurement for sepa-
rating language comprehension in naturalistic
narratives, enabling comparisons in brain en-
coding analysis.

* We provide sentence-level non-literal anno-
tations aligned to the original narrative text,
enabling matched comparisons of surface con-
tent and inferred meaning in future work.

2 Related Work

2.1 Neural basis of literal and non-literal
language comprehension

Language comprehension is supported by a left-
lateralized fronto-temporal network, with addi-
tional bilateral involvement in speech and seman-
tic processing (Hagoort, 2013; Hickok and Poep-
pel, 2007). Within this network, the left temporal
and parietal areas, including the middle temporal
gyrus (MTG), the superior temporal gyrus (STG)
and the angular gyrus (AG), handle accessing and
representing word meanings (Binder et al., 2009),
whereas the inferior frontal gyrus (IFG) contributes
to integration and control during sentence process-
ing (Hagoort, 2013; Matchin and Hickok, 2020).

This network is often framed as interactions be-
tween a transmodal semantic hub in the anterior
temporal lobes (ATL) and fronto-temporal mecha-
nisms that build hierarchical meaning from simpler
constituents (Patterson et al., 2007; Ralph et al.,
2017; Pallier et al., 2011; Lau et al., 2008). This
framework serves as a general model of meaning
construction, but it is less specific about how to
dissociate complex context-driven meaning in nat-
uralistic narratives.

Work on context-dependent interpretation sug-
gests that going beyond the surface sentence can
recruit broader integrative and control processes.
The right hemisphere, for example, has been ar-
gued to maintain broader contextual information
or diffuse semantic activation that supports remote
associations (Beeman et al., 1994; Jung-Beeman,
2005). Studies of metaphors and symbolic expres-
sions often report additional recruitment of regions
in the right hemisphere, such as rIFG and rMTG,
and when interpretive demands increase, while dor-
sal frontal areas (e.g., middle/superior frontal areas)
are activated for monitoring and cognitive control
(Bohrn et al., 2012; Rapp et al., 2012). Interpre-
tation related to social intent or affect can also in-
volve salience-related regions such as the anterior
insula and the anterior cingulate cortex (Citron and
Goldberg, 2014; Seeley et al., 2007). However,
much of this evidence comes from controlled con-
trasts that isolate specific phenomena (e.g., Rapp
et al., 2004; Eviatar and Just, 2006; Zempleni et al.,
2007), leaving open how literal content and non-
literal interpretations co-exist, and whether they
can be disentangled during continuous naturalistic
narrative comprehension.

2.2 Model-derived language features for
naturalistic encoding

Naturalistic encoding work has shown that seman-
tic features derived from a text-based representa-
tional space can be linked to distributed cortical
responses during continuous story listening (Huth
etal., 2016). This framework is widely used to map
semantic organization onto the brain cortex under
naturalistic stimulation, and for our question it is
crucial to use sentence-level features that capture
meaning in context. Modern transformer-based lan-
guage models provide a practical shared representa-
tional space for this purpose because they generate
contextualized representations that can be extracted
at the sentence-level or even the discourse-level in
a uniform way (Vaswani et al., 2017; Devlin et al.,
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Figure 2: Methods overview. a Aligning the low-level regressors, sentence rate, pitch, and intensity with whole-
brain fMRI data using GLMs. b Aligning literal, non-literal and combined sentence representations with whole-brain

fMRI data using banded ridge regression.

2019; Radford et al., 2018). Recent model-derived
features of LLMs have shown robust correspon-
dence with neural responses during naturalistic lan-
guage processing (Caucheteux et al., 2023; Kumar
et al., 2024; Goldstein et al., 2024).

LLM-derived representations are sensitive to the
amount of input context. Recent work has explicitly
manipulated the amount of preceding context and
shown that alignment can change substantially with
the window size of the context (Yu et al., 2024).
Long-context inputs have also been used to bet-
ter capture complex information integration (Gold-
stein et al., 2025a,b). Here, in this work, we in-
tend to apply a matched sentence-level comparison
across meaning dimensions. We extracted sentence-
locked representations by feeding each sentence on
its own, without adding extra discourse context, to
keep the comparison clean and interpretable. We
then contrasted features derived from the narra-
tive’s surface sentence with features derived from
explicit interpretation annotations. This setup mo-
tivated our paired-predictor design, enabling com-
parable tests of literal versus non-literal meaning
during naturalistic comprehension.

3 Methods

3.1 Non-literal meaning annotations

We adopted the classic storybook The Little Prince
as our experimental text because its language is
concise, while its intended meanings are often
rich and implicit. The Chinese version of The Lit-
tle Prince audiobook contains 15,603 words dis-
tributed across 1,289 sentences (mean sentence
length = 12.10 words, SD = 9.37). We operational-

ized non-literal meaning as sentences whose in-
tended interpretation involves metaphorical, sym-
bolic, inferential, or otherwise implied meanings
that extend beyond their surface lexical-semantic
composition.

Due to the lack of an established dataset with
non-literal meaning annotations, we recruited two
native Mandarin speakers with formal training in
linguistics to annotate all sentences for the pres-
ence or absence of non-literal meaning. For sen-
tences identified as non-literal, annotators addition-
ally provided a written paraphrase of the intended
non-literal interpretation. Inter-annotator disagree-
ments were resolved through discussion until con-
sensus was reached, ensuring annotation reliability.
Detailed annotation instructions are provided in
Section 6.

A total of 429 sentences (33.3% of the total sen-
tences; mean sentence length = 13.67 words, SD =
10.25) were labeled as containing non-literal mean-
ing. For the following analyses, we only focused
on these 429 sentence pairs which both contain
literal and non-literal meanings. Representative ex-
amples of annotated literal and non-literal contrasts
are shown in Table 1.

3.2 fMRI data

We analyzed the Chinese subset of a publicly avail-
able naturalistic listening fMRI dataset (Li et al.,
2022), including 35 native Mandarin speakers (15
females; age = 19.3 £ 1.6 years). During scan-
ning, participants passively listened to the complete
Chinese audiobook of The Little Prince (approxi-
mately 99 minutes) in a single session divided into
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ID Literal Meaning

Non-literal Meaning

1 XRmL) AT AEIZE -
“This is an order,” replied the lamplighter.

UL AT AT SRS 5] -

Mechanized life and meaningless labor.

2 AEBRRIEE B, R TE PR —TE TR

— e -

His flower had once told him that she was a flower unique

in all the universe.

NETHEEN, BEVDKEE -

The little prince misses his love, feeling heartache and
regret.

3 AFAIBEAE T ILAI LU, RET Rk,
BEITIRA MR-

When we had trudged along for several hours, in silence,

the darkness fell, and the stars began to come out.

BRI ERIENN RS RAERER T HEH
R -

The lighting up of the stars reminds people that even in
the most difficult situations, there is always hope.

Table 1: Examples of literal and non-literal meaning annotations from the Chinese version of The Little Prince.

nine runs of approximately 10 minutes each. The
preprocessed volumetric data were reconstructed
onto a “fsaverage4” surface-based template. The
fMRI signals are z-scored across the time dimen-
sion for each participant, surface vertex and session
independently. Details for fMRI data acquisition
and preprocessing procedure are provided in Ap-
pendix A.

3.3 Model

To quantify sentence-level representational features
of literal and non-literal meanings, we extracted
final-token embeddings from the open-source large
language model LLaMA3.1 (Grattafiori et al.,
2024) for both the original sentences and their anno-
tated interpretations. LLaMA3.1 has been widely
used in model-brain alignment research (e.g., Binz
et al., 2025; Gao et al., 2025; An et al., 2025) and
offers strong multilingual capabilities. To man-
age computational resources (see Appendix B), we
used the 8B-size model.

3.4 Representation differences between literal
and non-literal meanings

Linear probing from literal embeddings to non-
literal embeddings. We first tested whether non-
literal embeddings can be recovered from literal
embeddings via a simple linear mapping. For each
model layer, we trained a ridge regression model
to predict the non-literal embedding vector from
the corresponding literal embedding vector. Predic-
tion performance was evaluated with 5-fold cross-
validated coefficient of determination (R?). As a
permutation control, we randomly shuffled the pair-
ing between literal and non-literal embeddings and
repeated the same layer-wise probing procedure.
Dimensionality reduction of literal and non-
literal representations. We applied principal com-

ponent analysis (PCA) to the sentence-level em-
beddings for the literal and non-literal conditions.
For each sentence, we first averaged the model
hidden states across layers to obtain a single 4096-
dimensional vector, and then projected these vec-
tors onto the first three principal components. We
visualized the resulting 3D projections to examine
the global geometry and separability of literal vs.
non-literal representations.

3.5 Aligning low-level features with
whole-brain fMRI data

We included two acoustic features and one
sentence-level regressor: pitch, intensity, and sen-
tence rate, which are known to correlate with activ-
ity in core language-related regions and served as
baseline predictors against which the contribution
of sentence-level semantic representation was eval-
uated (Momenian et al., 2024; Wang et al., 2025; Li
et al., 2022). Pitch and root-mean-square (RMS) in-
tensity were computed from the Chinese audiobook
at 10 ms resolution using the Voicebox toolbox!.
Sentence rate was modeled as a binary regressor
marking the offset of each sentence in the audio-
book.

For each run, these low-level regressors were
convolved with the canonical hemodynamic re-
sponse function (HRF). The run-wise convolved
regressors were then concatenated across runs, z-
scored, and fit to each subject’s concatenated nine-
run fMRI time series at each cortical vertex using
ordinary least squares (OLS), as illustrated in Fig-
ure 2a.

1http://www.ee.ic.ac.uk/hp/staff/dmb/voicebox/
voicebox.html
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3.6 Aligning literal and non-literal
embeddings with whole-brain fMRI data

Identify the best-performing layer. We per-
formed layer-wise encoding analyses at each corti-
cal vertex using the extracted literal and non-literal
embeddings. For each layer and condition (lit-
eral, non-literal), we constructed a time series of
sentence-level embeddings, time-locked to each
annotated sentence’s offset. This embedding time
series was then convolved with the HRF to match
the temporal resolution of the fMRI data and used
as predictors in vertex-wise ridge regression mod-
els. Models were trained on embeddings and fMRI
responses concatenated across the first eight runs
and evaluated on the held-out ninth run. Encoding
performance was quantified as the Pearson correla-
tion (r) between the predicted and observed fMRI
time series in the test run. To identify the best-
performing layer, we averaged r across vertices to
obtain a single whole-brain encoding score for each
layer.

Banded ridge regression. We next used banded
ridge (multi-kernel) regression (Dupré la Tour et al.,
2022) to jointly model fMRI responses using lit-
eral and non-literal representations. We selected
embeddings from the best-performing LL.aMA3.1
layers identified in the layer-wise encoding analysis
and fit multi-kernel ridge models with Himalaya’s
MULTIPLEKERNELRIDGECYV. Based on these se-
lections, we constructed three predictor sets: (i)
literal sentence embeddings, (ii) non-literal sen-
tence embeddings, and (iii) a combined embedding
defined as the average of the best-layer literal and
non-literal embeddings. Each predictor set was re-
duced from 4096 to 100 dimensions using PCA,
and run-wise predictors were concatenated across
the first eight runs to form three separate linear
kernels.

The regression models were trained in the first
eight concatenated runs and evaluated in the ninth
run. For each vertex and participant, kernel-specific
regularization weights were selected via grid search
with nested cross-validation over 10 values log-
spaced from 10° to 102° within the training data
(Gao et al., 2025; Goldstein et al., 2025b; Huth
et al., 2016). Kernel-specific performance was
obtained by splitting each kernel’s prediction and
computing the Pearson correlation between that ker-
nel’s predicted time series and the observed vertex-
wise fMRI time series in the test run. (see Figure 2b
and Appendix C for regression details).

a Linear probing from the literal to non-literal
embeddings.
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Figure 3: a Layer-wise linear probing from literal to
non-literal embeddings using ridge regression. b PCA
visualization of sentence-level embeddings after aver-
aging across layers. Each point is a sentence projected
onto the first three principal components.

3.7 Statistical significance testing

Linear probe statistical testing. We first averaged
the 5-fold R? scores for the literal—non-literal
mapping and for the shuffled-pairing control. We
then compared probing performance between the
two conditions using a two-tailed paired-sample
1-test.

GLM and banded ridge regressions. At the
group level, vertex-wise GLM regression coeffi-
cients () and banded ridge encoding performance
(Pearson’s r) were first z-scored and evaluated with
one-sample, one-tailed cluster-based permutation
tests (Maris and Oostenveld, 2007) with 10,000
permutations. Clusters were formed from statistics
corresponding to a p-value less than 0.05, and only
clusters spanning a minimum of 20 vertices were
included in the analysis.

Contrasts between literal and non-literal en-
coding maps. To compare the encoding perfor-
mance between conditions, we computed vertex-
wise contrast maps by subtracting the non-literal
embedding rmap from the corresponding literal
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embedding rmap (literal > non-literal). The re-
verse contrast (non-literal > literal) was computed
conversely. The resulting contrast maps were z-
scored and evaluated using the same cluster-based
permutation procedure described above. All statis-
tical analyses were performed using custom Python
codes, making heavy use of the Scipy (v1.12.0; Vir-
tanen et al., 2020), MNE (v1.10.2; Gramfort et al.,
2014) and Eelbrain (v0.41; Brodbeck et al., 2023)
packages.

4 Results

4.1 Representational differences between
literal and non-literal embeddings

Linear probing from literal to non-literal em-
beddings. We found no significant difference in
probing performance between the true literal—non-
literal mapping and the shuffled control. Across
layers, ridge-based linear probes from literal to non-
literal embeddings did not outperform the shuffled
baseline (Figure 3a), indicating that non-literal em-
beddings are not reliably predictable from literal
embeddings using a simple linear mapping in this
embedding space.

Dimensionality reduction of literal and non-
literal embeddings. PCA visualization of two em-
beddings showed that literal and non-literal rep-
resentations form separable clusters in the low-
dimensional space (Figure 3b), suggesting system-
atic differences in their global geometry. Together
with the null linear-probing result, this pattern in-
dicates that the two representations are separable
in embedding space, while their relationship is not
well captured by a single linear mapping.

4.2 Encoding performance across LLaMA3.1
model layers

The best-performing encoding layers for literal and
non-literal embeddings were layer 11 and layer 21,
respectively (see Figure 4a). This pattern is consis-
tent with prior model-brain alignment work show-
ing that mid-to-late layers often yield the strongest
encoding performance.

Correlations among the literal and non-literal
sentence embeddings from their best-performing
layers, as well as the combined embedding defined
as their average, are shown in Figure 4b. Literal
and non-literal embeddings exhibited low similar-
ity (r=0.081), consistent with the representational
differences above. The combined embedding was
strongly correlated with the non-literal embedding

a Brain encoding performance of LLaMA3.1 model.

literal non-literal
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b Correlation matrices of literal, non-literal and
combined sentence embeddings.
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combined 0.084 {0NGEY/ Q
0

Figure 4: a Layer-wise encoding performance of
LLaMA3.1 against fMRI data using literal and non-
literal embeddings. b Correlation matrices of literal,
non-literal, and combined embeddings from their best-
performing LLaMA3.1 layers.

(r=0.637) but only weakly correlated with the lit-
eral embedding (r=0.084).

4.3 Brain regions associated with low-level
features

Correlations among the HRF-convolved sentence
rate, pitch, and intensity regressors are shown in
Figure 5a. The strongest association was between
pitch and intensity (r=0.433), whereas correlations
involving two acoustic features and sentence rate
were close to zero (both r<0.02).

We observed significant bilateral effects of the
low-level features in temporal and frontal regions,
consistent with prior work on speech-related pro-
cessing (Li et al., 2022; Momenian et al., 2024;
Wang et al., 2025). The acoustic regressors (pitch
and intensity) showed robust effects in the tempo-
ral cortex: pitch exhibited a significant association
in the bilateral ATL and the MTG, with a stronger
effect in the right hemisphere, while intensity was
primarily associated with the bilateral STG. Sen-
tence rate was associated with responses in left
ATL, left IFG, bilateral STG, MTG, and ventrome-
dial prefrontal cortex (vmPFC). Detailed clusters
and corresponding statistics for the low-level fea-
tures are reported in Figure 5b and Table 2.
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Figure 5: a Correlation matrices among three low-level features. b Significant brain clusters associated with

sentence rate, pitch and intensity.

. Left hemisphere Right hemisphere
Embedding group N vertices P Cohen’s d N vertices P Cohen’s d
Sentence rate 758 0.0061 3.7642 722 0.0199 3.1042
Pitch 257 0 2.4034 452 0 2.3383
Intensity 249 0.0189 2.4325 222 0.0374 3.1270

Table 2: Cluster statistics for sentence rate, pitch, and intensity effects from the GLM analysis.

4.4 Brain regions associated with literal,
non-literal and combined embeddings

We observed widespread frontal and temporal clus-
ters across the literal, non-literal, and combined
conditions, with lateralization patterns that differed
by condition (Figure 6a).

In the literal condition, left-lateralized effects
spanned canonical language regions from frontal
to temporoparietal areas, including the IFG, insula,
STG/MTG, and AG. Smaller right-hemisphere
clusters were also detected in the frontal/insular
cortices and temporal regions, including IFG, in-
sula, STG/MTG.

The non-literal condition showed a more right-
lateralized pattern. Only a small cluster was ob-
served in the left insula, whereas the right hemi-
sphere exhibited widespread effects across frontal
and temporal regions, including the precentral
gyrus (PrG), caudal middle frontal gyrus (cMFG),
IFG, and STG.

In the combined embedding, the effects were
more prominent in the right hemisphere over-
all. Left-hemisphere effects were observed mainly
in superior frontal gyrus (SFG), STG/MTG. In
the right hemisphere, the effects extended across
frontal, insular, and temporal cortices, including
SFG, insula, STG/MTG, and the temporal pole.
Table 3 reports detailed literal, non-literal and com-
bined cluster statistics.

4.5 Brain regions associated with contrasts
between literal and non-literal
embeddings

Contrast analyses also revealed lateralized differ-
ences between conditions: the literal > non-literal
contrast was strongest in the left frontal and tem-
poral regions, whereas the non-literal > literal con-
trast was strongest in the right frontal regions (see
Figure 6b). Specifically, the literal > non-literal
contrast yielded significant clusters in the left IFG
and STG, while the non-literal > literal contrast
yielded marginally significant clusters confined to
the right frontal cortex, with peaks in the precen-
tral gyrus, SFG, and cMFG. Detailed statistics are
reported in Table 3.

5 Discussion

A large body of model-brain alignment work
shows that contextual embeddings derived from
large language models predict neural activity dur-
ing naturalistic language comprehension (e.g., Gao
et al., 2024, 2025; Goldstein et al., 2022; Huth
et al., 2016; Toneva et al., 2022; Schrimpf et al.,
2021). Most prior studies, however, use embed-
dings derived directly from surface text and there-
fore primarily index literal meaning. Here, we of-
fered a measurement framework by aligning fMRI
responses to embeddings derived from manually
literal and annotated non-literal interpretations of
the same narrative content. We found literal and
non-literal representations derived from LLM were
clearly distinct in embedding space, and non-literal
representations could not be reliably recovered
from literal embeddings with a simple linear probe.
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Figure 6: a Significant brain clusters associated with literal, non-literal and combined embeddings. b Significant

brain clusters for literal > non-literal and non-literal >

literal contrasts.

Embedding group Left hemisphere Right hemisphere

N vertices p Cohen’s d N vertices P Cohen’s d
Literal 123 0.001 6.2609 112 0.0007 6.5042
Non-literal 30 0.0091 5.2102 129 0.0056 3.8235
Combined 55 0.0145 3.8592 212 0.0052 4.3092
Contrast
Literal > Non-literal 43 0.002 2.5873 / / /
Non-literal > Literal / / / 76 0.0631 3.8239

Table 3: Cluster statistics for literal, non-literal, and combined sentence embeddings from banded ridge regression.

In the brain, both literal and non-literal embed-
dings significantly predicted widespread responses,
but with condition-dependent spatial patterns. Lit-
eral embeddings aligned most strongly with left-
lateralized temporal and frontal regions typically
implicated in core semantic processing, consis-
tent with prior model-brain alignment findings.
Whereas non-literal embeddings showed broader
right-hemisphere involvement in frontal and tem-
poral cortices, consistent with accounts linking
the right hemisphere to integrative and interpretive
aspects of meaning (Jung-Beeman, 2005; Binder
et al., 2009; Rapp et al., 2004; Fedorenko et al.,
2024). Importantly, combining the best-layer literal
and non-literal embeddings improved encoding per-
formance and produced bilateral effects, suggesting
that neural responses during narrative comprehen-
sion reflect multiple levels of meaning in parallel
rather than a single surface-based semantic repre-
sentation.

It is also worth noting that standard LLM train-
ing objectives are not designed to explicitly sep-
arate surface-form semantics from interpretive or
non-literal dimensions of meaning. Solely relying

on literal-derived embeddings may miss aspects of
meaning that are critical for naturalistic compre-
hension.

6 Conclusion

We investigated whether model-derived represen-
tations of non-literal meaning align with neural ac-
tivity during naturalistic narrative comprehension.
Embeddings derived from manually annotated non-
literal interpretations significantly predicted brain
responses, and combining literal and non-literal
representations improved encoding performance in
bilateral temporal and frontal regions, suggesting
that comprehension is sensitive to both composi-
tional and interpretive information.

However, LLM-derived embeddings from the
surface form alone did not fully reflect non-literal
meaning: literal embeddings did not reliably pre-
dict non-literal embeddings with a simple linear
mapping, and the two representations were separa-
ble in embedding space. These findings motivate
incorporating explicit interpretive semantic dimen-
sions in model-brain alignment to better capture
naturalistic language understanding.
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Limitations

Several limitations should be acknowledged. First,
our non-literal embeddings were derived from man-
ually annotated interpretations. While this ensures
interpretive specificity, non-literal meaning is in-
herently context-dependent and may vary across
individuals. Future work could develop computa-
tional approaches to model interpretive meaning
at scale and assess inter-annotator and inter-reader
variability more directly.

Second, our definition of non-literal meaning
pooled multiple types of implied meaning (e.g.,
metaphorical, symbolic, and inferential readings)
that may recruit partially distinct neural mecha-
nisms. Current analyses do not dissociate these
subtypes, and future studies should test whether
categories such as metaphor, irony, and implicature
show distinct alignment patterns.

Finally, we analyzed only the Chinese subset of
a multilingual naturalistic fMRI dataset (Li et al.,
2022). This controlled the annotation pipeline, but
limited claims about cross-linguistic generalizabil-
ity. Given that non-literal meaning is shaped by
language structure and cultural conventions, future
work should leverage the English and French data
to examine shared versus language-specific neural
signatures of interpretive meaning.
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Appendix

A fMRI data acquisition and
preprocessing

MRI data were acquired with a 3T GE Dis-
covery MR750 scanner using a 32-channel head
coil. Structural scans were acquired using a T1-
weighted magnetization-prepared rapid gradient-
echo sequence. Functional scans were obtained
using a multi-echo echo-planar imaging (EPI) se-
quence (TR = 2000 ms; TEs = [12.8, 27.5, 43] ms;
flip angle = 77°; matrix size = 72 x 72; FoV =
240.0 x 240.0 mm; in-plane acceleration factor = 2;
33 axial slices; voxel size = 3.75 x 3.75 x 3.8 mm).
Each scanning run began with a trigger followed
by an 8 s delay before stimulus onset. Anatomical
and functional MRI data were preprocessed with
fMRIPrep (v25.0.0; Esteban et al., 2020) with all
default parameters, with final resampling to the
“fsaverage4” surface performed in a single interpo-
lation step using the mri_vol2surf function.

B Computational resources

All experiments were conducted on a high-
performance computing (HPC) cluster with nodes
equipped with dual AMD EPYC 7742 processors
(64 cores per socket; 128 physical cores per node)
and 512 GB of RAM. For each participant, the
GLM required approximately 0.5 CPU-hours, and
the banded ridge regression required approximately
5 CPU-hours.

C Banded ridge methods

In the banded ridge regression, fMRI responses y
were predicted as

§=> K @)

where K; = X; X ZT and w; are the correspond-
ing kernel weights. Model fitting minimized the
objective

||y_ZKiwi||2+ZaiwiTKiwi ()
i i

with independent ridge penalties «; for each
kernel. We used the precomputed kernel op-
tion and performed random search over «; €
[10%, 10%°], optimizing log-weights §; = — log o
via cross-validation. Data were split into the first

eight runs for training and the final run for test-
ing. Per-kernel predictions ¢; were obtained using
predict(split=True), and Pearson correlations
between predicted and observed responses were
computed as model-specific performance scores.
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