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Abstract

Large language models (LLMs) have become
increasingly useful computational models of
human language processing, but it remains
open whether vision-language learning makes
text representations more human-like during
natural reading. We address this question by
comparing matched LLM and vision-language
model (VLM) pairs under strictly text-only in-
put and evaluating alignment with human brain
activity (whole-cortex fMRI) and human be-
havior (synchronized regressive saccades). We
identify a selective, rather than global, effect
of vision–language training on human–model
alignment. In the two within-lineage model
pairs, VLMs more accurately predicted hu-
man regressive saccades, whereas VLMs and
LLMs showed comparable whole-cortex fMRI
alignment. However, sentence-level analyses
revealed that the VLM advantage in fMRI
alignment increased with the visual evocative
strength of the sentences. Together, these find-
ings provide a controlled in-silico compari-
son of multimodal training histories, showing
that vision-language pretraining selectively im-
proves model–human alignment via reading
behavior and visually grounded content.

1 Introduction

Large language models (LLMs) are increasingly
used as computational models of human language
processing, demonstrating a remarkable capacity
for predicting neural activity and behavioral sig-
nals during natural reading, story listening, and
language comprehension (Schrimpf et al., 2021;
Goldstein et al., 2022; AlKhamissi et al., 2025).
Consequently, model alignment with human neu-
ral and behavioral responses has emerged as an
increasingly important benchmark for evaluating
whether language models capture human-like lan-
guage processing (Caucheteux and King, 2022).
A truly human-like natural language processing
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(NLP) model should not only perform well on
downstream benchmarks but also mirror the mech-
anistic ways in which humans process language in-
puts (Lopez-Cardona et al., 2026; Cichy and Kaiser,
2019; Yin et al., 2025).

However, existing human alignment research has
largely focused on pure text representations (Mer-
lin and Toneva, 2024), scaling laws (Gao et al.,
2025), next-word prediction objectives (Yu et al.,
2024), or instruction tuning (Oota et al., 2025).
From an AI perspective, the rapid development
of vision-language models (VLMs) raises a nat-
ural question for model-human alignment: does
multimodal pretraining make language represen-
tations more human-like, even when models pro-
cess text alone? Unlike LLMs trained primarily on
text, VLMs are exposed to paired visual and lin-
guistic data, which may encourage representations
that capture visually grounded aspects of meaning
(Jones et al., 2024). From a cognitive perspec-
tive, human language comprehension may also be
shaped by multimodal sensorimotor experience,
and many concepts are partly grounded in percep-
tual and action systems (Barsalou, 2010; Binder
and Desai, 2011; Lynott et al., 2020). If visual
experience contributes to human language process-
ing during reading, VLMs may align more closely
than matched LLMs with human neural and behav-
ioral responses (Bavaresco et al., 2025; Xu et al.,
2025). This raises the central question of our study:
whether and where vision-language learning in-
fluences model-human alignment during natural
reading. While NLP models cannot be viewed as
literal replacements for human subjects (Cichy and
Kaiser, 2019), matched LLM/VLM pairs offer a
controlled in silico system for addressing this ques-
tion.

Empirical evidence on the comparative brain
alignment of multimodal models remains mixed.
Concept-word brain alignment can favor VLMs
(Bavaresco et al., 2025), whereas comparisons fo-
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cused on experiential semantic information can
favor language-only models (Bavaresco and Fer-
nández, 2025). Also, natural-reading work has es-
tablished neural and eye-movement alignment for
language models (Gao et al., 2025; Kuribayashi
et al., 2024), and other studies examine online
audiovisual movie viewing (Subramaniam et al.,
2024; Oota et al., 2025). What remains unclear is
not whether models can align with natural read-
ing at all, but whether multimodal training his-
tory improves that alignment under text-only in-
puts, and whether any such effect is whole-cortex,
process-level, or content-conditioned. Model-level
factors such as architecture, scale, training corpus,
and post-training further complicate attribution.
A more direct test, therefore, requires matched
LLM/VLM pairs with identical text inputs, with
these estimands explicitly stated and tested.

In this work, we test how a prior history of
vision–language learning is reflected when the
same language-only input is processed during
natural reading. We first quantify representa-
tional differences within matched LLM/VLM pairs,
then compare their alignment with regressive sac-
cades and whole-cortex fMRI under identical text-
only inputs. We test three estimands: whole-
cortex mean alignment, behavioral-level regressive-
saccade alignment, and visual-strength-conditioned
fMRI alignment. This design turns the broad VLM-
versus-LLM question into a controlled and content-
resolved comparison rather than a single aggregate
brain-alignment score.

Our contributions are as follows:

• We develop an estimand-aware matched-pair
framework for comparing LLMs and VLMs.
By contrasting text-only language processing
in matched model pairs, this framework iso-
lates the contribution of multimodal training
history from the effects of online visual input.

• We show that multimodal training reshapes
model-internal language representations and
improves alignment with human reading be-
havior, particularly regressive rereading. How-
ever, these changes do not translate into a
practically meaningful whole-cortex fMRI ad-
vantage over matched LLMs during natural
reading.

• We introduce a continuous visual strength-
moderation analysis of fMRI alignment and

reveal that VLMs exhibit stronger brain align-
ment for visually evocative sentences, and the
VLM–LLM alignment difference increases
with sentence visual strength. These findings
suggest that multimodal training is reflected in
human-like language processing in a content-
dependent rather than globally brain-like man-
ner.

2 Related Work

Recent studies have increasingly used NLP models
as computational probes of human language pro-
cessing by comparing their internal representations
with neural and behavioral responses(Schrimpf
et al., 2021; Goldstein et al., 2022; Caucheteux
and King, 2022). Transformer-based LLMs can
predict fMRI, MEG, ECoG, and eye-movement
signals during naturalistic language comprehen-
sion, suggesting shared computational structure
between language models and the human language
system (Tuckute et al., 2024; Antonello et al.,
2023; Kuribayashi et al., 2024). Subsequent stud-
ies have examined which model properties drive
this alignment, including model scale, predictive
objectives, associative memory, instruction tuning,
and intermediate-layer representations (Aw et al.,
2024; Gao et al., 2025). These findings establish
model–human alignment as a useful framework for
evaluating whether NLP models capture human-
like language processing.

A related line of work asks whether multi-
modal experience makes model representations
more human-like. Bavaresco et al. (2025) report
stronger VLM brain alignment for concept words
in picture or sentence contexts, whereas Bavaresco
and Fernández (2025) find language-only models
competitive with or superior to VLMs for experien-
tial semantic information and related fMRI align-
ment. Other studies examine audiovisual or movie
settings (Subramaniam et al., 2024; Oota et al.,
2025), or sensorimotor and cross-modal concept
representations (Xu et al., 2025; Ryskina et al.,
2025). These settings differ in input modality, tar-
get, and comparison design, leaving open how
matched LLM/VLM pairs differ during natural
reading of identical text. Detailed comparisons
by estimand are given in Table 3 of Appendix A.

Classical embedding-alignment paradigms map
sequential hidden states to neural responses
(Toneva and Wehbe, 2019). Our fixation-linked
BOLD and regressive-saccade targets instead mo-



Figure 1: Overview of the matched LLM/VLM alignment pipeline. (a) Data acquisition. Participants read sentences
from five articles, one at a time, while concurrent eye-tracking and whole-cortex fMRI are recorded. (b) Attention
feature extraction. Layer-wise self-attention matrices are mapped from the token level to the word level, and the
lower triangle is retained as the feature representation. (c) Model-human alignment. Lower-triangular attention
features are used as predictors in ridge regression models targeting vertex-wise fMRI responses and human regressive
saccades during natural reading. (d) A continuous visual-strength-moderation analysis regresses the sentence-level
VLM–LLM fMRI-alignment difference on standardised visual strength.

tivate word-pair predictors. We adapt this natural-
reading encoding setup to matched LLM/VLM
pairs under identical text-only inputs, jointly com-
paring behavioral alignment, neural alignment, and
content-conditioned neural differences for visually
evocative text.

3 Methods

We compared matched LLM/VLM pairs under text-
only inference and evaluated their alignment with
fMRI responses and regressive eye movements dur-
ing natural reading, illustrated in Figure 1.

3.1 Natural Reading Dataset

We used the openly available Reading Brain dataset
on OpenNeuro, which contains eye-tracking and
fMRI recordings from 52 adult native English
speakers reading naturalistic English texts (Li and
Clariana, 2019). Participants read 148 sentences
from five English STEM articles, one sentence at
a time, inside the scanner, while fMRI and eye

movements were recorded concurrently. The data
preprocessing details are in Appendix B.

3.2 Matched LLM/VLM Pairs

We evaluated three LLM/VLM pairs at a compa-
rable model scale: (1) Qwen2-7B vs. Qwen2-VL-
7B; (2) DeepSeek-LLM-7B vs. DeepSeek-VL-7B;
(3) Mistral-7B vs. Idefics2-8B-base. Each VLM
uses a language backbone from the same family as
its LLM counterpart. In the first-party continued-
pretraining pairs (Qwen2, DeepSeek), the VLM is
released by the same developer as a multimodal
continuation of that exact LLM checkpoint, with
text-data lineage continuous across the pair (Yang
et al., 2024; Wang et al., 2024; Bi et al., 2024; Lu
et al., 2024). Idefics2-8B-base instead initialises
from Mistral-7B but is built by a third party around
a SigLIP encoder and a Perceiver-style resampler,
at a larger parameter count (Jiang et al., 2023; Lau-
rençon et al., 2024). We therefore treat the two
in-lineage pairs as the primary comparisons and



Mistral/Idefics2 as a cross-construction robustness
case.

All VLMs were run in text-only mode with no
image or visual placeholder supplied, so that both
models in each pair processed identical textual stim-
uli. None of these models undergoes instruction
tuning. The detailed model configurations are listed
in Appendix B.

3.3 Attention Feature Extraction
We follow a fixation-linked natural-reading encod-
ing setup by Gao et al. (2025). Each sentence
was passed to each model independently, matching
the experimental design in which participants saw
one sentence at a time. For every sentence, model
layer, and attention head, we extracted token-level
self-attention matrices from the language model
component. Because the models use subword to-
kenization, token-level attention was converted to
word-level attention using the tokenizer’s word IDs.
Attention assigned to subword tokens belonging to
the same source word was summed across columns,
and attention from subword tokens belonging to
the same target word was averaged across rows,
yielding one word-by-word attention matrix per
sentence.

Regressive saccades and fixation-linked BOLD
responses are defined on directed word pairs. We
therefore retain the strict lower triangle of each
word-level matrix, yielding 7,421 shared word-pair
entries across sentences. Attention supplies pre-
dictors in this space directly, and the contextual-
hidden-state control is transformed into the same
space. Feature construction details are given in
Appendix C.

3.4 Within-Pair Representation Comparisons
We compared word-level hidden-state geometry
using RSA and attention distributions using Jensen–
Shannon divergence (JSD) on the 148 stimulus
sentences. For attention, we report no-sink JSD,
which removes sentence-initial attention mass that
can dominate raw divergence without reflecting
word-to-word patterns. These analyses establish
measurable within-pair representational differences
under identical text-only inputs. Full definitions,
procedures, and attention-sink analyses are pro-
vided in Appendix E.

3.5 Eye-movement Alignment
We tested whether model attention predicted hu-
man regressive saccades, which reflect rereading

and integration of earlier text (Clifton et al., 2007).
We therefore tested whether model attention could
predict human regressive saccade patterns during
sentence reading.

For each matched model pair, the VLM and
LLM were compared using a two-sided paired
t-test across participants on one participant-level
nested-CV alignment score per model. For each
outcome, the three prespecified model-pair compar-
isons were adjusted using the Benjamini–Hochberg
procedure. All eye-movement and fMRI encod-
ing analyses used five-fold leave-one-article-out
(LOAO) outer cross-validation. Preprocessing,
ridge hyperparameter selection, and layer selec-
tion were confined to the training portion of each
outer fold and the held-out article was used only
for final scoring. Encoding details are provided in
Appendix C.

3.6 fMRI Alignment
For fMRI alignment, we used the same lower-
triangular attention predictors to predict BOLD
responses associated with regressive fixation tran-
sitions. For each transition, we sampled the BOLD
response at the estimated hemodynamic peak, 5 s
after fixation onset, and constructed a vertex-wise
response vector matched to the same 7,421 word-
pair entries. Ridge models were evaluated using the
same LOAO encoding procedure, with Pearson’s r
between predicted and observed BOLD responses
as the accuracy metric. Single-model significance
was assessed by permutation testing. Matched
LLM/VLM pairs were compared using participant-
level paired tests on these nested-CV whole-cortex
scores. Multiple-comparison correction was ap-
plied across the three prespecified model-pair con-
trasts, and cluster-based permutation testing on the
cortical surface (Maris and Oostenveld, 2007). A
contextual-hidden-state control using the same tar-
gets, CV, and layer-selection policy is reported in
Appendix G.

For whole-cortex VLM–LLM contrasts, we dis-
tinguish practical equivalence from a nonsignificant
result using the TOST against a working ±0.01
Fisher-z region, and paired BF01.

3.7 visual-strength-conditioned fMRI
Analysis

If visual experience selectively shapes the process-
ing of visually grounded language, the VLM–LLM
alignment difference may be correlated to how vi-
sually evocative a sentence is (Xu et al., 2025).



We therefore tested whether VLMs show a greater
fMRI-alignment advantage for more visually evoca-
tive sentences.

We defined sentence-level visual strength as the
mean Vision rating of matched content words in
the Lancaster Sensorimotor Norms (Lynott et al.,
2020). We retained 143/148 sentences with at
least 75% content-word coverage and at least three
matched content words. Visual strength was cen-
tred within article before pooled standardisation.
For each participant i, cortical unit u, and sentence
s, we computed the out-of-fold VLM–LLM align-
ment difference in Fisher-z space,

Dius = z(rVLM
ius )− z(rLLMius ). (1)

We then tested whether this difference increased
with visual strength by regressing Dius on sentence
visual strength:

Dius = αiu+βiuVs+γiuLs+δiu,a(s)+εius, (2)

where Vs is the Lancaster visual-strength score stan-
dardised across eligible sentences, Ls is effective
sentence length, and δiu,a(s) denotes article fixed
effects. Weights ws are proportional to the num-
ber of eligible directed word-pair observations in
sentence s. αiu is an intercept, γiu captures the
length effect, and εius is the residual. Therefore,
a positive βiu means that the VLM–LLM align-
ment difference becomes larger as visual strength
increases.

To display the relationship at the extremes of the
visual strength distribution, we additionally sum-
marized the pattern using grouped visual strength
sentences. Within each article, the top and bottom
20% of eligible sentences by visual strength score
were labeled high and low visual strength. For
each cortical unit u and group g ∈ {high, low},
we computed

Au,g = z(rVLM
u,g )− z(rLLMu,g ), (3)

and summarized the extreme-group contrast as

Hu = Au,high −Au,low. (4)

4 Results

4.1 Within-Pair Models Differ in Both
Representation Channels

Before interpreting human-alignment contrasts, we
quantified how the members of each pair differed
under identical text-only inputs. As shown in

Figure 2: Eye-movement alignment for regressive sac-
cades. Points show subject-level normalized out-of-
sample R2 values. Lines connect the matched LLM and
VLM scores for each subject. Asterisks represent signif-
icant LLM–VLM differences within a pair on two-sided
paired t-tests.

Pair RSA JSD (no-sink)

Qwen2 / Qwen2-VL .897 .0189
DeepSeek / DeepSeek-VL .810 .0197
Mistral / Idefics2 .952 .0064
Qwen2 / Mistral reference .574 –

Table 1: Within-pair representation comparisons. RSA
is the median hidden-state similarity and no-sink JSD is
the median word-level attention divergence with heads
retained after removing sentence-initial attention mass.

Table 1, hidden-state RSA was higher for each
matched LLM/VLM pair than for the unrelated
Qwen2/Mistral reference, but remained below 1.0
in every pair. For attention, Mistral/Idefics2 was the
closest pair under both reported descriptive mea-
sures: it had the highest RSA and the lowest no-
sink attention JSD. These results establish that the
released LLM and VLM checkpoints differ in their
internal representations, even when the models pro-
cess identical text-only input.

4.2 VLMs Better Predict Regressive Saccades
in the In-lineage Pairs

We then tested whether VLM attention better pre-
dicted human regressive eye movements during nat-
ural reading. Unlike the global fMRI results, the
eye-movement analysis revealed a modest VLM
advantage in both first-party continued-pretraining



Figure 3: Global fMRI alignment of different LLM–VLM pairs. Significant brain clusters from the single-model-
to-brain correlation coefficients and from the contrast of VLM to LLM. Colored regions denote vertex-wise mean
effect sizes across subjects. The contrasts are small and do not support a broad whole-cortex fMRI advantage for
VLMs during natural reading.

pairs, as shown in Figure 2.
Specifically, Qwen2-VL outperformed Qwen2 in

predicting regressive saccade counts under LOAO
evaluation (p=.0072). DeepSeek-VL-7B-base like-
wise outperformed its LLM counterpart (p=.0020).
The Mistral/Idefics2 pair did not show evidence of
a difference (p=.1711).

This dissociation shows that the whole-cortex
fMRI and process-level saccade estimands need
not yield the same pattern: the two primary within-
family pairs showed higher VLM saccade align-
ment despite practically equivalent whole-cortex
fMRI contrasts. This pattern is consistent with
selective, model-pair-dependent differences under
text-only input, but does not identify multimodal
training history as their causal source. Although
Idefics2 uses Mistral as the language backbone, its
comparison remains less tightly controlled because
tokenizer, training-data, connector, and other archi-
tectural differences are confounded across the three
pairs.

4.3 Practical Equivalence in Whole-Cortex
fMRI Alignment

We then asked whether model attention could pre-
dict fMRI responses during text-only natural read-
ing. Both LLMs and VLMs showed reliable fMRI
alignment. Surface-based significance maps re-
vealed that individual models predicted BOLD re-

Pair ∆ (95% CI) BF01 TOST

Qwen2 −0.0006 [−0.0033, 0.0022] 6.03 Equiv.
DeepSeek +0.0005 [−0.0021, 0.0031] 6.06 Equiv.
Mistral/Idefics2 +0.0014 [−0.0011, 0.0038] 3.60 Equiv.

Table 2: Whole-cortex fMRI equivalence tests. At-
tention features were evaluated for all three pairs. ∆
denotes the VLM–LLM difference in mean Fisher-z
alignment. Equiv. denotes equivalence under TOST
with a ±0.01 Fisher-z bound.

sponses in bilateral temporal-parietal regions, in-
cluding cortical areas commonly associated with
language and semantic processing. Thus, model
attention captured meaningful variance in neural
responses during natural reading, supporting the
validity of the alignment framework.

We directly compared each VLM with its
matched LLM in Figure 3. Despite robust single-
model alignment, whole-cortex VLM–LLM differ-
ences were practically equivalent under the work-
ing ±0.01 Fisher-z region (Table 2). A contextual-
hidden-state control confirms this pattern: whole-
cortex fMRI equivalence holds for all three pairs,
and the hidden-state saccade channel reproduces
the first-party VLM advantage seen with attention.
Detailed description of the hidden-embedding con-
trol experiments is in Appendix G.



Figure 4: Visual strength modulation of VLM–LLM alignment across matched model pairs. (a) Subject-level
whole-cortex continuous moderation slopes β. Each dot is one subject and thick bars denote group means ±
95% CI. Asterisks denote Holm-corrected one-sided sign-flip p < .05 across the three pairs. (b) Within-subject
slope contrasts against the cross-architecture stress test (Mistral/Idefics2), Holm-corrected across the two contrasts.
(c) Mean advantage in low- and high-visual-strength sentences. Bars denote group means ± SEM; dots denote
individual subjects. (d) Binary modulation index H = Ahigh − Alow for each pair. Asterisks denote p < .05.
(e) Cortical localization of the high-vs-low visual strength contrast. Surface projections show vertex-wise mean H
within clusters passing a cluster-mass sign-flip permutation test, with cluster-forming p = .01, cluster-level α = .05
and 10,000 permutations.

4.4 VLM–LLM fMRI Differences Scale with
Visual Strength

A whole-cortex mean averages over all sentences
and is insensitive to content-dependent effects. We
therefore estimated how the VLM–LLM align-
ment difference scales with sentence-level visual
strength.

Both first-party continued-pretraining pairs
showed a positive whole-cortex moderation slope
that survived Holm correction, as depicted in Fig-
ure 4a, indicating that their VLM advantage grew
with visual strength. Detailed recordings of visual
strength-moderation slopes are in Table 5. The
cross-construction Mistral/Idefics2 pair showed
no evidence of a visual-strength moderation ef-
fect (p > .05), similar to the saccade alignment.
Participant-matched slope contrasts further showed
that both in-lineage pairs had larger slopes than
the less tightly controlled cross-construction Mis-
tral/Idefics2 stress test as illustrated in Figure 4b.

The same three-way ordering is visible at the ex-
tremes of the visual-strength distribution, as shown
in Figure 4c–d, and is preserved under a 25/25 split
and under coverage recovery (Appendix D). Ex-

ploratory cortical localisation in Figure 4e places
the positive moderation effect in clusters includ-
ing lateral temporal cortex and the angular gyrus,
which suggest clustering in bilateral temporal cor-
tex and angular gyrus, regions associated with
language and semantic integration (Ivanova et al.,
2025; Popham et al., 2021). However, with effects
of this size we treat the localization as descriptive.

5 Discussion and Cognitive Implications

The representational analyses establish the model-
side basis for the alignment results. Each matched
LLM/VLM pair showed measurable changes in
hidden-state geometry and attention distributions
under identical text-only input, demonstrating that
vision-language development leaves a detectable
trace in language processing representations. The
three pairs also differed in the form of this repre-
sentational change. The Mistral/Idefics2 stress test
was highly similar to its LLM counterpart under
both RSA and attention JSD, yet it yielded a non-
positive visualness slope and no regressive-saccade
advantage. This pattern shows that model–human
alignment is shaped by the structure of within-pair
representational change, not simply by its descrip-



tive magnitude.
Across the two first-party continued-pretraining

pairs, VLMs better predicted regressive saccades,
which is reproduced with contextual-hidden-state
features (Appendix G). Regressive saccades index
rereading and integration during reading (Rayner,
2009). The advantage therefore links vision-
language learning to a reading process that sup-
ports the construction, integration, and revision of
semantic representations.

Whole-cortex fMRI alignment provides the com-
plementary global view. VLMs and their matched
LLMs achieved closely matched whole-cortex
alignment during natural reading. This global simi-
larity indicates that language-internal distributional,
predictive, and compositional representations cap-
ture a substantial portion of the neural dynamics en-
gaged during natural reading (Schrimpf et al., 2021;
Goldstein et al., 2022). It provides the common
computational baseline on which visual-semantic
modulation is expressed.

The continuous visual-strength-conditioned anal-
ysis identifies this graded structure. Visual-
semantic content is especially relevant when sen-
tence meaning evokes objects, scenes, actions, and
spatial relations. The positive continuous slopes
in the Qwen2 and DeepSeek pairs show that the
VLM–LLM alignment difference grows along this
graded semantic dimension. The grouped high–
low summaries and cortical maps place the conver-
gent pattern in lateral temporal and inferior parietal
regions, areas implicated in semantic integration
and multimodal conceptual representation (Ivanova
et al., 2025; Popham et al., 2021).

Matched LLM/VLM pairs provide a productive
computational-experiment framework for cogni-
tive neuroscience. The two first-party pairs retain
a shared language lineage, every comparison uses
identical text-only input, and the cross-construction
pair tests the scope of the pattern under a less tightly
controlled configuration. This design makes it pos-
sible to connect model-development histories to dis-
tinct model–human alignment estimands, including
rereading behavior, whole-cortex similarity, and
graded visual-semantic modulation.

6 Conclusion

We compared three matched LLM/VLM pairs un-
der text-only inputs during natural reading, jointly
testing behavioral alignment, whole-cortex fMRI
alignment, and continuous visual-semantic modula-

tion. In both first-party continued-pretraining pairs,
VLMs better predicted regressive saccades and
showed positive visual-strength-moderation slopes:
their fMRI-alignment advantage increased as sen-
tence visual strength increased. Direct participant-
matched slope contrasts also separated these pairs
from the less tightly controlled Mistral/Idefics2
stress test. Whole-cortex fMRI alignment was
closely matched within each pair, revealing a struc-
tured profile in which global similarity coexists
with process-level and visual-semantic differenti-
ation. These findings establish estimand-aware
matched-pair analysis as a route to characteris-
ing how vision-language learning shapes model–
human alignment during natural reading.

Limitations

The insights discussed in this study are bounded by
specific methodological choices that warrant care-
ful consideration in future work. First, although
our matched-pair design reduces confounds rela-
tive to comparisons between unrelated models, cur-
rent open LLMs and VLMs do not allow a perfect
causal isolation of multimodal pretraining. Model
pairs can still differ in training data scale, optimiza-
tion procedure, multimodal integration design, and
other architectural details.

Second, our strictly text-only paradigm inten-
tionally isolates the history of visual learning from
online sensory fusion, but it does not capture the
dynamic, real-time interactions between language
processing and simultaneous visual environments
that humans experience daily. The absence of a
global VLM advantage during text-only natural
reading should therefore not be taken as evidence
that visual grounding is irrelevant to language pro-
cessing more broadly.

Third, our alignment analyses focus on lower-
triangular attention features because they provide
a natural bridge to regressive eye movements and
fixation-linked fMRI responses. This choice makes
the neural and behavioral analyses directly compa-
rable, but it does not exhaust all possible model
representations that may align with human lan-
guage processing. In addition, sentence-level vi-
sual strength, derived primarily from sensorimotor
norms, is only an approximate measure of visually
grounded semantic content. Future work should
test broader behavioral measures, alternative model
features, and richer forms of semantic grounding.



Ethical Considerations

This work aims to analyze the alignment between
contemporary models and human language pro-
cessing during natural reading. Such analyses may
contribute to a better scientific understanding of
both NLP systems and biological language pro-
cessing, and may provide a biologically informed
perspective on the interpretability and cognitive
plausibility of current AI systems (Schrimpf et al.,
2021; Gao et al., 2025).

An openly available natural-reading dataset con-
taining fMRI and eye-tracking recordings from
adult participants (Li and Clariana, 2019) is used,
and no new human-subject data were collected in
this study. The original dataset was released for
research use, and our analyses were conducted only
on the de-identified public data.

Our findings could be interpreted as evidence for
the aggregate model—human alignment in a spe-
cific natural-reading setting. By clarifying where
current language and vision-language models do
and do not align with human neural and behav-
ioral responses, we hope this work contributes to
the development of AI systems that are more in-
terpretable, cognitively informed, and responsibly
integrated into human-centered applications.
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A Comparison of Representative Related
Works

Table 3 situates the present study among represen-
tative model–human alignment studies. It distin-
guishes prior work by input setting and the quantity
being estimated, because apparent LLM–VLM dif-
ferences depend on both of these design choices.

B Model and Data Details

B.1 Model Pairing Design
Table 4 summarizes the architecture and pretraining
details for the three matched LLM/VLM pairs eval-
uated in this study. The Qwen2 and DeepSeek pairs
share the same model family: the VLM extends its
matched LLM with a vision encoder while retain-
ing the language backbone, providing the most
controlled within-family comparisons. Idefics2
likewise uses Mistral-7B-v0.1 as its language par-
ent model, but adds a SigLIP vision encoder and
Perceiver-style connector and is trained on a dis-
tinct multimodal mixture. We therefore treat Mis-
tral/Idefics2 as a backbone-shared but less tightly
controlled comparison, not as a fully matched in-
tervention.

All model checkpoints were obtained from Hug-
ging Face. The specific checkpoints used are:

• Qwen2-7B: https://huggingface.co/
Qwen/Qwen2-7B

• Qwen2-VL-7B: https://huggingface.co/
Qwen/Qwen2-VL-7B

• DeepSeek-LLM-7B: https://huggingface.
co/deepseek-ai/deepseek-llm-7b-base

• DeepSeek-VL-7B: https://huggingface.
co/deepseek-ai/deepseek-vl-7b-base

• Mistral-7B-v0.1: https://huggingface.
co/mistralai/Mistral-7B-v0.1

• Idefics2-8B-base: https://huggingface.
co/HuggingFaceM4/idefics2-8b-base

All models are released under permissive open-
source licenses. Qwen2/Qwen2-vl, Mistral and
Idefics2 are under Apache 2.0. The DeepSeek
pair is under MIT license. The Reading Brain
dataset is available on OpenNeuro under a CC0
public-domain license. The Lancaster Sensorimo-
tor Norms are publicly available for research use.

B.2 Data Preprocessing

We preprocessed the raw fMRI data from the Read-
ing Brain dataset, following Gao et al. (2025).
Preprocessing was conducted using fMRIPrep
(v25.0.0) with all default parameters. Volumes ex-
ceeding framewise displacement > .5mm or stan-
dardized DVARS > 1.5 were flagged as motion out-
liers. Final resampling to MNI space and the fsav-
erage5 cortical surface (10,242 vertices per hemi-
sphere) was performed in a single interpolation step
using antsApplyTransforms and mri_vol2surf with
Lanczos interpolation. The resulting surface time
series were stored as GIFTI files. BOLD time series
were z-scored within each run. Eye-tracking data
were extracted from the events files, which contain
fixation onset times and word-level area-of-interest
indices. Participant 21 was excluded from eye-
tracking analyses due to incomplete recording, and
participants 21 and 52 were excluded from fMRI
analyses due to preprocessing failures, yielding fi-
nal samples of 51 and 50 participants, respectively.

C Encoding Model Details

C.1 Predictor Construction and Ridge
Regression

Both the eye-movement and fMRI encoding mod-
els share the same predictor construction. For each
sentence s, layer j, and attention head h, the strict
lower triangle of the word-level self-attention ma-
trix As,j,h ∈ Rns×ns (excluding the diagonal) was
retained and flattened. These vectors were concate-
nated across all 148 sentences, producing 7,421
lower-triangular word-pair entries. For each layer
j, vectors from all attention heads were stacked to
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Study Input setting Primary estimand Main conclusion

Toneva and Wehbe (2019) Natural text Sequential embedding–brain
mapping

Embedding–brain mapping

Gao et al. (2025) Natural reading Fixation-linked attention encoding Scaling / instruction effects
Bavaresco et al. (2025) Concept words with picture

or sentence context
Concept-word VLM–LLM brain
alignment

VLM > LLM

Bavaresco and Fernández
(2025)

Concepts and experiential
norms

Experiential semantics and fMRI
alignment

LLM ≥ VLM

Oota et al. (2025) Video/audio with text Multimodal instruction-tuned
brain alignment

Task-dependent

Ryskina et al. (2025) Text and concepts Cross-modal concept consistency LM–brain alignment; not VLM
> LLM

Subramaniam et al. (2024) Multimodal stories Online multimodal integration Multimodal advantage
This work Text-only natural reading Whole-cortex, process-level, and

visual-strength-conditioned
differences

Global equivalence; selective
local effects

Table 3: Comparison of representative model–human alignment studies. Conclusions depend jointly on the input
setting and the quantity being estimated.

Model Type Parameters Layers Heads Pretraining data

Qwen2-7B LLM 7.6B 28 28 query; 4 KV ∼7T text tokens
Qwen2-VL-7B VLM 7.6B LLM + 675M

vision encoder
28 28 query; 4 KV Multimodal pretraining uses

∼1.4T text/image tokens
DeepSeek-LLM-7B-
base

LLM 7B 30 32 query; 32 KV ∼2T text tokens, mainly Chinese
and English

DeepSeek-VL-7B-
base

VLM 7B language
backbone + hybrid
visual encoder

30 32 query; 32 KV VL training uses ∼400B
vision-language tokens, with
language data retained as a major
component

Mistral-7B-v0.1 LLM 7B 32 32 query; 8 KV Not publicly disclosed
Idefics2-8B-base VLM 8B 32 32 query; 8 KV VLM pretraining uses ∼1.5B

images and ∼225B text tokens

Table 4: Configurations of the LLMs and VLMs evaluated in this study.

form the predictor matrix

Xj ∈ R7421×Hj , (5)

where Hj is the number of attention heads at layer
j. Heads were kept as separate predictors because
different heads may encode different word-to-word
relations. For both modalities, we fit a ridge regres-
sion:

ŷ = Xjβj + ϵ, (6)

where y denotes either the saccade-count vector
y
(i)
sacc or the vertex-wise BOLD response vector
y
(i,v)
BOLD. Hidden-state controls replace Xj with

PCA-reduced ϕlm features (128 components fit on
the outer training split only).

For the contextual-hidden-state control, hl and
hm denote mean-pooled subword embeddings for
words l and m, respectively. We construct a feature
for each directed word pair as

ϕlm = [hl;hm;hl − hm;hl ⊙ hm]. (7)

Thus, both the attention and hidden-state channels
are evaluated on the same word-pair entries; this

construction does not imply that contextual embed-
dings cannot be used in other alignment formula-
tions.

C.2 fMRI BOLD Response Construction
For each regressive fixation transition from word l
to word m with onset time tonset (ms), we sampled
the BOLD response at the estimated hemodynamic
peak:

tscan =

⌈
tonset/1000 + 5.0

0.4

⌉
, (8)

where 5.0 s approximates the hemodynamic peak
and 0.4 s is the repetition time (TR). For each par-
ticipant i, sentence s, and cortical vertex v, we
constructed a BOLD transition matrix B

(i,v)
s ∈

Rns×ns , where entry [l,m] contains the BOLD
response at vertex v for the fixation transition
from word l to word m. The strict lower trian-
gle was concatenated across sentences to obtain
y
(i,v)
BOLD ∈ R7421, matching the same 7,421 word-

pair entries used as predictors.



C.3 Hyperparameter Selection and Nested
Cross-validation

All eye-movement and fMRI encoding anal-
yses used five-fold leave-one-article-out cross-
validation, with article identity defining the outer
folds. In each outer fold, four articles were used
for model selection and fitting, and the remaining
article was reserved exclusively for evaluation.

Model layer and ridge regularization strength
were treated as hyperparameters and selected
jointly within the outer-training data. Specifically,
we performed four-fold inner leave-one-article-out
cross-validation over the four outer-training articles.
For each candidate layer and ridge penalty, the en-
coding model was fitted on three inner-training
articles and evaluated on the remaining inner-
validation article. Validation scores were averaged
across the four inner folds, and the layer–penalty
combination with the highest mean validation per-
formance was selected. The selected configuration
was then refitted using all four outer-training arti-
cles and evaluated on the held-out outer-test article.

This procedure was repeated for all five outer
folds. Predictions from the five held-out articles
were concatenated to produce one complete out-of-
sample prediction vector for each participant and
model. Eye-movement alignment was quantified
using the out-of-sample (R2), whereas fMRI align-
ment was quantified using the Pearson correlation
between predicted and observed BOLD responses
at each cortical vertex.

Because layer selection was fully nested within
the outer-training data, the primary statistical
comparisons were conducted on the resulting
participant-level nested-CV scores rather than sep-
arately at each model layer. We therefore did
not apply a multiple-comparison correction across
layers in the primary analysis. For each out-
come, the three prespecified LLM–VLM pair-
wise comparisons were corrected using the Ben-
jamini–Hochberg procedure.

C.4 Statistical Testing

For single-model fMRI significance, a null distri-
bution was obtained at each cortical vertex by per-
muting the predicted BOLD vector 10,000 times
and recomputing the prediction correlation. For
matched LLM/VLM comparisons, subject-level
vertex-wise r-maps were contrasted using paired
tests across participants. Global mean-r compar-
isons were corrected using Benjamini–Hochberg

FDR correction. For cortical surface localization,
we used cluster-based permutation testing with
10,000 sign-flip permutations and fsaverage5 sur-
face adjacency (Maris and Oostenveld, 2007), with
a cluster-forming threshold of p = .01 and cluster-
level α = .05.

For eye-movement alignment, matched
LLM/VLM pairs were compared using paired
t-tests across participants on one nested-CV score
per participant and model. The resulting p-values
were adjusted using the Benjamini–Hochberg
procedure across the three prespecified model-pair
contrasts.

C.5 Software and Implementation

All analyses were implemented in Python using Py-
Torch 2.10, MNE 1.61, and SciPy 1.15.3. Attention
extraction used Hugging Face Transformers with
eager attention implementation enabled.

D Visualness Scoring and Modulation
Details

D.1 Visual Strength Distribution

Figure 5 shows the distribution of sentence-level
visual strength scores across the Lancaster-scored
stimulus sentences used in the moderation analysis.

Figure 5: Distribution of sentence-level visual strength
scores, computed from the Vision dimension of the Lan-
caster Sensorimotor Norms. Shaded regions mark the
within-article top and bottom 20% used for the extremes
summary in Figure 4c–d and Table 6.

D.2 Continuous Moderation Slopes

Table 5 reports the whole-cortex visualness-
moderation slopes β̄ for each matched pair and
the participant-matched pair contrasts used to eval-
uate whether pairs differ. Slopes are estimated
from Eq. 2 with sentence length controls, averaged
across cortical units within each participant, and
tested across participants with one-sided sign-flip



permutation tests (10,000 permutations) and Holm
correction across the three within-pair tests.

D.3 Grouped High vs Low Visual Strength
Control

To display the moderation at the tails of the visu-
alness distribution, we computed the whole-cortex
mean Fisher-z VLM–LLM advantage separately
for sentences in the within-article top and bot-
tom 20% of Lancaster visual strength, and report
the binary contrast H = Ahigh − Alow (Table 6).
Bayesian evidence (two-sided JZS, Cauchy scale
0.707) favours the alternative for Qwen2 (BF01 =
0.16), is ambiguous for DeepSeek (BF01 = 0.66),
and favours the null for Mistral/Idefics2 (BF01 =
6.34). The sign of H agrees with the continuous
slope β̄ for all three pairs.

D.4 Threshold Sensitivity: 25/25 Split

To test sensitivity to the 20/20 grouping thresh-
old, we repeated the extremes summary using a
within-article top/bottom 25% split (Table 7). The
direction and approximate magnitude of H are un-
changed for both first-party pairs.

D.5 LLM-Guided Coverage-Recovery
Sensitivity Analysis

The moderation analysis excludes sentences with-
out sufficient Lancaster coverage. To assess sen-
sitivity to that exclusion, we ran a secondary, ex-
ploratory coverage-recovery analysis that supple-
mented low-coverage sentence scores with cali-
brated estimates from external judges; it does not
replace the Lancaster-only analysis.

Of the 148 stimulus sentences, 143 (96.6%) had
sufficient Lancaster coverage, four (2.7%) received
coverage-recovery estimates, and one (0.7%) was
excluded because it contained fewer than three con-
tent words. The 3 external judges were outside all
evaluated LLM/VLM families. Each judge scored
the four low-coverage sentences three times on
scene content, visual detail, and imageability (0–
5). Scores were calibrated within each LOAO fold
against high-coverage Lancaster scores from train-
ing articles, then fused by the across-judge median.
Prompts, the JSON schema, and decoding settings
are provided in the project repository. Algorithm 1
summarizes the procedure. Results are reported in
Table 8.

D.5.1 LLM Judge Trigger Rule
For each sentence i, let Ci denote the set of content
words and Mi ⊆ Ci the subset matched to entries
in the Lancaster Sensorimotor Norms. The norm-
based sentence score was defined as

V dict
i =

1

|Mi|
∑
t∈Mi

Vision(t). (9)

Lexical coverage was defined as

κi =
|Mi|
|Ci|

. (10)

A sentence was assigned to the coverage-recovery
procedure if κi < 0.75 or |Mi| < 3. The resulting
sensitivity-analysis score was

Vi =

{
V dict
i , κi ≥ 0.75 and |Mi| ≥ 3,

V̂ LLM
i , otherwise.

(11)

E Representational Change Details

RSA used word-level mean-pooled hidden states
and Spearman correlation of correlation-distance
RDMs, median across layers, with sentence boot-
strap CIs. Unrelated reference: Qwen2 vs. Mis-
tral RSA = .574. Attention JSD followed Gao’s
midpoint implementation of cached word-level at-
tention; per-layer medians were Qwen2 0.0189,
DeepSeek 0.0197, and Mistral/Idefics2 0.0064 af-
ter sink removal. DeepSeek sink mass (mean atten-
tion to word 0 for rows i ≥ 1) fell from 0.791 to
0.146. Gao instruction-tuning per-layer JSD on the
same 148 sentences ranged from 0.0001 to 0.0113.
Bootstrap summaries are archived in the project
repository.

F Whole-Cortex Equivalence and
Sensitivity

For primary whole-cortex contrasts, we report the
mean VLM–LLM Fisher-z difference, 95% CI,
Cohen’s dz , two-sided paired p, TOST against a
working ±0.01 Fisher-z region, and a paired JZS
Bayes factor BF01 with Cauchy scale 0.707. We
use BF01 > 3 as evidence favoring the null rela-
tive to the alternative; the equivalence region is not
preregistered. We re-evaluated the contrasts under
SESOI bounds ±0.005, ±0.010, and ±0.020, and
JZS Cauchy scales 0.5, 0.707, and 1.0. Attention-
and hidden-channel whole-cortex fMRI decisions
remain Equivalent at all three bounds for the re-
ported pairs. At Cauchy = 0.5, BF01 for attention



Contrast n n+/n− β̄ 95% CI dz Holm p

Within-pair slopes
Qwen2 50 32 / 18 +.0017 [+.0003, +.0031] +0.35 .015∗

DeepSeek 50 34 / 16 +.0025 [+.0006, +.0044] +0.38 .011∗

Mistral/Idefics2 50 24 / 26 −.0006 [−.0016, +.0005] −0.16 .857

Participant-matched pair contrasts
Qwen − Mistral 50 28 / 22 +.0023 [+.0005, +.0040] +0.36 .005∗

DeepSeek − Mistral50 34 / 16 +.0031 [+.0009, +.0053] +0.40 .005∗

Table 5: Whole-cortex visualness-moderation slopes (n = 50). β̄: mean across cortical units of the regression slope
of VLM–LLM Fisher-z difference on standardised Lancaster visual strength, controlling for sentence length (Eq. 2).
n+/n−: participants with positive/negative slopes. One-sided sign-flip permutation tests (10,000 permutations);
Holm correction across three within-pair tests. Pair contrasts are participant-matched ∆β̄ values under the same
procedure, with Holm correction applied separately across the two pair-contrast tests (Gelman and Stern, 2006;
Nieuwenhuis et al., 2011). ∗p < .05 after Holm correction.

Algorithm 1 External-judge coverage recovery for low-coverage sentences

Require: Sentences S by article; Lancaster visual norms; judge set M.
Ensure: A fixed sentence-level visual strength table.

1: Define fallback set F = {i : κi < 0.75 or |Mi| < 3}.
2: for all sentences i ∈ F do
3: for all judges m ∈ M do
4: Query judge m three times using the fixed rubric and JSON schema.
5: Obtain scores in [0, 5] for scene content, visual detail, and imageability.
6: Average the three sub-scores; take the median across three repeated calls.
7: end for
8: end for
9: for all leave-one-article-out folds f do

10: Let Tf be training articles and Hf the held-out article.
11: for all m ∈ M do
12: Fit isotonic calibration g

(m)
f using high-coverage sentences in Tf .

13: end for
14: for all i ∈ F ∩Hf do
15: Set V̂ LLM

i = medianm∈Mg
(m)
f (q

(m)
i ).

16: end for
17: end for

Pair AL AH H dz BF01 p

Qwen2 −.0014 +.0030 +.0043 0.41 0.16 .003
DeepSeek −.0025 +.0022 +.0047 0.32 0.66 .013
Mistral/Idefics2 +.0015 +.0014 −.0001 −0.02 6.34 .539

Table 6: Visualness moderation using within-article
top/bottom 20% of Lancaster visual strength (n = 50).
Alow and Ahigh: mean Fisher-z VLM–LLM advantages
for low- and high-visual-strength sentences. p-values:
one-sided sign-flip (10,000 permutations). BF01: two-
sided JZS Bayes factor (Cauchy scale 0.707).

Mistral/Idefics2 (2.71) and hidden DeepSeek (2.69)
fall slightly below the conventional threshold of
3, so Bayesian evidence should be described as
moderate and prior-sensitive rather than uniformly

Pair n H dz Sign-flip p

Qwen2 50 +.003542 0.33 .0113
DeepSeek 50 +.004962 0.34 .0089
Mistral/Idefics2 50 +.000536 0.07 .3147

Table 7: Threshold-sensitivity analysis using a within-
article top/bottom 25% split.

decisive. Full grids are archived with the analysis
code.

G Hidden-State Alignment Comparison

To test whether the attention-based conclusions
depend on the choice of representation channel,
we repeated the fMRI and saccade-count analyses



Pair n H dz Sign-flip p

Qwen2 50 +.003634 +0.34 .0099
DeepSeek 50 +.004580 +0.31 .0139
Mistral/Idefics2 50 −.000758 -0.12 .7524

Table 8: Exploratory coverage-recovery sensitivity anal-
ysis. The positive direction for Qwen2 and DeepSeek is
unchanged relative to the Lancaster-only analysis. For-
mat follows Table 6.

Pair ∆ (95% CI) dz BF01 TOST

Qwen2 +0.0011 [−0.0022, 0.0043] +0.093 5.29 Equiv.
DeepSeek −0.0011 [−0.0032, 0.0009]−0.160 3.58 Equiv.
Mistral/Idefics2 −0.0002 [−0.0020, 0.0017]−0.022 6.42 Equiv.

Table 9: Hidden-state whole-cortex fMRI equivalence
tests. Format follows Table 2. All three pairs are practi-
cally equivalent.

using contextual-hidden-state features ϕlm under
the same nested-CV, LOAO, and the same nested
layer–ridge selection procedure.

As for whole-cortex fMRI, Table 9 reports the
hidden-state whole-cortex equivalence tests. All
three pairs yield practical equivalence under the
±0.01 Fisher-z working region, converging with
the attention-based results in Table 2.

For regressive saccade alignment, Table 10
reports the hidden-state saccade-count results.
Both first-party continued-pretraining pairs show
a significant VLM advantage, reproducing the
attention-based pattern; the cross-construction Mis-
tral/Idefics2 pair does not.

The hidden-state control converges with the
attention-based primary analyses on both esti-
mands: no whole-cortex fMRI advantage in any
pair, and a selective saccade advantage in the two
first-party pairs. The conclusions reported in the
main text are therefore not specific to the attention
feature channel.

Pair ∆ (95% CI) dz p Sig.

Qwen2 +0.0016 [0.0002, 0.0029] 0.333 .021 *
DeepSeek +0.0033 [0.0019, 0.0047] 0.646 <.001 ***
Mistral/Idefics2 +0.0010 [−0.0009, 0.0029] 0.150 .289 n.s.

Table 10: Hidden-state saccade-count alignment. Both
first-party pairs replicate the attention-based VLM ad-
vantage (Figure 2), while the cross-construction pair
does not.
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