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Multimodal large language models (MLLMs) demonstrate significant limitations in visual Theory of Mind (ToM)
abilities compared to humans. Investigating the neural mechanisms underlying human mind-reading not only
addresses critical gaps in visual ToM research but also provides valuable insights for MLLM optimization. Using
fMRI data from 83 participants, we systematically compared neural processing patterns between two conditions
in visual ToM tasks: MLLM-incorrect/human-correct (MLLMI) and mutually correct (MLLMC). The questionnaire
results indicated that, compared with the MLLMC condition, human confidence was significantly lower under the
MLLMI condition, and expectations for MLLM performance were also lower. Natural language analysis revealed
that, relative to MLLM responses, human responses were more closely aligned with the question context, more
concise, and exhibited greater certainty. Neuroimaging results indicated significantly stronger activation in
bilateral precuneus and middle temporal gyrus in MLLMI. Furthermore, we observed enhanced functional
connectivity in networks associated with task coordination and attention allocation. Leveraging these neural
signatures, we constructed multiple prediction models for decoding the two conditions (MLLMI vs. MLLMC),
among which the 2-layer Transformer model achieved the highest classification accuracy of 78.6%. Extending
these findings, we propose the Knowledge-Thinking-Adaptation (KTA) framework, which integrates memory
retrieval, divergent thinking, and multi-level attention mechanisms to provide a potential roadmap for future
work in developing Al systems with human-like visual ToM capabilities.

1. Introduction

Theory of Mind (ToM), defined as the ability to attribute mental
states to others, is often regarded as being fundamental to defining hu-
manity and referred to as the art of mind-reading(Leslie et al., 2004;
Premack and Woodruff, 1978; Vogeley et al., 2001). ToM is the origin of
human empathy, self-awareness, and morality, serving as the corner-
stone of human cognition and social interaction(Leslie et al., 2004;
Strachan et al., 2024b). The multimodal large language models
(MLLMs), with their ability for multimodal comprehension and logical
reasoning, are highly anticipated to foster computational/machine ToM
abilities. They are regarded as essential tools for the achievement of
Artificial General Intelligence (AGI) and the enhancement of natural

human-computer interaction(Zhang et al., 2024a). While formal defi-
nitions of computational/machine ToM remain debated, researchers
have adapted human psychological assessment paradigms to benchmark
MLLMs' mental state reasoning capabilities(Collins et al., 2024;
Hagendorff et al., 2023; Mao et al., 2024). Recent advances reveal
MLLMs' remarkable proficiency in text-based ToM tasks, particularly in
detecting linguistic nuances like irony, implicit meaning, and false belief
scenarios(Kosinski, 2024; Strachan et al., 2024b). This progress is partly
enabled by the inherent psychological transparency of human language,
where verbal expressions often involuntarily disclose authentic in-
tentions and emotional states through lexical choices and discourse
patterns(Hauptman et al., 2023; Vine et al., 2020). However, authentic
human social cognition critically depends on multimodal integration —
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especially the capacity to decode mental states through implicit visual
cues (e.g., micro-expressions, contextual body language) that demand
sophisticated cross-modal reasoning far beyond textual analysis. This
fundamental discrepancy explains why current MLLMs significantly
underperform humans in visual ToM tasks(Kuang et al., 2025; Schulze
Buschoff et al., 2025b), highlighting a critical frontier in artificial social
intelligence development.

The past two years have witnessed explosive growth in MLLMs
research for visual intelligence(Schulze Buschoff et al., 2025a). Overall,
MLLMs currently employ two primary technological approaches for the
execution of visual reasoning tasks. The first approach utilizes multi-
modal pre-training to align visual-linguistic embeddings through dedi-
cated adapter modules. However, this method is resource-intensive,
requiring substantial computational resources and an extensive collec-
tion of image-text pairs for learning (e.g., Flamingo's 2B-scale training
corpus(Alayrac et al., 2022)). The lack of high-quality corpora related to
ToM abilities(Guo et al., 2023), in combination with the prohibitive cost
of manual annotation, has hindered the advancement of visual ToM
abilities. The second strategy adopts a language-mediated pipeline that
processes visual inputs through textual representations — converting
images into descriptive captions (potentially with contextual examples)
for subsequent analysis by frozen LLMs. While lightweight compared to
pre-training, prominent implementations like PICa(Yang et al., 2022)
and Img2LLM(Guo et al., 2023) primarily address perceptual tasks (e.g.,
object detection, fine-grained recognition) rather than cognitive-level
challenges. These limitations reveal the critical performance plateau
in MLLMs' visual ToM capabilities under conventional paradigms(Liang
et al, 2024; Matkinski and Mandziuk, 2023), necessitating
paradigm-shifting innovations. A highly promising path for the devel-
opment of artificial intelligence that can rival or surpass human abilities
is to conduct an in-depth exploration of the brain’s neural mechanisms
and transfer these insights into Al models(Cai et al., 2023; Kosinski,
2024; Xu and Poo, 2023). This brain-inspired Al perspective offers a
promising alternative pathway to overcome existing architectural
constraints.

Brain-inspired Al seeks to derive its inspiration from the brain to
advance both general Al development and high-performance computing
(Zhangetal., 2024b, 2020). The transformative potential of this approach is
best exemplified by the attention mechanism — a neurocognitive-inspired
innovation that has revolutionized Al architectures through transformer
models, which utilize self-attention to establish new benchmarks in neural
network design. Parallel advancements are occurring in neuromorphic
hardware, where biologically-inspired chips emulate the brain's parallel
processing through neuron/synapse-mimetic circuits, achieving substantial
efficiency gains over conventional computing architectures(Cai et al.,
2023). MLLMs further demonstrate this biomimetic progression by repli-
cating human-like multitasking capabilities through strategies including:
learning neural patterns of multisensory integration to enhance reasoning
(Huang et al., 2023); adopting the brain's unified storage-computation ar-
chitecture to address energy constraints in training(Mehonic and Kenyon,
2022); and implementing value-aligned reinforcement learning mecha-
nisms(Glickman and Sharot, 2024). However, a critical gap persists in
brain-inspired approaches specifically targeting the enhancement of visual
ToM abilities.

Developing brain-inspired MLLMs with mind-reading capabilities
requires deep understanding of the neurocognitive architecture under-
lying human mental state attribution. Neuroscientific research has
identified specialized brain regions governing ToM processes, including
the medial prefrontal cortex (mPFC) for self-other differentiation, pre-
cuneus (PCu) for autobiographical processing, temporoparietal junction
(TPJ) for representing others' perspectives, and middle temporal gyrus
(MTG) for associative-divergent thinking(Balgova et al., 2024;
Carrington and Bailey, 2009; Frith and Frith, 2006; Molenberghs et al.,
2016; Schlaffke et al., 2015; Schurz et al., 2014). Large-scale meta--
analytic evidence reveals that ToM cognition predominantly engages
cortical midline structures and temporoparietal networks, with peak
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activation observed in the mPFC-anterior cingulate complex that ex-
tends posteriorly along the midline to incorporate PCu and
mid-cingulate regions(Schurz et al., 2021).Crucially, this activation
topography shows substantial overlap with the default mode network
(DMN), where the mPFC-PCu axis forms a functional core supporting
both ToM operations and self-referential cognition through dynamic
large-scale network interactions(Dadario and Sughrue, 2023). Despite
the significant and fruitful progress made by neuroscientists, it remains
insufficient to fully support and reflect the underlying mechanisms and
brain functional networks involved in the interplay between brain re-
gions during the execution of visual ToM abilities in humans. In
particular, there is a notable absence of analysis on the disentanglement
of vision-specific mechanisms and the origins of the brain-machine gap,
which necessitates urgent research to support the optimization and
enhancement of Al models(Kunda, 2018).

This study employed functional magnetic resonance imaging (fMRI)
to acquire high-resolution neuroimaging data, specifically examining
neural activation differences between incorrect and correct conditions
during the completion of visual ToM tasks by the MLLM. Tentatively
drawing on these exploratory observations, we suggest potential opti-
mization pathways for MLLM’s visual ToM abilities, with the objective
of the development and deployment of brain-inspired, flexible, and
efficient large models. This study not only contributes to the innovation
of the brain-inspired machine psychology scientific paradigm but also
establishes three pivotal contributions: (1) providing exploratory in-
sights into the neural mechanism of human visual ToM through large-
scale neuroimaging analysis; (2) presenting exploratory evidence
regarding neural responses to more complex visual ToM items that
current MLLMs fail to pass, while developing prediction models that link
such neural signatures to MLLM performance metrics; (3) introducing
the Knowledge-Thinking-Adaptation (KTA) framework as a potential
roadmap for future work to enhance mind-reading skills.

2. Results

This study employs a tripartite analytical framework (Fig. 1) inte-
grating behavioral, brain imaging, and feature layers. The results from
the behavioral layer primarily reflect the behavioral manifestations of
human-machine visual ToM capabilities, with a particular focus on the
differences in NLP (Natural Language Processing) evaluation metrics
(entropy, lexical richness, semantic familiarity, semantic certainty, and
semantic similarity) during task completion in MLLMI condition (MLLM
incorrect, humans correct) and MLLMC condition (both MLLM and
humans correct). The brain imaging layer provides insights into the
brain activation patterns and network functional connectivity when
performing tasks involving contrasting conditions. The goal is to explore
the underlying neural mechanisms of human visual ToM and offer
valuable insights for enhancing the ToM abilities of MLLM. The feature
layer, based on cognitive neuroscience indicators, constructs cognitive
computational prediction models [Convolutional Neural Networks
(CNN), Long Short-Term Memory Networks (LSTM) and Transformer
models] to decode brain states (MLLMI vs. MLLMC), while also evalu-
ating the importance and stability of neural features in prediction using
Shapley additive explanation (SHAP).

2.1. Behavioral layer results

Analysis of image familiarity revealed that participants had previ-
ously seen an average of 6.3% of the total images used, indicating low
familiarity with the visual ToM task stimuli. A two-sample t-test on
response confidence levels showed significantly lower confidence in the
MLLMI condition (M = 3.64, SD=1.14) compared to the MLLMC con-
dition (M = 4.09, SD=1.06), t(28y=—8.07, p < 0.001. Similarly, partici-
pants' expectations of MLLM performance were significantly lower in the
MLLMI condition (M =3.71, SD=1.16) than in the MLLMC condition
(M =4.02, SD=1.10), t(285=—6.76, p < 0.001.
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Fig. 1. Overall research and data analysis framework. The framework consists of three layers. (1) Behavioral layer: human participants and MLLMs each provided
responses to visual question answering (VQA) tasks. Responses were compared across experimental conditions and analyzed using natural language processing
metrics. (2) Brain imaging layer: 83 participants underwent functional MRI scanning while performing a VQA task under a think-aloud protocol. Raw fMRI data were
preprocessed to extract regional activation patterns and functional connectivity differences between conditions. (3) Feature layer: multimodal features derived from
behavioral and neuroimaging data were integrated into deep learning models (e.g., CNNs, LSTMs, Transformers). Model outputs were interpreted using SHAP to

identify predictive and neurocognitively relevant features.

NLP analyses were conducted on MLLM-generated and human an-
swers in both the pre-test (Figure S1, Table S1) and the fMRI experiment
(Fig. 2, Table S2). For the behavioral data from the fMRI experiment,
two-way analyses of variance (ANOVAs) assessed the effects of perfor-
mance (MLLMI vs. MLLMC) and respondent (MLLM vs. Human) on en-
tropy, lexical richness, semantic familiarity, semantic certainty, and
semantic similarity. For entropy, no significant main effects were
observed for either performance [Fy 56 = 3.43, p = 0.069] or respondent
[F1,56 = 0.46, p=0.49]. However, a significant interaction effect was
identified [Fi56=4.81, p=0.030]. In terms of lexical richness, a sig-
nificant main effect of respondent was found [F; 56 = 854.9, p < 0.001],
accompanied by a significant interaction effect [Fq 56 =5.12,p = 0.027].
For semantic familiarity, significant main effects were found for both
performance [Fq56=9.59, p=0.003] and respondent [F;s¢="70.8,
p <0.001], whereas no significant interaction effect was observed
[F1,56 =2.71, p=0.106]. For semantic certainty, a significant main ef-
fect of respondent was found [F; 56 = 328.6, p < 0.001]. The main effect
of performance [F;s6=1.55 p=0.218] and the interaction effect
[F1,56 =0.77, p=0.386] were not significant. For semantic similarity,
significant main effects were found for both performance [F; 56 = 4.29,
p=0.043] and respondent [F; 56 =15.43, p < 0.001], whereas no sig-
nificant interaction effect was observed [Fqs6=0.003, p=0.954]
(Fig. 2). The Tukey post-hoc analyses results are presented in the

Supplementary Materials (Table S2). Word cloud maps visually display
the word selection, frequency, and emotional tone of responses gener-
ated by both the MLLM and human participants (Figure S2).

2.2. Brain imaging layer results

A brain activation analysis was conducted to examine the neural
representation differences between MLLMI and MLLMC conditions.
MLLMI exhibited heightened activation compared to MLLMC in multiple
areas: the bilateral PCu gyrus, bilateral MTG, left angular gyrus, right
superior temporal gyrus, bilateral cuneus, and left posterior cingulate
gyrus (Table 1; Figs. 3 and S3). Additionally, brain network analyses
revealed that MLLMI demonstrated higher functional connectivity than
MLLMC. Specifically, there was increased connectivity from the DMN to
the visual network (VN) and the dorsal attention network (DAN), and
from the salience network (SN) to the cerebellar network (CN) (Table 2;
Figs. 3 and S4). To account for potential confounding effects of task
difficulty and complexity, subjective ratings from the questionnaire
were incorporated as covariates. The resulting activation patterns
remained largely consistent with the original findings (Table S3),
demonstrating significant clusters in the bilateral PCu and MTG. These
findings suggest that the neural differences between MLLMI and MLLMC
are not fully attributable to the higher difficulty or complexity of the



J. Jin et al.

Neurolmage 338 (2026) 122108

_—
7 — 1.0 c')ﬁ_' pEEE 0.9 *k
00800 © %90 006Q00 ek
61 o8 0.9 —%mo 9 Ja%oc 0.8 _
80280 035800 0.8 BOSog I3 > Ak o oo0
54 P80 %o w £ 0.74 °
2 °°l g °° ol g o7 £ 0.6+ o
54 = o35 < 0.6 E o5 o8 ooﬁoc o e
£ ‘B 0.5 8 & %
U:J 34 o ,_8 gi; 08800 800 2 04 R o o
4 B b3l g 034
2 8 0.3 g
H ° g0 S .24
14 0.2 8 w V-
0.1 0.1
0 0.0 0.0
Incorrect Correct Incorrect Correct Incorrect Correct
e MLLM o  Human o MLLM o Human o MLLM o Human
Fkk Fkk % s
1.0+ oSS ° geoo 05
> 0.9+ ee) o o
g 05 £ 044 °
= <
g 0.7 é o
§ 0.6 o -2 0.3 o
o 05 é . ) OIO
3= i S 024
g 0.4 g 3 sl
g 0.3 3 ° oo
A 024 3 b 8 0.1 259 o
0.1 i % 8189 °%8
0.0- ogal_© o
00 Incorrect Correct Incorrect Correct
o MLLM o Human o MLLM o Human

Fig. 2. Two-way ANOVA results of the effect of performance (MLLMI and MLLMC) and respondent (MLLM and Human) on NLP evaluation metrics in fMRI

experiment.
Notes: *p<0.05, **p<0.01, ***p<0.001.

Table 1
Group-level activation differences between MLLMI and MLLMC.
Brain region Hemi  Montreal Cluster size T
neurological (mm3)
institute (X Y Z)
Precuneus gyrus L -3 —60 39 5643 5.12
Middle temporal L —-45 51 12 3348 4.97
gyrus
Angular gyrus L -60 57 27 3078 4.89
Precuneus gyrus R 9 —60 39 3996 4.82
Middle temporal R 51 -27 -9 2970 4.58
gyrus
Superior temporal R 48 -18 -6 1161 4.46
gyrus
Cuneus L 0 -78 39 1161 4.28
Cuneus R 9 -72 39 1134 4.08
Post cingulum gyrus L -3 —51 27 1539 3.70

MLLMI items, but are instead associated, to some extent, with the state
of MLLM failure.

Furthermore, we conducted a trial-by-trial parametric modulation
analysis based on two types of ratings collected from a post-scanning
questionnaire: confidence in one's own response and judgement about
the current MLLM's ability to answer correctly. High confidence was
associated with activation in the right dorsal and medial prefrontal
gyrus, the left MTG, the PCu gyrus, the right angular gyrus, and the right
superior temporal gyrus (Table S4 and Fig. 3). However, no significant
results were found in association with judgment.

2.3. Feature layer results

The performance metrics of four deep learning models are presented
in Table 3. The 2-layer Transformer model achieved the highest classi-
fication accuracy of 78.6%, with sensitivity of 81.8% and specificity of
75.4%. The receiver operating characteristic (ROC) curve illustrates the

Transformer’s classification performance across varying thresholds,
with an area under the curve (AUC) of 0.89 (Fig. 4).

We performed SHAP analysis to identify the features that most
significantly contributed to classification. The key contributing features
include the functional connectivities of Salience.ACC - Language.IFG
(R), DefaultMode.LP (L) - Visual.Lateral (L), DefaultMode.MPFC - Lan-
guage.pSTG (R), and DorsalAttention.IPS (L) - DefaultMode.LP (L). In
contrast, the predictive contribution of single-trial BOLD signals is
relatively weak. To investigate the tipping points at which feature effects
on model prediction change, Generalized Additive Model (GAM) was
used to fit the relationship between feature values and their SHAP
values. The results demonstrate that the following functional connec-
tivities exhibit adequate fit and show distinct tipping points differenti-
ating the MLLMI and MLLMC conditions: Salience.ACC — Language.IFG
(R) (R?=0.84), DefaultMode.LP (L) — Visual.Lateral (R) (R? = 0.86), and
DorsalAttention.IPS (L) — DefaultMode.LP (L) (R? = 0.79) (Fig. 4).

To move beyond post-hoc SHAP explanations and directly assess the
dependence of decoding performance on specific neural systems, we
performed network-level ablation combined with permutation testing.
As illustrated in Fig. 4d, removing the DMN-related and visual-related
functional connections resulted in significant decreases in accuracy
compared to the size-matched random null distributions (p = 0.03 and
p =0.01, respectively). This exploratory finding suggests that decoding
performance may depend on the cross-network connectivity involving
the DMN and visual systems. Notably, ablating the regional anatomical
features (local activations in PCu and MTG) did not cause a significant
decrease in performance. This demonstrates that while local regions
exhibit activation differences, the classification of brain states (MLLMI
vs. MLLMC) appears to be more strongly driven by large-scale network
interactions rather than isolated regional characteristics.

3. Discussion

Our findings corroborate existing literature(Li et al., 2024a, 2024b;
Schulze Buschoff et al., 2025b) by demonstrating a substantial
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Table 2
Group-level network functional connectivity differences between MLLMI and
MLLMC.

ROI (MNI) to ROI (MNI) T p

DefaultMode.LP (L) Visual.Lateral (R) 3.78 0.0003
-39, -77, 33 38, -72,13

DefaultMode.LP (L) Visual.Medial 3.60 0.0005
-39, -77,33 2,-79,1

Salience.ACC Language.IFG (R) -3.36 0.0012
0, 22, 35 54,28, 1

DefaultMode.MPFC Language.pSTG (R) —-3.31 0.0015
1,55, -3 59, —42, 13

DorsalAttention.IPS (L) DefaultMode.LP (R) 3.28 0.0016
—39, —43, 52 47, —67, 29

DorsalAttention.IPS (L) DefaultMode.LP (L) 3.22 0.0019
-39, —43, 52 -39, -77, 33

Salience.Alnsula (R) Cerebellar.Anterior 2.89 0.0050
44,13,1 0, —63, —30

DefaultMode.LP (L) Visual.Lateral (L) 2.87 0.0054
-39, -77,33 —37, 79, 10

Language.IFG (L) Visual.Occipital 2.80 0.0065
-51, 26, 2 0, —93, -4

Note: MNI: Montreal neurological institute coordinate.

Table 3
Performance comparison of four deep learning models with their respective best
hyperparameters.

Model Accuracy Sensitivity Specificity F1-score
2-layer CNN 0.727 0.956 0.500 0.778
2-layer LSTM 0.765 0.788 0.743 0.77
1-layer Transformer 0.774 0.852 0.697 0.790
2-layer Transformer 0.786 0.818 0.754 0.792

performance gap between MLLMs and humans in visual ToM tasks. This
disparity was observed not only in quantitative accuracy metrics but
also in qualitative information processing capabilities. NLP analysis
revealed that, compared with MLLM responses, human responses were
more closely aligned with the question context, more concise, and
exhibited higher certainty. Entropy index measurements further
confirmed the effectiveness of the experimental manipulation, showing
significantly greater cognitive complexity in the MLLMI condition
compared to the MLLMC condition, consistent with the behavioral
findings of reduced human confidence and lower expectations of MLLM
performance in the MLLMI condition. These behavioral findings moti-
vated our subsequent exploratory neurocognitive investigation into
neural responses to more complex visual ToM items that current MLLMs
fail to pass.

3.1. Cognitive neural mechanisms of visual ToM

Our neuroimaging analysis provided exploratory evidence of distinct
neural processing patterns between MLLMI and MLLMC conditions, with
particularly robust bilateral PCu activation observed during MLLMI
scenarios. As a core neural substrate of ToM abilities, the PCu supports
multiple critical cognitive functions: (1) visual-spatial mental imagery
for perspective-taking, enabling the assessment of others' viewpoints; (2)
information integration for constructing logically coherent social nar-
ratives; and (3) complex situation processing through episodic memory
retrieval(Cavanna and Trimble, 2006; Dadario and Sughrue, 2023;
Kulakova et al., 2013; Schurz et al., 2014; Tanglay et al., 2022). The
pronounced PCu activation observed in MLLMI conditions may suggest
that its role extends beyond basic perspective judgment, potentially
encompassing the cognitive demands involved in interpreting chal-
lenging social scenarios. Neurocognitive evidence indicates this region
facilitates the integration of prior knowledge and autobiographical
memories with incoming social information, subsequently updating
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working memory representations to guide appropriate cognitive and
behavioral responses(Wardell and Palombo, 2024). Together, these
findings point to a dynamic memory integration and updating mecha-
nism that may support advanced ToM capabilities and higher-order
cognitive synthesis.

Our neuroimaging results further suggest significantly stronger
bilateral MTG activation in MLLMI versus MLLMC conditions. As a key
node in the ToM network(Nummenmaa et al., 2012; Schurz et al., 2017;
Xu et al., 2019), the MTG appears to play an important role in social
cognition, potentially through its dual functions in semantic processing
and novel association formation(Balgova et al., 2024; Ren et al., 2020).
During complex social reasoning tasks, this region may facilitate the
inhibition of superficial semantic interpretations, establishment of
distant conceptual connections for information reorganization, and
generation of creative conceptual frameworks that transcend conven-
tional thinking patterns(Davey et al., 2016; Jung-Beeman, 2005; Ren
et al., 2020). This associative-divergent cognitive style may enhance
semantic processing efficiency by enabling conceptual expansion and
categorical knowledge updating(Brod et al., 2016; Ren et al., 2020) -
mechanisms critical for advanced ToM operations(Grosse Wiesmann
et al., 2017; Leshinskaya and Thompson-Schill, 2020). Specifically, the
MTG may support the inference of latent event relationships in visual
social scenarios by constructing non-obvious semantic linkages
(Boccadoro et al., 2019). The robust MTG activation observed in chal-
lenging MLLMI conditions particularly highlights its involvement in the
nonlinear, leap-like characteristics of human reasoning - cognitive fea-
tures that may allow for flexible reinterpretation of social information
beyond surface-level interpretations. Together, these exploratory find-
ings suggest the MTG’s role in mediating the complex, non-linear
thought processes that may distinguish some aspects of human social
cognition from current MLLM capabilities.

It is worth noting that in this study, the y-coordinates of the bilateral
MTG activation clusters differed significantly, suggesting that they may
not represent the same functional region. Notably, the left hemisphere
cluster (MNI: —45, —51, 12) appeared to be located near the TPJ
(Balgova et al., 2024). The TPJ is considered a core hub of the ToM
network and is thought to play a specific role in belief reasoning, rather
than being primarily involved in general attentional or semantic pro-
cessing (Balgova et al., 2024; Molenberghs et al., 2016; Saxe and
Kanwisher, 2013). More specifically, the TPJ has been found to be
critically engaged when inferring beliefs that diverge from reality (i.e.,
false beliefs) in others (Geng and Vossel, 2013), a finding that has been
robustly replicated in meta-analyses (Schurz et al., 2014). Moreover, the
left TPJ has been shown to encode bidirectional signals of belief-fact
matching or mismatching (Apperly et al., 2004; Ciaramidaro et al.,
2007; Doricchi et al., 2022; Schurz et al.,, 2014). Based on this
converging anatomical and functional evidence, it is plausible that
identifying the left hemisphere activation cluster observed in this study
as the left TPJ may reflect participants’ in-depth processing of others’
mental states during the MLLMI condition, potentially corresponding to
a more refined representation of social intentions and belief
information.

Our findings suggest that the differential activation patterns
observed in key brain regions, including bilateral PCu and MTG, may
reflect distinct neurocognitive processes (e.g., episodic memory retrieval
and novel semantic association formation) engaged during challenging
visual ToM tasks where MLLMs typically underperform. To elucidate the
neural architecture underlying these complex social-cognitive processes,
we conducted large-scale brain network analyses examining functional
connectivity patterns across distributed neural systems. The results
reveal two particularly predictive network configurations: (1) dynamic
interactions between the DMN, DAN, and VN; and (2) coordinated ac-
tivity between the SN, CN, and LN. The cognitive computational
modeling suggests that these network-based features appear to show
considerable predictive power while also demonstrating relatively high
stability across individuals.
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Fig. 4. SHAP analysis results. a and c: Confusion matrix of the Transformer prediction results and AUC of the ROC curve. b: Features ranked by SHAP values. Each
dot in the plot corresponds to a sample. For a given feature, the horizontal axis shows the sample’s SHAP value, and the color indicates the sample’s feature value. A
positive SHAP value corresponds to a classification of MLLMC, while a negative value corresponds to MLLMI. d: Red diamonds denote the true mean accuracy drop
when all features belonging to a specific functional network are systematically removed from the prediction model. To control for biases introduced by the varying
number of features within each network, size-matched random null distributions were generated through 100 permutations. Boxplots overlaid with colored jittered
points illustrate the spread of these random null distributions. The horizontal dashed line at zero indicates no change in classification accuracy relative to the baseline
model (* indicates p < 0.05). e: Tipping points for three features in model prediction. The vertical axis represents SHAP values, reflecting the magnitude and direction
of each feature’s contribution to the model output. Positive values (upper region) signify a positive impact, while negative values (lower region) denote a negative
influence. The horizontal axis shows the range of the feature’s values, progressing from low to high, with the corresponding SHAP value trends highlighting nonlinear
effects. The blue solid line illustrates the trend of SHAP values as the feature changes, and the green dashed line represents the confidence interval, indicating the
reliability of the model’s trend predictions. Red markers denote critical points where the marginal contribution of the feature transitions between positive and
negative, indicating key shifts in its influence on the model output.

Specifically, compared to MLLMC, the DMN, DAN, and VN appear to
exhibit heightened functional connectivity in the condition of MLLMI.
While traditional neurocognitive frameworks often conceptualize the
DMN as a task-negative network that exhibits antagonistic interactions
with task-positive networks like the DAN(Chang et al., 2024; Kucyi
et al., 2020), our data challenge this dichotomous perspective. Specif-
ically, our findings suggest that the dorsal medial subsystem of the DMN
- crucial for mentalizing and memory processes - can effectively coor-
dinate with the perceptual systems of the DAN and VN when serving the
unified cognitive goal of visual ToM tasks. This synergistic interaction
may imply that successful ToM reasoning depends not on the

suppression of any particular network, but rather on the flexible coor-
dination of multiple distributed systems working in concert.

Our findings suggest robust functional coupling and temporal syn-
chronization among the SN, CN, and LN. The SN appears to serve as a
critical attentional modulator(Chen et al., 2016), dynamically regu-
lating the interplay between CN-mediated visuospatial processing and
LN-supported linguistic encoding. As a multifunctional hub, the CN
appears to not only govern sensory-motor integration
(Fernandez-Iriondo et al., 2021; Wagner and Luo, 2020) but also
orchestrate higher-order cognitive operations including visuospatial
cognition, emotional regulation, and executive control(Brissenden et al.,
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Fig. 5. The KTA framework. The framework integrates three synergistic components: (1) knowledge representation optimization through constructing a structured
Visual ToM Genome that enables post-training acquisition of ToM knowledge, significantly improving accuracy on frequent social cognition tasks; (2) thinking
process optimization via neurally-inspired prompt engineering that transforms ATOMS-based ToM priors into computational cognitive templates, enabling MLLMs to
emulate human-like associative and divergent thinking for discovering implicit relationships in complex visual ToM scenarios; and (3) adaptation mechanism
optimization employing a dynamic mixture of experts model architecture that implements neuroplasticity principles through on-demand module activation,

autonomous reasoning path adjustment, and resource-efficient allocation.

2018). This network may enable context-appropriate allocation of vi-
suospatial attention while facilitating the translation of visual infor-
mation into symbolic representations and narrative structures. The LN,
conversely, appears to specialize in linguistic organization - processing
textual information and generating coherent narrative descriptions of
visual stimuli(Yablonski et al., 2024). Notably, comparative analysis
between MLLMI and MLLMC conditions suggests task-dependent mod-
ulation of these network interactions: while SN—CN connectivity
strengthens to meet task demands, SN-LN coupling shows relative sup-
pression. This adaptive reconfiguration may reflect the brain's capacity
for optimal distribution of limited attentional resources, potentially
influencing the speed and efficiency of cognitive processing during
complex ToM tasks. Such dynamic network adjustments point to the
sophisticated neural mechanisms underlying human social cognition
that current MLLMs have yet to replicate.

3.2. Brain-inspired roadmap for future work

Inspired by the neural mechanisms of the human brain, this study
proposes an innovative Knowledge-Thinking-Adaptation (KTA) frame-
work (Fig. 5). It is worth noting that there are multiple possible func-
tional interpretations of the neural basis. Reverse inference, as an
important research tool, offers valuable insights for the design of arti-
ficial intelligence models but does not yield definitive conclusions
(Poldrack, 2006, 2011; Young and Saxe, 2009). Therefore, the KTA
framework is an exploratory framework grounded in neuroscientific
findings, whose core value lies in providing a brain-inspired roadmap for
subsequent model construction and engineering validation.

Knowledge representation optimization: The neural mechanisms
underlying ToM autobiographical memory provide critical insights for
constructing MLLMs knowledge systems, thereby enhancing their
cognitive capabilities. The pronounced activation of the PCu and the
coordinated engagement of the DMN-DAN-VN suggest that humans may
leverage goal-directed mechanisms to retrieve prior knowledge from

autobiographical memory when performing complex ToM tasks, facili-
tating novel task representation. To develop MLLMs with equivalent
cognitive capacities, this study proposes a systematic framework based
on the "Abilities in Theory of Mind Space" (ATOMS)(Conway and Bird,
2018) to develop a Visual ToM Genome. The framework includes
three standardized processes: (1) ToM text corpus construction: Using
the systematic categorization provided by the ATOMS (which covers 7
core mental states and 39 dimensions of ToM sub-abilities), textual
materials can be collected from canonical ToM tasks, including but not
limited to the hinting task(Corcoran, 2003), the false belief task
(Bernstein et al., 2011; Wimmer and Perner, 1983), the recognition of
faux pas(Baron-Cohen et al., 1999), the strange stories(Happé, 1994;
White et al., 2009), and the unexpected transfer (Sally-Anne) task
(Baron-Cohen et al., 1985). This phase aims to ensure comprehensive
coverage of all ATOMS-defined ability dimensions. (2) Multimodal
image-text pair generation: A hybrid data acquisition strategy is
employed, which involves semantic search to retrieve candidate images
from existing visual databases and using generative models to synthesize
contextually relevant images. Pretrained cross-modal matching models
(e.g., Contrastive Language-Image Pre-training(Pan et al., 2022), CLIP)
can be used to automate preliminary image-text alignment. (3) Expert
validation and quality control: A review panel consisting of at least three
psychological experts is formed to implement a three-tier verification
protocol. This includes reviewing the semantic consistency between
images and text, evaluating the coverage of ToM ability dimensions, and
verifying the ecological validity of cognitive tasks. This process aims to
remove representation biases caused by automated generation, ensuring
the construct validity of the dataset. The Visual ToM Genome can pro-
vide structured cognitive priors for post-training the model, significantly
enhancing robustness and domain generalization in novel ToM tasks
while improving interpretability.

Thinking process optimization:The MTG plays a crucial role in the
neural mechanisms underlying associative and divergent thinking,
which are essential for enhancing the higher-order reasoning abilities of
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MLLMs. In comparison to MLLMC, MLLMI exhibits significantly greater
activation in the MTG, revealing the central role of associative thinking
and divergent thinking in remote semantic associations and the dis-
covery of latent cues. Inspired by this insight, the present study proposes
a methodology for mapping human cognitive patterns onto the
reasoning framework of MLLMs through structured prompt engineering.
This approach comprises two key components: (1) Structured repre-
sentation of cognitive patterns:: By integrating the systematic charac-
terization of 39 ToM abilities within the ATOMS framework, a prompt
template grounded in cognitive science can be constructed. The tem-
plate parameterizes human cognitive patterns through a four-
dimensional situational modeling approach, encompassing the entity-
relation graph, role-state matrix, scenario semantic frame, and social
positioning mapping. This structured representation stems from the
contextualized cognitive deconstruction of standardized ToM ability
dimensions, such as the hinting task(Corcoran, 2003) and the false belief
task(Bernstein et al., 2011; Wimmer and Perner, 1983). (2) Construction
of conditional reasoning mechanisms:: Utilizing classifiers, the model
first determines the ToM ability category and subsequently calls the
appropriate prompt template based on the classification results. This
process guides the model in simulating the human associative-divergent
thinking process. The core of this mechanism lies in systematically
building Al's deep cognitive capabilities, enabling it to precisely capture
reasoned connections in visually complex structures and thereby infer
beliefs, desires, and intentions.

Adaptation mechanism optimization: The human brain's SN
demonstrates a multi-layered attention control mechanism that offers
systematic insights for optimizing the mixture-of-experts (MoE) archi-
tecture of MLLMs, particularly for enhancing adaptive capabilities.
Three key neurocognitive principles offer actionable design guidelines:
(1) Dynamic gating strategy optimization: From the perspective of
expert weight distribution, the brain's visual information prioritization
mechanism during complex ToM tasks informs dynamic gating strate-
gies for MoE systems. When complex social scenarios are detected, the
model can automatically increase the activation weight of visual ex-
perts, such as vision encoders based on Vision Transformer(Zhou et al.,
2024) or CLIP, while suppressing redundant computations from sec-
ondary modality experts. (2) Topological expert connection optimiza-
tion:From the perspective of functional network coordination, the
dynamic coupling mechanisms between the SN, CN, and LN reveal how
functional networks achieve efficient communication through modula-
tion of connection strength. This insight inspires MoE architecture to
adopt a topologically optimized expert connection model, such as con-
structing a sparse expert interconnection in a small-world network,
retaining critical channels while employing low-bandwidth communi-
cation for homogeneous experts. (3) Adaptive routing mechanism
optimization:From the perspective of computational power optimiza-
tion, MoE can mimic the SN's dynamic routing mechanism to handle
different types of tasks. For simple visual pattern recognition, sparse
local attention experts are used, while for tasks requiring higher-order
cognitive reasoning, the model switches to global attention experts
and activates the working memory cache module. This approach ensures
accuracy in visual ToM task processing while reducing computational
consumption.

3.3. Primary contributions and research limitations

Currently, there is a notable lack of research on the functional lim-
itations of MLLMs from a neuroscience perspective, which may pose a
challenge to transfer insights from brain science into Al algorithms and
architectures. The primary contributions of this study can be summa-
rized as follows: Theoretically, this study investigates the mapping
patterns of the visual ToM differences between humans and machines
within brain regions, and explores the deeper reasons for the gap be-
tween human and MLLM abilities. This helps to address the gap in
research on the neural mechanisms of brain-inspired visual ToM.
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Methodologically, this study systematically investigates the limitations
of large models using tools from experimental psychology, develops a
cognitive computational prediction model and explores the potential of
neuroscience metrics as benchmarks for evaluating MLLMs. This con-
tributes to the scientific paradigm of machine psychology(Strachan
et al., 2024b), supporting broader interdisciplinary research on machine
behavior. Pragmatically, it proposes a brain-inspired KTA framework,
which may provide a roadmap for enhancing MLLM’s key abilities in
memory retrieval, divergent thinking, and multi-level attention mech-
anisms, potentially contributing to the comprehensive enhancement of
mind-reading abilities in MLLM.

While our study introduces innovative neurocomputational methods
for enhancing MLLMs' visual ToM capabilities, several important limi-
tations warrant consideration. Firstly, the current paradigm's reliance on
static image stimuli precludes examination of temporal dynamics in
neural processing - a critical constraint given that real-world social
cognition fundamentally operates as a time-varying process. Future in-
vestigations should incorporate dynamic visual stimuli (e.g., video-
based ToM tasks) along with a larger set of stimulus materials to
enable spatiotemporal modeling of neural mechanisms, thereby
improving MLLMs' adaptability to ecologically valid social scenarios.
Secondly, the exclusive use of fMRI data limits our understanding of
complementary neural signals across different spatial and temporal
scales. Multimodal neuroimaging approaches combining electrophysi-
ology (EEG/MEG), optical imaging, and magnetic resonance techniques
could provide a more comprehensive characterization of cross-modal
mapping mechanisms while revealing complementary information
embedded in different signal modalities. Addressing these limitations
through temporally sensitive paradigms and multimodal circuit analysis
represents a crucial next step for advancing both our theoretical un-
derstanding of ToM and the development of truly human-like artificial
intelligence systems. Thirdly, the sample primarily consisted of under-
graduate and graduate students from Shanghai, China, all of whom were
raised in a collectivist cultural context and completed the experimental
tasks in Chinese. Future research should seek to include participants
from a wider range of cultural backgrounds and language groups in
order to assess the cross-group generalizability of the present findings.
Finally, our experimental design was limited to trials on which human
participants answered correctly, contrasting MLLMI and MLLMC con-
ditions to isolate neural representations underlying human performance
advantages over MLLMs. This design, while internally rigorous, limits a
full understanding of how task difficulty and the broader variability of
human ToM performance shape the observed effects. Future research
should therefore incorporate a broader range of outcome types,
including scenarios in which both humans and MLLMs respond
incorrectly.

4. Conclusions

Our research suggests that MLLMs continue to lag behind human
capabilities in visual ToM tasks. Through exploratory neurocognitive
analysis, we identified neural patterns associated with complex visual
ToM items that MLLMs currently underperform, including: PCu activa-
tion patterns associated with episodic memory retrieval, MTG involve-
ment in associative-divergent thinking, coordinated dynamics of DMN-
DAN-VN, and SN-mediated attentional switching between CN and LN.
Although these neural features also reflect the cognitive demands of
complex ToM reasoning, rather than solely MLLM failure per se, their
reliable decoding (78.6% accuracy) supports their potential as predic-
tive indicators for evaluating artificial cognitive systems. By synergis-
tically integrating memory retrieval, divergent thinking, and multi-level
attention mechanisms, we suggest the KTA framework may offer a po-
tential roadmap for future work in constructing Al systems with human-
like visual ToM abilities.
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5. Online methods
5.1. Participants

The study recruited 83 healthy right-handed undergraduate and
graduate students (mean age=23.04+3.11 years; range=18-33
years) from Shanghai International Studies University. Research in-
dicates that ToM ability follows an inverted U-shaped trajectory across
the lifespan, developing progressively during childhood, peaking in
early to middle adulthood, and declining in old age (Hughes et al., 2019;
Li et al., 2025; Moran, 2013). The age range of participants in the pre-
sent study corresponds to the peak period of ToM functioning, which
may reflect an optimal mode of human mentalizing and offer valuable
insights for the development of Al systems. All participants were free of
psychiatric, physiological, or pain disorders, neurological conditions, or
MRI contraindications through MRI safety-screening questions. They
had normal or corrected-to-normal vision, and normal color vision.
Following quality control procedures, 10 participants were excluded
from final analysis due to excessive head motion or structural brain
abnormalities (e.g., arachnoid cysts). The study protocols adhered to the
Declaration of Helsinki(Williams, 2008) and received institutional
approval from the Ethics Committee of Key Laboratory of Brain-Machine
Intelligence for Information Behavior, Shanghai International Studies
University (Approval No.IRB2023BC034). Written informed consent
was obtained from each participant prior to the fMRI experiment. Each
participant received compensation of RMB 150 (approximately US $ 21)
for their involvement.

5.2. Materials

Image-question pairs were selected from the Visual Commonsense
Reasoning Dataset(Yin et al., 2021; Zellers et al., 2019), which primarily
assess ToM abilities(Apperly and Butterfill, 2009) including inference of
beliefs, desires, intentions, emotions, and thoughts that may differ from
one's own. These stimuli were presented to ChatGPT-40 (OpenAl, San
Francisco, CA, USA), selected for two key reasons: (1) its consistent top
performance in MLLM evaluation benchmarks, and (2) its prevalent use
in ToM research(Kosinski, 2024; Strachan et al., 2024a; Unliitabak and
Bal, 2025), enabling meaningful cross-study comparisons. Both
ChatGPT-40 and three human evaluators then independently completed
the visual question answering (VQA) task. To control fMRI experiment
duration, we selected 15 image-question pairs that the MLLM failed to
answer correctly but all humans answered correctly (MLLMI condition)
and 15 pairs that both MLLM and humans answered correctly (MLLMC
condition) (Figure S5). A successful manipulation check was confirmed
by participants' high performance (96.1% accuracy, SD = 3.46%) across
all 30 trials (image-question pairs). To test whether individual MLLMI
trials drove the neuroimaging results, we performed a leav-
e-one-trial-out validation, iteratively excluding one MLLMI trial (i.e.,
one image—question pair) at a time and comparing the remaining 14
MLLMI trials against all 15 MLLMC trials. The results indicate that the
activation effects exhibit good cross-trial generalizability and are not
driven by a small subset of MLLMI trials (Figure S6 and Table S5). We
conducted a further control test of the experimental materials using
multidimensional questionnaire ratings from 100 participants. Please
see the Supplementary Material for details (Tables S6 and S7).

5.3. fMRI experiment design

The fMRI experiment utilized a within-subjects design incorporating
a think-aloud paradigm(Li et al., 2023). During scanning, participants
were first presented with an image for 6 s and instructed to passively
observe it without responding. Subsequently, the same image reap-
peared accompanied by a question for 14 s, prompting participants to
verbally articulate their response while remaining in the scanner. Verbal
responses were recorded using a magnet-compatible microphone
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mounted on the participant's collar, with image presentation order
randomized across trials. Post-scanning, participants completed two
recall phases: first, they immediately reproduced their original re-
sponses to each question; then, for each stimulus, they answered three
follow-up items assessing (1) prior exposure to the image's source ma-
terial, (2) confidence in their fMRI-task response (5-point Likert scale),
and (3) their belief about current MLLM's ability to answer correctly
(5-point Likert scale) (Fig. 6). It should be noted that, in the present
study, human participants were exposed to each stimulus only once,
without any prior prompts or repeated exposure. To establish a fair and
symmetric comparison framework between humans and artificial in-
telligence, we similarly restricted the MLLM to a single-pass inference
paradigm (Jones et al., 2023; Kosinski, 2024). This approach also avoids
unnecessary confounding factors—such as learning effects, order effects,
and context anchoring effects—that could otherwise arise from repeated
questioning (Huang et al., 2026; Lou and Sun, 2026; Shaier et al., 2024;
Shaki et al., 2023).

5.4. Natural language processing

To investigate linguistic differences between human and ChatGPT-40
responses in visual ToM tasks, we performed NLP analyses comparing
their linguistic properties(Cambria and White, 2014). All textual data
underwent standardized preprocessing: we removed stop words using a
predefined Chinese stop word list and excluded words shorter than two
characters. Tokenization and part-of-speech tagging were implemented
using the Jieba Chinese text segmentation library (https://github.
com/fxsjy/jieba). We then extracted key linguistic features to charac-
terize answer semantics, including entropy(Berger et al., 1996), lexical
richness(North et al., 2023), semantic familiarity(Liu et al., 2018), se-
mantic certainty(Farkas et al., 2010; Pastore and Dellantonio, 2016;
Prabhakaran, 2010; Sanchez and Vogel, 2015; Wang et al., 2024), and
semantic similarity(Ahmed et al., 2022). These metrics allowed sys-
tematic comparison of response patterns between human and
machine-generated answers. In terms of the human answers, the an-
swers of all participants for all 30 questions were calculated, and the
linguistic features of 73 participants were averaged for each question so
as to compare with MLLM-generated answers.

Entropy is defined as a measure of average information content of a
probability distribution, which could be calculated as:

H(T) = - ) p(w)log(p(w:))

i=1

where H(T) is regarded as the entropy of the distribution of word types,
representing the expected information content per word. A crucial step
towards estimating H(T) is to reliably approximate the probabilities
p(wi).

Lexical richness is defined as a measure of vocabulary variability,
calculated as the proportion of unique tokens relative to the total
number of tokens:

|unique words|

Lexical richness =
|total words|

Semantic familiarity is defined as the proportion of meaning-bearing
words (nouns, verbs, and adjectives) relative to the total number of
words, which is a measure of the linguistic simplicity of responses:

|meaning — bearing words|
|total words|

Semantic familiarity =

Semantic certainty is defined as the degree of confidence expressed
in verbal communication regarding its stated content, integrating mul-
tiple factors such as response character count, vague words, affirmative
words, punctuation, syntactic structure, etc. (Farkas et al., 2010; Pastore
and Dellantonio, 2016; Prabhakaran, 2010; Sanchez and Vogel, 2015;
Wang et al., 2024) to derive a composite score:


https://github.com/fxsjy/jieba
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Fig. 6. The flowchart of the fMRI experiment. First, participants were recruited, and their demographic information was collected along with an explanation of the
experiment. Next, participants underwent the fMRI scanning. Following the scan, participants completed a questionnaire assessing their familiarity with the
experimental materials, confidence in their responses, and judgment regarding whether MLLMs would be able to answer the questions correctly.

Semantic certainty =L(a) x Py(a) + Ba(a) + Py(a) + Bs(a)
+ Pe(a) + Peonn(a)

L(a) represents Length score, Py(a) represents Vague word penalty,
B,(a) represents Affirmative word bonus, Pp(a) represents Punctuation
adjustment, Bs(a) represents Short-sentence bonus, P.(a) represents
Complex-structure penalty, Pconn(@) represents Connective penalty (see
the Supplementary Materials for the calculation details).

Semantic similarity is defined as the degree of similarity between the
answer to a specific question and the question itself in semantic space:

Vg X Vasgq

1
Semantic Similarity = —
Y@ Z5 vallVesdll

Qs is the set of questions for which participant s provided a valid
answer; v, and Vg4 are the TF-IDF (Term Frequency-Inverse Document
Frequency) vectors of question q and its corresponding answer asg,
respectively (see the Supplementary Materials for the calculation
details).

5.5. MRI data acquisition and analysis

All MRI data were obtained on a Siemens Magnetom Prisma 3T
scanner (Siemens Healthineers, Erlangen, Germany). Comfortable straps
and foam pads were used to minimize head motion. Participants were
instructed to refrain from moving their heads while answering the
questions. A high resolution T1 anatomical image was scanned for ac-
curate localization with the following parameters: sagittal slices; slice
number = 192; matrix size = 256 x 256; field of view (FOV) = 256 x
256 mm? repetition time/echo time (TR/TE) =2530/2.98 ms; frac-
tional isotropy (FA) = 7°; thickness/gap = 1/0 mm (isotropic voxel
size=1mm x 1 mm x 1 mm). fMRI images using an echo-planar im-
aging (EPI) sequence were acquired with the following parameters: TE
= 30ms; FA =90°; TR = 2000 ms; 32 slices with interleaved acquisi-
tion; thickness/gap = 4/0 mm; FOV = 224 x 224 mm?; matrix = 64 x
64; and voxel size = 3.5 mm x 3.5 mm x 4 mm.

The fMRI data processing was conducted by using Statistical Para-
metric Mapping 12 (SPM12, http://www.fil.ion.ucl.ac.uk/spm/softwa
re/spm12/). The preprocessing steps were as follows: (1) Slice timing
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correction, (2) Head motion correction, (3) Non-linear registration of
the high-resolution T1 structural images to the Montreal Neurological
Institute (MNI) template and the segmentation into white matter, gray
matter, and cerebrospinal fluid (CSF) with the New segment algorithm,
(4) normalization of functional images to MNI space by using the
transformation matrix obtained from T1 segmentation and normaliza-
tion followed by resampling at a spatial resolution of 3 x 3 x 3 mm?, (5)
Spatial smoothing with a Gaussian kernel (full width at half-
maximum = 6 mm).

Brain activation difference analysis was conducted to examine the
neural representations of ToM differences between MLLMI and MLLMC
conditions. The participant-level activation analysis was conducted with
SPM12 to generate participant-level activation maps. To precisely
isolate the neural correlates of visual ToM reasoning from those of visual
perception and motor-speech execution, we constructed a subject-
specific first-level general linear model (GLM) using distinct event re-
gressors. Using the synchronized in-scanner microphone recordings, we
extracted the precise vocal onset and offset times for each trial. Each
trial was then modeled with three sequential epoch regressors: (1) a
“Cue” phase (6 s of passive viewing), (2) a “Think” phase (from question
onset to the precise vocal onset), and (3) an “Answer” phase (from vocal
onset to speech offset). Each epoch regressor was convolved with the
canonical hemodynamic response function (HRF). Individual activation
maps for the Think phase onset, time-locked to the presentation of the
image—question pairs, were generated from the GLM for the two con-
ditions: MLLMI and MLLMC. Since the "Answer" epoch was modeled
using the actual duration of the participant's speech, the BOLD variance
associated with varying speech lengths was inherently absorbed by this
regressor. Additionally, head motion parameters (three translations,
three rotations) and a binary regressor indicating whether the partici-
pant had previously seen the source material of the picture were defined
as covariate regressors. Subsequently, the participant-level activation
maps of each condition were obtained. A paired t-test was performed to
compare between the two conditions with a voxel-level p < 0.001 and
cluster-level p < 0.05 (Gaussian random field correction).

To control for the potential confounding effects of task difficulty and
complexity, subjective ratings of task difficulty and complexity obtained
from the questionnaire were included as covariates in separate first-level
GLMs. Subsequently, a contrast between conditions was performed in
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the second-level analysis, with a voxel-level p < 0.005 and cluster-level
p <0.05 (Gaussian random field correction).

To measure the effects of trial-by-trial variation in participants'
confidence and judgment of MLLM, the rated confidence and judgement
for each trial was defined as a parametric modulation. These two in-
dicators were incorporated as modulators in separate GLM models to
generate participant-level rating effect activation maps. A one-sample t-
test was performed to investigate the significant brain regions affected
by behavior indicators, with a voxel-level p < 0.005 and cluster-level
p < 0.05 (Gaussian random field correction).

To further explore the neural network representations of ToM differ-
ences between MLLMI and MLLMC conditions, functional connectivity
difference analysis was conducted by using CONN (functional connectivity
toolbox, www.nitrc.org/projects/CONN)(Whitfield-Gabrieli and Nieto-Cas
tanon, 2012). ROI-to-ROI analysis was conducted, which signifies the level
of functional connectivity between each pair of ROIs. Each element in a
matrix is defined as the Fisher-transformed bivariate correlation coefficient
between a pair of ROI BOLD time series:

JRi(D)R; (t)dt

T'(i,j) = 172
(fRiZ(t)dt fR}?(t)dt)

Z(i,j) = tanh ' (r(i,j))

where R is the BOLD time series within each ROI (for simplicity, all the
time series here are considered centered to zero mean), r is the matrix of
correlation coefficients, and Z is the ROI-to-ROI connectivity matrix of
Fisher-transformed correlation coefficients.

The default network atlas provided within the CONN toolbox was
used to define the ROIs, encompassing core nodes across standard large-
scale functional networks (e.g., Default Mode, Visual, Salience, and
Dorsal Attention networks). Based on the preprocessed data, the dataset
was denoised through a band-pass filter [0.008, Inf]. The condition-
specific association between each source ROI BOLD time series was
measured by weighted GLM for correlation. Then ROI-to-ROI functional
connectivity matrices for all network sources for each participant were
obtained. A paired t-test was performed to make comparison between
the contrasting conditions. ROI-to-ROI connectivity map was plotted to
show strength with p < 0.005 and cluster p < 0.05.

5.6. Deep learning models

We constructed a computational prediction model via deep learning
to decode distinct brain states (MLLMI vs. MLLMC) and to identify the
underlying neural activation states and functional connectivity patterns
that contribute to distinguishing between the two conditions. The
dataset consisted of 2190 samples (73 valid participants x 30 questions),
with each sample characterized by 12 features and a binary label (0 for
MLLMI, 1 for MLLMC). The initial three features are single-trial fMRI
BOLD signals, while the remaining nine are single-trial functional con-
nectivity values (ROI-to-ROI).

To ensure the comparability of predictive variables, this study
adopted a standardized data processing pipeline: Firstly, all feature
values were normalized using Z-score standardization (mean = 0, stan-
dard deviation =1). To rigorously prevent data leakage and evaluate
true cross-subject generalizability, we adopted a strict subject-
independent 10-fold cross-validation strategy (GroupKFold). Under
this strategy, all 30 trials from a given participant were assigned
exclusively to either the training set or the testing set, ensuring that no
participant’s data appeared in both sets.

This study conducted a systematic comparative analysis of three
mainstream deep learning architectures: CNN, LSTM, and Transformer
models. The experimental setup included four network configurations:
2-layer LSTM, 2-layer CNN, 2-layer Transformer, and 1-layer Trans-
former. All analyses were conducted using Python version 3.12 (Python
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Software Foundation, Wilmington, DE, USA). The deep learning models
were implemented using PyTorch. Model interpretability was achieved
through SHAP analysis(Pat et al., 2022), and all visualizations were
generated using Matplotlib. SHAP values were computed for the test
samples, providing a unified framework to quantify the influence of each
feature on the model’s output. A global summary plot was generated to
rank features based on their average SHAP values, highlighting their
relative importance across the entire dataset.

To further strengthen interpretability and identify the causal
contribution of specific neural features, we conducted targeted network-
level ablation studies. Recognizing the high collinearity of fMRI con-
nectivity, the 12 neural features were grouped into five biologically
meaningful categories: Regional Anatomy (PCu, MTG), DMN-related,
Visual-related, Language-related, and Salience-related networks. For
each network, we ablated its corresponding features and calculated the
mean accuracy drop using the 10-fold Transformer model. To control for
the bias introduced by the varying number of features in each network,
we generated an empirical null distribution by randomly ablating size-
matched feature subsets across 100 permutations.
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