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Abstract

Reconstructing natural language from functional Magnetic Reso-
nance Imaging (fMRI) is a fundamental objective in non-invasive
Brain-Computer Interfaces (BCIs). Current fMRI encoding meth-
ods—mapping linguistic features to brain activity—typically fol-
low two paradigms. Linear models are robust under extreme data
scarcity but treat voxels as isolated units, failing to capture the
brain’s complex neural topology. Conversely, graph-based mod-
els capture regional interactions but rely on unstable functional
connectivity (FC) due to data-scarce conditions. These limitations
highlight the necessity of modeling dynamic functional relation-
ships and stable anatomical constraints together. To address this, we
propose Scaffold-GAT, a multiplex graph attention network that ex-
plicitly anchors dynamic functional signals onto a stable anatomical
scaffold. Our framework achieves a BERTScore of 0.8259, outper-
forming standard linear baselines. Furthermore, our scaling analy-
sis reveals that the proposed model achieves its best performance
when its representational capacity and spatial coverage align with
biologically meaningful scales of the language network.
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1 Introduction

In modern neurotechnology, decoding natural language from fMRI
is an important step toward non-invasive brain-computer interfaces
and a deeper understanding of human semantic processing [18, 23].
Recent advances in Large Language Models (LLMs) have greatly
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Figure 1: While GAT (top) is vulnerable to spurious noise,
Scaffold-GAT (bottom) anchors functional dynamics to
anatomical scaffold, ensuring robust fMRI encoding.

improved the decoding stage by enabling the reconstruction of
continuous linguistic meaning from brain activity [26]. In contrast,
the encoding stage—mapping linguistic representations to fMRI
responses—relies largely on simple voxel-wise linear regression
[11, 20]. This gap between powerful decoders and simple encoders
has become a major limitation in fMRI-based language modeling.

Existing fMRI encoding methods mainly follow two directions.
The first uses linear models, which are widely adopted because
fMRI data are noisy and limited in size. In benchmark datasets,
the number of temporal samples is often small compared with the
dimensionality of features, so linear regression provides a practical
way to reduce overfitting [19]. However, this simplicity comes with
a clear limitation: it treats each voxel independently and ignores the
fact that brain activity arises from interactions among distributed
regions [3, 19]. As a result, linear models have limited ability to
capture the structured dependencies.

The second direction uses graph-based models, especially Graph
Attention Networks (GATs), to explicitly model relationships be-
tween voxels [1, 25]. By representing the brain as a graph, these
methods can aggregate information from related regions and are
therefore better suited to the networked nature of brain activity.
In particular, FC-based GATs can selectively integrate signals from
functionally related voxels, which helps overcome the limitations
of isolated voxel-wise modeling. However, FC estimated from fMRI
is often unstable because of the low signal-to-noise ratio of neural
recordings. Temporary statistical fluctuations may be mistaken for
meaningful interactions, making functional GAT sensitive to noisy
or spurious connections.
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These limitations suggest that robust fMRI encoding requires
more than functional dependency alone. Brain activity is shaped
not only by functional dependency, which reflects statistical co-
activation, but also by anatomical dependency, which provides
the structural scaffold that constrains neural communication. We
therefore argue that both types of dependency should be modeled
together [4, 10]. Anatomical information can provide a stable prior
for physically plausible interactions, while functional information
captures task-relevant dynamic relationships. Combining them
is especially important for language decoding, where meaningful
representations emerge from coordinated activity across distributed
but anatomically grounded brain networks [9].

To address this issue, we propose Scaffold-GAT, a multiplex
graph attention network that models anatomical and functional
dependencies as two distinct but related graph layers defined over
the same set of voxels. Figure 1 demonstrates how Scaffold-GAT
prevents the features of each network from getting blurred. Instead
of merging all relations into a single graph, Scaffold-GAT keeps the
two dependency types separate to preserve their different roles. It
then uses a cross-layer attention mechanism in which the anatom-
ical layer guides the flow of information in the functional layer.
In this way, the model suppresses implausible or noisy functional
interactions while still retaining the flexibility needed to capture
higher-order structure-function relationships.

While Scaffold-GAT remains robust across various settings, its
peak performance is reached when its representational capacity
and spatial scale align with biological constants of the human brain.
Notably, optimal configuration aligns with known neural dimen-
sions rather than scaling with more data or voxels. This alignment
provides strong empirical validation for the model’s biological plau-
sibility, proving that our framework effectively mirrors the intrinsic
scale of human semantic processing.

Our contributions are summarized as follows:

e We propose a multiplex fMRI encoding framework that ex-
plicitly separates anatomical and functional dependencies.

e We introduce a cross-layer structural gating mechanism that
uses anatomical structure to regularize functional message
passing under noisy and data-scarce conditions.

e We show that our model achieves best performance when
its representational capacity and spatial coverage align with
biologically meaningful scales of the language network.

2 Related Work

2.1 Evolution of Neural Language Encoding

The methodology for mapping stimulus features to neural responses
has transitioned from voxel-wise classification [18] to the con-
tinuous reconstruction of naturalistic narratives [11, 23, 26]. Re-
cent advancements have integrated LLMs to bridge the gap be-
tween high-order semantic embeddings and blood-oxygen-level-
dependent (BOLD) signals. However, while decoding has benefited
from generative architectures, the encoding stage remains reliant
on voxel-wise linear models [11, 13]. While robust in data-scarce
settings, these models ignore the brain’s networked topology, treat-
ing voxels as isolated units and thus reaching a representational
bottleneck when modeling complex cognitive processes [15, 27].
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2.2 Graph Neural Networks in Neuroanatomy

To capture the brain’s functional connectivity, researchers have
increasingly adopted Graph Neural Networks (GNNs) [2]. Early
efforts utilized isotropic filters [16], but subsequent developments
proposed anisotropic mechanisms such as GAT to dynamically
weight interactions [29]. Recent frameworks like BrainGNN have
further integrated region-of-interest (ROI)-aware kernels to address
the unique identity of brain regions, moving away from the trans-
lation invariance assumed in conventional GNNs [6, 17]. Despite
these gains, many models still rely on FC in isolation. When inte-
grating multimodal data, existing approaches often resort to simple
fusion(e.g., concatenation or summation), which can lead to rela-
tional blurring and the loss of layer-specific features that define the
hierarchical interaction between anatomy and function [30].

2.3 Structure-Function Synergy and Multiplex
Systems

Anatomical pathways provide the structural foundation for brain
function, guiding its activity without strictly determining it [9, 22].
This relationship varies across the brain. Sensory regions follow
their anatomical wiring, whereas regions responsible for complex
thought operate with greater flexibility [24, 28]. To model these
complex interactions, multiplex graphs are highly effective; they
represent different data types—such as structure and function—as
distinct but connected layers over the same brain regions [8].

Recent research has begun to explore the role of the anatomical
connectome as a stable anatomical scaffold that guides functional
dynamics over constrained latent manifolds [5, 21]. Inspired by bi-
ological gating processes in neural channels, models such as Brain-
Symphony attempt to use structural priors as an inductive bias to
reduce the search space and improve representational capacity in
data-scarce environments [14]. However, a remaining challenge
involves designing a principled gating mechanism that can robustly
ground transient functional signals within the fixed anatomical
substrate, especially in high-noise contexts. Building upon these
foundations, our work introduces a structural gating framework
to facilitate more biologically grounded information flow in the
encoding process.

3 Methodology

In this section, we present the framework of Scaffold-GAT. Our
approach focus on stabilizing information flow in high-noise fMRI
environments by modeling the brain as a multiplex graph. We first
detail the construction of multiplex representation and then
introduce the structural gating mechanism.

3.1 Problem Formulation and Notation

We define the neural encoding task as learning a mapping from
stimulus space to brain response space. Let S = {sy,s2,...,s7}
be a sequence of natural language stimuli and Y € RN*T be the
observed fMRI BOLD signals across N voxel nodes V = {vy,..., o5}
over T time points. The brain is represented as a multiplex graph
G = (V, Efunc: Eanar), capturing both dynamic synchronization and
structural constraints.

Given this multiplex brain topology—represented by functional
and refined anatomical adjacency matrices (Afync, Arer)—and the
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Figure 2: The framework integrates functional and anatomical brain connectivities through structural hard-gating and latent-
level signal anchoring to discover robust neural representations from high-noise fMRI data.

corresponding linguistic stimulus sequence S, the goal is to learn a
mapping function Fe to predict the fMRI BOLD signals Y. Here, ©
represents all learnable parameters. Thus, the neural encoding task
is formulated as follows:

({5}t (Afunes Avep)] -2 (G0}, (1)

3.1.1 Feature Initialization. Each node v € V is initialized with
semantic features extracted from neural language representative
model. To account for the ~10s hemodynamic delay and match the
fMRI repetition time (TR = 2s), we temporally concatenate embed-
dings across a four-volume window. These concatenated features,
comprising 768 X 4 dimensions, are projected via an MLP into a
d-dimensional latent space, yielding initial node representations
H©® ¢ RN%d where h;o) € R for each node i.

3.2 Multiplex Brain Graph Construction

We construct a multiplex representation consisting of two distinct
topological layers to capture multifaceted brain organization.

3.2.1 Functional Connectivity Layer. The functional layer captures
the dynamic synchronization between voxels. For each node i, we
extract the BOLD time-series Y; € RT. The edge weight between
node i and j is defined by the Pearson correlation coefficient r;;:

Sims (Yie = ¥) (Y = 1))
VS (Y = 102 S, (Y - T2
To mitigate noise, we apply a global thresholding strategy, retain-

ing the top-k percentile (e.g., k = 30%) of correlations to construct
a sparse functional adjacency matrix Ay € RNXN,

@

rij =

3.2.2  Anatomical Scaffold. While functional edges are dynamic,
the anatomical connectome provides a stable physical substrate. We
introduce a Hadamard-based refinement operator to ground func-
tional activity within the anatomical substrate. Let A,,; € {0, 1}V*N

be the anatomical adjacency matrix defined by shared boundaries
in the Schaefer-400 atlas. The refined scaffold A, is computed as:

®)
where © denotes the Hadamard product. This operation serves
as a biological filter, ensuring information in this layer is prop-
agated only through pathways that are both physically adjacent
and functionally synchronized. By constraining the search space
to intra-ROI interactions, we provide a strong inductive bias that
filters out spurious long-range correlations in fMRI data.

Aref =Ari © Afunc>

3.3 Structural Gating Mechanism

The structural gating mechanism modulates the flow of latent lin-
guistic representations across the multiplex graph, ensuring that
representations are biologically grounded.

3.3.1 Hard Gating. In our GAT layers, we implement "Hard Gat-
ing" to strictly enforce anatomical constraints. To capture node
affinities within each multiplex layer, we utilize a scaled dot-product
attention mechanism. For any node pair (i, j), the raw attention
score e;; is calculated as:

o = Wh) (Why)

1y Vd_k >

where W is a learnable weight matrix that transforms the input

features, and di represents the dimensionality of each attention

head(where di. = d/n for n attention heads). The scaling factor

1/+dy is applied to prevent the dot products from growing exces-

sively large in high-dimensional spaces, which could otherwise
lead to vanishing gradients during the softmax operation.

To block illegitimate information flow across the brain network,
we apply a structural mask M;; derived from the respective adja-
cency matrix (A sy or Ayr) corresponding to each multiplex layer
before the final attention weights are computed:

©
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_ eXp(eij + Ml])
Zken; explei + Mix)
In this formulation, the mask is defined as M;; = 0 if a valid

edge exists in the corresponding adjacency matrix A (4;; > 0), and

M;j = —oo otherwise. By assigning —co to unvalidated edges, the

model ensures that the attention weight ¢;; becomes exactly zero

for any interaction not supported by the anatomical or functional
constraints defined in the scaffold. This mechanism effectively pre-
vents information leakage from biologically implausible neighbors,
stabilizing the model’s inference in high-noise fMRI environments.

®)

Qjj

3.3.2  Linear Fusion and Signal Anchoring. To preserve the distinct
properties of each modality, Scaffold-GAT processes the functional
(Afunc) and refined anatomical (A.f) structures through paral-
lel message-passing paths. At the final stage of each multiplex
block, representations from the functional and anatomical paths
(Hfune, Href) are integrated through a linear fusion layer:

Hfinul = RELU(quse [Hfunc @ Href] +b), (6)

where @ denotes concatenation and Wyys, is a learnable weight
matrix. Crucially, Scaffold-GAT performs fusion at the latent level
in addition to the adjacency-level refinement, specifically to avoid
relational blurring that occurs when collapsing heterogeneous con-
nectivity into a single matrix. This separation preserves modality-
specific identities within their unique manifolds during indepen-
dent message-passing. Wy, then adaptively anchors transient
functional dynamics onto the stable anatomical scaffold, captur-
ing high-dimensional synergy while maintaining the relational
integrity of the brain network.

3.4 Training and Optimization

To predict neural activity, integrated representations are projected
into the temporal BOLD space. For each voxel i, the predicted time-
series ¥; € RT is generated via a linear output layer:

?i = Wouthi,final + bouts (7)
where W,,; € RT*4 is a learnable weight matrix and by,; € RT is a
bias term. This operation effectively decodes the d-dimensional se-
mantic features into a T-dimensional temporal sequence, matching
the acquisition length of the fMRI signal.

Scaffold-GAT is then optimized to minimize the discrepancy
between these predicted signals and the observed BOLD responses.
We define a multi-objective loss function £ that combines Mean
Squared Error (MSE) for amplitude reconstruction and a Pearson-
based loss (1 — r) for temporal pattern alignment:

N
£= 3 (MSEGLT) +20- (G T)). ®

i=1
where A balances the reconstruction of BOLD magnitude and the
preservation of neural dynamics. This dual-loss approach ensures
that the learned representations are not only numerically accurate
but also biologically plausible in temporal behavior, capturing the
fine-grained semantic fluctuations recorded during the experiment.
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4 Experiments
4.1 Experimental Setup

4.1.1 Dataset and Preprocessing. We evaluated the performance of
Scaffold-GAT using the natural language fMRI dataset provided by
Tang et al. (2023) [26]. We specifically utilized 16 hours of BOLD
responses from subject S3. This subject was selected because they
exhibited the highest baseline decoding performance. Following
the baseline protocol, raw signals were preprocessed with motion
correction and z-scored within each scan to ensure unit variance.

4.1.2 Model Configuration. The top 2,000 cortical voxels were
selected as the default node set. For the Scaffold-GAT architecture,
we set the hidden dimension (d) at 128. For a comprehensive list
of all hyperparameters, including weight decay and learning rate
schedules, please refer to the Reproducibility Statement.

4.1.3 Graph Construction and Density. In constructing the func-
tional layer Afy,., we adaptively adjusted the Pearson correlation
thresholds for each node count to maintain a consistent graph den-
sity within a range of 1%-2%. This baseline density preserves robust
functional interactions; a detailed analysis of its theoretical justifi-
cation regarding dimensional capacity is provided in Section 4.4.2.

Table 1: Ag,y, thresholds and densities by node count.

Nodes (N) Threshold Density (%)

1,000 0.60 1.35%
2,000 (Default) 0.60 1.13%
5,000 0.45 1.66%

10,000 0.45 1.24%

4.2 Evaluation Protocol

4.2.1 Inference Procedure. Once the encoding models are trained,
we evaluate their performance through a language reconstruction
procedure. Following the protocol in [26], we utilize a beam search
decoder (k = 200), employing the GPT-1 model as a drafter and the
log-likelihood as a verifier.

4.2.2  Evaluation Metrics. We assess our model from two different
angles. How well it captures the meaning and how accurately it
predicts exact words.

In the context of brain decoding, literal metrics like WER and ME-
TEOR often reflect limited performance because they require near-
perfect word matching, which is difficult given the noise in neural
signals. Therefore, we treat BERTScore as our primary benchmark,
as it captures the underlying semantic intent even if the specific
vocabulary differs from the stimulus.

Table 2: Evaluation metrics overview.

Metric Ideal Primary Focus

BERTScore T Semantic essence and context recovery
WER ! Strict word-for-word accuracy
METEOR ) Flexible alignment (synonyms/stems)
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4.3 Ablation Study

To clarify the contribution of each module, we compare five archi-
tectures with varying degrees of structural constraints:
e Linear (Baseline): The voxel-wise linear model from [26].
e funcGNN & funcGAT: Functional graph models using
BOLD correlations, without anatomical priors.
o refGAT: A structurally-informed GAT integrating anatomi-
cal priors via adjacency-level fusion.
o Scaffold-GAT: Multiplex GAT anchoring functional signals
to anatomy via latent fusion and structural gating.
The results, summarized in Table 3, provide key insights into the
interaction between brain topology and data scarcity on subject S3.

Table 3: Ablation results for Scaffold-GAT components.

Model BERTScore () WER(]) METEOR ()
Linear (Baseline) [26] 0.8116 0.9243 0.1703
funcGNN 0.7982 0.9549 0.1423
funcGAT 0.7997 0.9593 0.1390
refGAT 0.8085 0.9413 0.1455

Scaffold-GAT 0.8259 0.9183 0.1894

Interestingly, funcGNN and funcGAT exhibited lower BERTScore
than the Linear baseline. This performance degradation is primarily
due to the extreme data scarcity in fMRI datasets. Without structural
constraints, the high degree of freedom in unconstrained GNNs
leads to overfitting on localized noise, whereas the linear model
remains robust by treating voxels independently.

Furthermore, while refGAT introduced anatomical priors and
outperformed purely functional GNN, its reliance on adjacency-
level fusion (Ayo; © Afync) still resulted in a performance bottleneck
below the Linear baseline. This confirms our hypothesis that collaps-
ing heterogeneous connectivities into a single matrix prematurely
causes relational blurring, where the distinct topological identities
of anatomy and function are lost.

In contrast, Scaffold-GAT achieves superior results by addition-
ally performing fusion at the latent level. This separation preserves
modality-specific identities during message-passing, providing a
strong structural inductive bias that prevents overfitting. Wy,
then adaptively anchors transient functional signals onto the stable
anatomical scaffold, capturing high-dimensional synergy without
losing relational integrity.

4.3.1 Complexity-Data Imbalance in Linear vs. Graph. The per-
formance gap between linear(Baseline) and simple graph mod-
els(funcGNN, funcGAT) stems from the ratio of learnable param-
eters to available data samples. The dataset provides T = 28, 800
temporal samples, derived from 16 hours of fMRI BOLD responses
at a 2-second repetition time.

The linear baseline maps stimulus features to voxels indepen-
dently using a concatenated semantic vector of 3,072 dimensions
(768%4). Because the number of parameters per voxel remains signif-
icantly lower than the sample size T, the linear mapping maintains
robustness against noise even in data-scarce conditions.

In contrast, simple graph models jointly optimize non-linear
interactions across N = 2,000 voxels. With a hidden dimension
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of d = 128 and a graph density of 1.13%, these models must cap-
ture representations across approximately 45,000 edges. This high
degree of freedom, combined with multi-head attention creates a
complex parameter space that lacks sufficient constraints from only
28,800 samples.

Consequently, simple graph models overfit to spurious statis-
tical fluctuations in the fMRI signal. Scaffold-GAT addresses this
imbalance via structural gating, which anchors functional message-
passing to the anatomical scaffold to reduce the search space to a
biologically plausible range.

4.4 Scaling Analysis: Information Density and
Dimensional Capacity

While Scaffold-GAT leverages network synergy to outperform lin-
ear models, its success depends on the balance between node count
(N) and representational capacity (d). In this section, we analyze
these scaling trends to understand the underlying principles of
neural information integration. Specifically, we explore how the
observed performance peak reflects a structural alignment between
the model’s dimensional capacity and the intrinsic properties of
neural semantic representations.

4.4.1 Observation: Performance Peak and the Scaling Bottleneck. To
investigate the scalability of Scaffold-GAT, we first evaluated the
model by varying the voxel count (N € {1000, 2000, 5000, 10000})
while fixing the hidden dimension at d = 128. For consistent com-
parison, we maintained a constant graph density of 1-2% across all
settings. This constraint ensures that the average degree (k) of each
node scales linearly with N (e.g., k =~ 20 for N = 2,000, and k ~ 100
for N = 10, 000), allowing us to isolate the effect of neighbor density
on latent representation.

0.84
0,
2 0.82 -
o
S
g
&
m 08} B
—@— Scaffold-GAT (d = 128) ‘
0.78 T T | |

1,000 2,000 5,000
Number of Voxels (N) [log scale]

10,000

Figure 3: Performance scaling across N for d = 128.

As shown in Figure 3, the BERTScore followed an inverted U-
shape curve, reaching its peak at N = 2, 000. Interestingly, perfor-
mance declined as N scaled toward 10, 000, even though the model
had access to a broader cortical area. This trend suggests that simply
increasing the number of neural nodes does not guarantee better
decoding; rather, it introduces a representational bottleneck within
the fixed latent space.
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Table 4: Performance analysis across scaling configurations. (C) closest to the optimal biological range [4, 8] are highlighted in

bold, and the second closest are underlined.

d =64 d=128 d =256
Voxels (N)
C=d/k BERTScore(]) WER(]) METEOR(]) C =d/k BERTScore(]) WER(]) METEOR(]) C=d/k BERTScore(}) WER(]) METEOR(})
1,000 4.74 0.8101 0.9275 0.1782 9.48 0.8121 0.9241 0.1815 18.96 0.7957 0.9482 0.1652
2,000 2.83 0.8021 0.9388 0.1703 5.66 0.8259 0.9183 0.1894 11.33 0.8085 0.9314 0.1768
5,000 0.77 0.7942 0.9428 0.1628 1.54 0.7985 0.9401 0.1685 3.08 0.8063 0.9310 0.1780
10,000 0.52 0.7881 0.9521 0.1564 1.03 0.7926 0.9489 0.1601 2.06 0.7997 0.9412 0.1672

4.4.2  Hypothesis: Dimensional Capacity per Edge. The performance
drop at higher N led us to hypothesize a hidden constraint: Dimen-
sional Capacity per Edge (C). We define C as the ratio of hidden
dimensions to the number of neighbors (d/k), representing the
bandwidth allocated to each connection during message passing.

To conceptualize this, assuming a baseline graph density of 1%,
when d = 128 and N = 2,000 (k = 20), each neighbor is assigned
C = 6.4 dimensions on average. This capacity appears to align with
the intrinsic dimensionality of neural semantic representations. For
instance, Huth et al. (2012) [12] demonstrated that the universal
semantic space in the human brain across diverse stimuli can be
effectively summarized by the first 4 to 8 principal components.
The alignment between our optimized C on a distinct dataset and
this known biological constant suggests that our model optimally
integrates semantic signals while filtering out noise. In contrast,
at N = 10,000 (C = 1.28 on average), the capacity becomes too
narrow to distinguish individual neighbor messages, leading to
over-squashing.

4.4.3  Validation: Joint Modulation of N and d. To validate this
hypothesis, we conducted a second experiment where both N and
d were modulated to maintain the capacity within a controlled
biological range (C € [4,8], indicated by red markers in Figure
4). Specifically, we compared optimal configurations such as (N =
1,000,d = 64) and (N = 2,000,d = 128), which provide similar
per-edge bandwidths hovering securely within this target regime
(C = 4.74 and C = 5.66, respectively).
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Figure 4: Performance scaling across N and d.

As shown in Figure 4, while maintaining C mitigates severe over-
squashing at larger scales, the N = 2,000 configuration (d = 128)
consistently outperformed the others. Interestingly, even under
d = 256, the N = 2,000 model slightly outperforms the N = 5,000

model despite possessing an excessive, sub-optimal capacity (C =
11.33 vs C = 3.08). This occurs because scaling to 5,000 voxels far
exceeds the anatomical scale of the core language network, typically
estimated at 1,100 to 1,800 voxels [26]. The massive influx of task-
irrelevant noise degrades the semantic signal quality, overriding
the theoretical benefits of a balanced dimensional capacity.

Rather, N = 2,000 represents a biologically grounded sweet
spot. By focusing on this core, Scaffold-GAT effectively covers high-
fidelity semantic regions [7] while avoiding spatial noise. While the
architectural innovations provide the foundation, the final success
of Scaffold-GAT stems from a dual alignment: matching the model’s
architectural capacity with the brain’s intrinsic dimensionality, and
aligning its spatial scale with functional anatomy.

5 Discussion

ablishes a robust foundation for biologically grounded neural en-
coding, several avenues in graph learning remain. First, extending
this framework to incorporate Dynamic Graph Neural Networks
could capture non-stationary temporal shifts in brain connectiv-
ity, moving beyond static correlations. Second, building upon our
findings of optimal spatial alignment (N = 2,000), future work
will explore task-adaptive subgraph mining. This would allow the
model to automatically discover the biological sweet spot for di-
verse cognitive tasks through differentiable subgraph extraction.
Finally, prioritizing the stable anatomical scaffold opens a promis-
ing pathway for cross-subject transfer learning. By treating the
structural network as a domain-invariant anchor, we aim to fa-
cilitate few-shot encoding across individuals, directly addressing
neuroimaging data collection costs.

6 Conclusion

This research demonstrates that the trade-off between model capac-
ity and data scarcity in fMRI encoding can be resolved by grounding
neural dynamics in anatomical reality. While high-capacity GNNs
typically suffer from overfitting in sparse data environments, our
structural gating mechanism reveals that anatomical priors serve as
a vital inductive bias, transforming functional noise into structured
linguistic meaning. Beyond mere performance gains, the critical
insight of this study lies in the convergence between a model’s
dimensional capacity and the brain’s intrinsic spatial scale. The
observation that peak encoding accuracy occurs at the alignment
of C and N suggests that the language network is a structured
manifold governed by specific topological constraints. This shifts
the decoding paradigm from simple signal mapping to structural
alignment, enabling robust semantic extraction from sparse, non-
invasive recordings.
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Reproducibility Statement

To ensure the reproducibility of our results, we provide compre-
hensive technical definitions for the data, hardware, and hyperpa-
rameter configurations used in the development of Scaffold-GAT.

Data and Code Accessibility

The dataset is based on the natural language fMRI recordings pro-
vided by Tang et al. (2023).

e Training Data: Stimulus and response data for subject S3
can be downloaded from OpenNeuro (ds003020, v3.1.1) at
https://openneuro.org/datasets/ds003020/versions/3.1.1.

e Test Data: Data for perceived and imagined experiments
can be downloaded from OpenNeuro (ds004510, v1.1.0) at
https://openneuro.org/datasets/ds004510/versions/1.1.0.

Complete source code for our model Scaffold-GAT is available at
https://github.com/bermuchin/semantic-decoding.

Hardware and Computational Complexity

All experiments were executed on a workstation equipped with an
NVIDIA H100 GPU. The model was trained for 100 epochs for all
voxel configurations. The training duration varied according to the
number of voxels (N):

e N =1,000: ~1-2 hours

e N =2,000 (Default): ~3-4 hours

e N =5,000: ~6-8 hours

e N =10,000: ~30 hours

Kim and Lim

Implementation Details and Hyperparameters

The following parameters derived from our config. py specify the
exact configuration used to achieve the reported performance:

Encoding Model Training.
e Architecture: Hidden dimension d = 128, attention heads
n = 4, and dropout rate 0.3.
e Optimization: AdamW optimizer with a learning rate of
5% 1075 and weight decay of 1 x 107*.
e Loss Function: Hybrid loss combining MSE and Pearson
correlation with a weighting coefficient of A = 0.5.

Decoding and Beam Search.

e Language Model: Features were extracted from the 9th
layer (GPT_LAYER) of GPT-1 using a 5-word context window
(GPT_WORDS).

e Beam Search: Beam width was fixed at 200. Nucleus sam-
pling utilized a cumulative probability mass threshold of
0.9 (LM_MASS) and a relative probability threshold of 0.1
(LM_RATIO).

o Stimulus Modeling: STIM_DELAYS = [2, 4, 6, 8] repre-
sents the discrete temporal offsets (in seconds) used to align
stimulus features with the hemodynamic delay.

e Noise Model: NM_ALPHA = 0.9 defines the shrinkage in-
tensity parameter used for regularizing the noise covariance
matrix in precision estimation.
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