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ABSTRACT

Neurophysiological decoding, fundamental to advancing brain-computer interface
technologies, has significantly benefited from recent advances in deep learning.
However, existing decoding approaches largely remain constrained to single-task
scenarios and individual subjects, limiting their broader applicability and generaliz-
ability. Efforts towards creating large-scale neurophysiological foundation models
have shown promise, but continue to struggle with significant challenges due to
pervasive data heterogeneity across subjects and decoding tasks. Simply increasing
model parameters and dataset size without explicitly addressing this heterogeneity
fails to replicate the scaling successes seen in natural language processing. Here,
we introduce the Neural Mixture of Brain Regional Experts (Neuro-MoBRE), a
general-purpose decoding framework explicitly designed to manage the ubiquitous
data heterogeneity in neurophysiological modeling. Neuro-MoBRE incorporates
a brain-regional-temporal embedding mechanism combined with a mixture-of-
experts approach, assigning neural signals from distinct brain regions to specialized
regional experts on a unified embedding basis, thus explicitly resolving both struc-
tural and functional heterogeneity. Additionally, our region-masked autoencoding
pre-training strategy further enhances representational consistency among subjects,
complemented by a task-disentangled information aggregation method tailored
to effectively handle task-specific neural variations. Evaluations on intracranial
recordings from 11 subjects across five diverse tasks, including complex language
decoding and epilepsy diagnosis, demonstrate that Neuro-MoBRE surpasses prior
art and exhibits robust generalization for cross-subject decoding on unseen subjects.

1 INTRODUCTION

Neurophysiological signals represent the direct electrical activity generated by the central and
peripheral nervous systems, as characterized by the volume conduction theory (Nunez & Srinivasan,
2006). With advancements in biomedical engineering and continuous progress in neuroscience,
neurophysiological decoding has increasingly become a critical focus of research, especially in the
development of BCIs. Simultaneously, breakthroughs in deep learning, have significantly enhanced
the decoding capabilities of BCIs, enabling sophisticated interpretations of human sensory, motor,
and communicative functions through implantable technologies (Robinson et al., 2024; Bouton
et al., 2016; Metzger et al., 2023; Willett et al., 2023; Hochberg et al., 2012; Benabid et al., 2019).
Nonetheless, current methods remain predominantly confined to task-specific decoding scenarios
and restricted datasets gathered from individual subjects, thereby excelling only in narrowly defined
contexts. This limitation severely constrains their practical utility and generalizability across diverse
neurophysiological contexts.

Recent studies (Yang et al., 2023; Zhang et al., 2024; Wang et al., 2023) have explored large-
scale neurophysiological foundation models by employing various pre-training techniques with
electroencephalogram (EEG) data aggregated from multiple tasks. These approaches aim to replicate
the scalability benefits observed in large language models (LLMs) (Kaplan et al., 2020). Techniques
such as contrastive learning, masked autoencoding, and vector quantization have been adopted to
extract generalized neural representations from extensive datasets (Jiang et al., 2024; Wu et al.,
2025). Nevertheless, such methods still require task-specific fine-tuning, restricting their general-
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purpose decoding potential. Recently, NeuroLM (Jiang et al., 2025) introduced a multi-task EEG
decoding model, framing diverse decoding tasks as a universal question-answering framework via
pre-trained LLMs. Despite pioneering multi-task EEG decoding, NeuroLM exhibits substantially
lower performance compared to specialized single-task models.

Despite these efforts, the development of large neurophysiological models (LNMs) capable of robust
general-purpose decoding remains elusive due to several unresolved challenges:

(1) Ubiquitous data heterogeneity in neurophysiological modeling. Data heterogeneity encapsu-
lates the variability and inconsistency inherent in neurophysiological recordings, arising from
biological differences among subjects as well as variations in experimental setups and conditions.
For example, neurophysiological signals significantly differ across task paradigms due to distinct
neural processes engaged in task-specific recruitment. Current approaches typically lack explicit
strategies for addressing data heterogeneity, often limiting themselves to structural adjustments
at the model architecture level, such as accommodating differences in channel numbers and
signal duration, neglecting effective mechanisms to address neurophysiological variations across
subjects and neural activity contexts. Consequently, large-scale modeling of heterogeneous data
encounters significant consistency issues, resulting in suboptimal decoding performance.

(2) Limited spatiotemporal resolution in non-invasive recordings. Non-invasive modalities such
as EEG suffer from signal attenuation caused by the skull and dura mater, severely constraining
their capacity to capture high-resolution neural dynamics. While existing LNMs can decode
neural activity for relatively coarse tasks, such as abnormal event detection, they fall short for
cognitively complex tasks, including fine-grained somatic motor control and language decoding,
where access to high-frequency components (e.g., high-gamma bands) is critical. This limitation
is compounded by the field’s reliance on heterogeneous, publicly available datasets collected with
diverse protocols, equipment, and subject populations, further exacerbating variability. Together,
these factors hinder the development of LNMs capable of consistent, multi-subject, multi-task
decoding across domains of high cognitive and motor complexity.

To effectively address the data heterogeneity challenge, we propose a general-purpose neurophysio-
logical decoding framework termed Neural Mixture of Brain Regional Experts (Neuro-MoBRE).
Neuro-MoBRE simultaneously performs multi-task decoding of neurophysiological signals from
intracranial recordings across multiple subjects. Our fundamental strategy is straightforward: explic-
itly resolving consistency conflicts arising from inherent data heterogeneity to achieve unified
and robust neural decoding. Specifically, Neuro-MoBRE incorporates a brain-regional-temporal
embedding mechanism within a decoder-only transformer architecture to effectively handle struc-
tural heterogeneity. Additionally, it utilizes a mixture-of-experts approach, assigning neural signals
from distinct brain regions and individual subjects to specialized regional experts, thus explicitly
addressing both task-induced and subject-induced heterogeneity. We further introduce a region-
masked autoencoding pre-training scheme designed to unify parameters from independently trained
subject-specific models, serving as an effective initialization step for subsequent multi-task and
multi-subject decoding. This mechanism significantly enhances representational homogeneity among
subjects. Recognizing that distinct tasks activate different brain regions and neural pathways, we also
propose a task-disentangled information aggregation method to integrate neural features extracted by
various regional experts, thereby further mitigating task-specific heterogeneity and boosting decoding
performance.

To circumvent the limitations posed by limited spatiotemporal resolution in non-invasive neurophysi-
ological recordings, we rigorously evaluate Neuro-MoBRE using intracranial data collected from
11 subjects across five distinct decoding tasks. Unlike prior studies focusing primarily on binary or
simple multi-class classification tasks, our evaluations span complex decoding scenarios, including
language decoding and epileptic seizure diagnosis. Extensive experimental results demonstrate that
Neuro-MoBRE surpasses traditional single-task decoding methods and existing large-scale neuro-
physiological foundation models. Furthermore, Neuro-MoBRE exhibits robust generalization in
cross-subject decoding for unseen subjects. Collectively, our contributions are as follows:

(1) We introduce Neuro-MoBRE, a versatile general-purpose decoding framework explicitly designed
to resolve inherent data heterogeneity in neurophysiological signals, enabling effective multi-
subject and multi-task decoding;
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(2) To facilitate the effective extraction of meaningful information required to manage data hetero-
geneity, we conduct comprehensive evaluations using intracranial recordings from a diverse
cohort of 11 subjects across complex tasks, including phoneme articulation and seizure diagnosis;

(3) Our extensive experimental results validate the superior performance of Neuro-MoBRE, achieving
an average top-1 decoding accuracy improvement of 17.98% compared to existing multi-task
approaches. Additionally, Neuro-MoBRE demonstrates robust cross-subject generalization
capabilities to previously unseen subjects.

2 RELATED WORK

Intracranial Neurophysiological Decoding. Intracranial brain recordings, including electrocor-
ticography (ECoG) and stereo-electroencephalography (sEEG), offer unparalleled spatial and tempo-
ral resolution for investigating neural substrates of motor, sensory, and cognitive functions (Bouton
et al., 2016; Benabid et al., 2019; Hochberg et al., 2012; Willett et al., 2023; Metzger et al., 2023).
Recent work by Hochberg et al. (Hochberg et al., 2012) demonstrated that individuals with tetraple-
gia could perform complex robotic arm tasks using signals from implanted microelectrode arrays.
Likewise, advances in speech prosthesis show high-accuracy text or audio decoding from attempted
speech through intracranial recordings (Willett et al., 2023; Metzger et al., 2023; Moses et al., 2021;
Angrick et al., 2019), including systems achieving low word error rates using signals from ventral
premotor and Broca’s areas (Willett et al., 2023). However, prior studies largely focus on single-task,
single-subject scenarios, limiting generalizability. Our work addresses these constraints by integrating
multi-task, multi-subject intracranial recordings to enable robust and generalizable decoding.

Large-scale Neurophysiological Models. Successes of LLMs (Brown et al., 2020) have inspired
scalable brain decoding models that integrate signals from many subjects and tasks. MMM (Yi et al.,
2023) standardizes EEG across sensor grids via topology-agnostic pretraining; BIOT (Yang et al.,
2023) unifies biosignal representations using a handcrafted tokenizer. Brant (Zhang et al., 2024)
and BrainBERT (Wang et al., 2023) both use masked autoencoding in the frequency domain for
intracranial data, while LaBraM (Jiang et al., 2024) leverages discrete EEG tokenization. However,
these methods require fine-tuning per task and lack true multi-task capability. NeuroLM (Jiang et al.,
2025) reframes decoding as question answering for multi-task use, while H2DiLR (Wu et al., 2025)
explicitly disentangles heterogeneity, though limited to single-task scenarios. Our framework extends
this line with explicit modeling of both task- and subject-level heterogeneity for robust multi-task
decoding; further related work details are provided in the Appendix A.

3 METHODOLOGY

Neuro-MoBRE consists of three key components designed to explicitly address the inherent data
heterogeneity: a brain-regional-temporal tokenizer, a brain-regional mixture-of-experts module, and
a task-disentangled information aggregation mechanism, each tailored to mitigate different aspects of
heterogeneity (Fig. 1). We begin by introducing the overall decoding paradigm of Neuro-MoBRE in
Sec. 3.1. Furthermore, in Sec. 3.2, we introduce a region-masked autoencoding pre-training (RMAE)
strategy that leverages independently trained subject-specific models to initialize Neuro-MoBRE,
effectively upcycling learned parameters for further heterogeneity resolving.

3.1 NEURO-MOBRE OVERVIEW

Problem Formulation. Suppose a set of neurophysiological recordings X are collected from
m subjects {S;}7,, across a set of n decoding tasks {7;}7_,. Each recording &; € RN:*T:xC:
consists of N; data samples, each with a signal length of T; and C; channels for the subject S;
with substantial heterogeneity introduced by both neurophysiological variability across subjects and
differences in experimental protocols across tasks. Neuro-MoBRE aims to achieve robust decoding
in a multi-subject, multi-task setting by learning a mapping function f(-) that projects the input
recordings to their corresponding task-specific labels, i.e., f(X) — Y for all decoding tasks.

Brain-regional-temporal Tokenizer. Since intracranial neurophysiological recordings from differ-
ent subjects typically originate from diverse brain regions, each region potentially having a varying
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Figure 1: Overview of Neuro-MoBRE for multi-subject, multi-task neural decoding. The brain-
regional-temporal tokenizer resolves structural heterogeneity by projecting neural signals collected
from diverse recording configurations into a unified representation space, incorporating dedicated
temporal and regional tokens (e?, e”). Channels and brain regions are denoted by ch and r, respec-
tively. Disentangled “wider” neural CLS tokens aggregate local neural features and enhance global
neural representation capacity, capturing diverse functional patterns across distinct cognitive tasks.
To further mitigate functional heterogeneity among brain regions and tasks, all CLS tokens share a
common FFN, while local tokens are dynamically routed to their associated regional expert networks.

channel count, structural heterogeneity naturally arises. To resolve this, we propose embedding the
recordings in a regional-temporal manner. Specifically, for each one of the /V; neuro recordings
X € RTXC from recording X;, we employ a cascade of 1-D convolutional operations with receptive
field size k over the temporal dimension, transforming the input into a sequence of embeddings
E=lepc€R | p=1,...,|%];¢c =1,...,C], where each e, . represents the p'" temporal
token corresponding to channel c. To explicitly capture temporal information, we augment these
embeddings with learnable temporal positional embeddings [e!, | p = 1,..., [ £ ] for each channel,
resulting in the temporally-aware embeddings [e, . + €/, [p=1,..., | ;¢ =1,...,C]. Further-
more, as the intracranial channel configuration does not adhere to a standardized arrangement (such
as the EEG 10-20 system), we explicitly inject regional information into each embedding to encode
brain region specificity. A set of brain regions R is considered relevant to a decoding task 7;. We
define a set of learnable region-specific embeddings [ej | ¢ = 1,...,|R;|]. For each token e, ., we
integrate regional information by adding the embedding e;, corresponding to the region g from which
channel ¢ was recorded:

final t T
€. =€ cte,te,. (1)

Brain-regional MoE Block. The architecture of the proposed Neuro-MoBRE follows a typical
decoder-only Transformer with layers, each containing a multi-head self-attention (MSA) structure
with pre-normalization and a feed-forward network (FFN) with residual connection. To resolve
data heterogeniety casued by brain region inconsistency due to brain region involvement and neuro-
physiological differentces, we replace the FFNs of each layer with a Brain-regional MoE module,
which comprises a router and several experts, {FFN,, }. In this work, we specifically set the number
of experts N, = |{FFN, }| equal to the number of brain regions of interest. The rationale behind
aligning the number of experts with brain regions is based on the assumption that neural activities
across different brain regions, and particularly across different decoding tasks, vary significantly.
Thus, tokens corresponding to different brain regions should ideally be processed by specialized
experts. The router dynamically determines the assignment of each token to the most suitable expert,
allowing each expert network to specialize in capturing distinct neural features associated with
specific brain regions and their corresponding functional characteristics. Formally, given an input
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neural token eévc at time stamp ¢ and channel c of the layer [/, the computation proceeds as follows:

hi( = MSA (Norm (eic)) + eac, )

ﬁé,c = Norm (hffyc) , (3)
Ny

el = (Z U(hy,) - FFNMQ) + by, )
x=1

where MSA denotes the multi-head self-attention operation, Norm is a normalization layer, and ¥(-)
represents the routing function indicating the contribution of each expert FFN,.

To ensure that neural tokens originating from the same channel are consistently processed by a single
expert, the routing function ¥(-) operates in a channel-wise manner:

z
hie =Y hic 5)
t=1
D, = Softmax(hl, - ®), (6)
\I/(Bic) = TopK(D., k), @)

where ® € R?*N= represents the trainable weight matrix of the router, and TopK (-, k) selects the top
k largest values, setting all others to zero. Unlike conventional MoE modules commonly employed
in large language models, where the dispatch matrix D is computed based solely on individual
tokens, Neuro-MoBRE aggregates neural feature information across the entire channel before routing,
ensuring coherent channel-specific expert specialization. An auxiliary loss is adopted to ensure the
load balance among experts (Lepikhin et al., 2020; Fedus et al., 2022; Shazeer et al., 2017).

Task-disentangled Information Aggregation. In Transformer-based architectures, a global learn-
able CLS token is typically employed to aggregate information from other tokens, subsequently
processed by a feed-forward network (FFN) for further feature extraction. However, complex neural
activities in humans involve distinct brain regions operating collaboratively under diverse functional
patterns. Consequently, different neural decoding tasks require tailored neural feature aggregation
strategies. To address this, we propose utilizing task-disentangled neural CLS tokens (denoted as
CLST;) for each decoding task 7;, each having a dimensionality .J times larger than standard local
neural tokens. This approach enhances global neural representation capacity and facilitates more
effective neural feature aggregation across brain regions (Fuller et al., 2025; Darcet et al., 2024). For-

mally, given an input neural token sequence E € RLUFICxd e initialize n distinct task-specific CLS
tokens, each with dimensions J - d. Prior to applying the multi-head self-attention (MSA) operation,
each neural CLS token is decomposed into .J separate d-dimensional tokens. These are concatenated
with the existing local neural tokens, forming the expanded token sequence ECLS € R(L&)CH+n)xd,

Following the MSA operation, neural CLS tokens are separated from the combined sequence to yield:
ECS 5 (CLSp; € R7Y,...,CLSy, € R7% RIFIOxd), ®)

Given the fundamental difference between extracting neural patterns from individual brain regions
and aggregating neural features for distinct decoding tasks, the neural CLS tokens are processed
using a specialized FFN. Conversely, local neural tokens are routed through the FFNs contained
within the Brain-regional MoE module. Finally, we employ lightweight task-specific neural decoders
that map the processed CLS tokens from the final layer to the corresponding decoding class labels.

3.2 REGIONAL MASKED AUTOENCODING AS CO-UPCYCLING INITIALIZATION

Thus far, we have managed to address the neural heterogeneity from diverse electrode implantation
strategies and variations in neural patterns corresponding to distinct neural activities. To further
mitigate inter-subject neural variability and establish a unified, generalizable neural feature extractor,
we propose a regional masked autoencoding (RMAE) approach, shown in Fig. 2. Specifically, we first
pre-train a set of m subject-specific models parameterized by {6;}7"; via the proposed RMAE task.
These models share the original network structure described earlier, except that the brain-regional
mixture-of-experts (MoE) block is replaced by a conventional FFN. Subsequently, we “co-upcycle”
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these individual subject-specific pre-trained models as initialization for the proposed Neuro-MoBRE
framework, enhancing its cross-subject generalization capability. Given a neural token sequence F,
we randomly mask all tokens of the same brain region with a masking probability ratio 7. During
pre-training, the masked tokens are replaced by learnable embedding tokens of the same feature
dimension d. A lightweight prediction head is then employed to predict the frequency-domain
representation, with the training objective defined as the mean squared error between the original and
predicted time-domain signals of the masked regions (Wu et al., 2024). We set r = 0.2 by default
in this work. We provide a detailed calculation of the prediction target in the Appendix D. We then
apply “co-upcycle” to the neural feature extraction network components while randomly initializing
the brain-region-specific experts to increase their diversity and degrees of freedom, enhancing
representational distinctions across different brain regions and tasks during feature extraction.

For Co-upcycle, we consider two

variants: naive averaging and o~
sign-uniformity aggregation (Yadav M\~ |
et al.,, 2023). Naive averaging —
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Figure 2: Illustration of the RMAE initialization strategy.

Subject-specific neuro-embeddings and attention layers pre-
“ ) trained via RMAE, utilizing frequency and phase distribu-

the  “co-upcycled” network as  (jong ag prediction objectives, are jointly leveraged to initial-

o .. = |T1p| > icze 07. The proposed ize the Neuro-MoBRE model parameters. The shared FFN

initialization algorithm does not incur and BrMoE FFN remain randomly initialized to enable ef-

any extra computational overhead. fective feature specialization during fine-tuning.

A detailed complexity analysis is

presented in the Appendix E.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Decoding tasks and data acquisition. In this study, we focus on neural decoding tasks relevant to
language decoding and epileptic seizure diagnosis. We recruited 11 participants who were undergoing
epilepsy monitoring with implanted stereo-electroencephalography (SEEG) electrodes at anonymous
hospitals (hospital names omitted to maintain compatibility with double-blind review). Figure Al
illustrates the electrode distributions across subjects, while Table A1 summarizes participant de-
mographic information. Experimental protocols were approved by institutional review boards, and
participants provided written informed consent. 1) Language decoding task: Participants read
aloud 407 monosyllabic Mandarin characters repeated three times, capturing common Mandarin
pronunciations. Mandarin syllables contain three phonological components: initials (23 classes),
finals (11 classes), and tones (4 classes), each decoded as separate classification tasks. Given the
acoustic similarity and complexity among Mandarin’s 35 phonetic finals, we grouped them into 11
clusters based on acoustic features via k-means clustering Feng et al. (2023), simplifying decoding.
For analyses, we excluded the electrodes located in the visual cortex or white matter. 2) Epileptic
seizure diagnosis tasks: In the epilepsy diagnosis tasks, we addressed both detection and prediction.
Seizure detection is formulated as a classification task of differentiating ictal (seizure-active) from
interictal (seizure-free) brain states. Seizure prediction aims to identify electrophysiological patterns
or biomarkers indicative of imminent seizure onset, allowing for estimation of seizure likelihood
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Table 1: Performance comparison for language decoding tasks. Multi-sub denotes multi-subject. The
best and second-best results are highlighted in bold and underlined, respectively. “Avg” and “Sgn” to
the averaging and sign-uniformity variants of Co-upcycle, respectively.

. . Initial Decoding Finals Decoding Tone Decoding
Methods Multi-sub  Multi-task

Accuracy Cohen’s Kappa Accuracy Cohen’s Kappa Accuracy Cohen’s Kappa
0.1178 £ 0.0639  0.0777 & 0.0668  0.1434 £ 0.0819  0.0983 £ 0.0862  0.2864 £ 0.0910  0.2792 £ 0.0919
0.1055 £ 0.0711  0.0649 & 0.0744  0.1277 £ 0.0748  0.0818 + 0.0787  0.2857 + 0.0884  0.2785 + 0.0893
0.1443 £ 0.0796  0.1054 + 0.0832  0.1583 £ 0.0984  0.1140 £ 0.1035  0.2973 4+ 0.0736  0.2902 + 0.0743
0.0921 +0.0761  0.0508 & 0.0796  0.1087  0.0871  0.0618 £ 0.0917  0.2609 + 0.0826  0.2534 + 0.0834
0.1478 +0.0683  0.1091 £ 0.0715  0.1736 = 0.0899  0.1301 + 0.0946  0.3209 + 0.0817  0.3140 + 0.0825
0.1423 +0.0923  0.1033 £ 0.0964  0.1963 £ 0.0699  0.1540 + 0.0736  0.3548 + 0.0837  0.3483 + 0.0845
0.1312 4 0.0620  0.0917 & 0.0648  0.2029 £ 0.0936  0.1609 £ 0.0985  0.3223 + 0.08851  0.3154 + 0.0894
0.1300 + 0.0660  0.0905 & 0.0690  0.1942 £ 0.0754  0.1518 £0.0794  0.3334 £0.0873  0.3267 + 0.0882
0.1561 +0.1229  0.1178 £ 0.1285  0.2169 £ 0.0696  0.1757 £0.0733  0.3277 £ 0.0843  0.3209 + 0.0852
0.0818 +0.0751  0.0335 £ 0.0790  0.1686 £ 0.0931  0.1248 £ 0.0980  0.2632 £ 0.0847  0.2557 + 0.0856
0.0621 +0.0826  0.0194 & 0.0864  0.1409 £ 0.0889  0.0957 £ 0.0936  0.2766 + 0.0873  0.2693 + 0.0882
0.2810 4+ 0.0898  0.2011 + 0.0998  0.2860 + 0.0973  0.2484 £ 0.1024  0.4125 4+ 0.0926  0.4051 + 0.0938
0.2901 + 0.0933  0.2112 + 0.1037  0.3161 £ 0.0901  0.2801 £ 0.0949  0.4341 + 0.0813  0.4284 + 0.0821

ST-Transformer (Song et al., 2021)
FFCL (Li et al., 2022)
CoST (Woo et al., 2022)
SPaRCNet (Jing et al., 2023)
BIOT (Yang et al., 2023)
Brant (Zhang et al., 2023)
NeuroBERT (Wu et al., 2024)
LaBraM (Jiang et al., 2024)
H2DILR (Wu et al., 2025)
PopT (Chau et al., 2025)
NeuroLM (Jiang et al., 2025)
Neuro-MoBRE (Avg Co-upcycle)
Neuro-MoBRE (Sgn Co-upcycle)

NN XNUX NN X% %X
NNNUX XXX XXX XXX

Table 2: Performance comparison for seizure prediction and detection tasks. The best and second-best
results are highlighted in bold and underlined, respectively. “Avg” and “Sgn” to the averaging and
sign-uniformity variants of Co-upcycle, respectively.

Seizure Prediction Seizure Detection

Methods Multi-sub  Multi-task

Accuracy Sensitivity ‘Weighted F1 Accuracy Sensitivity Weighted F1
0.6357 £0.1002  0.6414 £ 0.1077  0.6356 = 0.1001  0.7170 +0.1003  0.7127 £ 0.1051  0.7170 £ 0.1002
0.6295 £ 0.1154  0.6355 4+ 0.1120  0.6293 £ 0.1157  0.6902 + 0.1121  0.6900 4 0.1028  0.6901 £ 0.1122
0.6734 £0.1022  0.6795 £ 0.1116  0.6731 & 0.1024  0.7482 + 0.1122  0.7491 £ 0.1178  0.7480 £ 0.1123
0.6361 £0.1097  0.6255 £0.1129  0.6358 = 0.1097  0.6845 +0.0982  0.6745 £ 0.1014  0.6843 £ 0.0984
0.6595 £ 0.1139  0.6627 +0.1161  0.6594 £ 0.1140  0.8011 +0.1078  0.7959 4+ 0.1107  0.8011 £ 0.1078
0.6602 £ 0.1143  0.6695 4 0.1108  0.6600 & 0.1146  0.7850 + 0.1000  0.7945 £ 0.0963  0.7848 £ 0.1001
0.6518 £0.1024  0.6536 = 0.1123  0.6517 =0.1025 0.7614 +0.1046  0.7550 £ 0.0994  0.7612 £ 0.1046
0.6775 £0.1101  0.6795 +0.1169  0.6773 £0.1102  0.7989 £ 0.1130  0.7991 + 0.1076  0.7988 £ 0.1131
0.6734 £0.1008  0.6827 & 0.1041  0.6733 = 0.1008  0.7682 + 0.1044  0.7655 £ 0.1126  0.7681 =+ 0.1045
0.6614 £0.1150  0.6695 +0.1146  0.6612 = 0.1149  0.7652 + 0.0887  0.7600 £ 0.0908  0.7652 £ 0.0887
0.6495 £ 0.1057  0.6364 4+ 0.1166  0.6492 £ 0.1060  0.6927 +0.1192  0.6864 4 0.1319  0.6925 £ 0.1193
0.7636 £ 0.1068  0.7655 £ 0.1140  0.7636 & 0.1068  0.8730 4 0.1069  0.8627 £ 0.1117  0.8729 + 0.1070
0.7877 £0.1044  0.7741 £ 0.1092  0.7877 = 0.1044  0.8957 + 0.0900  0.8991 + 0.0882  0.8957 + 0.0900

ST-Transformer (Song et al., 2021)
FFCL (Li et al., 2022)
CoST (Woo et al., 2022)
SPaRCNet (Jing et al., 2023)
BIOT (Yang et al., 2023)
Brant (Zhang et al., 2023)
NeuroBERT (Wu et al., 2024)
LaBraM (Jiang et al., 2024)
H2DiLR (Wu et al., 2025)
PopT (Chau et al., 2025)
NeuroLM (Jiang et al., 2025)
Neuro-MoBRE (Avg co-upcycle)
Neuro-MoBRE (Sgn Co-upcycle)

NN XNUX NN X XXX
SNNNUX XX X% XXX %%

within a predefined future time window. We set a seizure prediction horizon (SPH) at 5 minutes, a
preictal interval length (PIL) at 35 minutes Wu et al. (2022b), and defined interictal intervals from 30
minutes after seizure offset to the next preictal interval. Clinical experts annotated seizure onset and
offset via visual inspection of SEEG signals. Interictal samples were generated from non-overlapping
20-second sliding windows. For preictal and ictal samples, we employed overlapping windows (50%
overlap) to address sample imbalance. We provide detailed signal preprocessing in Appendix C.

Evaluation Protocols. For the language decoding tasks (formulated as multi-class classification
problems), decoding performance was evaluated using top-1 accuracy (Acc) and Cohen’s Kappa
coefficient. For the epilepsy diagnosis tasks, we assessed top-1 accuracy (Acc), sensitivity (Sen), and
weighted F1-score. Regarding dataset partitioning, we employed a balanced sampling strategy to
ensure uniform representation across classes within the test set. Specifically, for language decoding
tasks, we randomly sampled 10, 20, and 80 instances per class from each participant to construct
the test datasets for initial decoding, final decoding, and tone decoding, respectively. This sampling
approach resulted in test sets comprising approximately 20% of the total available data. The remaining
samples formed the training datasets, from which we further allocated 20% to create the validation
sets. For epileptic seizure diagnosis tasks, participant data were partitioned into training (80%), and
testing (20%) subsets. From the training subset, an additional 20% was reserved as a validation set.
The sliding-window segmentation approach with overlapping windows applied during preprocessing
inherently addressed potential class imbalance. All experiments were conducted five times using
distinct random seeds. We report performance results as mean values with corresponding standard
deviations across these repetitions. We provide implementation details in Appendix H.

4.2 DECODING PERFORMANCE COMPARISON

We compare the performance of our proposed Neuro-MoBRE with baseline methods in Tab. 1 and 2.
In language decoding tasks, conventional supervised pre-training baselines achieve decoding perfor-
mance slightly above chance levels. Baselines employing pre-training consistently outperform those
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Figure 3: Initial decoding performance of Neuro- Figure 4: Distribution of brain regions processed
MoBRE on unseen subjects. by different experts.

without pre-training, primarily due to enhanced generic feature extraction capabilities. Models such
as BIOT, LaBraM, and H2DiLR exhibit superior decoding performance, benefiting from sophisticated
architectures designed at both micro and macro levels. However, most existing methods assume fixed
electrode placements across subjects to facilitate cross-subject decoding. This assumption limits their
practical application in intracranial implant scenarios, where electrode configurations vary signifi-
cantly between subjects. Consequently, these approaches are marked as incapable of multi-subject
decoding in realistic scenarios. Originally developed for tasks like abnormal detection Harati et al.
(2015) and sleep stage classification Alvarez-Estevez & Rijsman (2021), which feature relatively
consistent neural patterns (e.g., specific frequency activations), these methods struggle with tasks
such as language decoding that involve higher inter-subject neural variability. Although frameworks
like BIOT, LaBraM, and NeuroLM address data heterogeneity related to differences in channel
counts, sampling rates, and data lengths, they fall short in handling variability stemming from distinct
neural activity patterns and substantial inter-subject differences. Despite NeuroLM establishing
a multi-task decoding paradigm using a question-answer interaction, it still inadequately captures
subtle neural pattern differences, thereby limiting its effectiveness due to unresolved neural data
heterogeneity. Our proposed Neuro-MoBRE framework explicitly addresses these sources of neural
data heterogeneity throughout its design, leading to significantly improved decoding performance
compared to existing approaches. Notably, performance variability in language decoding tasks largely
arises from subject-specific differences in phoneme articulation. For example, Participant 4’s lower
decoding accuracy (~20%) is primarily due to dialect-influenced articulation challenges, specifically
difficulty distinguishing phonemes such as ‘s’ and ‘sh’. In contrast, Participant 10 demonstrates
markedly higher decoding accuracy (~60%), reflecting lower phoneme articulation variability.

4.3 ANALYSIS ON NEURO-MOBRE

Neuro-MoBRE generalizes to unseen subject. A key advantage of multi-subject, multi-task
decoding models over conventional single-task approaches is their improved ability to learn subject-
invariant representations and effectively handle inter-subject variability. To systematically evaluate
Neuro-MoBRE in terms of generalization to unseen subjects, we conducted experiments following
a leave-one-subject-out (LOSO) validation scheme. Specifically, we trained Neuro-MoBRE exclu-
sively on neural data from a subset of subjects and subsequently assessed performance on subjects
whose data were completely withheld from training. Our experimental protocol closely follows
the implementation details outlined earlier, and we present the decoding performance results for
this LOSO evaluation in Fig. 3. Our results demonstrate that Neuro-MoBRE consistently achieves
decoding performance significantly above chance-level on previously unseen subjects, underscoring
its effectiveness in learning robust, subject-agnostic neural features. Crucially, by successfully gener-
alizing across subject-specific variability, Neuro-MoBRE highlights its potential as a powerful tool
for reliable, real-world deployment across diverse, unseen populations in neural decoding tasks.

Regional experts focus on specialized brain regions. To examine whether regional experts within
our proposed model exhibit clear preferences toward particular brain regions, we analyzed and
visualized the distributions of tokens from these regions as processed by each expert. As illustrated in
Fig. 4, the token distribution significantly varies across different experts, demonstrating specialized
functional roles. A darker color for a given brain region—expert pair indicates a higher routing intensity,
signifying that more tokens from the corresponding brain region are routed to that expert. For instance,
Expert One predominantly focuses on processing neural signals from the superior temporal gyrus
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Table 3: Ablation study on different components

Table 4: Ablation study on different number of
of Neuro-MoBRE.

experts.

Decoding Task

Component —— - - - - . Decoding Task
Initial Decoding Final Decoding Tone Decoding ~ Number of Experts Tnitial Decoding Final Decoding Tone Decoding
Tokenizer 0.1798 0.2256 0.3270 2 09336 0969 03736
+ BrMoE 0.2483 0.2798 0.3639 8 0.2526 0.2905 0.3955
+ TIA 0.2719 0.3025 0.4045 16 0.2751 0.3112 0.4185
+ RMAE 0.2901 0.3161 0.4341 21 0.2901 0.3161 0.4341

(STG) related to auditory processing related to speech and language, while Experts 2, 8, 13, and 15
are more involved with pre-central and post-central gyrus associated with speech production, assisting
motor areas in fine-tuning and coordinating speech movements. Such selective processing further
validates that regional experts function by attending to specialized brain areas, aligning effectively
with the functional modularity observed in neurobiological studies. This specialization enables
accurate extraction of region-specific features and facilitates targeted decoding of neural activities.

4.4 ABLATION STUDY

This section ablates three key designs and the effect of different numbers of experts on the task of
language decoding. The average top-1 accuracy for initial decoding is reported, and we follow the
same experimental setup as described in Appendix H. Additional ablation study on the scaling effect
of network parameters is provided in Appendix I.1.

Effectiveness of the proposed components. Next, we conduct an ablation study to verify the
effectiveness of different components proposed in Neuro-MoBRE. The brain-regional-temporal
tokenizer is fundamental to accommodating varied electrode implantation schemes and generating
unified neural embeddings; thus, we treat it as non-removable and do not ablate this component.
Specifically, we assess the contributions of the brain-regional Mixture-of-Experts block (BrMoE),
the task-disentangled information aggregation mechanism (TIA), and the regional masked autoen-
coding strategy (RMAE). As illustrated in Tab. 3, both BrMoE and TIA substantially improve the
decoding performance. Moreover, incorporating the proposed RMAE strategy further enhances the
decoding results. These findings empirically support our hypothesis that effectively addressing data
heterogeneity is essential for multi-subject and multi-task neural decoding.

Ablation on the number of experts. Ideally, neural features from distinct brain regions should be
modeled by dedicated experts. We investigate how varying the number of experts impacts overall
decoding performance. As observed in Tab. 4, increasing the number of experts generally leads to
improved performance, whereas using fewer experts results in performance degradation. Interestingly,
comparable decoding accuracies were obtained from 8 and 16 experts. We hypothesize that, with
fewer experts than brain regions, Neuro-MoBRE captures collaborative patterns among brain regions
that function jointly as coherent groups during specific neural activities. Conversely, when the number
of experts exceeds the number of brain regions, multiple experts could be dedicated adaptively to
brain regions that contribute more significantly to underlying neural processes.

5 CONCLUSION AND LIMITATION

This paper presents the Neural Mixture of Brain Regional Experts (Neuro-MoBRE), a novel frame-
work designed to explicitly resolve the ubiquitous data heterogeneity encountered in multi-task and
multi-subject neurophysiological decoding. Extensive experimental evaluations conducted on stereo-
electroencephalography (SEEG) data collected from a cohort of 11 subjects and spanning five distinct
decoding tasks, including language decoding and seizure diagnosis, showed that Neuro-MoBRE
substantially outperforms existing decoding methods. We list three potential limitations of this
work: (1) We have currently verified the effectiveness of Neuro-MoBRE on language decoding and
epileptic seizure diagnosis; extending it to more diverse tasks that capture broader neural behaviors
could facilitate a deeper understanding of general brain functionality and neural representations. (2)
Currently, Neuro-MoBRE treats the neural patterns of an entire brain region as the smallest modeling
unit; however, more detailed functional modeling at the level of smaller anatomical areas within each
region has yet to be investigated. (3) The inherent complexity and invasiveness involved in acquiring
intracranial recordings constrain our capacity to expand the participant cohort at this time.
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A DETAILED RELATED WORK

Intracranial Neurophysiological Decoding. Intracranial brain recordings provide an unparalleled
view into the brain’s electrical activity, enabling detailed analysis of complex neural processes
inaccessible to non-invasive methods such as EEG. These recordings typically involve electrodes
placed directly on the brain’s surface (electrocorticography, ECoG) or inserted into deeper brain
structures (stereo-electroencephalography, SEEG). Unlike scalp EEG, which is significantly attenuated
by the skull and scalp, intracranial recordings offer superior spatial and temporal resolution. This
makes them particularly suited for pinpointing localized neural activity and investigating the neural
substrates of cognitive, sensory, and motor functions (Bouton et al., 2016; Benabid et al., 2019;
Hochberg et al., 2012; Willett et al., 2023; Metzger et al., 2023). The investigation of intracranial
brain recordings began as early as 1874 when Roberts Bartholow first documented the effects of
electrical stimulation on human brain tissue and its subsequent impact on motor functions (Harris
& Almerigi, 2009). More recently, Hochberg et al. (Hochberg et al., 2012) advanced this field by
developing a neural interface that enabled two individuals with long-standing tetraplegia to control
robotic arms using signals collected from a 96-channel microelectrode array implanted in the motor
cortex. This groundbreaking work demonstrated participants’ ability to execute complex tasks,
including three-dimensional reach-and-grasp movements, with one participant even successfully
drinking from a bottle. Beyond motor restoration, intracranial brain recordings have been instrumental
in developing speech prostheses aimed at restoring rapid communication for individuals experiencing
paralysis (Willett et al., 2023; Metzger et al., 2023; Moses et al., 2021; Angrick et al., 2019). By
decoding neural activity associated with attempted speech, these systems convert neural signals into
text or audible speech. Notably, Willett et al. introduced a speech prosthesis utilizing intracranial
recordings from microelectrode arrays implanted in the ventral premotor cortex (area 6v) and
Broca’s area (area 44). Their system achieved impressive word error rates, 9.1% on a 50-word
vocabulary and 23.8% on a 125,000-word vocabulary, representing substantial progress in speech
decoding capabilities. Despite these notable advances, most studies have predominantly focused
on decoding neural signals from individual subjects engaged in single-task scenarios, limiting the
generalizability and broader applicability of these methods. To address this limitation, we propose
a unified neurophysiological decoding framework capable of multi-task decoding by integrating
intracranial recordings collected from a diverse cohort of 11 subjects, thereby enhancing the model’s
versatility and robustness across various neural decoding tasks.

Large-scale Neurophysiological Model. Large language models (LLMs) have demonstrated re-
markable abilities as general-purpose task solvers when trained on extensive corpora (Brown et al.,
2020). Motivated by these achievements, several researchers have explored methods for learn-
ing robust neurophysiological representations by integrating EEG signals collected from multiple
subjects across diverse decoding tasks. For instance, MMM (Yi et al., 2023) introduced a topology-
agnostic pre-training framework, remapping EEG recordings from various sensor configurations into
a standardized 10-10 system topology through multi-dimensional positional encodings, effectively
incorporating geometric information. MMM employs a masked autoencoding paradigm at both
channel and regional levels as its pretext task. Similarly, BIOT (Yang et al., 2023) proposed a
handcrafted tokenizer capable of converting biosignals of arbitrary lengths and channel arrangements
into a unified neural representation across subjects, also leveraging channel-wise and temporal-wise
masking within a masked autoencoding framework. Furthermore, both Brant (Zhang et al., 2024) and
BrainBERT (Wang et al., 2023) adopt masked autoencoding strategies in the frequency domain, uti-
lizing intracranial recordings as inputs. LaBraM (Jiang et al., 2024) introduced discrete tokenization
of continuous EEG signals to serve as prediction targets within their masked autoencoding frame-
work. Despite leveraging neurophysiological signals from multiple subjects across varied decoding
scenarios, these approaches require extensive fine-tuning for each downstream task and generally
lack the capability for effective multi-task decoding. NeuroLM (Jiang et al., 2025) addressed this
limitation by reframing EEG decoding as a question-answering problem facilitated by large language
models, demonstrating multi-task capabilities. Nevertheless, existing approaches predominantly
focus on designing encoder architectures to reconcile differences in data format but often neglect the
explicit modeling of data heterogeneity arising from variations between subjects and tasks. Recently,
H2DiLR (Wu et al., 2025) addressed heterogeneity explicitly by disentangling homogeneous and
heterogeneous components in EEG signals, enabling unified decoding across subjects but restricted
to single-task decoding scenarios. In this paper, we introduce a novel multi-task, multi-subject
neurophysiological decoding framework equipped with explicit disentanglement mechanisms to

13



Under review as a conference paper at ICLR 2026

Participant 1 Participant 2 ® Participant 3 Participant 4 Participant 5 Participant 6

Participant 7 ® Participant 8 Participant 9 Participant 10 Participant 11

Dorsal Posterior Right
Anterior + Posterior Right + Left Posterior + Anterior
Ventral Anterior Left

Figure Al: The anatomy of 11 participants mapped onto the standard Montreal Neurological Institute
template brain, with directions indicated.

Table Al: Demographic and experimental information of participants, comprising sex, age, handed-
ness, and the number of implanted electrodes.

Participant Sex Age Handedness Number of electrodes Channel count

1 Male 20  Right-handed 12 63
2 Male 25  Right-handed 8 36
3 Female 19  Right-handed 11 30
4 Female 19  Right-handed 13 66
5 Male 14 Right-handed 9 73
6 Female 17 Left-handed 11 78
7 Female 15 Right-handed 11 74
8 Male 15  Right-handed 12 68
9 Female 26  Right-handed 12 61
10 Male 35  Right-handed 12 88
11 Male 22 Right-handed 10 84

address data heterogeneity stemming from both task-specific and subject-specific factors, enhancing
decoding versatility and generalizability.

B DATA ACQUISITION ON LANGUAGE DECODING TASK

Participants were instructed to read aloud a set of 407 monosyllabic Mandarin characters, repeated
three times. These characters were selected to comprehensively cover the range of common pro-
nunciations in Mandarin Chinese. Each Mandarin syllable comprises three distinct phonological
elements: an initial consonant, a final vowel (or vowel combination), and a lexical tone. Accordingly,
we defined the decoding procedure in terms of three classification tasks: initials (23 classes), finals
(11 classes), and tones (4 classes). Given that Mandarin contains 35 final phonemes (6 simple finals
and 29 compound finals), the high acoustic similarity and dynamic articulation involved rendered
direct classification challenging. To overcome this issue, we employed k-means clustering on acoustic
formant-based features derived from the original 35 final phonemes Feng et al. (2023). This process
grouped acoustically and articulatorily similar finals, resulting in 11 distinct final clusters conducive
to improved decoding performance. For all language decoding analyses, we specifically selected
channels associated with speech production regions and excluded electrodes located in the visual
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cortex or within the white matter. During recording, the participants read aloud the target character
displayed on a screen following a countdown visual cue. Each reading trial consisted of a preparation
phase lasting 0.8—1.2 seconds, followed by an articulation phase of 2 seconds, and concluded with a
rest period of 0.5-1.0 seconds. A comprehensive list of characters along with their corresponding
syllables is presented in Tab. A5—AS8. These characters were selected to comprehensively cover the
range of common pronunciations in Mandarin Chinese. Our reading material has been carefully
designed by Mandarin linguists to encompass as many pronunciation phenomena as possible, thereby
ensuring that the brain decoding algorithm achieves broad generalizability.

C NEURAL RECORDING PREPROCESSING.

The neural recordings were first converted to microvolts (;1V') to ensure consistency in magnitude.
The raw data were then filtered using a low-pass filter with a cutoff frequency of 200 Hz to prevent
aliasing artifacts. Additionally, notch filters centered at 50 Hz and its harmonics at 100 Hz were
applied to remove power-line interference. Following these filtering procedures, the neural signals
were downsampled to 512 Hz to reduce computational overhead. Finally, each channel’s data was
individually normalized by subtracting its mean and dividing by its standard deviation, standardizing
the signals to facilitate subsequent analyses.

D PREDICTION TARGET OF RMAE.

Given a neural token sequence F, we randomly select and mask tokens that belong to the same brain
region with a masking ratio  sampled uniformly. During pre-training, the masked tokens are replaced
by learnable embedding tokens of the same feature dimension d. Suppose that x is the corresponding
discrete neurological signal of the masked patch, we apply the discrete Fourier transform (DFT) as:

n=N
_2mj
X = g Tp ke N )
n=1

where m € [1, N]. We further decompose equation 9 into its real and imaginary components by
applying Euler’s formula:

n=N
2w .. 27
X = Z:l Ty * cos(ﬁmn) — sm(ﬁmn), (10)
real imaginary
where j denotes the imaginary unit, defined by j2 = —1. Specifically, X,,, represents the spectrum

of the sequence x,, evaluated at frequency w,, = 27m/N. Consequently, we can compute the
. 2
magnitude || X,,||” and phase 6,,, as follows:

Xl = - V/Re(K, 2 F (X2
0., = atan2(Re(X,,)?, Im(X,,)?),

(1)

where atan2(-, -) denotes the two-argument arctangent function, and Re(-) and Im(-) represent the
real and imaginary parts, respectively. We define our prediction target as the missing amplitude
and phase components of the signal. Subsequently, we apply the inverse discrete Fourier transform
(IDFT) to convert the predicted amplitude and phase back into the temporal domain:
N N 2 o

X = HXmH 5 e7*0m

mey (12
b= Y Xy

m=1

A lightweight prediction head is then employed to predict the frequency-domain representation,
with the training objective defined as the mean squared error between the original and predicted
time-domain signals of the masked regions Wu et al. (2024). We set » = 0.2 by default in this work.
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E TRAINING COMPLEXITY ANALYSIS OF CO-UPCYCLE INITIALIZATION

Please note that the proposed Co-upcycle mechanism is motivated by the hypothesis that correspond-
ing brain regions across individuals exhibit functional homogeneity. Accordingly, Co-upcycle is
applied only to the neural embedding layer and attention module parameters pretrained on differ-
ent subjects via RMAE. In what follows, we analyze the computational and spatial complexity of
Co-upcycle.

The overall RMAE Co-upcycle initialization can be divided into two parts: (i) the RMAE pretraining
stage and (ii) the parameter aggregation (Co-upcycle) stage. We first examine the computational
complexity of the RMAE component. Assume data are collected from m subjects, each with N
data samples and let the model contain P parameters. For simplicity, we assume that a single
forward-backward training step incurs a constant factor number of FLOPs per parameter per sample.
Under the conventional homogeneous pretraining setting, where data from all subjects are pooled
and used to train one universal model, as adopted in prior work (Chau et al., 2025; Jiang et al., 2024;
Zhang et al., 2023; Yang et al., 2023), the total training complexity is O(mN - P).

In our proposed Co-upcycle initialization, we instead pretrain m subject-specific models, each with
complexity O(N P). The total pretraining cost is therefore also O(m - N P), assuming an equal
number of epochs in both approaches. In practice, subject-specific models often converge in fewer
steps than a single universal model, further reducing the effective training burden. For the Co-upcycle
stage, the naive averaging and sign-uniformity Co-upcycle require only O(P - m) FLOPs in total,
which is negligible compared with theO(m - N P) cost of pretraining. Hence, Co-upcycle introduces
no additional asymptotic training complexity beyond that of homogeneous pretraining.

Regarding spatial complexity, homogeneous pretraining requires O(P) memory. The naive averaging
variant of Co-upcycle incurs the same spatial cost, as it only computes the element-wise mean across
models. In contrast, the sign-uniformity variant in its naive form requires O(P - m) storage, since
it must hold all m subject-specific models simultaneously. However, in realistic scenarios, where
data from all m subjects have already been collected, an efficient implementation can be adopted. By
maintaining only running aggregates, namely the positive/negative sign counts and corresponding
sums, one needs to store only four additional matrices of size P. Consequently, the spatial complexity
reduces to O(P), independent of the number of subjects m. Thus, Co-upcycle can be implemented
with spatial cost asymptotically identical to homogeneous pretraining, i.e., O(P). This demonstrates
that scalability is not constrained by memory, as the framework avoids persistent storage of all
subject-specific models.

F NETWORK ARCHITECTURE SETTINGS

We list the detailed description of network architectures in Tab. A2. We set J and K to 4 and 2 by
default, respectively. Since most of the baseline methods are not inherently designed to handle data
heterogeneity arising from varying channel counts across subjects, we introduce a convolutional
layer specifically to project the differing channel dimensions into a standardized channel count. This
mapping allows for consistent integration and fair comparison across baseline architectures with
varying design specifications.

G BASELINE

We first examine three supervised decoding approaches employing diverse backbone architectures
without pre-training (Jing et al., 2023; Li et al., 2022; Song et al., 2021). Additionally, we include
two methods utilizing either contrastive learning or masked modeling for pre-training, specifically
tailored to single-task decoding scenarios, enabling generic feature extraction prior to downstream
decoding tasks (Woo et al., 2022; Wu et al., 2022a). Notably, these baseline approaches exclusively
support single-subject and single-task decoding. Subsequently, we explore representative large-scale
modeling techniques that integrate neural recordings across multiple subjects or tasks. Specifically,
we discuss BIOT (Yang et al., 2023), H2DiLR (Wu et al., 2025), and LaBraM (Jiang et al., 2024),
which are general-purpose neural representation learning frameworks pre-trained on extensive EEG
data. While these frameworks perform pre-training using multi-subject and multi-task data, they
necessitate downstream fine-tuning for specific single-task decoding scenarios. Finally, we consider
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Table A2: Detailed architecture specifications for models utilized in this work.

Architecture Hyperparameters Values
Number of filters {8, 16, 16, 32, 64}
Tokenizer Kernel size {15,7,5, 3, 3}
Stride {7,4,3,2,2}
Number of Blocks 4
Hi i 4
Brain-regional MoE idden slze 6
MLP Size 128
Number of Head 8
Prediction Head Nu@ber of Fayer 2
Hidden Size 256
Number of Layer 2
Reconstructor
Hidden Size 256

NEUROLM (Jiang et al., 2025), a multi-task neural decoding framework that formulates neural
decoding as a question-answering task, leveraging large language models (LLMs) to facilitate
simultaneous decoding across multiple tasks.

Table A3: Task instruction designed for NeuroLM implementation on our tasks.
Task Instruction Description

[SEP] Question: Which initial is being articulated? Options: (A): ‘b’, (B): ‘p’, (C):
‘m’, (D): ‘£*, (B): ‘d’, (F): ‘t’, (G): ‘n’, (H): ‘1", (D: ‘g’, J): ‘h’, (K): 5°, (L): ‘q’,

g::tclglling M): x’, (N): ‘2’, (0): °c’, (P): ‘s’, (Q): ‘zh’, (R): ‘ch’, (S): ‘sh’, (T): ‘r’, (U): ‘w’,
(V) y", (W): k. Answer: { (A), (B), (C), (D), (E), (F), (G), (H), (@), (), (K), (L),
(M), (N), (0), (P), (Q), (R), (S), (T), (U), (V), (W)} [END]
[SEP] Question: Which final cluster is being articulated? Options: (A): ‘a’, ‘ua’,

Final ‘ia’. (B): ‘gai’, ‘qan’. (©): ‘an’., ‘ai’.. (D): ‘en’, ‘eng’, ‘un’.l(E): ‘ing’, ‘in’, ‘ian’, ‘ie’.

Decoding (F):“.lu’, "12}0’, "1ang’. ‘(G):"u‘l’,"e}’. (H’): ‘Ve’,‘ ‘1’1e", "v’, 1. (D: ‘o’, ‘u’, ‘uo’, ‘ou’.
(J): ‘iong’, ‘ong’. (K): ‘ang’, ‘ao’, ‘uang’. (L): ‘e’, ‘er’. Answer: {(A), (B), (C), (D),
(E), (B), (G), (H), (D), J), (K), (L)} [END]

Tone [SEP] Question: Which tone is being articulated? Options: (A): ‘First’. (B):

Decoding ‘Second’ (C): ‘Third’ (D): ‘Fourth’. Answer: {(A), (B), (C), (D), (E), (F), (G), (H),
@, J), (K), (L)} [END]

ls;;ltze Lcl:rt?on Question: Is this EEG segment ictal? Answer: {Yes, No} [END]

lSDféillilchon Question: Is this EEG segment pre-ictal? Answer: {Yes, No} [END]

H IMPLEMENTATION DETAILS

All experiments were performed on GPU workstations equipped with NVIDIA H800 GPUs, utilizing
PyTorch-based implementations. For baseline methods with publicly available code (Woo et al.,
2022; Eldele et al., 2021; Wu et al., 2022a; Yang et al., 2023; Jiang et al., 2025), we reproduced their
experimental results by strictly following the official implementations and configurations provided by
the original authors. Specifically, we crafted the task instructions detailed in Tab. A3 to facilitate the
implementation of NeuroLM. For baselines lacking publicly released implementations (Jing et al.,
2023; Liet al., 2022; Song et al., 2021), we employed the re-implementations offered within the BOIT
framework (Yang et al., 2023). Specifically, baseline approaches without pre-training were trained
for a fixed duration of 200 epochs. For optimization, we used the AdamW optimizer (Loshchilov &
Hutter, 2019) with a base learning rate of Se-4, momentum parameters of 31, 52 = 0.9,0.999, and a
weight decay of 0.01. The learning rate decayed following a cosine annealing schedule. Training
employed a batch size equivalent to eight times the number of subjects, and a dropout probability
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Table A4: Ablation on scaling-up network parameters (embedding dimension and blocks).

Architecture Initial Decoding Final Decoding Tone Decoding Seizure Prediction Seizure Detection
Transformer-4-64 0.2901 0.3161 0.4341 0.7877 0.8957
Transformer-4-128 0.2881 0.3337 0.4384 0.7923 0.8909
Transformer-8-64 0.2846 0.3258 0.4348 0.8032 0.9011
Transformer-16-512 0.1597 0.2208 0.3216 0.6393 0.7059

of 0.1 was consistently applied. For baseline models incorporating pre-training, we strictly adhered
to the pre-training setups and experimental protocols specified by their original authors. During the
fine-tuning phase for these pre-trained methods, we utilized the same exact training configuration as
detailed above. We now describe the pre-training procedures of the proposed Neuro-MoBRE model.
During our regional masked autoencoding pre-training phase, optimization was conducted using
the AdamW (Loshchilov & Hutter, 2019) optimizer with a base learning rate of 5e-5, momentum
parameters 1, B2 = 0.9,0.95, and weight decay set to 0.05. The learning rate was scheduled via
cosine annealing over a fixed training duration of 800 epochs, with a batch size of 32 for each
task. Additionally, “co-upcycling” was implemented by pruning 50% of parameters having the
lowest magnitudes. Following pre-training, our multi-task neural decoding stage consisted of training
for a fixed total of 200 epochs, employing a batch size equal to four per subject per task. In this
phase, we used the AdamW optimizer, setting the base learning rate to Se-4, momentum parameters
b1, B2 = 0.9,0.95, and a higher weight decay of 0.1.

I ADDITIONAL ABLATION STUDY

1.1 ABLATION ON NETWORK PARAMETERS.

We further investigate the scaling behavior of our model by systematically varying the embedding
dimension and number of layers (blocks). Neuro-MoBRE-N-D denotes a model configuration
consisting of N layers and embedding dimension D, with Transformer-4-64 serving as the baseline
configuration. The average top-1 accuracy is reported, and we follow the same experimental setup as
described in Appendix H. As illustrated in Tab. A4, modest increases in network depth and embedding
dimension consistently yield improvements in decoding performance. However, excessively scaling
the model size, such as utilizing 16 blocks combined with a 512-dimensional embedding, results in a
marked degradation in performance, indicative of model collapse. We hypothesize this phenomenon
arises due to insufficient training data relative to the increased number of model parameters. Such
an observation aligns with our assertion that, given an effective resolution of data heterogeneity,
excessively large models are not required to achieve high-quality representations in multi-subject,
multi-task neurophysiological decoding scenarios.

J BROADER IMPACT

The Neuro-MoBRE model proposed in this study holds significant potential implications across
scientific, clinical, and societal domains. By explicitly addressing data heterogeneity challenges
inherent to neurophysiological decoding, Neuro-MoBRE substantially enhances the robustness and
precision of brain-computer interfaces (BCIs). This advancement contributes directly to fundamental
neuroscience research, offering deeper insights into neural network organization and functional
dynamics across different brain regions and tasks.

Clinically, Neuro-MoBRE’s ability to accurately and reliably decode intracranial neurophysiological
signals across diverse subjects and tasks has crucial implications. Improved decoding accuracy
can substantially enhance diagnostic precision, particularly in detecting epileptic seizures, thereby
facilitating timely and effective medical interventions. Moreover, decoding complex neural activities
such as language production and motor functions can significantly advance rehabilitation strategies,
improve prosthetic device control for patients with motor impairments, and enhance communication
assistance technologies for individuals experiencing speech difficulties.
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Table AS: The first set of 407 Mandarin Chinese characters used as reading material, with corre-
sponding syllables organized by initial phonetic order. For infrequently used characters, participants
were presented directly with the syllable to pronounce.

Characters Syllables | Characters Syllables | Characters Syllables
i a | ik chg | i diao
% ai | # chen | & dié
% an | b4 chéng | Tt ding
2 ing | b chi | % didi
®R a0 \ H chéng \ R dong
74 bi | i chéu | = dou
H bai | 1 chi | B dd
i bin | chua chua | V) duin
# bang | I chuai | & dui
R bio | % chuan | it diin
P bei | 73 chudng | F dué
S bén | /N chui | 18 é
A beng | B chin | B én
& bi ‘ # chuo ‘ eng eng
I bian | X a | H &r
Fr bidgo | 4 cong | il fa
2 bi¢ | % cou | I3 fin
7 bin ‘ H cu ‘ 77 fang
] bing | = cuan | i@ féi
fA b6 | e cui | ¥y fén
b b ‘ yez cin ‘ M feng
B ca \ #% cuo \ Gz fa
vt cdi | T di | % fou
23 can | i dai | fF fu
@ cang | Jil2) din | i ga
] cdo | B ding | = gai
m c | gl dao | B gin
% can | et dé ‘ L gang
JZ céng \ & déi \ & gao
ES chd |  den den | # g8
% chdi | & déng | % gdi
7= chén ‘ JEE di ‘ Ui gen
ng chang | E die | H géng
s} chao | e, dian | s gong
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Table A6: The second set of 407 Mandarin Chinese characters used as reading material, with
corresponding syllables organized by initial phonetic order.

Characters Syllables \ Characters Syllables \ Characters Syllables
o] gou | & jm | % léng
f g | 3 jing | 7 li
JR gua | E=3 jisng | ] lid
% guai | i ji | e lidn
K guan \ Z ju \ R lidng
I guing | £ juan | ) lido
5 gui | BN jué | 41| lie
7 gin | ® jun | ZZN lin
%= guod ‘ + ka ‘ A5 ling
ey ha | 7 kai | i litt
# hdi | (74 kin | Y2 16ng
S han | M kang | 16u
i hing | S kio | % la
FE hao | 4 ke | U luin
] hé | 0 ke | e lin
hei | H kén | z 1ué
R hen ‘ bt kéng ‘ I8 lii
{E} héng | fL kong | LS liig
it hong ‘ H kou ‘ 5 ma
ik hou | JE ki | % mii
R hi | = kua | 18 man
H hua | e kuai | 1T méng
7 huai | N kuin | % mdo
e huan | iR kuing | % méi
i huang | El kui | [ mén
1 hui | i kin | i méng
= hiin ‘ 7] kuo ‘ P/S mi
5 huo | E0A a | T mian
! i * lai | H mido
fr jia | i lin | K mi&
R jan | IR lang | R min
4 jiing | Z lio | i ming
2 jiao | # i Z mib
W jig | G I 5 mé
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Table A7: The third set of 407 Mandarin Chinese characters used as reading material, with corre-
sponding syllables organized by initial phonetic order. For infrequently used characters, participants
were presented directly with the syllable to pronounce.

Characters Syllables \ Characters Syllables \ Characters Syllables

i méu | &= pén | &2 rti
VN my filf peng | rud rud
z= na ‘ )54 pi ‘ L ruin
7 ndi | Ui pian | B rui
B nin | = pido | N run
7 nang ‘ i pié ‘ 55 rud
] nao | fh pin | i s
] e | il ping | 7 sai
" nei | i po | & sin
i nén | il pou | 3 sdng
fie néng ‘ w® pu ‘ Ik 30
Ve ni | B q | b se
7+ nidn | 4 gia | = sén
i:] nidng ‘ * qidn ‘ 1% seng
PK niao \ LiEA giang \ w sha
i nié ‘ M gido ‘ i shai
paN nin | i gie | Al shiin
g ning ‘ - gin ‘ 1 shang
4 nig | B qing | IS shao
r’ néng | 55 qiéng | S she
G nou | B qid | i:3 shuf
Ve nd | H qu | i shén
174 nuin | * quan | % shéng
7 nud ‘ 7S qué ‘ sl shi
© ni | pisd qin | F shou
E niie ‘ S rdn ‘ H shu
K 6 \ ik rang | il shua
%*% su | % rdo | i shuai
e pd | A | 3 shuan
i pdi | 7 rén | R shuiing
i pin | Gkl reng | 7K shui
5% ping | H ri ‘ JI shiin
i pao | z rong | filt shuod
i péi | A rou | It st
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Table A8: The fourth set of 407 Mandarin Chinese characters used as reading material, with
corresponding syllables organized by initial phonetic order.

Characters Syllables | Characters Syllables | Characters Syllables

/N song | F wi | H 740
# sou | i xi ‘ ] zé
Fik st | & xid | T zéi
B suan | 5 xidn | B zén
% sui \ [ xiang \ zéng
ijl sin | e xiao | i zha
Bt sud | 5 xi¢ | i zhai
% ta ‘ iy X1n ‘ R zhan

&} i iz xing | ik zhiing
" tin | fE xiéng | # zhdo
U] ting | & xid | i3 zhé
W tio | ¥ xi | X zhe
¥ te ‘ 1% xudn ‘ £t zhén
i3 téng | 2% xué | 7% zhéng
7 i I xin | H zhi
H tidn | ZF ydi | i zhdng
% tido | 1 yan | P zhou
B tié \ It yang \ & zht
= ting | 7 yao | m zhua
1 tong | gy yé | £l zhuai
fér ou | K yi \ & zhuan
o il yin | e zhuang
tudn | & ying | B zhut
fiB i ] yo | i zhiin
Eas tin | 7K yong | 2 zhud
i tud ‘ H you ‘ F zi
1z wa | 35| yi | & zng
b wai ‘ JC yuédn ‘ & zou
Vil wan | A yue | H 7
5= wang | = yin | B zuan
wéi ‘ I 74 ‘ fi% zui
pe wén | 54 zai | <3 ziin
5 wéng | g zan | P zud
= wO ‘ % zang ‘
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From an applicability and accessibility standpoint, the generalized decoding capabilities of Neuro-
MOoBRE across multiple tasks and subjects have the potential to significantly expand the accessibility
of neurotechnological solutions. Improved cross-subject decoding performance on previously unseen
individuals greatly reduces system calibration requirements, allowing more effective personalization
and broader practical deployment.

Nevertheless, despite the promising advancements presented, several ethical and societal considera-
tions must be addressed. Enhanced decoding capabilities pose risks concerning patient privacy and
data security, necessitating rigorous ethical guidelines, robust data protection measures, and trans-
parent informed consent protocols. Additionally, the increased accuracy and potential widespread
adoption of BCIs could lead to misuse or unauthorized surveillance, highlighting the need for compre-
hensive policy frameworks, advanced encryption methods, and clear guidelines for responsible usage.
Finally, the current reliance on invasive intracranial data collection methods introduces inherent proce-
dural risks. Future research should prioritize validating similar models with high-quality non-invasive
data, reducing invasiveness, and improving safety and accessibility for broader populations.

K DATA AVAILABILITY

Data access will be provided to qualified researchers upon reasonable request to the corresponding
author, subject to standard data use agreements to ensure ethical and legal compliance.
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