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Abstract

Decoding linguistically meaningful representations from non-invasive neural1

recordings remains a central challenge in neural speech decoding. Among avail-2

able neuroimaging modalities, magnetoencephalography (MEG) provides a safe3

and repeatable means of mapping speech-related cortical dynamics, yet its low4

signal-to-noise ratio and high temporal dimensionality continue to hinder robust5

decoding. In this work, we introduce MEGState, a novel architecture for phoneme6

decoding from MEG signals that captures fine-grained cortical responses evoked7

by auditory stimuli. Extensive experiments on the LibriBrain dataset demonstrate8

that MEGState consistently surpasses baseline model across multiple evaluation9

metrics. These findings highlight the potential of MEG-based phoneme decoding10

as a scalable pathway toward non-invasive brain–computer interfaces for speech.11

1 Introduction12

Decoding speech representations from brain activity holds considerable promise for restoring com-13

munication in individuals with paralysis or severe speech impairments [Moses et al., 2021]. Recent14

advances in invasive brain–computer interfaces [Nagashima et al., 2025, Suzuki et al., 2025] have15

enabled continuous speech reconstruction from intracranial recordings, achieving word error rates16

below 5% for vocabularies exceeding 100,000 words [Card et al., 2024]. However, their reliance17

on neurosurgical implantation limits scalability and clinical feasibility. In contrast, non-invasive18

approaches such as magnetoencephalography (MEG) offer a safe and repeatable alternative for19

probing speech-related neural activity. Nevertheless, decoding linguistically meaningful information20

from MEG remains challenging due to its low signal-to-noise ratio, high temporal resolution, and21

sparse neural representations [Yang et al., 2024b,a].22

In this work, we introduce MEGState, a novel architecture designed for phoneme classification23

from MEG signals. The model integrates two complementary components: (i) a Multi-Resolution24

Convolution module that captures fine-grained temporal dynamics of phoneme-evoked cortical25

responses, and (ii) a Sensor-wise SSM that captures long-range temporal dependencies across26

individual sensors. This design effectively mitigates the challenges of MEG’s sparsity and high27

sampling rate, allowing the model to capture both local and global neural dynamics. Comprehensive28

experiments on the LibriBrain dataset demonstrate that MEGState consistently surpasses baseline29

method across multiple evaluation metrics.30

2 Method31

2.1 Preliminaries32

State space models. Recent progress in state space models (SSMs) [Gu et al., 2022, Dao and Gu,33

2024] shows that they can outperform prevailing architectures, most notably Transformers, on a wide34

range of sequence modeling tasks. Grounded in control theory [Kalman, 1960], SSMs provide a35
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Figure 1: Model architecture of the proposed MEGState. Given a MEG signal, Mutli Resolution
Convolution module extracts local temporal dependencies while Sensor-wise SSM models global
spatial and temporal dependencies, respectively.

mapping from inputs x(t) ∈ RP to outputs y(t) ∈ RP through latent states h(t) ∈ RQ governed by36

dh(t)

dt
= Ah(t) +Bx(t), y(t) = Ch(t) +Dx(t), (1)

where A ∈ RQ×Q is the state matrix and B ∈ RQ×P , C ∈ RP×Q, D ∈ RP×P are input/output37

projections. Among SSM variants, S5 [Smith et al., 2023] has proved especially effective for38

modeling continuous signals. S5 sets A to the HiPPO-N matrix Gu et al. [2022] to capture long-39

range temporal dependencies. Since HiPPO-N is real symmetric, it admits the diagonalization40

A = VΛV−1, which yields the decoupled form41

dh̃(t)

dt
= Λh̃(t) + B̃x(t), y(t) = C̃h̃(t) +Dx(t), (2)

where h̃(t) = V−1h(t), B̃ = V−1B, and C̃ = CV. Moreover, introducing a timescale vector42

∆ ∈ R+Q and applying zero-order hold discretization Zhang and Chong [2007] gives the recurrence43

h̃t = Λ̄h̃t−1 + B̄xt, yt = C̄h̃t + D̄xt, (3)

where Λ̄ = exp(Λ∆), B̄ = Λ−1
(
Λ̄− I

)
B̃, C̄ = C̃, D̄ = D. In practice, we take D to be diagonal44

and learn diag(Λ), B̃, C̃, diag(D), and ∆.45

2.2 Model Architecture46

The overall architecture of the proposed model is depicted in Figure 1. It comprises two primary47

modules: Multi-Resolution Convolution and Sensor-wise SSM. Given a MEG sample X ∈ RM×T ,48

where M and T represent the number of sensors and the sequence length, respectively, the network49

proceeds as follows.50

First, the Multi-Resolution Convolution module extract fine-grained local temporal structures re-51

flecting distinct cortical responses evoked by different phonemes. It consists of four parallel one-52

dimensional convolutional layers with kernel sizes of fsample/2, fsample/4, fsample/8, and fsample/16,53

where fsample denotes the native sampling rate. The outputs from these convolutional layers are54

concatenated to yield H ∈ RF×M×T , where F represents the frequency feature dimension.55

Next, the Sensor-wise SSM module models global temporal dependencies in a sensor-specific manner.56

To handle the sparsity and high temporal resolution of MEG signals, we extend S5 [Smith et al.,57

2023], a variant of SSM well suited for modeling high-dimensional multivariate time series. The58

module comprises L hierarchically organized blocks, and the output H̃(l) ∈ RF×M×T from the l-th59

block (l = 1, . . . , L) is obtained as follows, where H̃(0) = H:60

H′(l−1)
= LayerNorm

(
SSM

(
H̃(l−1)

)
+ H̃(l−1)

)
, (4)

H̃(l) = LayerNorm
(

FFN
(
H′(l−1)

)
+H′(l−1)

)
. (5)
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Algorithm 1 Sampling training data
Input: Dataset (X ,Y) = {(Xi, yi)}Ni=1

Output: Training sample (X̃, ỹ)
Randomly sample two labels y1 ∼ Uniform(Y), y2 ∼ Uniform(Y)
I1 ← { i ∈ {1, . . . , N} | yi = y1 } ▷ All indices with label y1
I2 ← { i ∈ {1, . . . , N} | yi = y2 } ▷ All indices with label y2
Randomly sample subsets I ′1 ⊂ I1, I ′2 ⊂ I2 s.t. |I ′1| = |I ′2| = N ′

X̄1 ← AVERAGEi∈I′
1
(Xi)

X̄2 ← AVERAGEi∈I′
2
(Xi)

X̃ ← αX̄1 + (1− α)X̄2 ▷ Mixup augmentation
ỹ ← αy1 + (1− α)y2

Here, SSM(·), LayerNorm(·), and FFN(·) denote the S5 layer, layer normalization, and feed-forward61

network, respectively. Subsequently, the output H̃(L) from the Sensor-wise SSM is aggregated to62

produce the predicted phoneme probability p(ŷ) corresponding to X as follows:63

p(ŷ) = FFN
(

AvgPool
(
H̃(L)

))
, (6)

where AvgPool(·) denotes average pooling over the temporal dimension, following the standard SSM64

architectures [Gu et al., 2022]. The model is trained using the cross-entropy loss function.65

3 Experiments66

3.1 Dataset and Pre-procesing67

In this experiment, we used the publicly available LibriBrain dataset Özdogan et al. [2025], which68

contains MEG recordings of a single participant listening to audiobook narrations of Sherlock69

Holmes. The recordings were acquired with a MEGIN TriuxTM Neo system using 306 sensors at70

1 kHz, yielding 52.32 hours of data. Preprocessing involved Maxwell filtering [Taulu and Simola,71

2006] and Signal Source Separation to remove sensor noise and external magnetic interference. A72

notch filter (50 Hz), Butterworth band-pass filter (0.1–125 Hz), and downsampling to 250 Hz were73

further applied. The dataset provides 39 ARPAbet-based phoneme labels temporally aligned with the74

auditory stimuli, where each label corresponds to a 0.5 s MEG segment. It was divided into training,75

validation, and test sets comprising 1,488,392, 11,289, and 12,051 samples, respectively. Models76

were trained, tuned, and evaluated on these splits, and further tested on the LibriBrain leaderboard set77

provided in the 2025 PNPL Competition [Landau et al., 2025].78

3.2 Implementation Details79

During training, we leverage smoothing and data augmentation in the sampling of the training samples80

to improve the signal-to-noise ratio (SNR) of MEG signals and mitigate phoneme-label imbalance.81

Concretely, at each sampling step within a training epoch, we independently draw two phoneme labels82

y1 and y2 uniformly from the MEG dataset (X ,Y) = {(Xi, yi)}Ni=1. For each label yk (k ∈ {1, 2}),83

we construct the index set of all samples with that label, Ik = {i ∈ {1, . . . , N} | yi = yk},84

and uniformly sample a subset I ′k ⊂ Ik of size N ′. We then form a class-conditional prototype by85

averaging the corresponding MEG inputs, X̄k = 1
N ′Σi∈Ik

Xi, which acts as a denoised representative86

and thus enhances the SNR. Furthermore, by introducing a mixing coefficient α ∈ [0, 1], we address87

label imbalance (see Sec. 4) via a mixup-style convex combination [Zhang et al., 2018] of both the88

prototypes and their labels:89

X̃ = αX̄1 + (1− α)X̄2, ỹ = αȳ1 + (1− α)ȳ2. (7)

The overall sampling procedure is summarized in Algorithm 1.90

We trained the model with the AdamW optimizer (β1 = 0.9, β2 = 0.999) and a learning rate of91

1.0× 10−4. The batch size was 32, and training proceeded for 50 epochs. For the Sensor-wise SSM92

module, we set the block size to L = 2. For sampling training data, we set the prototype size of93

N ′ = 100 and a mixing coefficient of α = 0.5.94
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Table 1: Performance comparison on the LibriBrain [Özdogan et al., 2025] test set and leaderboard
set. Bold values denote the best performances, while † indicates statistical significance compared to
the baseline method (p < 0.05). Multi-Resol Conv. indicates Mutli-Rresolution Convolution module.

Model Test Set Leaderboard Set
Acc. [%] ↑ Kappa [%] ↑ Macro-F1 [%] ↑ Macro-F1 [%] ↑

Baseline [Özdogan et al., 2025] 38.80±2.40 45.71±0.74 34.82±1.92 —
Ours (w/o Mulit-Resol. Conv.) 40.25±3.15 37.90±2.83† 34.77±1.83 —
Ours (w/o Sensor-wise SSM) 40.37±3.20 49.60±6.25 37.18±4.44 —
Ours (MEGState) 45.53±1.88† 54.19±2.42† 41.11±2.20† 55.74 (68.41)

Figure 2: Quantitative comparison across phonemes. The upper panel shows the macro-F1 for each
phoneme, while the lower panel indicates the number of training samples per phoneme. Error bars
represent the standard error of the mean, and ∗ denotes statistical significance (p < 0.05).

4 Results95

Table 1 presents the quantitative comparison between the proposed and baseline methods. Values in96

the table represent the mean and standard deviation obtained from over five distinct random seeds.97

On the test set, the proposed method achieved balanced accuracy, Cohen’s Kappa, and macro-F1 of98

45.53%, 54.19%, and 41.11%, respectively, surpassing the baseline method by 6.73, 8.48, and 6.2999

points. Here, all improvements were statistically significant (p < 0.05). Moreover, ablation studies100

revealed that removing either the Multi-Resolution Convolution module or the Sensor-wise SSM101

consistently degrades performance across all metrics on the test set, indicating that both modules102

contribute substantially to phoneme classification from MEG signals.103

On the leaderboard set, the proposed method achieved a macro-F1 of 55.74%. Notably, the final104

leaderboard submission employed an ensemble strategy that selected the most probable label from105

predictions of five independently trained models, resulting in a higher macro-F1 of 68.41%.106

Figure 2 further presents the phoneme-wise quantitative comparison. Each bar shows the macro-F1107

score for individual phonemes, ordered by the number of training samples. As shown, the proposed108

method outperformed the baseline in terms of macro-F1 on 19 phonemes and achieved statistically109

significant improvements on 10 phonemes (p < 0.05).110

5 Conclusion111

In this work, we introduced MEGState, a novel architecture for phoneme decoding from MEG112

signals. By integrating a Multi-Resolution Convolution module to capture fine-grained local temporal113

dynamics and a Sensor-wise SSM to model long-range dependencies across individual sensors, our114

approach effectively mitigates the challenges of MEG signal sparsity and high temporal resolution.115

Comprehensive experiments on the LibriBrain dataset demonstrated that MEGState consistently116

outperformed the baseline across multiple evaluation metrics.117
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