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ABSTRACT

Foundation models (FMs) for Electroencephalography (EEG) time-series have re-
cently emerged as powerful tools, leveraging large-scale non-invasive datasets
to learn robust, universal spatiotemporal neural representations. The question
is whether these models can bridge the gap towards invasive recording modali-
ties, such as Electrocorticography (ECoG), which is hailed for providing superior
signal-to-noise ratios but with limited spatial coverage and small patient cohorts.
In this work, we investigate the transferability of EEG-FMs to ECoG-based de-
coding tasks. We propose an ECoG-to-EEG channel projection module and a
lightweight adaptation strategy to effectively update the pretrained FM backbone.
Benchmarking results demonstrate that our adapted EEG-FM outperforms con-
ventional ECoG decoders in extracting finger movement-related information from
low-frequency sampled ECoG signals (i.e., a sampling rate of 128 Hz). These
findings establish a new paradigm for intracranial brain-computer interfaces, sug-
gesting that cross-modality knowledge can be leveraged to improve neural decod-
ing of finger movements.

Track: Research

1 INTRODUCTION

Brain signals acquired through multiple synchronized sensors represent high-dimensional multivari-
ate time-series characterized by complex spatiotemporal dynamics. These signals offer immense
potential for automated sleep monitoring (Mousavi et al., 2019), clinical diagnostics (Tveit et al.,
2023; Mlinarič et al., 2026), and the development of Brain-Computer Interfaces (BCIs) (Benabid
et al., 2019; Ofner et al., 2019; Metzger et al., 2023). Electroencephalography (EEG) and electro-
corticography (ECoG) are two widely utilized modalities for recording neural activity across distinct
spatial scales.

The non-invasive nature of Electroencephalography (EEG) has enabled the modeling of massive,
diverse neural datasets, catalyzing a shift toward EEG Foundation Models (EEG-FMs) (Yao et al.,
2025). By leveraging self-supervised objectives on vast unlabelled repositories, these models have
begun to transcend the limitations of task-specific architectures by capturing robust, generalizable
neurophysiological signatures across a broad spectrum of downstream clinical and cognitive tasks
(Yang et al., 2023; Jiang et al., 2024; Wang et al., 2024). While EEG records macro-scale brain
dynamics, intracranial ECoG offers a high-fidelity mesoscale alternative characterized by superior
signal-to-noise ratios (SNR) and precise spatial localization (Schalk & Leuthardt, 2011). However,
the clinical necessity of invasive surgery and the high variability in electrode grid configurations
result in significant data sparsity and structural heterogeneity. These challenges have hindered the
development of a unified ECoG foundation model.

Can the representational performance of EEG-FMs be effectively transferred to ECoG-
based decoding tasks? Despite the shared neural origins of EEG and ECoG, the feasibility of
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Figure 1: Movement decoding from intracranial
brain signals. (a) ECoG electrodes (1 cm center-
to-center spacing) are placed over the sensorimo-
tor cortex. (b) We decode finger movement trajec-
tories from a lookback window of low-frequency
ECoG signals and compare adapted EEG founda-
tion models against diverse ECoG decoders. (c)
Exemplary trajectories (from Subject cc) show
that our adapted EEG fundation model outper-
forms the ECoG decoder in predicting flexion dy-
namics.

cross-modality transfer between non-invasive FMs
and invasive recordings remains unexplored (see Re-
lated Works Appendix A.1). In this work, we
present the first systematic investigation into re-
purposing EEG-FMs for ECoG applications.

We leverage ST-EEGFormer (Yang et al., 2026),
the winning architecture of the NeurIPS 2025 EEG
Foundation Challenge regression track1. With a
highly scalable design reaching 328.4M parame-
ters, this model provides a robust framework for in-
vestigating cross-modality transfer. To bridge the
ECoG-EEG modality gap, we propose a learnable
Coordinate-Latent Projector (CLP) that maps ECoG
electrode coordinates into the FM’s latent chan-
nel embedding space. Downstream adaptation uses
Low-Rank Adaptation (LoRA) (Hu et al., 2021). We
evaluate this framework on predicting finger move-
ment trajectories from ECoG recordings (Kubanek
et al., 2009). Given that high-frequency component
is unavailable in EEG, this study focuses on the ca-
pability of EEG-FMs to extract low-frequency rep-
resentations from 128 Hz-sampled ECoG signals.
We compare our adapted EEG-FMs to conventional
ECoG decoders (Figure 1). The key findings are as
below:

• The adapted EEG-FM significantly outperforms
conventional ECoG decoders in decoding finger
movements from low-frequency ECoG signals.

• Applying LoRA-based adaptation to population-
level data significantly enhances decoding per-
formance.

• Scaling the FM backbone does not yield trans-
fer gains, likely because of data scarcity of the
downstream ECoG tasks and adaptation strategy.

2 METHODS

2.1 TASK FORMULATION

Given a preprocessed ECoG segment Xt ∈ RC×T , where C denotes the channel count and T = 128
represents a 1-second lookback window at 128 Hz. The neural decoder f(·) maps the 1-second slid-
ing window of neural features Xt−1:t to the instantaneous finger positions Yt ∈ R5×1, enabling
continuous decoding of hand kinematics. We used the fingerflex dataset from the Stanford Human
ECoG Library (Miller, 2019), which contains ECoG recordings and synchronized digital glove data
from nine epilepsy patients performing self-paced, single finger flexion-extensions. During prepro-
cessing, ECoG signals were downsampled from 1,000 Hz to 128 Hz. The finger trajectories were
sampled at 25 Hz, which serves as the model’s prediction frequency. Further details on the dataset
and preprocessing pipeline are available in Appendix A.2.

2.2 COORDINATE-LATENT PROJECTOR

To bridge the gap between variable ECoG electrode configurations and fixed EEG latent spaces,
we propose the Coordinate-Latent Projector (CLP). This module maps 3D MNI coordinates
into a continuous embedding space through spatial affinity and residual refinement (Figure 2).

1EEG Challenge (2025): https://eeg2025.github.io
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Figure 2: Coordinate-Latent Projector.

Coordinate Encoding and Spatial Projection
Given C ECoG channels with coordinates P ∈ RC×3,
we first extract a shared spatial representation
H ∈ RC×128 using a two-layer MLP with GELU
activation. To align these channels with a pre-trained
EEG latent space, a linear projection transforms H
into an affinity matrix W ∈ RC×M , representing the
spatial correspondence between C ECoG channels and
M EEG latent anchors. The base ECoG embeddings
Ebase ∈ RC×D are then computed as:

Ebase = WEEEG (1)
where EEEG ∈ RM×D denotes the frozen EEG-FM po-
sitional embeddings.

Residual Refinement and Normalization While
Ebase captures global spatial alignment, it may overlook modality-specific ECoG characteristics.
We introduce a residual path Gθ that branches from the shared representation H to learn fine-grained
adjustments. This path consists of a MLP (Linear-GELU-Linear) that projects H directly to the em-
bedding dimension D. The final refined embeddings Erefined are obtained by aggregating the spatial
projection and the residual refinement, followed by Layer Normalization (LN):

Erefined = LN(Ebase + Gθ(H)) (2)
To ensure training stability, the final layer of Gθ is initialized to zero, allowing the module to initially
function as a pure spatial interpolator before gradually adapting to ECoG-specific features.

2.3 CROSS-SUBJECT ADAPTATION VIA PARAMETER-EFFICIENT FINE-TUNING

To overcome the inherent data scarcity in individual ECoG recordings, we aggregate training data
across all subjects (denoted as population-level training) to provide a robust dataset for adapting
the pre-trained ST-EEGFormer. To leverage the representational power of the model, we adopt a
parameter-efficient fine-tuning approach using LoRA. We integrate LoRA adapters into the final
n = 4 Transformer encoder layers, targeting the Query, Key, Value (Q,K, V ), and projection ma-
trices within the multi-head self-attention modules. During the adaptation phase, the pre-trained
ST-EEGFormer backbone remains frozen, with the exception of the LoRA layers. The CLP module,
LoRA adapters, and the downstream regression head are optimized jointly. Detailed hyperparameter
configurations are provided in Appendix A.5.

2.4 EVALUATION

We benchmarked the adapted EEG-FM against 23 conventional ECoG decoders. These baselines
were constructed by pairing three feature types—physiological, time-frequency, and raw time-
series—with an array of model architectures. Detailed specifications for feature extraction and
model implementations are provided in Appendicies A.3 and A.4, respectively. All decoders were
trained on the initial 400 seconds (or the first two-thirds) of the ECoG recordings and synchro-
nized finger trajectories, with the remaining data reserved for testing. Performance was evaluated
using the Pearson correlation coefficient (R) to assess linear tracking and the normalized Root Mean
Square Error (NRMSE) to quantify prediction error across all five fingers. Statistical significance of
decoder comparison was assessed using the Wilcoxon signed-rank test with a significance thresh-
old of α = 0.05. P-values were adjusted for multiple comparisons using the False Discovery Rate
(FDR) correction where applicable. Significance levels are denoted as follows: *** p < 0.001, **
p < 0.01, * p < 0.05, and n.s. for non-significant results.

3 RESULTS AND DISCUSSION

The adapted EEG-FM (ST-EEGFormer-s) achieved the highest overall performance, yielding a
Pearson correlation (R) of 0.4000±0.1398 (Table 1). This result significantly outperformed the top-
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Table 1: Comparison of decoders. Metrics are mean±std. Red:
Top ECoG decoder; Blue: Top EEG-FM; Bold: Overall best.
Per-finger results are provided in Appendix A.6.

Feature Type Model R ↑ NRMSE ↓

Physiological
(LMP, Band Power)

PLS 0.2520±0.1073 0.1743±0.0333

NPLS 0.1981±0.0989 0.2407±0.1193

HOPLS 0.1821±0.1215 0.1694±0.0351

RF 0.3056±0.1279 0.1632±0.0326

MLP 0.2722±0.1205 0.1649±0.0308

LSTM 0.2922±0.1367 0.1667±0.0318

CNN-LSTM 0.2011±0.1169 0.1774±0.0401

WaT 0.2465±0.1190 0.1836±0.0353

WaTFi 0.2746±0.1372 0.1729±0.0332

WaTEi 0.2453±0.1130 0.1782±0.0345

Time-Frequency
(5-60 Hz)

PLS 0.2673±0.1194 0.1690±0.0318

NPLS 0.2258±0.1338 0.1922±0.0531

HOPLS 0.2098±0.1258 0.1698±0.0360

RF 0.3137±0.1171 0.1634±0.0319

MLP 0.2594±0.1386 0.1646±0.0301

LSTM 0.2880±0.1379 0.1642±0.0297

CNN-LSTM 0.1918±0.1134 0.1642±0.0401

WaT 0.2415±0.1211 0.1808±0.0376

WaTFi 0.2555±0.1112 0.1722±0.0344

WaTEi 0.2578±0.1270 0.1735±0.0313

Raw Time-Series
(128 Hz)

EEGNet 0.2210±0.1341 0.1696±0.0339

HiLoFuseNet 0.3061±0.1865 0.1697±0.0368

Conformer 0.1700±0.1363 0.1756±0.0356

ST-EEGFormer-s 0.4000±0.1398 0.1608±0.0304

ST-EEGFormer-b 0.3931±0.1619 0.1634±0.0339

ST-EEGFormer-l 0.2865±0.1400 0.1760±0.0367

Figure 3: Comparison of the top EEG-FM
and the top ECoG decoder across (a) R and
(b) NRMSE. Data points (N = 45) represent
individual fingers across all 9 subjects.

Figure 4: Comparison of EEG-FM adapta-
tion strategies. Only non-significant (n.s.)
pairs are explicitly labeled.

performing conventional ECoG decoder (Random Forest using Time-Frequency features, R =
0.3137±0.1171; Figure 3a). Although the adapted EEG-FM also achieved the lowest error (NRMSE =
0.1608±0.0304), the performance gain was not statistically significant compared to the Random For-
est (RF) model using physiological features (NRMSE = 0.1632±0.0326; Figure 3b). Qualitative vi-
sualization (Figure 1c) highlights that conventional ECoG decoders (red, RF with Time-Frequency
features) typically track only the coarse, low-frequency trends of finger flexion. In contrast, the
adapted EEG-FM (blue, ST-EEGFormer-s) demonstrates a remarkable ability to predict intricate
finger flexion dynamics (detailed trajectory predictions are provided in Appendix A.7).

Interestingly, the smallest variant (ST-EEGFormer-s) consistently outperformed its larger counter-
parts, including the Base and Large versions (Table 1). There are two primary potential explanations
for these findings. First, the downstream adaptation employed LoRA parameters optimized specif-
ically for the Small version. Applying these same configurations to the Base and Large models
may have constrained their respective representational capacities. Second, given the relatively con-
strained scale of the fingerflex dataset, more compact FM backbones appear to be less susceptible to
overfitting, thereby facilitating more robust cross-modal generalization.

Regarding downstream adaptation strategies (Figure 4), population-level methods–including full
fine-tuning (Full FT), linear probing (Linear), and LoRA–significantly outperformed per-subject
adaptation. This disparity suggests that leveraging task-relevant data across subjects is essential for
stabilizing cross-modality transfer from EEG to ECoG. Furthermore, control experiments utilizing
randomly initialized EEG-FM positional embeddings (LoRA-CLP Scratch) and trainable parame-
ters (Full FT-Scratch) yielded markedly inferior decoding performance under identical training pro-
tocols. This performance gap underscores the critical role of pretrained representations in providing
a robust prior for intracranial decoding. Among various population-level methods, LoRA adapta-
tion achieved the highest mean correlation coefficient, though it did not significantly surpass full
fine-tuning (p > 0.05, denoted by n.s.). Notably, the relatively poor performance of linear probing
indicates that merely adjusting the CLP and regression head is insufficient. Updating the internal
weights of the pretrained EEG-FM is critical for bridging the domain gap between EEG and ECoG.

Finally, visualization of the ECoG-to-EEG spatial projections (weighting vectors from the affinity
matrix W) reveals that the learned spatial weights exhibit a distributed global attention pattern rather
than a strictly localized anatomical alignment (Figure A.3).
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4 CONCLUSION

We demonstrate for the first time that EEG foundation models can be adapted for predicting contin-
uous finger movements from intracranial ECoG signals, and even outperform conventional ECoG
decoders using low-frequency features. Future research will aim to generalize these findings across
a broader range of behavioral tasks and evaluate the model’s performance with high-density brain
recordings and high-frequency information to further enhance decoding performance.
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A APPENDIX

A.1 RELATED WORKS

While EEG-FMs have yet to be applied to ECoG-based tasks, Peterson et al. (2021) have explored
the cross-modality generalization of supervised neural decoders between EEG and ECoG. Their ap-
proach involves mapping electrode positions to localized, predefined brain regions to account for
variations in electrode placement across subjects and modalities. Notably, they demonstrated that
fine-tuning a pre-trained decoder with data from the unseen modality allows performance to ap-
proach that of decoders specifically tailored for that modality (Peterson et al., 2021). However,
these findings are restricted to binary movement detection, which fails to capture the complex be-
haviors that ECoG signals are capable of decoding. To date, ECoG research has primarily relied
on hand-crafted features—such as physiological features (Faes et al., 2022; Yao et al., 2022) or
time-frequency features (Lorach et al., 2023; Ferdinand et al., 2025)—which have frequently outper-
formed end-to-end deep learning models in decoding performance (Śliwowski et al., 2022). Unlike
EEG, ECoG offers broader bandwidth; in particular, the high-gamma band (60–200 Hz) provides
the most critical information for decoding (Volkova et al., 2019; Merino et al., 2023).

A.2 DATASET AND PREPROCESSING DETAILS

The Stanford fingerflex dataset (Miller, 2019) contains recordings from nine epilepsy patients im-
planted with subdural ECoG grids (4 mm diameter, 1 cm pitch) across various cortical regions2.
Participants performed self-paced flexion-extension of individual fingers in response to visual cues.
Each finger was tested in 30 interleaved trials, consisting of 2 seconds of movement (typically 2–5
flexions) followed by 2 seconds of rest. ECoG signals (band-pass filtered at 0.3–200 Hz) and finger
trajectories (recorded via a digital glove) were sampled at 1000 Hz and 25 Hz, respectively.

Continuous ECoG signals were first processed with a one-pass, 3rd-order Butterworth IIR band-
stop filter to eliminate 60 Hz power line interference and its harmonics (120 Hz, 180 Hz). Following
visual inspection to exclude abnormal channels (see Table A.1), the signals underwent Common
Average Referencing (CAR). All preprocessing steps were strictly causal to ensure compatibility
with real-time applications. To align the modalities, we compensated for a 40 ms instrumental
latency between the ECoG signals and glove trajectories. Data were partitioned chronologically in
line with (Lin et al., 2025; Sun et al., 2025): for recordings exceeding 600 seconds, the first 400
seconds served as the training set; otherwise, a 2:1 training-to-testing split was applied (see Table
A.1).

Training and testing samples were generated using a sliding window approach; a 1-second lookback
window preceded the movement trajectory to maintain causality, with a 40 ms stride to match the
25 Hz glove sampling rate. Each 1-second ECoG segment was downsampled to 128 Hz following
anti-aliasing filtration to align with the input of the ST-EEGFormer.

A.3 FEATURE EXTRACTION

Physiological features Each ECoG segment was decomposed into six frequency bands: delta (1–4
Hz), theta (4–8 Hz), alpha (8–12 Hz), beta1 (12–24 Hz), beta2 (24–34 Hz), and gamma1 (34–60 Hz)
using a 4th-order Butterworth IIR filter. For each band, we calculate the log-transformed average
power within moving sub-windows to reduce the sampling rate to 16 Hz. Additionally, we extract
the Local Motor Potential (LMP) by applying a uniform moving average filter (window sized 8, at
a 128 Hz sampling rate) to the raw signal, capturing the low-frequency fluctuations. In the end, the
1-second ECoG segment results in a feature tensor sized C × 16× 7.

2Ethics statement: All patients participated in a purely voluntary manner, after providing informed writ-
ten consent, under experimental protocols approved by the Institutional Review Board of the University of
Washington (#12193). All patient data was anonymized according to IRB protocol, in accordance with HIPAA
mandate. These data originally appeared in the manuscript “Human Motor Cortical Activity Is Selectively
Phase- Entrained on Underlying Rhythms” published in PLoS Computational Biology in 2012 (Miller et al.,
2012)
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Table A.1: Summary of ECoG Datasets Across Subjects

Subject Channels Train Duration (s) Test Duration (s)
1 (bp) 46 400 ≈ 210
2 (cc) 63 400 ≈ 210
3 (ht) 64 400 ≈ 210
4 (jc) 47 ≈ 353 ≈ 176
5 (jp) 55a ≈ 310 ≈ 155
6 (mv) 42b ≈ 118 ≈ 59
7 (wc) 64 400 ≈ 210
8 (wm) 38 ≈ 296 ≈ 148
9 (zt) 61 400 ≈ 210
a Excludes channels 31, 32, and 37. b Excludes channel 40.

Time-Frequency Features Each ECoG segment was transformed by the Morlet Wavelet. We
defined a bank of 10 frequencies linearly spaced between 5 Hz and 60 Hz. The number of cycles for
the mother wavelet is scaled relative to the frequency to optimize the trade-off between temporal and
spectral resolution. The resulting scalograms are downsampled to 16 Hz via mean aggregation and
log-transformed (10 · log10) to stabilize variance. In the end, the 1-second ECoG segment results in
a feature tensor sized C × 16× 10.

Raw Time-Series The raw ECoG time-series (sized C×128) is preserved without manual feature
engineering.

A.4 DETAILS OF ECOG DECODER IMPLEMENTATION

The ECoG regression model selection spanned linear estimators to tailored neural architectures, in-
cluding: (1) Linear & Ensemble Models: Partial Least Squares (PLS), N-Way PLS (NPLS) (Eliseyev
& Aksenova, 2016), Higher Order PLS (HOPLS) (Zhao et al., 2012), and Random Forest (RF) (Lin
et al., 2025). (2) Deep Learning Architectures: Multilayer Perceptron (MLP), Long Short-Term
Memory (LSTM), EEGNet (Lawhern et al., 2018), CNN-LSTM (Lin et al., 2025), and HiLoFuseNet
(Sun et al., 2025). (3) Transformers: Conformer (Song et al., 2022) and Wavelet Transformers (WaT,
WaTFi, WaTEi) (Ferdinand et al., 2025).

Given a raw ECoG segment sampled at 128 Hz with dimensions C × T , we perform feature ex-
traction to generate a spectral-temporal tensor of size C × T ′ × F ′. Specifically, for physiological
features, the reduced temporal dimension is T ′ = 16 with F ′ = 7 frequency components. For
time-frequency features, the spectral dimension is increased to F ′ = 10. Detailed input formats and
hyperparameter configurations for each ECoG decoder are provided in Table A.2.

For neural network training, we utilize the Adam optimizer with a constant learning rate of 10−3 and
a mean squared error (MSE) loss function. The training process is governed by an early stopping
criterion with a patience of 10 epochs, monitored on a validation set comprising the final 10% of
the training data (partitioned chronologically). Training is conducted for a maximum of 100 epochs
with a batch size of 128. To ensure reproducibility across all experiments, the random seed is fixed
to 42.

A.5 DETAILS OF DOWNSTREAM ADAPTATION STRATEGY

The pre-trained ST-EEGFormer has three parameter-scaled configurations: small (32.7M), base
(110.9M), and large (328.4M). To evaluate the transferability of the pre-trained ST-EEGFormer, we
conducted a systematic investigation of various downstream adaptation strategies using the compact
variant, ST-EEGFormer-s. These strategies range from per-subject LoRA adaptation to population-
level linear probing, LoRA adaptation, and full-parameter fine-tuning.

Furthermore, to quantify the specific contribution of EEG-FM pre-training, we included two ablation
baselines where the FM weights were randomly initialized: (i) a full fine-tuning from scratch variant
to assess the gain over a non-pre-trained backbone, and (ii) a CLP-ablation variant to isolate the
impact of the pre-trained EEG-channel positional embeddings. Detailed trainable parameter counts
and architectural configurations for each strategy are summarized in Table A.3.
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Table A.2: Hyperparameter Configurations of ECoG Decoders

Model Input Format Configuration Details
PLS C × T ′ × F ′ Latent components: [1, 30].

NPLS C × T ′ × F ′ Latent components: [1, 30].
HOPLS C × T ′ × F ′ Latent components: [1, 30]; Decomposition rank: [1, 20].

RF C × T ′ × F ′ nestimators = 200; max depth ∈ {10, 20, None}; min samples leaf ∈
{2, 5, 10}; max features = ’sqrt’.

MLP C × T ′ × F ′ 3-layer MLP; dhidden = 256; pdropout = 0.5.
LSTM T ′ × (C · F ′) 1-layer LSTM (dh = 256); 2-layer MLP (dh = 128); pdropout = 0.5.

CNN-LSTM C × T ′ × F ′ Architecture follows (Lin et al., 2025); pdropout = 0.5.
WaT T ′ × (C · F ′) Architecture follows (Ferdinand et al., 2025); 2-layer Transformer; nhead = 4;

dmodel = 32.
WaTFi T ′ × C Architecture follows (Ferdinand et al., 2025); Frequency-independent; 2-layer Trans-

former; nhead = 4; dmodel = 16.
WaTEi T ′ × F ′ Architecture follows (Ferdinand et al., 2025); Electrode-independent; 2-layer Trans-

former; nhead = 4; dmodel = 16.
EEGNet C × T Architecture follows (Lawhern et al., 2018); pdropout = 0.5.

HiLoFuseNet C × T Architecture follows (Sun et al., 2025). Only keeping the low-frequency branch.
Conformer C × T Architecture follows (Song et al., 2022); L = 4; nhead = 4.

To further train those foundation models, we utilize the AdamW optimizer with a 10-epoch warm-up
period followed by cosine annealing, minimizing the mean squared error (MSE) loss. The training
process is governed by an early stopping criterion with a patience of 30 epochs, monitored on a
validation set comprising the final 10% of the training data (partitioned chronologically). All exper-
iments maintain a batch size of 128 and a fixed random seed of 42 for reproducibility. For linear
probing, training runs for 200 epochs with a learning rate of 3× 10−3. For LoRA fine-tuning (rank
r = 4, dropout 0.2, α = 16), we train for 100 epochs using a learning rate of 3 × 10−3 for small
and base models, while large models use 3 × 10−4 to ensure stability. Finally, full fine-tuning is
conducted for 100 epochs with a learning rate of 3× 10−4.

Table A.3: Downstream Adaptation Strategies and Parameter Details

Strategy Cross-Subj. Params Description
Per-Subject (LoRA) ✗ 0.179M Updates CLP, regression head, and LoRA adapters in the last 4

encoder layers.
Population (Full FT) ✓ 25.938M Full fine-tuning of all parameters (backbone, CLP, and regression

head).
Population (Linear) ✓ 0.121M Trains CLP and regression head only; backbone remains frozen.
Population (LoRA) ✓ 0.179M Updates CLP, regression head, and LoRA adapters in the last 4

encoder layers.

Ablation Variants
Population (Full FT–Scratch) ✓ 25.938M Full fine-tuning of all components using random initialization.

Population (LoRA–CLP Scratch) ✓ 0.179M Re-initializes CLP positional embeddings randomly; updates CLP,
head, and LoRA adapters.

A.6 DETAILED FINGER MOVEMENT DECODING RESULTS

Detailed per-finger decoding results (R) for the five representative decoders—RF (Time-Frequency),
HiLoFuseNet, and the three ST-EEGFormer variants—are summarized in Table A.4. While the
adapted ST-EEGFormer-s achieved the highest overall performance (R = 0.3889±0.1500), individual
subject analysis reveals nuanced results. For instance, HiLoFuseNet and RF outperformed the EEG-
FM in specific subjects, such as Subjects 3, 4 (HiLoFuseNet) and Subject 5, 8 (RF), respectively.

A.7 VISUALIZATION OF PREDICTED MOVEMENT TRAJECTORIES

Representative trajectory predictions for Subject cc (the top-performing subject according to Table
A.4) are provided in Figure A.1, extending the exemplary results shown in Figure 1c. To further
validate the superiority of the adapted EEG-FM (ST-EEGFormer-s), an additional baseline, HiLo-
FuseNet, is included for a more comprehensive comparison. These findings provide complementary
evidence to the primary results, demonstrating that neural-network-based decoders—specifically
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Table A.4: Regression performance (R) comparison of different decoders (mean±std)

Subject Finger RF HiLoFuseNet ST-EEGFormer-l ST-EEGFormer-b ST-EEGFormer-s

1
(bp)

Thumb 0.3321 0.5651 0.4602 0.5028 0.3831
Index 0.2079 0.5284 0.3651 0.5373 0.4687
Middle 0.1122 0.4090 0.4699 0.4612 0.4093
Ring 0.3673 0.5740 0.4286 0.6022 0.6055
Little 0.2760 0.2985 0.3377 0.3702 0.3806
Average 0.2591 0.4750 0.4123 0.4947 0.4494

2
(cc)

Thumb 0.4402 0.6587 0.3799 0.6979 0.6674
Index 0.3851 0.5545 0.4347 0.5010 0.4589
Middle 0.3136 0.4903 0.3451 0.4961 0.4666
Ring 0.3910 0.5684 0.5034 0.6084 0.6022
Little 0.4269 0.5586 0.5580 0.6161 0.5326
Average 0.3914 0.5661 0.4442 0.5839 0.5455

3
(ht)

Thumb 0.2353 0.2196 0.1568 0.2643 0.1937
Index 0.3075 0.4294 0.3031 0.3446 0.3396
Middle 0.1037 0.1665 0.0104 0.0865 0.0624
Ring 0.3032 0.4562 0.3163 0.4185 0.3930
Little 0.2885 0.3908 0.2272 0.2426 0.3274
Average 0.2477 0.3325 0.2027 0.2713 0.2632

4
(jc)

Thumb 0.3194 0.6130 0.3967 0.4613 0.5306
Index 0.2764 0.5582 0.4056 0.4523 0.5205
Middle 0.1986 0.1825 0.1999 0.2177 0.2453
Ring 0.3076 0.4542 0.2937 0.4579 0.4589
Little 0.2415 0.5136 0.2791 0.3678 0.3676
Average 0.2687 0.4643 0.3150 0.3914 0.4246

5
(jp)

Thumb 0.6819 0.0369 0.4857 0.5367 0.5691
Index 0.4527 0.2387 0.3705 0.4889 0.4881
Middle 0.1699 0.1030 0.1374 0.1524 0.1474
Ring 0.4339 0.2781 0.3265 0.4248 0.4474
Little 0.3191 -0.0385 0.3053 0.3773 0.3678
Average 0.4115 0.1236 0.3251 0.3960 0.4040

6
(mv)

Thumb 0.1742 0.2340 0.1857 0.4709 0.4065
Index 0.5354 0.2163 0.4816 0.6040 0.5315
Middle 0.2672 0.1241 0.0728 0.3314 0.3455
Ring 0.3691 0.2085 0.3213 0.5206 0.5317
Little 0.4181 0.1416 0.3897 0.6437 0.6077
Average 0.3528 0.1849 0.2902 0.5141 0.4846

7
(wc)

Thumb 0.3533 0.3160 0.2449 0.4026 0.4221
Index 0.4112 0.3253 0.2187 0.4755 0.5435
Middle 0.1782 0.2768 0.2572 0.3516 0.3670
Ring 0.2515 0.2656 0.0772 0.1706 0.3249
Little 0.2209 0.0756 0.1521 0.2007 0.2593
Average 0.2830 0.2519 0.1900 0.3202 0.3834

8
(wm)

Thumb 0.3680 0.0799 0.0139 0.1359 0.3757
Index 0.1271 0.1092 0.0876 0.0747 0.1320
Middle 0.1727 0.2481 0.1385 0.2558 0.1938
Ring 0.4014 0.0244 0.1421 0.2367 0.2989
Little 0.1154 0.0154 0.0007 -0.0136 0.1154
Average 0.2369 0.0954 0.0766 0.1379 0.2232

9
(zt)

Thumb 0.4268 0.3982 0.4110 0.3778 0.2878
Index 0.3573 0.1392 0.2982 0.4374 0.4534
Middle 0.3410 0.1506 0.3080 0.4618 0.4695
Ring 0.4261 0.3759 0.3312 0.4704 0.4981
Little 0.3079 0.2417 0.2629 0.3935 0.4026
Average 0.3718 0.2611 0.3223 0.4282 0.4223

Grand Average 0.3137±0.1171 0.3061±0.1865 0.2865±0.1400 0.3931±0.1619 0.4000±0.1398

p-Value *** * *** n.s. -

Asterisks indicate the significance level (with FDR correction) between the ST-EEGFormer-s and counterparts.

the adapted EEG-FM—capture more flexion dynamics than traditional machine learning models
like RF.
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We next compared the adapted EEG-FM to the state-of-the-art (SOTA) decoder, HiLoFuseNet (Sun
et al., 2025), which leverages both low-frequency signals and high-gamma activity (70–200 Hz). As
shown in Figure A.2, although the adapted EEG-FM yields lower overall performance metrics com-
pared to the SOTA decoder, it exhibits a remarkable ability to track the complex temporal dynamics
and flexion trends of all five fingers. Specifically, the EEG-FM closely mirrors the ground-truth
trajectories during movement onset and peak transitions, even without access to the information-
rich high-gamma band—a component widely considered critical for precise intracranial decoding.
The remaining performance gap, particularly in terms of peak magnitude estimation and baseline
noise suppression, likely stems from the absence of these high-frequency features in our current
model input. Nevertheless, these results underscore the efficacy of cross-modality transfer, sug-
gesting that large-scale pre-training allows the model to extract significant motor information from
low-frequency representations alone.

Figure A.1: Comparison of movement trajectory predictions for Subject cc. The adapted EEG-FM (ST-
EEGFormer-s) is benchmarked against conventional ECoG decoders RF (time-frequency features) and HiLo-
FuseNet.

A.8 VISUALIZATION OF ECOG-TO-EEG SPATIAL PROJECTIONS

Figure A.3 visualizes the learned spatial weights of the CLP module, which define the mapping
from scalp EEG channels to intracranial ECoG electrodes. Subjects cc and mv were selected for
visualization as they exhibited the highest decoding performance across the cohort, as detailed in
Table A.4. Each topomap represents a weighting vector from the affinity matrix W, illustrating how
information from the EEG cap converges to represent a specific ECoG electrode. Unexpectedly, the
learned spatial weights exhibit a distributed global projection pattern rather than a strictly localized
anatomical alignment. For instance, projections for the M1 electrode (Subjects cc) incorporate
contributions from across the scalp. However, more investigation is needed to interprete the findings.

12



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

Figure A.2: Comparison of movement trajectory predictions for Subject cc. The adapted EEG-FM (ST-
EEGFormer-s) is benchmarked against the SOTA ECoG decoder.

Figure A.3: Spatial projection weights for representative ECoG electrodes in Subjects cc and mv. The brain
plots (left) indicate the anatomical sites of the ECoG electrodes, while the topomaps (right) show the corre-
sponding EEG weight distributions from the learned matrix W.
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