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ABSTRACT

Generic time-series foundation models (TS FMs) are now trained on large-scale
collections of heterogeneous time series, but whether this broad pre-training actu-
ally helps in specialized domains remains an open question. We take EEG classifi-
cation as a case study, benchmarking two generic TS FMs—Mantis (~8M param-
eters) and MOMENT (>300M)—on four public EEG datasets (TUEV, FACED,
BCI-1V-2A, and Error) under linear probing and fine-tuning, and comparing them
against EEG foundation models and classic neural baselines. Fine-tuning often
matches EEG-specific models, while linear probing transfers poorly. Interestingly,
randomly initialized Mantis performs comparably to its pre-trained version, sug-
gesting that its architecture, rather than pre-training, may be driving much of its
performance. These results illustrate both the promise and the limits of generic
TS FMs for specialized domains.

Track: Research

1 INTRODUCTION

Electroencephalography (EEG) is a non-invasive brain recording technique widely used in brain—
computer interfaces (BCls). Yet EEG datasets are often small, differ in channel layouts, and exhibit
strong subject/session variability. These factors limit the reliability of conventional deep learning
models and frequently require task-specific training.

Motivated by the success of large-scale pre-training in vision and language, recent work has ex-
plored EEG FMs. Approaches such as BENDR (Kostas et al.| [2021), BIOT (Yang et al., [2023),
and LaBraM (Jiang et al.| 2024) show that self-supervised pre-training can help, although gains
over classical decoders are sometimes modest. Most EEG-specific models design pre-training tasks
tailored to neural signals (e.g., reconstructing spectral structure in LaBraM), or with architectures
adapted to multichannel inputs (e.g., spatial CNN in CBraMod (Wang et al., [2025)).

In parallel, a growing family of generic TS FMs, such as TimesFM (Das et all [2024),
Chronos (Ansari et al., 2024), UniTS (Gao et al., 2024}, Mantis (Feofanov et al., 2025), MO-
MENT (Goswami et al.| [2024)), have demonstrated strong cross-domain results on forecasting and
classification. Some of these models appear to transfer to EEG as well: Mantis, pre-trained mostly
on non-neural time series, was shown to outperform EEGNet and CBraMod on motor imagery and
sleep staging (Gnassounou et al., [2025). However, direct comparisons with EEG-specific foun-
dation models on challenging BCI tasks are still rare. Recent EEG FM benchmarks (Yang et al.,
2026; Xiong et al., 2026 [Liu et al., |2026) report that fine-tuned foundation models work well in
population-level settings but show diminishing returns under leave-one-out or low-data regimes,
with linear probing consistently weak. An important question remains: when a generic TS FM does
well on EEG, is it because of what it learned during pre-training, or because of its architecture?
These open questions motivate a closer look at how well generalist models actually transfer to EEG.

*Equal contribution and shared correspondence.



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

In this work, we evaluate Mantis and MOMENT on four public EEG datasets: TUEV (6-class event
classification) (Obeid & Piconel [2016), FACED (9-class emotion recognition) (Chen et al., |2023)),
BCI-IV-2A (4-class motor imagery) (Tangermann et al.| 2012)), and Error (error-related negativ-
ity) (Kueper et al., 2024). Following recent EEG FM benchmarks, we test cross-subject decoding
on TUEV and FACED and compare population-level decoding with leave-one-out fine-tuning on
BCI-IV-2A and Error. Complementing EEG-specific FM benchmarks (Yang et al.l 2026), we focus
on cross-domain transfer from generic TS FMs and include a random-initialization ablation to sep-
arate the effects of architecture and pre-training. We ask: (1) how well do generic TS FMs transfer
to EEG, (2) is linear probing sufficient, (3) when does fine-tuning provide consistent gains, and (4)
does Mantis’s competitiveness stem from its pre-trained representations or its architecture?

2 METHODOLOGY

2.1 BENCHMARK MODELS

Classic EEG Neural Network Models We benchmarked two well-established convolutional neu-
ral network (CNN)-based EEG decoders: DeepConvNet (Schirrmeister et al., |2017) and EEG-
Net (Lawhern et al.,2018). Additionally, we included more recent, transformer-based architectures,
EEG Conformer (Song et al.,[2023)) and CTNet (Zhao et al., 2024)), which have demonstrated state-
of-the-art performance yet remain computationally simpler compared to larger foundation models.

EEG Foundation Models For all benchmark datasets, we evaluated a range of EEG FMs, in-
cluding BENDR (Kostas et al.l |2021), BIOT (Yang et al. 2023), LaBraM (Jiang et al.| |2024),
EEGPT (Wang et al} 2024), CBraMod (Wang et al.l |2025), and ST-EEGFormer (Yang et al.,
2026). ST-EEGFormer is available in three capacity variants: small (ST-EEGFormer-s), base (ST-
EEGFormer-b), and large (ST-EEGFormer-1), which share the same spatio-temporal transformer
design but differ in width/depth and parameter count to trade off accuracy and compute. For all
foundation models, we evaluated both linear probing and fine-tuning performance.

Time-Series Foundation Models We benchmarked Mantis (Feofanov et al.,[2025), a lightweight
contrastive model (~8M parameters) pre-trained on ~7M time series with a small fraction of
EEG data (SleepEEG and Epilepsy), and MOMENT (Goswami et al., [2024), a large masked-
reconstruction transformer (>300M parameters). We additionally evaluated a randomly initialized
Mantis (same architecture, no pre-trained weights) to disentangle the contributions of architecture
and pre-training. A summary of model parameters can be found in Table

2.2 EXPERIMENTAL SETUP
Table 1: Model parameter counts (BCI-IV-2A).

We consider three evaluation settings.
Population decoding (BCI-IV-2A, Error) Model Scratch Fine-tune Linear-prob
pools training data from all subjects to
learn a single model, which is then eval-

Classic neural networks

. EEGNet 5.8K - -
uated separately on each subject. Leave- DeepConvNet 0.28M _ _
one-subject-out (LOO; BCI-IV-2A, Er- Conformer 1.5M _ -
ror) trains the population model on all but CTNet 0.15M _ _
one held-out subject and reports its perfor- EEG foundation models
mance on the held-out subject (LOO zero- BENDR - 3.9M 229K
shot). We then fine-tune the same model BIOT - 3.1M 1.4K
on the held-out subject and re-evaluate it ~ LaBraM - 5.8M 0.8K
(LOO fine-tune); the change in perfor-  EEGPT - 253M 34.3K
mance on the non-held-out subjects af- g’?gg[(?gormers - ;giﬁ ]42%)1\12
alization drop.  Crosssubject s STEEGFomerb  — $53M 30K
tion (TUEYV, FACED) follows the standard Time-series Joundation models : :
zero-shot protocol used in prior work. MOMENT — 341oM 71K

Mantis - 8.1M 22.5K

For all tasks, we report top-1 accuracy
(Accl), top-2 accuracy (Acc2), balanced
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Figure 1: Per-dataset balanced-accuracy breakdown and cross-model comparisons. (a—d) Per-
subject balanced accuracy on TUEV, FACED, BCI-IV-2A, and Error. TUEV and FACED use cross-
subject evaluation, while BCI-IV-2A and Error report population decoding results. Models are
grouped into classic neural-network decoders and EEG FMs, where (f) and (/) denote fine-tuning
and linear probing, respectively; we compare against the generalist TS FMs Mantis and MOMENT
under the same training regimes. Each dot corresponds to a subject and the red dot denotes the mean.
(e) Aggregated accuracy across foundation models under linear probing vs. fine-tuning, where * in-
dicates significance using the Wilcoxon signed-rank test with p < 0.05.

accuracy (BAcc), AUC, and Cohen’s k. A more detailed description of the training setup can be
found in the Appendix.

3 RESULTS AND DISCUSSION

We summarize the main findings in Figure [T] and Figure 2] Full metric tables are provided in the
Appendix. We organize the discussion around four questions.

(1) How well do generic TS FMs transfer to EEG? Across datasets and evaluation protocols,
the TS FMs are competitive, but they do not generally dominate. In particular, fine-tuned Mantis
consistently performs in the upper tier, whereas fine-tuned MOMENT tends to lag behind most fine-
tuned EEG FMs. The rank-based summary and significance testing in Figure [I[e) further support
this: Mantis is among the stronger generalist baselines after fine-tuning, while MOMENT is often
significantly worse than the best-performing EEG FMs.

(2) Is linear probing sufficient? Linear probing is consistently weaker than end-to-end fine-
tuning for both EEG FMs and TS FMs. Figure [T{e) shows a clear aggregate advantage for fine-
tuning over linear probing, indicating that the representations learned during pre-training are not
directly applicable to downstream EEG tasks and typically require task-specific adaptation.

(3) When does fine-tuning provide consistent gains? Fine-tuning generally improves perfor-
mance on the target subject/task, but the magnitude of the gain depends on the dataset and evaluation
setting. In population or cross-subject decoding, fine-tuned foundation models can match or exceed
classic neural network decoders trained from scratch on some datasets. For example, Mantis and
MOMENT have higher average performance than classic neural network decoders on TUEYV, but
not on the others, especially on BCI-IV-2A, where both Mantis and MOMENT show much lower
decoding performance than classic neural network decoders and the average of the EEG FMs. The
LOO analysis in Figure 2] highlights an additional trade-off: adapting to the held-out subject can in-
duce a generalization drop on the previously seen training subjects. Compared with scratch-trained
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Figure 2: Leave-one-subject-out fine-tuning analysis. (a) BCI-IV-2A leave-one-subject-out
(LOO) fine-tuning results. (b) Error dataset LOO fine-tuning results. From left to right, we show
the zero-shot decoding results on the held-out (LOO) subject, the performance after fine-tuning on
that held-out subject, and the generalization drop on the seen training subjects (before vs. after fine-
tuning).

models, foundation models often show smaller drops, suggesting that pre-training yields represen-
tations that are more stable under subject-specific adaptation (i.e., less catastrophic forgetting).

(4) Comparing Mantis and MOMENT, and the role of pre-training. Despite having far fewer
parameters, Mantis outperforms MOMENT under both linear probing and fine-tuning in our bench-
marks. To examine the role of pre-training more directly, we fine-tuned a randomly initialized
Mantis with the same architecture on all four datasets. The pattern is informative. On BCI-IV-2A,
the randomly initialized model outperforms the pre-trained model in population decoding (balanced
accuracy p<0.01, AUC p<0.05, paired Wilcoxon test), whereas on TUEV and FACED the two
perform similarly (p>0.5). By contrast, on Error, pre-training provides a modest but significant
advantage in the leave-one-out fine-tuning setting (Cohen’s x 0.971 vs. 0.936, p<0.01). Overall,
these findings suggest that Mantis’s EEG performance is driven more by its architecture than by its
pre-trained representations. Consistent with this interpretation, CTNet, a much smaller model with
only 0.15M parameters trained from scratch, still outperforms both TS FMs on BCI-IV-2A. This ob-
servation underscores that model scale alone does not guarantee better transfer when the architecture
is not well matched to the task. Full results are reported in Table[I2]in the Appendix.

4 CONCLUSION

This work evaluated whether generic TS FMs can transfer to EEG classification across four public
datasets and multiple evaluation protocols. Overall, our results indicate that using TS FMs for EEG
decoding is feasible: after end-to-end adaptation, models such as Mantis can reach competitive
performance and sometimes match or surpass EEG-specific baselines.

However, linear probing is consistently weak across datasets, suggesting that off-the-shelf TS FM
representations are not directly applicable to downstream EEG tasks and typically require task-
specific adaptation. Moreover, even after fine-tuning, TS FMs are often not the top-performing
approach and can lag behind small, task-trained neural networks, highlighting a remaining gap be-
tween current generic TS FMs and the requirements of robust EEG decoding.
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Taken together, these findings suggest that domain-specific EEG FMs remain important in the near
term. From a representation-learning perspective, this is plausible: generic TS FMs are trained to
capture structure that transfers across many time-series domains, whereas EEG decoding may addi-
tionally require representations that are more closely aligned with domain-specific signal character-
istics. The random-initialization results are consistent with this interpretation: in our benchmarks,
architectural choices can matter as much as, or more than, generic pre-training, and the benefits of
pre-training are not uniform across datasets. At the same time, the strong performance of Mantis—
even without pre-training—suggests that lightweight architectures provide a promising starting point
for EEG decoding.

Limitations and future work. This study has several limitations. First, we evaluate only two
generic TS FMs, so it remains unclear how broadly our conclusions extend to other general-purpose
time-series models such as TimesFM, Chronos, Timer, or UniTS. Second, our analysis is primarily
performance-based and does not directly compare the representations learned by generic TS FMs
and EEG-specific FMs. A more detailed representational analysis could help clarify whether the ob-
served performance gap reflects differences in the features encoded before adaptation or differences
in how readily those features can be adapted to EEG tasks.

Several directions follow from this. An immediate next step is to expand the benchmark to a broader
set of generic TS FMs and EEG datasets, including settings with stronger domain shift and lower
data availability. It would also be valuable to characterize learned representations more directly, for
example through probing analyses, cross-model similarity measures, or frequency-aware evaluations
that test sensitivity to EEG-relevant signal structure. Another promising direction is to investigate
intermediate adaptation strategies, such as continued pre-training on unlabeled EEG, which may
help bridge the gap between generic pre-training and domain-specific decoding. More broadly, an
important goal is to develop stronger EEG representations that can consistently outperform com-
pact task-specific models such as CTNet, rather than merely approaching their performance with
substantially larger models.
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A APPENDIX

A.1 DATA PRE-PROCESSING

We apply minimal, standardized pre-processing across all datasets to improve comparability while
preserving the raw signal characteristics. We band-pass filter EEG signals between 0.1 and 128 Hz
and apply a notch filter at the local power-line frequency using the mne . £ilter module. We then
downsample all datasets to a common baseline of 256 Hz to match EEGPT (which operates natively
at 256 Hz). For foundation models that require lower sampling rates, we additionally resample the
data on the fly using mne . resample and then apply each model’s default normalization. For the
TS FMs, we follow ST-EEGFormer and use a sampling rate of 128 Hz.

A.2 MODEL TRAINING

All experiments were run on an HPC cluster with NVIDIA H100 GPUs. We consider two standard
adaptation strategies for foundation models: linear probing and end-to-end fine-tuning. For linear
probing, we freeze the pre-trained backbone and train only a lightweight classification head, which
assesses the quality of the learned representations. For fine-tuning, we jointly update all parameters
(backbone and head) to adapt the representation to the downstream dataset.

Unless otherwise stated, we follow the training protocol of the EEG benchmark study (Yang et al.,
2026), using the AdamW optimizer, a cosine decay learning-rate schedule, and 10 warmup epochs.
For Mantis, we adopt the fine-tuning strategy of (Gnassounou et al., [2025): we concatenate tokens
across EEG channels and fine-tune with a small backbone learning rate (3

times10~%) for up to 50 epochs. For MOMENT, we use a multichannel adapter as recommended
for multivariate time series and train with the same overall procedure as Mantis.

A.3 BENCHMARK RESULTS
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Table 2: FACED dataset results (all metrics as fractions; mean + standard deviation). Best results

are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

CTNet Scratch 0.206 + 0.075 0.313 £ 0.075 0.294 £ 0.067 0.732 £ 0.051
DeepConvNet Scratch 0.239 £ 0.100 0.340 £ 0.093 0.325 £ 0.089 0.769 £ 0.063
EEGNet Scratch 0.216 + 0.062 0.305 + 0.058 0.301 £0.053 0.732 £ 0.052
Conformer Scratch 0.328 -0.094 0.416 +0.090 0.405+0.085 0.771+0.061
EEG foundation models

BENDR Fine-tune 0.242 + 0.083 0.333 & 0.082 0.326 £0.073 0.728 £ 0.056
BENDR Linear Probe  0.079 £ 0.038 0.187 + 0.034 0.181 £ 0.032 0.596 + 0.028
BIOT Fine-tune 0.078 & 0.045 0.186 + 0.042 0.181 £ 0.041 0.580 £ 0.029
BIOT Linear Probe  0.075 £ 0.038 0.193 + 0.046 0.178 £ 0.032 0.612+0.044
CBraMod Fine-tune 0.282 + 0.094 0.361 + 0.087 0.363 £ 0.084 0.751 £ 0.060
CBraMod Linear Probe  0.110 = 0.038 0.205 + 0.040 0.212 £ 0.035 0.654 £+ 0.040
EEGPT Fine-tune 0.100 % 0.046 0.206 + 0.042 0.200 £ 0.040 0.627 £ 0.039
EEGPT Linear Probe  0.185 + 0.061 0.279 + 0.056 0.275 £ 0.055 0.707 £0.047
LaBraM Fine-tune 0.143 £ 0.051 0.233 + 0.045 0.239 £ 0.045 0.645 £ 0.044
LaBraM Linear Probe  0.031 £ 0.034 0.153 + 0.043 0.137 £ 0.029 0.582 +0.034
ST-EEGFormer-s  Fine-tune 0.170 +0.075 0.269 + 0.073 0.264 £ 0.067 0.675 £ 0.058
ST-EEGFormer-s  Linear Probe  0.063 4= 0.035 0.172 + 0.044 0.163 £ 0.029 0.641 £0.044
ST-EEGFormer-b  Fine-tune 0.132 +0.073 0.227 + 0.066 0.230 £ 0.065 0.639 £ 0.057
ST-EEGFormer-b  Linear Probe 0.062 4 0.052 0.170 4+ 0.059 0.163 + 0.044 0.636 £+ 0.063
ST-EEGFormer-1  Fine-tune 0.219 + 0.088 0.303 & 0.075 0.306 £ 0.079 0.691 £ 0.057
ST-EEGFormer-1  Linear Probe 0.078 & 0.055 0.192 4+ 0.054 0.178 £ 0.048 0.636 + 0.054
Time-series foundation models

Mantis Fine-tune 0.223 + 0.084 0.301 £ 0.074 0.311 £0.076 0.725 £ 0.063
Mantis Linear Probe  0.135 + 0.052 0.236 + 0.052 0.233 £ 0.047 0.659 £ 0.055
MOMENT Fine-tune 0.128 + 0.059 0.210 + 0.046 0.225 £ 0.053 0.654 £ 0.052
MOMENT Linear Probe  0.050 + 0.037 0.162 + 0.043 0.153 £ 0.032 0.591 £ 0.045

Table 3: TUEV dataset results (all metrics as fractions; mean = standard deviation). Best results are

shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

CTNet Scratch 0.351 + 0.075 0.632 + 0.345 0.635 £+ 0.233 0.776 £ 0.197
DeepConvNet Scratch 0.333 +0.297 0.608 + 0.393 0.568 +£0.194 0.756 £ 0.215
EEGNet Scratch 0.317 + 0.239 0.560 %+ 0.390 0.544 £+ 0.195 0.734 £ 0.222
Conformer Scratch 0.371 £0.191 0.616 + 0.388 0.627 £0.217 0.749 £ 0.225
EEG foundation models

BENDR Fine-tune 0.279 4+ 0.364 0.645 + 0.374 0.611 £0.217 0.741 £ 0.222
BENDR Linear Probe  0.033 +0.116 0.498 + 0.300 0.400 £ 0.142 0.613 £0.190
BIOT Fine-tune 0.265 + 0.354 0.636 + 0.360 0.553 £+ 0.222 0.715 £+ 0.240
BIOT Linear Probe  0.259 + 0.346 0.638 + 0.344 0.560 £ 0.215 0.739 £ 0.226
CBraMod Fine-tune 0.302 + 0.370 0.643 + 0.377 0.624 +£0.188 0.751 £0.241
CBraMod Linear Probe  0.092 & 0.238 0.473 + 0.386 0.435 £ 0.150 0.630 £ 0.254
EEGPT Fine-tune 0.357 + 0.374 0.696 + 0.331 0.641 £ 0.203 0.767 £ 0.243
EEGPT Linear Probe  0.363 £ 0.375 0.676 & 0.373 0.658 £0.182 0.773 +0.239
LaBraM Fine-tune 0.381 + 0.389 0.725 + 0.333 0.670 £ 0.203 0.759 £ 0.219
LaBraM Linear Probe  0.125 &£ 0.256 0.627 + 0.380 0.461 £0.171 0.725 £ 0.221
ST-EEGFormer-s  Fine-tune 0.418 +£0.449 0.765+0.304 0.700 +0.248  0.756 + 0.237
ST-EEGFormer-s  Linear Probe 0.107 4+ 0.258 0.645 4+ 0.404 0.456 £+ 0.166 0.749 £+ 0.207
ST-EEGFormer-b  Fine-tune 0.413+0.414 0.745 + 0.324 0.687 £+ 0.250 0.750 £+ 0.235
ST-EEGFormer-b  Linear Probe  0.284 + 0.284 0.645 + 0.396 0.466 £ 0.181 0.751 £0.216
ST-EEGFormer-1  Fine-tune 0.398 + 0.303 0.738 +£0.331 0.690 £ 0.240 0.750 £ 0.243
ST-EEGFormer-1  Linear Probe  0.273 &+ 0.273 0.643 + 0.398 0.473 £0.170 0.741 £0.217
Time-series foundation models

Mantis Fine-tune 0.424 +0.423  0.682 + 0.356 0.667 £+ 0.240 0.732 £ 0.256
Mantis Linear Probe  0.331 &+ 0.331 0.622 + 0.377 0.561 £ 0.225 0.722 £ 0.242
MOMENT Fine-tune 0.286 + 0.347 0.693 + 0.323 0.589 + 0.227 0.745 £+ 0.229
MOMENT Linear Probe  0.079 & 0.225 0.637 + 0.385 0.436 £0.172 0.670 £ 0.265
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Table 4: BCI-IV-2A population results (all metrics as fractions; mean =+ standard deviation). Best
results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.620 +0.118 0.715 + 0.089 0.715 £ 0.089 0.909 £ 0.051
EEGNet Scratch 0.614 +0.104 0.711 +0.078 0.711 £0.078 0.911 £ 0.045
Conformer Scratch 0.423 4+ 0.098 0.567 +0.073 0.567 £ 0.073 0.806 £ 0.054
CTNet Scratch 0.665 + 0.127 0.749 4 0.096 0.749 £0.096  0.929 4+ 0.045
EEG foundation models

BIOT Fine-tune 0.255 + 0.128 0.441 %+ 0.096 0.441 £ 0.096 0.687 £ 0.085
BIOT Linear Probe  0.240 £ 0.171 0.430 +0.128 0.430 £ 0.128 0.692 £ 0.116
BENDR Fine-tune 0.287 + 0.076 0.465 + 0.057 0.465 £ 0.057 0.725 £ 0.053
BENDR Linear Probe  0.095 + 0.035 0.321 + 0.026 0.321 £0.026 0.573 £0.019
CBraMod Fine-tune 0.490 + 0.102 0.618 +0.077 0.617 £0.077 0.851 £ 0.051
CBraMod Linear Probe  0.092 + 0.044 0.319 + 0.033 0.319 £ 0.033 0.634 £+ 0.049
EEGPT Fine-tune 0.203 £ 0.061 0.402 % 0.046 0.402 £ 0.046 0.674 £ 0.042
EEGPT Linear Probe  0.475 £+ 0.104 0.606 + 0.078 0.606 £+ 0.078 0.841 £ 0.054
LaBraM Fine-tune 0.226 + 0.085 0.419 + 0.064 0.419 £ 0.064 0.677 £ 0.050
LaBraM Linear Probe  0.048 + 0.056 0.286 + 0.041 0.286 + 0.042 0.572 £+ 0.056
ST-EEGFormer-s  Fine-tune 0.586 + 0.154 0.689 +0.116 0.689 £0.116 0.863 £ 0.069
ST-EEGFormer-s  Linear Probe 0.162 4+ 0.108 0.371 &£ 0.081 0.371 £ 0.081 0.690 £ 0.098
ST-EEGFormer-b  Fine-tune 0.700 £ 0.131 0.775 + 0.098 0.775 £ 0.098 0.908 £ 0.058
ST-EEGFormer-b  Linear Probe  0.215 4 0.128 0.412 4+ 0.096 0.411 £ 0.096 0.713 £ 0.092
ST-EEGFormer-1  Fine-tune 0.728 £0.147 0.796 +0.110 0.796 £0.110 0.928 £ 0.052
ST-EEGFormer-1  Linear Probe  0.188 4= 0.146 0.390 + 0.110 0.391 £ 0.109 0.716 £ 0.103
Time-series foundation models

MOMENT Fine-tune 0.096 + 0.063 0.322 + 0.048 0.322 £0.048 0.588 £ 0.047
MOMENT Linear Probe  0.070 & 0.059 0.304 + 0.044 0.303 £ 0.044 0.586 + 0.054
Mantis Fine-tune 0.307 & 0.087 0.480 + 0.065 0.480 £ 0.065 0.749 £ 0.063
Mantis Linear Probe 0.246 & 0.077 0.434 4+ 0.057 0.434 £+ 0.058 0.695 + 0.054

Table 5: BCI-IV-2A leave-one-out zero-shot results (all metrics as fractions; mean = standard devi-
ation). Best results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.418 £ 0.108 0.563 £ 0.081 0.563 £ 0.081 0.838 £ 0.069
EEGNet Scratch 0.454 +0.129 0.591 + 0.097 0.591 £ 0.097 0.858 +£0.063
Conformer Scratch 0.308 4 0.092 0.481 4+ 0.069 0.481 + 0.069 0.738 £+ 0.062
CTNet Scratch 0.489 +£0.150 0.617+0.112 0.617+0.112 0.876 +0.068
EEG foundation models

BIOT Fine-tune 0.084 + 0.094 0.313 £ 0.071 0.313 £ 0.071 0.578 £ 0.064
BIOT Linear Probe  0.086 + 0.071 0.315 + 0.053 0.315 £ 0.053 0.597 £0.071
BENDR Fine-tune 0.217 + 0.063 0.412 + 0.048 0.412 £ 0.047 0.676 £+ 0.046
BENDR Linear Probe  0.065 % 0.026 0.299 + 0.021 0.299 £ 0.020 0.555 £ 0.024
CBraMod Fine-tune 0.359 + 0.097 0.519 + 0.073 0.519 £ 0.073 0.775 £ 0.062
CBraMod Linear Probe  0.114 &+ 0.039 0.335 + 0.030 0.335 £ 0.029 0.623 £ 0.050
EEGPT Fine-tune 0.129 + 0.049 0.347 + 0.037 0.347 £ 0.037 0.618 £ 0.035
EEGPT Linear Probe  0.330 £ 0.137 0.498 + 0.103 0.498 +£0.103 0.774 £ 0.064
LaBraM Fine-tune 0.081 + 0.056 0.311 + 0.042 0.311 £0.042 0.573 £ 0.040
LaBraM Linear Probe  0.040 £ 0.044 0.279 £+ 0.031 0.280 £ 0.033 0.557 £ 0.050
ST-EEGFormer-s  Fine-tune 0.349 + 0.166 0.512 +0.125 0.512+0.125 0.746 £+ 0.083
ST-EEGFormer-s  Linear Probe  0.031 & 0.074 0.273 + 0.055 0.273 £ 0.055 0.642 £ 0.087
ST-EEGFormer-b  Fine-tune 0.377 £0.151 0.533 +0.114 0.533 +£0.114 0.780 £+ 0.085
ST-EEGFormer-b  Linear Probe  0.043 & 0.089 0.282 + 0.066 0.282 £ 0.066 0.660 £ 0.095
ST-EEGFormer-1  Fine-tune 0.434 £ 0.197 0.575 4+ 0.148 0.575 £+ 0.148 0.800 £+ 0.103
ST-EEGFormer-1  Linear Probe  0.074 &+ 0.104 0.305 + 0.078 0.306 £ 0.078 0.672 £ 0.105
Time-series foundation models

MOMENT Fine-tune 0.073 £+ 0.052 0.304 + 0.039 0.304 £+ 0.039 0.557 £0.034
MOMENT Linear Probe  0.047 & 0.045 0.285 + 0.034 0.285 £ 0.034 0.571 £ 0.055
Mantis Fine-tune 0.212 + 0.075 0.409 + 0.056 0.409 £ 0.056 0.688 £+ 0.048
Mantis Linear Probe  0.181 &+ 0.078 0.385 + 0.059 0.386 £ 0.058 0.653 £0.044




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

Table 6: BCI-IV-2A leave-one-out fine-tuning results (all metrics as fractions; mean £ standard
deviation). Best results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.665 +0.118 0.748 + 0.089 0.748 £ 0.089 0.920 £ 0.049
EEGNet Scratch 0.681 +0.113 0.760 + 0.085 0.760 £+ 0.085 0.929 +0.043
Conformer Scratch 0.501 £ 0.091 0.626 + 0.068 0.626 £ 0.068 0.846 £ 0.052
CTNet Scratch 0.725 +0.136 0.794 4+ 0.102 0.794 £0.102  0.947 4+ 0.040
EEG foundation models

BIOT Fine-tune 0.254 + 0.165 0.440 +0.124 0.440 £0.124 0.689 £ 0.098
BIOT Linear Probe  0.306 + 0.149 0.480 +0.111 0.480 £ 0.111 0.736 £ 0.100
BENDR Fine-tune 0.347 +0.119 0.510 + 0.089 0.510 £ 0.089 0.769 £ 0.064
BENDR Linear Probe  0.101 + 0.032 0.326 4+ 0.024 0.326 £ 0.024 0.589 + 0.020
CBraMod Fine-tune 0.528 + 0.105 0.646 + 0.079 0.646 £ 0.079 0.871 £ 0.052
CBraMod Linear Probe  0.131 £ 0.047 0.348 + 0.035 0.348 +£0.035 0.634 £ 0.048
EEGPT Fine-tune 0.245 + 0.095 0.434 £0.071 0.434 £0.071 0.698 £ 0.054
EEGPT Linear Probe  0.428 +0.121 0.571 £ 0.091 0.571 £ 0.091 0.815+0.067
LaBraM Fine-tune 0.164 + 0.075 0.373 + 0.056 0.373 £ 0.056 0.617 £ 0.061
LaBraM Linear Probe  0.085 + 0.071 0.313 + 0.053 0.314 £ 0.053 0.581 £+ 0.061
ST-EEGFormer-s  Fine-tune 0.634 +0.130 0.725 + 0.098 0.725 £ 0.098 0.896 =+ 0.060
ST-EEGFormer-s  Linear Probe 0.186 & 0.117 0.390 4 0.088 0.390 £ 0.088 0.713 £ 0.092
ST-EEGFormer-b  Fine-tune 0.707 £ 0.119 0.780 + 0.089 0.780 £ 0.089 0.929 £ 0.049
ST-EEGFormer-b  Linear Probe  0.218 4= 0.102 0.413 +0.077 0.414 £ 0.077 0.714 £ 0.089
ST-EEGFormer-1  Fine-tune 0.744 +0.143 0.808 +0.108 0.808 £0.108 0.937 £ 0.057
ST-EEGFormer-1  Linear Probe 0.161 &= 0.117 0.371 4+ 0.088 0.371 £ 0.088 0.713 £ 0.099
Time-series foundation models

MOMENT Fine-tune 0.152 £ 0.051 0.363 & 0.039 0.364 £ 0.038 0.627 £ 0.038
MOMENT Linear Probe  0.083 + 0.059 0.312 + 0.044 0.312+0.044 0.592 £+ 0.057
Mantis Fine-tune 0.355 +0.122 0.517 £ 0.091 0.517 £ 0.091 0.768 £0.071
Mantis Linear Probe  0.210 + 0.079 0.408 + 0.059 0.408 £+ 0.059 0.675 £ 0.051

Table 7: BCI-IV-2A leave-one-out generalization drop after fine-tuning on seen subjects (all metrics
as fractions; mean =+ standard deviation). Smaller is better; best (smallest) results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.256 £ 0.048 0.192 £ 0.036 0.192 £ 0.036 0.098 £ 0.020
EEGNet Scratch 0.245 + 0.034 0.183 + 0.025 0.183 £ 0.025 0.086 £+ 0.011
Conformer Scratch 0.097 4+ 0.021 0.073 +0.016 0.073 £ 0.016 0.047 £ 0.013
CTNet Scratch 0.323 £0.071 0.242 + 0.054 0.242 £ 0.054 0.113 £0.019
EEG foundation models

BIOT Fine-tune 0.089 + 0.050 0.067 + 0.037 0.067 £ 0.037 0.050 £ 0.022
BIOT Linear Probe  0.129 & 0.063 0.097 + 0.047 0.097 £ 0.047 0.068 £+ 0.034
BENDR Fine-tune 0.068 + 0.029 0.051 + 0.022 0.051 £ 0.022 0.047 £0.014
BENDR Linear Probe 0.007 +0.013 0.005+0.009 0.005+0.009 0.005 % 0.007
CBraMod Fine-tune 0.103 + 0.029 0.077 £+ 0.022 0.077 £0.022 0.054 £ 0.011
CBraMod Linear Probe  0.043 & 0.029 0.033 & 0.022 0.032 £ 0.022 0.043 £0.013
EEGPT Fine-tune 0.031 + 0.029 0.023 + 0.022 0.023 £+ 0.022 0.018 £0.017
EEGPT Linear Probe  0.267 £ 0.048 0.200 + 0.036 0.200 £ 0.036 0.146 £ 0.038
LaBraM Fine-tune 0.012 +0.016 0.009 + 0.012 0.009 £+ 0.012 0.003 £ 0.008
LaBraM Linear Probe  0.017 £ 0.019 0.013 +0.014 0.013 £0.015 0.021 £0.013
ST-EEGFormer-s  Fine-tune 0.176 4+ 0.050 0.132 4 0.038 0.132 £ 0.037 0.063 £ 0.009
ST-EEGFormer-s  Linear Probe  0.094 + 0.042 0.070 + 0.032 0.070 £ 0.032 0.021 £0.016
ST-EEGFormer-b  Fine-tune 0.145 + 0.034 0.108 + 0.025 0.108 £+ 0.025 0.048 +£0.012
ST-EEGFormer-b  Linear Probe  0.118 & 0.053 0.088 + 0.039 0.088 £+ 0.039 0.019 £0.015
ST-EEGFormer-1  Fine-tune 0.146 + 0.035 0.109 + 0.026 0.109 £ 0.026 0.044 £ 0.017
ST-EEGFormer-1  Linear Probe  0.115 & 0.051 0.086 + 0.038 0.086 £ 0.038 0.020 £ 0.015
Time-series foundation models

MOMENT Fine-tune 0.020 + 0.024 0.015+ 0.018 0.015+£0.018 0.008 £ 0.016
MOMENT Linear Probe  0.022 & 0.023 0.017 £ 0.018 0.017 £0.017  0.000 £ 0.003
Mantis Fine-tune 0.064 + 0.046 0.048 + 0.034 0.048 +£0.034 0.027 £0.011
Mantis Linear Probe  0.097 & 0.020 0.073 £ 0.015 0.073 £0.015 0.062 £ 0.015
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Table 8: Error population results (all metrics as fractions; mean =+ standard deviation). Best results

are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.979 +0.013 0.993 + 0.004 0.990 £ 0.009 0.998 £+ 0.004
EEGNet Scratch 0.976 + 0.021 0.993 4+ 0.007 0.986 £0.015 0.999 4+ 0.003
Conformer Scratch 0.974 + 0.021 0.992 4+ 0.006 0.985 £ 0.014 0.997 £ 0.007
CTNet Scratch 0.981 + 0.020 0.994 + 0.006 0.988 +£0.014 0.998 + 0.002
EEG foundation models

BIOT Fine-tune 0.944 + 0.028 0.983 + 0.009 0.964 £ 0.016 0.992 £ 0.009
BIOT Linear Probe  0.880 + 0.036 0.962 £+ 0.011 0.937 £ 0.021 0.979 £ 0.012
BENDR Fine-tune 0.976 & 0.012 0.992 + 0.004 0.985 £ 0.010 0.998 £ 0.002
BENDR Linear Probe  0.939 + 0.032 0.981 + 0.010 0.963 £ 0.019 0.988 + 0.009
CBraMod Fine-tune 0.976 £ 0.021 0.992 + 0.007 0.988 £ 0.012 0.996 £ 0.006
CBraMod Linear Probe  0.898 + 0.033 0.967 £ 0.011 0.951 £0.015 0.987 £ 0.008
EEGPT Fine-tune 0.967 + 0.016 0.990 + 0.005 0.975+£0.012 0.999 £+ 0.001
EEGPT Linear Probe  0.982 + 0.014 0.994 4+ 0.004 0.987 £0.009 0.999 £+ 0.002
LaBraM Fine-tune 0.979 +0.015 0.993 %+ 0.005 0.986 £ 0.011 0.999 £+ 0.003
LaBraM Linear Probe  0.197 +0.101 0.823 + 0.016 0.570 £ 0.039 0.859 £+ 0.058
ST-EEGFormer-s  Fine-tune 0.988 £0.015 0.996 +=0.005 0.991 +£0.011 0.998 £ 0.005
ST-EEGFormer-s  Linear Probe 0.625 +0.134 0.898 4+ 0.030 0.778 £ 0.079 0.951 + 0.024
ST-EEGFormer-b  Fine-tune 0.979 +0.017 0.994 + 0.005 0.985 £ 0.012 0.993 £0.011
ST-EEGFormer-b  Linear Probe 0.410 4+ 0.159 0.852 +0.035 0.667 £+ 0.077 0.929 + 0.037
ST-EEGFormer-1  Fine-tune 0.987 £0.015 0.996 =£0.004 0.992+0.010 0.998 £ 0.005
ST-EEGFormer-1  Linear Probe  0.703 4= 0.120 0.918 + 0.027 0.817 £ 0.071 0.965 + 0.020
Time-series foundation models

MOMENT Fine-tune 0.949 + 0.028 0.985 + 0.008 0.971 £0.017 0.997 £ 0.002
MOMENT Linear Probe  0.488 +0.191 0.866 + 0.041 0.710 £ 0.093 0.931 £ 0.040
Mantis Fine-tune 0.971 £ 0.022 0.991 + 0.007 0.979 £0.016 0.997 £ 0.005
Mantis Linear Probe  0.932 + 0.030 0.979 + 0.009 0.966 £+ 0.014 0.992 + 0.007

Table 9: Error leave-one-out zero-shot results (all metrics as fractions; mean + standard deviation).
Best results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.824 £0.104 0.946 £ 0.029 0.905 £ 0.068 0.964 £+ 0.040
EEGNet Scratch 0.764 +0.114 0.932 + 0.028 0.863 £ 0.082 0.961 £ 0.037
Conformer Scratch 0.791 + 0.107 0.938 + 0.030 0.873 £ 0.066 0.961 £ 0.035
CTNet Scratch 0.836 + 0.077 0.950 + 0.021 0.905 £ 0.056 0.973 +0.031
EEG foundation models

BIOT Fine-tune 0.539 +0.112 0.862 + 0.027 0.761 £ 0.079 0.857 £ 0.066
BIOT Linear Probe  0.400 & 0.122 0.817 + 0.049 0.693 £ 0.066 0.820 £ 0.062
BENDR Fine-tune 0.737 £ 0.117 0.922 + 0.032 0.851 £ 0.071 0.934 £+ 0.046
BENDR Linear Probe  0.536 + 0.164 0.868 + 0.042 0.747 £ 0.090 0.855 £ 0.068
CBraMod Fine-tune 0.733 £0.171 0.925 + 0.037 0.848 +£0.101 0.943 £+ 0.060
CBraMod Linear Probe  0.533 & 0.162 0.855 £+ 0.061 0.753 £0.077 0.877 £ 0.069
EEGPT Fine-tune 0.709 + 0.152 0.918 + 0.037 0.826 + 0.080 0.935 £+ 0.067
EEGPT Linear Probe  0.767 £0.114 0.933 +0.028 0.860 =+ 0.069 0.950 £ 0.051
LaBraM Fine-tune 0.767 £ 0.141 0.933 + 0.035 0.861 £+ 0.086 0.959 £+ 0.036
LaBraM Linear Probe  0.160 &£ 0.094 0.817 +0.016 0.556 £ 0.035 0.831 £0.070
ST-EEGFormer-s  Fine-tune 0.837£0.104 0.952+0.028 0.907 +0.073 0.967 £+ 0.023
ST-EEGFormer-s  Linear Probe  0.550 & 0.165 0.877 +0.037 0.750 £ 0.099 0.926 £ 0.046
ST-EEGFormer-b  Fine-tune 0.774 + 0.135 0.937 + 0.033 0.862 + 0.085 0.958 +£0.033
ST-EEGFormer-b  Linear Probe  0.323 & 0.192 0.837 +0.038 0.633 £ 0.097 0.909 £ 0.045
ST-EEGFormer-1  Fine-tune 0.811 +0.156 0.948 4+ 0.040 0.886 + 0.101 0.964 + 0.039
ST-EEGFormer-1  Linear Probe  0.581 & 0.193 0.892 + 0.044 0.756 £ 0.109 0.946 £ 0.033
Time-series foundation models

MOMENT Fine-tune 0.647 + 0.122 0.894 + 0.034 0.814 £ 0.072 0.926 £+ 0.042
MOMENT Linear Probe  0.427 + 0.213 0.853 + 0.044 0.682 £ 0.100 0.920 £ 0.050
Mantis Fine-tune 0.717 £ 0.131 0.921 4 0.030 0.834 + 0.086 0.952 £+ 0.034
Mantis Linear Probe  0.503 & 0.103 0.854 + 0.024 0.743 £0.075 0.839 £ 0.063
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Table 10: Error leave-one-out fine-tuning results (all metrics as fractions; mean + standard devia-
tion). Best results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.990 + 0.013 0.997 +=0.004 0.996 £0.006 1.000 £ 0.000
EEGNet Scratch 0.991 £0.006 0.997 +£0.002 0.994 £ 0.005 1.000 £ 0.001
Conformer Scratch 0.989 +£0.011 0.997 + 0.003 0.993 £ 0.009 0.999 + 0.004
CTNet Scratch 0.989 + 0.017 0.997 + 0.005 0.994 +0.011 0.999 + 0.002
EEG foundation models

BIOT Fine-tune 0.955 + 0.029 0.986 + 0.009 0.972 £0.021 0.991 £ 0.010
BIOT Linear Probe  0.925 + 0.021 0.976 + 0.007 0.956 +£0.014 0.993 £+ 0.004
BENDR Fine-tune 0.979 +0.014 0.993 + 0.004 0.987 £ 0.009 1.000 + 0.000
BENDR Linear Probe  0.916 + 0.037 0.973 +0.012 0.957 £ 0.015 0.995 + 0.005
CBraMod Fine-tune 0.984 + 0.015 0.995 + 0.005 0.989 £+ 0.012 0.998 £+ 0.004
CBraMod Linear Probe  0.933 + 0.026 0.978 + 0.008 0.965 £+ 0.011 0.992 + 0.009
EEGPT Fine-tune 0.968 +0.018 0.990 + 0.006 0.979 £0.011 0.999 + 0.002
EEGPT Linear Probe  0.986 + 0.012 0.995 4+ 0.004 0.989 £ 0.008 1.000 + 0.000
LaBraM Fine-tune 0.982 +0.013 0.994 + 0.004 0.987 £0.011 0.998 £ 0.004
LaBraM Linear Probe  0.368 & 0.158 0.851 + 0.027 0.643 £ 0.073 0.905 +0.044
ST-EEGFormer-s  Fine-tune 0.983 +0.019 0.995 + 0.006 0.990 £+ 0.013 0.997 £ 0.005
ST-EEGFormer-s  Linear Probe 0.693 & 0.164 0.916 4+ 0.034 0.821 £+ 0.097 0.967 £ 0.016
ST-EEGFormer-b  Fine-tune 0.980 + 0.016 0.994 + 0.005 0.985 £ 0.013 0.996 =+ 0.006
ST-EEGFormer-b  Linear Probe 0.259 4+ 0.168 0.834 4+ 0.026 0.598 £ 0.071 0.930 £ 0.035
ST-EEGFormer-1  Fine-tune 0.985 + 0.020 0.996 + 0.006 0.990 £ 0.015 0.998 £+ 0.003
ST-EEGFormer-1  Linear Probe 0.554 +0.163 0.887 +0.033 0.732 £+ 0.087 0.963 £+ 0.022
Time-series foundation models

MOMENT Fine-tune 0.955 £ 0.021 0.987 + 0.006 0.974 £ 0.009 0.998 £ 0.001
MOMENT Linear Probe  0.533 & 0.202 0.879 + 0.046 0.732 £0.102 0.938 £+ 0.040
Mantis Fine-tune 0.971 £ 0.022 0.991 + 0.006 0.979 £0.015 0.998 £ 0.005
Mantis Linear Probe  0.918 + 0.041 0.975 + 0.013 0.963 £ 0.016 0.980 £ 0.015

Table 11: Generalization drop on the Error dataset after fine-tuning on seen subjects (all metrics as
fractions; mean =+ standard deviation). Smaller is better; best (smallest) results are shown in bold.

Model Training Kappa Accl Balanced Acc AUC
Classic neural networks

DeepConvNet Scratch 0.168 + 0.061 0.048 £ 0.015 0.101 £ 0.040 0.022 £+ 0.010
EEGNet Scratch 0.207 + 0.103 0.055 £ 0.024 0.130 £ 0.063 0.018 £ 0.007
Conformer Scratch 0.195 4+ 0.049 0.055 £ 0.010 0.116 + 0.040 0.027 £ 0.012
CTNet Scratch 0.169 + 0.095 0.047 £ 0.022 0.107 £ 0.061 0.019 £0.011
EEG foundation models

BIOT Fine-tune 0.184 4+ 0.048 0.053 £ 0.010 0.101 £0.041 0.039 £+ 0.024
BIOT Linear Probe 0.410 + 0.085 0.132 £ 0.048 0.196 £ 0.065 0.087 £ 0.021
BENDR Fine-tune 0.307 + 0.046 0.082 £+ 0.010 0.187 £ 0.029 0.059 + 0.020
BENDR Linear Probe 0.224 + 0.065 0.063 £ 0.017 0.135 £ 0.036 0.045 £ 0.016
CBraMod Fine-tune 0.265 + 0.146 0.069 £+ 0.031 0.155 £+ 0.093 0.028 £ 0.021
CBraMod Linear Probe 0.189 + 0.054 0.053 £0.018 0.123 £ 0.039 0.038 +0.015
EEGPT Fine-tune 0.156 £+ 0.091 0.043 £ 0.023 0.096 £ 0.056 0.015+£0.011
EEGPT Linear Probe 0.165 £ 0.051 0.046 £ 0.013 0.109 £ 0.032 0.015 £ 0.004
LaBraM Fine-tune 0.090 + 0.105 0.025 £ 0.025 0.055 £+ 0.067 0.004 + 0.004
LaBraM Linear Probe —0.002 £ 0.099 0.006 £ 0.009 —0.006 £ 0.041 0.049 + 0.030
ST-EEGFormer-s  Fine-tune 0.050 + 0.080 0.014 £ 0.021 0.032 £ 0.053 0.002 £ 0.002
ST-EEGFormer-s  Linear Probe 0.086 + 0.135 0.030 £ 0.024 0.017 £ 0.085 0.018 + 0.004
ST-EEGFormer-b  Fine-tune 0.039 + 0.037 0.012 £0.011 0.027 £ 0.025 0.005 £+ 0.012
ST-EEGFormer-b  Linear Probe 0.085 +0.133 0.012 £0.017 0.032 £ 0.058 0.007 £ 0.004
ST-EEGFormer-1  Fine-tune 0.043 4 0.042 0.013 £0.012 0.027 £ 0.031 0.004 £+ 0.005
ST-EEGFormer-1  Linear Probe 0.124 +0.157 0.024 £ 0.029 0.059 £ 0.087 0.003 £ 0.004
Time-series foundation models

MOMENT Fine-tune 0.169 4 0.152 0.044 £0.034 0.098 + 0.096 0.019 £ 0.019
MOMENT Linear Probe —0.022 +0.117 —-0.003 +0.018 —0.020+0.069 0.001 + 0.001
Mantis Fine-tune 0.081 4 0.060 0.024 £+ 0.016 0.051 + 0.044 0.003 + 0.003
Mantis Linear Probe 0.265 + 0.059 0.073 £0.010 0.158 £0.048 0.052 £ 0.009
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Table 12: Pre-trained vs. randomly initialized Mantis (fine-tuning only). We report balanced accu-
racy and Cohen’s x (mean =+ std). *p<0.05, **p<0.01 (paired Wilcoxon signed-rank test). Bold
indicates the significantly better result.

Balanced Acc Kappa

Dataset Setting Pre-trained Random Init  Sig.  Pre-trained Random Init  Sig.
TUEV Cross-sub (n=61) 0.667 £0.239 0.649 £0.231 n.s. 0.400£0.420 0.382+0.407 ns.
FACED Cross-sub (n=25) 0.311+0.075 0.308 £0.074 n.s. 0.223+£0.083 0.220 £0.082 n.s.
BCI-IV-2A Pop (n=9) 0.480 +£0.069 0.535+0.060 =x*x 0.307 =0.091 0.381 + 0.081 x*x
BCI-IV-2A LOOZS (n=9) 0.409 £0.056 0.462+£0.060 n.s. 0.2124+0.075 0.282+0.081 =

BCI-IV-2A LOOFT (n=9) 0.517£0.091 0.510+0.064 ns. 0.355£0.122 0.346 £0.086 n.s.
Error Pop (n=8) 0.979 £ 0.017 0.964 £0.037 n.s. 0.971+0.024 0.934+0.060 =

Error LOOZS (n=8) 0.834+0.086 0.881+0.062 =« 0.717£0.131 0.778 £0.094 n.s.
Error LOOFT (n=8) 0.979+0.015 0.968 £0.021 n.s. 0.971 4+0.022 0.936 £0.034 =x
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