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1 Details of our model

This section describes the details of our model, including the hyper-parameters,
#params.

1.1 Detailed Hyper-parameters

Table 1: Hyper-parameters of our model.

Hyper-parameter Value

Number of layers in a MLP 2
mlp ratio (InternImage) 4.0
mlp ratio (ST-pooling) 4.0
drop rate (InternImage) 0.0
drop rate (ST-pooling) 0.1
drop path rate (InternImage) 0.4
drop path rate (ST-pooling) 0.0

topological map size 74
Data augmentation noise, CutMix, MixUp
CutMix α 1.0
MixUp α 0.8
CutMix-MixUp switch prob 0.5
label smoothing 0
Epochs 50
learning rate 1e− 4
batch size 8
Adam ϵ 1e− 8
Adam (β1, β2) (0.9, 0.999)
Weight decay 0
t-SNE perplexity 30.0
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In this study, our model was trained using the hyper-parameters shown in
Tab. 1.

1.2 #params of our model

The #params of our model is 55M when N , H, and W are 60, 74, and 74,
respectively.

2 Details of comparison methods

This section describes the details of the methods used for comparison.

2.1 Details of HCANN

HCANN [4] is the model that combines CNN and multi-head attention for EEG
classi�cation and represents state-of-the-art model for BCI Competition IV 2a
[1]. Furthermore, HCANN is the only model with open-source code available
among the previous models compared in Tab. 2 of the main manuscript.

Data preprocessing for HCANN We �ltered the data using a causal third-
order Butterworth �lter with a cut-o� frequency ranging from 4 to 38Hz, fol-
lowing the same method applied to BCI Competition IV 2a as described in [4].
Additionally, we used Z-score normalization to normalize the EEG signals, as it
was essential for ensuring e�ective learning. Without Z-score normalization, the
model did not perform well during training.

2.2 Details of hyper-parameters for models used in comparison

The hyper-parameters of the models, which were used to verify the e�ect of
ST-pooling, are shown in Tab. 2.

Table 2: Hyper-parameters of models used in comparison.

Method Hyper-parameter Value

PoolFormer
model PoolFormerV2-S24 [8]
pretrained No

Multi-Head Attention
mlp ratio 4.0
Number of layers 2
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Fig. 1: 95% con�dence interval error bars.

3 Details of PhysioNet EEG Motor Movement/Imagery
Dataset

This section describes the detail method of data acquisition from the PhysioNet
EEG Motor Movement/Imagery Dataset [3, 6].

For each subject, 21 trials were selected per class. The annotation time for
the L, R, and F tasks is 4.1 seconds per trial. To acquire one second of rest before
and after motor imagery and four seconds of motor imagery, similar to previous
studies [2,7], we �rst collected data for one second of rest before motor imagery
and the �rst four seconds of motor imagery. Subsequently, we acquired data for
one second of rest after the end of motor imagery. For the O tasks, similar to
previous study [2], we randomly acquired continuous data for six seconds.

The chance levels for four-class, three-class and two-class classi�cations are
1/4, 1/3, and 1/2, respectively, because of the equal number of samples in each
class.

4 Additional research

This section describes additional research that strengthens our conclusions.

4.1 Multiple random subject splits

First, the subjects were divided using four di�erent seed values, and the results
are shown in Tabs. 3, 4 and 5. In these tables, 0, 1, 2, 3, and 4 in the leftmost
column show the indices of cross-validation. The column names 7, 42, 79, and
3407 represent seed values used for random splits. The column labeled �orig�
corresponds to the same splits used in the main manuscript. We couldn't know
the seed values of �orig� splits because we use GroupKFold from scikit-learn [5]
when we use �orig� splits. The 95% con�dence intervals are represented as error-
bars in Figs. 1a, 1b and 1c. These con�dence intervals were calculated based on
the Student's t-distribution owing to the small sample size.

The results indicate that the improvement in accuracy over existing studies
is not owing to the randomness of subject split.
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Table 3: Accuracy for L/R/O/F.

orig 7 42 79 3407

0 69.44 71.83 69.44 71.43 67.23
1 74.09 68.42 71.37 72.39 71.60
2 66.61 71.71 70.63 70.01 67.97
3 69.35 66.01 71.37 69.82 72.56
4 71.49 72.74 68.15 66.67 73.99

Avg 70.20 70.14 70.20 70.06 70.67
σ 2.49 2.53 1.24 1.94 2.63

Table 4: Accuracy for L/R/O.

orig 7 42 79 3407

0 80.73 82.01 80.42 81.71 77.70
1 82.99 77.85 79.29 82.01 80.57
2 78.31 81.93 80.73 80.27 78.99
3 78.02 77.78 82.70 80.32 82.38
4 83.41 81.83 79.13 76.27 82.46

Avg 80.69 80.28 80.45 80.12 80.42
σ 2.26 2.01 1.28 2.05 1.87

Table 5: Accuracy for L/R.

orig 7 42 79 3407

0 89.57 89.68 89.34 91.50 88.32
1 90.25 85.49 88.55 91.16 89.34
2 84.92 88.10 87.53 87.19 87.19
3 88.57 87.98 90.95 90.12 88.45
4 89.52 90.60 86.31 86.43 89.76

Avg 88.57 88.37 88.54 89.28 88.61
σ 1.90 1.74 1.58 2.08 0.89

4.2 Random coordinate transformation

Table 6: Accuracy for L/R/O/F.

7 31 42 79 3407

0 67.06 67.29 67.40 63.32 67.01
1 72.17 68.99 71.32 71.77 71.03
2 63.95 62.64 63.89 62.87 61.28
3 67.50 66.90 68.10 67.08 65.83
4 69.17 70.42 69.05 68.51 67.98

Avg 67.97 67.25 67.95 66.71 66.63
σ 2.69 2.62 2.42 3.32 3.18

Next, we performed random coordinate transformations. Accuracy for the
L/R/O/F task was measured �ve times using random projection with �ve dif-
ferent seeds. Additionally, the subject splits were �orig� splits. The results are
shown in Tab. 6, which has the same structure as described in Tabs. 3, 4 and 5.
The 95% con�dence interval is represented as error-bar in Fig. 2. This con�dence
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Fig. 2: 95% con�dence interval error bar.

interval was calculated using the Student's t-distribution because of the small
sample size.

The result shows the e�ectiveness of t-SNE and demonstrates that the coor-
dinate transformation of electrodes signi�cantly a�ects the accuracy.

5 Code in PyTorch

This section describes the code of our model in a format similar to PyTorch
code. Algorithm 1 and 2 show the code of the ST-pooling and all of our model,
respectively.
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Algorithm 1 ST-pooling, PyTorch-like Code.

from torch import nn
import torch
from timm.models.layers import DropPath
import copy

class Pooling(nn.Module):
'''
Pooling layer for PoolFormer basic block
'''
def __init__(self, pool_size=3):

super().__init__()
self.pool = nn.AvgPool2d(

pool_size, stride=1, padding=pool_size//2, count_include_pad=False)

def forward(self, x):
return self.pool(x) - x

class PoolFormerBlock(nn.Module):
'''
Implementation of one PoolFormer block.
Modified from:
https://github.com/sail-sg/poolformer/blob/main/models/poolformer.py
'''
def __init__(self, L, dropout=0.1, drop_path_rate=0, mlp_ratio=4, layer_scale=None):

super().__init__()
self.pooling = Pooling()
self.norm1 = nn.LayerNorm(L, eps=1e-5)
self.norm2 = nn.LayerNorm(L, eps=1e-5)
hidden_dim = int(L * mlp_ratio)
self.linear1 = nn.Linear(L,hidden_dim)
self.linear2 = nn.Linear(hidden_dim,L)

self.layer_scale_1 = nn.Parameter(layer_scale * torch.ones((L)), requires_grad=True)
self.layer_scale_2 = nn.Parameter(layer_scale * torch.ones((L)), requires_grad=True)
self.droppath = DropPath(drop_path_rate)
self.act = nn.ReLU()
self.dropout = nn.Dropout(dropout)

def forward(self,x):
x = x + self.droppath(self.layer_scale_1 * self.pooling(self.norm1(x)))
x = x + self.droppath(self.layer_scale_2 * self.linear2(self.dropout(self.act(self.

linear1(self.norm2(x))))))
return x

class STpooling(nn.Module):
'''
Implementation of ST-pooling
--L: feature vector length
--dropout: dropout rate
--drop_path_rate: drop path rate
--mlp_ratio: mlp ratio
--layer_scale: layer scale
'''
def __init__(self, L, dropout=0.1, drop_path_rate=0, mlp_ratio=4, layer_scale=None):

super().__init__()
self.pool_former_blocks = _get_clones(PoolFormerBlock(L, dropout, drop_path_rate,

mlp_ratio, layer_scale), 2)

def forward(self, x):
for block in self.pool_former_blocks:

x = block(x)
return x

def _get_clones(module, N):
return nn.ModuleList([copy.deepcopy(module) for i in range(N)])
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Algorithm 2 ProposedModel, PyTorch-like Code.

import InternImage
import STpooling
import torch
from torch import nn
import math

class ProposedModel(nn.Module):
'''
Implementation of our proposed model
--core_op: core operation of InternImage
--num_classes: number of classes
--N: number of frames
--intern_drop: dropout rate of InternImage
--intern_drop_path: drop path rate of InternImage
--pool_drop: dropout rate of ST-pooling
--pool_drop_path: drop path rate of ST-pooling
--pool_mlp_ratio: mlp ratio of ST-pooling
--pool_layer_scale: layer scale of ST-pooling
'''
def __init__(self, core_op, num_classes, N, intern_drop=0.0, intern_drop_path=0.4,

pool_drop=0.1, pool_drop_path=0, pool_mlp_ratio=4.0, pool_layer_scale=1e-5):
super().__init__()
# InternImage-S
intern_model = InternImage(core_op=core_op, channels=80, in_chans=1, depths=[4, 4, 21,

4], groups=[5, 10, 20, 40], layer_scale=1e-5, offset_scale=1.0, mlp_ratio=4.0,
post_norm=True, drop_path_rate=intern_drop_path, drop_rate=intern_drop)

self.intern_model = intern_model

# feature vector length
L = 640

# remove InternImage head
self.intern_model.conv_head = nn.Identity()
self.intern_model.head = nn.Identity()

# calculate positional encoding
device = torch.cuda.current_device()
position = torch.arange(0, N).unsqueeze(1).float()
div_term = torch.exp(torch.arange(0, L, 2).float() * -(math.log(10000.0) / L))
self.positional_enc = torch.zeros(N, L, device=device)
self.positional_enc[:, 0::2] = torch.sin(position * div_term)
self.positional_enc[:, 1::2] = torch.cos(position * div_term)

self.st_pooling = STpooling(L, dropout=pool_drop, drop_path_rate=pool_drop_path,
mlp_ratio=pool_mlp_ratio, layer_scale=pool_layer_scale)

self.norm = nn.LayerNorm(L, eps=1e-5)
self.fc = nn.Linear(N * L, num_classes)
self.N = N
self.final_features = N * L

def forward(self,x):
# InternImage
x = x.reshape(-1, 1, 74, 74)
x = self.intern_model(x)

# ST-pooling
# (B * N, L) -> (B, N, L)
x = x.reshape(-1, self.N, x.shape[1])
x += self.positional_enc
x = self.st_pooling(x)
x = self.norm(x)

# head
# (B, N, L) -> (B, N * L)
x = x.reshape(-1, self.final_features)
x = self.fc(x)
return x
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