The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Manhattan Self-Attention Diffusion Residual Networks
with Dynamic Bias Rectification for BCI-based Few-Shot Learning

Hao Wang', Li Xu'*, Yuntao Yu?, Weiyue Ding’, Yiming Xu*
!College of Computer Science and Technology, Harbin Engineering University, Harbin, China
2China Electronics Standardization Institute, Beijing, China
3School of Mathematics, Harbin Institute of Technology, Harbin, China
4College of Engineering, Tokyo Institute of Technology, Tokyo, Japan
b223060004 @hrbeu.edu.cn, xuli@hrbeu.edu.cn, yuyt@cesi.cn, wyding0501 @hotmail.com, kyo@ac.sc.e.titech.ac.jp

Abstract

The distribution biases and scarcity of samples in multi-
source data present significant challenges for few-shot learn-
ing (FSL) tasks based on brain-computer interface (BCI).
Recent efforts have explored the application of diffusion
mechanisms in FSL, typically utilizing labeled data to aug-
ment the support set. However, this approach has not ef-
fectively utilized unlabeled data nor addressed distribution
biases. Inspired by the latest advancements in FSL, we
propose the manhattan self-attention diffusion residual net-
works (MSADiff-Resnet) with dynamic bias rectification.
This model explicitly adds the manhattan self-attention diffu-
sion layer to resnet, using attention mechanisms and manhat-
tan distance-based decay function to control local diffusion
intensity, and adjusts the global diffusion strength through
the parameter. This diffusion mechanism bridges labeled and
unlabeled data, addressing the limitations associated with
sample availability. Additionally, we effectively tackle the
distribution biases of multi-source data through inter-class
bias rectification and dynamic intra-class bias rectification.
Moreover, this study presents for the first time a universal
deep learning framework specifically designed for BCI-based
FSL tasks. Extensive experiments on multi-source BCI task
datasets have validated the effectiveness of proposed method.

Introduction

Brain-computer interface (BCI) (Chapin et al. 1999) con-
trol the environment by decoding neural activity. Currently,
deep learning is the primary method for handling BCI tasks
(Zhao, Yan, and Lu 2021; Song et al. 2020; Li et al. 2024),
but the difficulty of data collection and labeling in real-world
scenarios limits its generalization capabilities in low-data
situations (Rong et al. 2023). Few-shot learning (FSL) (Fei-
Fei, Fergus, and Perona 2006) addresses the issue of data
scarcity in deep learning by learning transferable knowledge
from data-rich base classes and using a small number of la-
beled samples to assist in predicting new classes.

However, in FSL, we primarily face two challenges. The
first challenge is that the diversity of sample sources intro-
duces distribution biases, which can impact the model’s gen-
eralization capabilities (Li et al. 2020; Yang, Kim, and Yun
2024). The second challenge is that the limited number of
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training samples leads to model overfitting on the support
set data (Wu et al. 2024).

In response to the challenge of distribution biases in
multi-source samples, we drew inspiration from (Liu, Song,
and Qin 2020) to adjust for both inter-class and intra-class
biases, proposing a dynamic bias rectification method. Inter-
class bias refers to the distance between the mean vectors of
the support and query sets, while intra-class bias refers to the
discrepancy between the actual prototype and the prototype
computed from the support set. By dynamically adjusting
the relationship between each sample and its class prototype,
we rectify the prototypes to enhance the model’s robustness
when handling distributional biases in multi-source samples.

To address the challenge of overfitting caused by the
limited number of samples in the support set, we pro-
pose the manhattan self-attention diffusion residual network
(MSADiff-Resnet). This model enhances interactions be-
tween labeled and unlabeled samples through a diffusion
mechanism, aggregating similar points. The manhattan self-
attention (MSA) mechanism (Fan et al. 2024) controls the
flow of information and optimizes diffusion paths by con-
sidering the decaying weights based on manhattan distances
between sample points. This approach effectively transmits
information between similar data points, significantly miti-
gating the overfitting problem caused by the limited number
of support set samples.

Currently, deep learning models based on electroen-
cephalography (EEG) are designed for specific datasets and
tasks (Liang et al. 2023; Heinrichs, Heim, and Weber 2023;
Wang, Zhang, and Tang 2024), lacking generalizability. To
address this issue, we propose a universal deep learning
framework for processing BCI-based FSL tasks. For multi-
source EEG data, we first enhance task-related components
using task-related component analysis (TRCA) (Tanaka,
Katura, and Sato 2013). Subsequently, we convert EEG sig-
nals with differing statistical characteristics into a uniform
two-dimensional image format using the gramian angular
field (GAF) (Wang and Oates 2015). We divide the multi-
source dataset into support and query sets, then perform dis-
tribution bias rectification. Finally, labels for the query set
are obtained using the proposed MSADiff-Resnet model.

In summary, the contributions of this paper are as follows:

* A dynamic bias rectification method was proposed to ad-
dress inter-class and intra-class distribution biases. For



inter-class bias, a shifting term is added to the normalized
query set to bring it closer to the center of similar sam-
ples in the support set. For intra-class bias, the similarity
between each sample and the class prototype is dynam-
ically weighted. Additionally, a pseudo-labeling strategy
is used to expand the support set, allowing for the rectifi-
cation of prototypes.

To combat overfitting caused by the limited sample size
of the support set, the MSADiff-Resnet has been pro-
posed. This model enhances the interaction between la-
beled and unlabeled samples through a diffusion mecha-
nism and controls the diffusion paths of information us-
ing the MSA mechanism, optimizing the dynamics of in-
formation flow.

A universal deep learning framework has been developed
to address FSL tasks in BCI datasets. This framework
systematically integrates key steps such as data prepro-
cessing, optimization, format standardization, and distri-
bution bias rectification. It employs the MSADiff-Resnet
to predict labels for the query set. The effectiveness of
the proposed method has been validated through exten-
sive experiments on multi-source datasets.

Related Work
Few-Shot Learning

This section focuses on FSL methods based on metric learn-
ing and model learning, which are closely related to the pro-
posed method .

Metric-based methods solve classification problems by
learning a measure of similarity between samples (Guo et al.
2023; Chen et al. 2023). Prototype Networks (PN) (Snell,
Swersky, and Zemel 2017) classify based on the distance
between query points and the nearest class prototype, but
their performance is limited in high-dimensional embedding
spaces (Gong 2023). BD-CSPN (Liu, Song, and Qin 2020)
builds on PN by using feature shift strategy and pseudo-
labeling strategy to adjust biases. However, the pseudo-
labeling strategy utilizes only a few high-confidence query
points, leading to low data utilization rates, and reliance
solely on cosine similarity fixes the relationship between
features and prototypes. Model-based methods focus on de-
signing architectures that can quickly adapt to new tasks (Lai
et al. 2022; Zhu et al. 2024), enhancing classification perfor-
mance of limited labeled samples through attention mecha-
nisms, but they lack consideration for distribution biases in
multi-source data and the potential of unlabeled data.

In response to the challenges mentioned above, this study
introduces a novel integration strategy that combines the
strengths of both metric-based and model-based learning
methods. In terms of metrics, we dynamically rectify the
sample prototypes to reduce differences between source
samples and refine model parameters through a prototype
loss function. In terms of the model, we employ a diffusion
mechanism to enhance the impact of unlabeled data on the
processing of labeled data.
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Diffusion Mechanism

Diffusion is a fundamental mechanism describing interac-
tions between different entities in physical processes, and
its concept has been widely applied across various fields
(Dhariwal and Nichol 2021; Atwood and Towsley 2016;
Gasteiger, Weillenberger, and Giinnemann 2019; Avdeyev
et al. 2023). Currently, there are few applications of the dif-
fusion mechanism in FSL. Meta-Diffusion Models (Hu et al.
2023) and DiffAlign (Roy et al. 2022) use diffusion to gener-
ate pseudo data for sharpening decision boundaries, but they
overlook the rich information contained in the query set.
Diff-ResNet (Wang et al. 2023) adds convection-diffusion
layers between residual networks to promote information
exchange between the query set and support set data. How-
ever, this method uses a gaussian kernel to pre-construct the
weight matrix, making the diffusion intensity fixed and lack-
ing dynamic adjustment, and it does not consider distribu-
tion biases in multi-source data.

Addressing these shortcomings, we introduce MSADiff-
Resnet. This model employs the MSA mechanism (Fan et al.
2024) to achieve local dynamic diffusion based on data dis-
tance metrics and characteristics transferred by the model.
It utilizes the diffusion parameter to regulate the global dif-
fusion intensity, enabling more effective utilization of unla-
beled data. Additionally, the proposed dynamic biases recti-
fication method improves the distribution biases.

Few-Shot Learning in the BCI Field

Unlike the rapid development of FSL in the field of com-
puter vision, currently, only a few studies have applied FSL
techniques to the BCI field (An et al. 2023; Pan et al. 2023;
Bhosale, Chakraborty, and Kopparapu 2022). These stud-
ies mainly focus on labeled data, struggling with overfit-
ting issues due to sample limitations and are only applica-
ble to specific tasks. Addressing these deficiencies, a uni-
versal framework for FSL based on EEG signals has been
proposed. It systematically integrates key steps for handling
FSL with multi-source EEG data, achieves distribution bias
rectification, and effectively utilizes unlabeled data, address-
ing the challenges of data diversity and scarcity in BCI field.

Method

Figure 1 displays our methodological framework, which in-
cludes five essential modules: (a) Original Signal Input; (b)
TRCA; (c) GAF; (d) Distribution Bias Rectification; and (e)
MSAD:iff-Resnet. The process begins with the optimization
of multisource EEG signals for feature reproducibility in the
TRCA module. Subsequently, the GAF module utilizes po-
lar coordinate and cosine transformation to effectively ex-
tract the EEG signals’ features of periodic changes, trends,
and energy distribution, while also converting EEG signals
of varied data structures, sampling rates, and channel con-
figurations into standardized two-dimensional feature maps.
Following embedding training, the distribution bias rectifi-
cation module performs dynamic rectifications on the biases
present in the multi-source data. The MSADiff-Resnet mod-
ule, leveraging resnet’s inherent skip connections, enhances
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Figure 1: The overall framework of the method. The details of the main contribution modules (d) and (e) are displayed in Figure

2 and Figure 3, respectively.

the model’s generalization abilities. It employs convection-
MSAD:Iff layers to exert forces on the data points, encour-
aging clustering of similar data, and concludes with a fully
connected layer that predicts the labels of the query set.
The hybrid loss function merges prototype loss with cross-
entropy loss to refine the model’s parameters.

Distribution Bias Rectification

The dataset X = X, U X, consists of two subsets: X
{(z4, yi)}f-v:ll, the support set (labeled), and X, = {z; }] 1
the query set (unlabeled), with N representing the total
number of samples in the support set and /Ny the total num-
ber of samples in the query set. The goal of FSL is to accu-
rately determine the labels of the query set when the size of
|, is very small.

In FSL task, samples are embedded into low-dimensional
space, where the central point of each class is known as a
prototype. These base prototypes are obtained by averaging
the features of the support samples within each class.

1 K
Po=2:) . Tin M

where, K represents the number of samples in each class;
Z;,, denotes the normalized features of the i-th sample in
class n within the support set.

14425

However, there is a bias between the prototypes derived
from the limited support set and the true prototypes, which
can be categorized into inter-class and intra-class biases.

Inter-class bias refers to the distance between the average
vectors of the support set and the query set. Minimizing this
distance is a typical method for reducing distribution bias.
The inter-class bias, denoted as B,oss:

Bcross = EXswps [Xs] - EXQNPQ [XQ] (2)

where, ps and pq represent the distributions of the support
set and query set, respectively. Reducing B,,.ss is achieved
by shifting the query set towards the support set. The proto-
type, after inter-class correction, is as follows:

:E;:;qurg

|N1| 2y T |N2| 2

where, Z, represents the normalized query features; ¢ is the

3)

|N1 |N2 B

7,9

4)

shifting term; ™ N I Z‘Nll Z;,s 1s the average feature of the

support set X; and ™ N i Z‘Nz Z;,4 1s the average feature
of the query set X,. By adjusting the feature vectors of the
query set samples, the distribution bias of the multi-source
samples is reduced, bringing them closer to the center of the
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Figure 2: Dynamic intra-class bias rectification module.

corresponding class in the support set within the embedded
space.

Intra-class bias refers to the discrepancy between the ex-
pected prototype and the actual prototype:

Bintra = EXNpX [X] [X/] (5)

where, px represents the distribution of all samples belong-
ing to a specific class, while px denotes the distribution of
the available labeled samples within that class. The expected
prototype is represented by the average features of all sam-
ples within the class. The limitation of having only K sam-
ples per class in FSL introduces a bias in the prototype.
Next, a pseudo-labeling strategy is employed to reduce
bias, where temporary labels are assigned to unlabeled data
based on predicted confidence (Li et al. 2019). The top Z
most confident query samples are selected to augment the
support set X: X! = X, U XZ doeuto - 11 rectified prototype

is calculated using the normalized feature Z':

;AR
Pn - Zi:l wz,n (6)
where, w; ,, represents the dynamically adjusted weights

that modulate the relationship between the support samples
and the base prototype, calculated as follows:

- EX’NPXX

“Tin

exp (- cos- (Wa-o (Wi [2],, Pn])))
3255 exp (e - cos (Wa o (Wi - [, Pa])))

where, ¢ is a scalar parameter; cos refers to the cosine simi-
larity; P, is the base prototype from Equation (1); the activa-
tion function o (+) utilizes ReLU; W7 and W5 are parameters
learned during training. The dynamic intra-class bias rectifi-
cation module, shown in Figure 2, gives greater influence to
samples that are more closely related to the prototype during
the training process. This reduces the impact of outliers on
the prototype, making the distribution of the rectified proto-
type P’n more closely aligned with the expected prototype.

Then, we use the rectified prototype for the computation
of the model’s loss function, as shown in the Equation:

O]

Win =

L=Lce+Lp; (3)
Lo =— Z Z yiclog (f (z:),) (9
Lo =30 S f - a0
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where, Lo g represents the cross-entropy loss; £p; denotes
the prototype loss; C' is the total number of classes; P is the
rectified prototype for class c. Lo g directly influences the
decision boundaries by maximizing the predicted probabili-
ties, while £p; minimizes the distance between the samples
and the prototypes allowing the model to adaptively fit the
feature representations to the current data distribution.

MSADiIff-Resnet

In resnet, xf represents the feature of the data x; after the
k-th residual block. Residual connections refer to the addi-
tion of ¥ to xf“ through skip connections. Here, the con-
volutional layer, batch normalization layer, and other layers
are combined and represented by the function f. Therefore,
each residual block can be expressed as:

ot = ol + f (aF,0%) (11)

where, 0% represents the parameters of the k-th block. From
the perspective of ordinary differential equations (ODEs), f
is considered the velocity, :c and ka are viewed as the
starting and ending posmons of x;, respectively. By intro-
ducing a time step At into f, resnet can be seen as the for-
ward euler discretization of Equation (12), which describes
the evolution of x;:

d.l?z( )

= [ (xi(1),0(1)) ,

The time step represents the independent movement of the
convection term in the point iteration across layers. To en-
hance the interaction between the support set and the query
set, a diffusion mechanism is introduced in Equation (13):

d.%‘z' (t)

= @(0,60) -7 Y

where, IV represents the number of data; v > 0 is a param-
eter that adjustments the strength of diffusion; w;; > 0 are
the weights between x; and x;. The desired weight matrix
facilitates the clustering of similar points. The convection
term f is set as a two-layer network with a width w:

fa®.00)=>"" oo (w -z +b") a4
where, z(t) € RY b() € R; a() wgi) € R and f:
R —> R, The activation functlon o(-) is ReLU. 0(t) =
0,40, a0

t IS 2R 2

Using the classical Lie-Trotter splitting scheme (Geiser
2009), the convection-diffusion Equation (13) is discretized,
and then a time step At is introduced into f and ~:

131(0) =T (12)

— (1)) (13)

wzg

w

represents the set of network weights.

k+1/2
inJr/

:J:f—l—f(xfﬂk) (15)

k+1/2

k+l _
€Z; Z;

A3y (A=) a6

The diffusion step Equation (16) serves as a stabilization
for the convection step Equation (15). The weight matrix is



77777777 al
I
{ Labeled Set | {Unlabeled Set] Fully-Connected o
ot b | % v
O || @l | E
= &= :
D || o | E g
/A ) —
= IS o
Z == 2
Convection-MSADiffusion % 5
& A4 s
Block sl I
.“Q: MSA Layer =)
ti 1 7
3 Difsion Lo | 5 :
n 2 £
= g % =
MSADIff Step 8 & £
* < Y =
— W
* MSA Layer = Matmul
[ Fully-Connected ] Diffusion Layer
(a) (b) (c) (d)

Figure 3: MSAD:iff-Resnet (a) Network structure; (b) Details of each block; (c) MSA mechanism (M represents Manhattan
distance, Decay represents the decay function); (d) Changes in data points due to convection and diffusion processes.

measured by a gaussian kernel to assess the similarity be-
tween data points (Wang et al. 2023). However, the weight
matrix w;; constructed in this manner remains fixed after
model initialization, meaning that the model cannot dynam-
ically adjust the intensity of interactions between data points
based on information learned during the training process. To
address it, we use MSA to compute the weight matrix:

Va )'6_

where, Wg, Wk, and Wy, are the weight matrices for the
I‘c+1/2izl?+1/2
i J

zlv_z’@"
MSA;; = (softmax( i )vaf 17

query, key, and value respectively; e | is ade-
cay function based on the manhattan distance; v/d stabilizes
the gradients. The decay function uses the manhattan dis-
tance to measure the similarity between data points and ad-
justs the range and intensity of the forces applied, reducing
the interactions between distant nodes, similar to the phys-
ical process of diffusion. In Equation (16), the traditional
gaussian kernel is replaced with a MSA mechanism:

N
i+l = R t1/2 sz:l MSA; (a:f“” - x?+1/2> (18)

In Equation (18), the attention mechanism and the de-
cay function work together to achieve precise control of lo-
cal diffusion intensity. The global parameter ~ regulates the
overall diffusion intensity, balancing various local effects to
maintain overall stability and facilitate rapid convergence.
The method combines local and global diffusion regulation,
allows for effective interaction between labeled and unla-
beled data. » MSADIff layers are added after residual block.
The structure of MSADiff-Resnet is shown in Figure 3.

Experiments
Datasets

BCICIV-2a (Brunner et al. 2008) dataset includes 4 differ-
ent motor imagery tasks (left hand, right hand, both feet, and
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tongue) from 9 subjects. This experiment involves EEG data
from 22 channels. Each run consists of 48 tests distributed
evenly and randomized in sequence (12 tests per class), with
1 session containing 6 runs, totaling 288 tests.

Seed-V (Liu et al. 2021) dataset includes 5 emotional
tasks (happy, sad, disgust, neutral and fear) from 16 subjects.
This experiment involves EEG data from 62 channels. Each
session includes 15 tests distributed evenly and randomized
in sequence (3 tests per emotional class), with a total of 3
sessions, totaling 45 tests.

BETA (Liu et al. 2020) dataset involves steady-state vi-
sual evoked potentials tasks from 70 subjects, targeting 40
different areas of a virtual keyboard, each area flickering at
a different frequency. This experiment involves EEG data
from 64 channels. Each run includes 40 tests in random se-
quence, with 1 session containing 4 runs, totaling 160 tests.

The multi-source dataset is composed of 14,512 images
from 49 classes across the above three datasets. It is divided
into three parts: 31 base classes for training, 8 novel classes
for validation, and the remaining 10 classes for testing.

Implementation Details

We used Conv4 and ResNet-18 as backbones, training
all models with a label smoothing factor of 0.1 for
cross-entropy loss and an SGD optimizer. batch size=64,
epochs=100, the training procedure does not involve meta-
learning. The original data points were mapped to an embed-
ding space RM with M=512. During evaluation, MSADiff
layers r = 6, global diffusion intensity v = 0.5. In each
N-way K-shot task, N new classes were randomly sam-
pled. Then, K samples were drawn from each of these [V
classes for training, followed by testing with 15 new sam-
ples from each class that were distinct from the initial K
samples. N was 5, with K set to both 1 and 5. We sampled
300 such tasks. To ensure that all classes appeared in the test
set, we conducted 10 rounds of experiments with dataset re-
partitioning, resulting in a total of 3000 FSL tasks.



Methods Backbone BCICIV-2a SEED-V BETA
k=1 k=5 k=1 k=5 k=1 k=5
PN Conv4 33.16£0.32*%  51.80+1.12*  21.74+£0.26*% 47.25+1.26% 28.04+0.18* 47.85+1.95%
MSCNN Conv4 33.71£1.18*%  56.65+0.29*  26.22+0.17* 50.25+1.61* 33.41+0.38* 48.18+0.33*
BD-CSPN Conv4 37.94+0.87%  57.30+1.92*% 24.15+1.53* 51.68+1.32* 31.67+£1.24* 49.51+1.26*
Meta-DM Conv4 38.99+£2.52*%  57.16x1.65% 27.66+£0.27* 56.43£1.40% 34.66+0.96* 48.79+2.05%
AFR Conv4 36.71£1.20%  59.45+0.84* 25.19£1.72% 54.85£2.27* 34.30+1.05* 49.65+1.44*
DA RelationNet  Conv4 38.94£2.04*%  59.88+2.14* 26.59+1.35*% 56.42+0.38* 35.56+1.23* 50.81+1.80*
Diff-ResNet Conv4 39.23£0.76*  60.25+0.18* 27.82+1.66*% 58.25+0.75% 37.83+x1.53* 52.98+1.46*
DiffAlign Conv4 41.05£1.58*  62.05+£1.45* 29.75%£1.55*% 58.57+0.83* 38.04+0.87* 51.72+0.15%*
“Proposed Conv4 ~ 42.93+0.72  63.96+0.71  30.75+1.08  59.57+0.85  39.45+0.41 54.76+0.80
PN ResNetl8  45.72+0.75*% 64.14+£2.09*% 35.29+£1.42*% 58.42+1.62* 38.21+1.82* 56.64+1.83*
MSCNN ResNetl8 45.18+1.08* 68.48+0.80* 35.24+1.31*% 67.43+1.32% 37.43£1.10% 58.37+1.84*
BD-CSPN ResNetl8 46.09+1.04* 69.10£1.54* 39.62+0.45* 69.05+1.93* 41.84£1.28% 59.47+1.45*
Meta-DM ResNetl8  45.32+1.87* 70.49+1.26*% 39.70+1.37* 68.43+0.38* 44.14+0.55* 61.77+1.80%*
AFR ResNetl8 47.69+0.90* 70.86£1.50*% 41.64+1.60* 68.95+1.92% 47.53£1.48*% 59.60+0.50*
DA RelationNet ResNetl8 51.39+0.78*  71.58+1.94* 39.79+2.15* 70.15£0.90*% 44.78+0.59* 61.45+1.31*
Diff-ResNet ResNet18 48.72+1.79% 71.68+£0.76* 42.04+1.17* 70.98+1.91% 47.69+1.39* 60.95+0.91*
DiffAlign ResNetl8 53.40+0.40* 72.85£1.88*% 41.75+0.66* 70.39+0.21% 49.27£1.52* 63.75+0.73*
“Proposed ResNetl8  55.49+0.25  75.48+0.98  44.31+1.68  74.13+0.95  4851+1.57  65.96+1.04

Table 1: Average accuracies and standard deviations (Acc+Std %) of our model and baselines on the three datasets in the multi-
source dataset. p-value between the method and proposed: * indicating (p < 0.001).

Experimental Results

The proposed MSADiff-Resnet is a hybrid structure of
metric-based and model-based FSL. Therefore, we have se-
lected the most recent methods from these two categories,
along with the latest methods in diffusion-based FSL and
the most recent techniques for FSL in the BCI field as our
baselines. The experimental results are shown in Table 1.
Among them, PN (Snell, Swersky, and Zemel 2017), BD-
CSPN (Liu, Song, and Qin 2020), AFR (Zhu et al. 2024),
Meta-Diffusion Models (Hu et al. 2023), DiffAlign (Roy
et al. 2022), Diff-ResNet (Wang et al. 2023), DA Relation-
Net (An et al. 2023), MSCNN (Pan et al. 2023).

Table 1 displays the results of various SOTA FSL meth-
ods on the multi-source BCI dataset. Our MSADiff-Resnet
achieved superior or comparable performance across all
tasks, outperforming most cutting-edge methods by approx-
imately 1% to 3%. Notably, compared to FSL methods
specifically designed for the BCI field (MSCNN and DA
RelationNet), our proposed method achieved an improve-
ment of about 4% to 5% in peak performance across differ-
ent tasks. This marks the exceptional capability of the pro-
posed method, advancing the development of FSL in BCI
field. Meanwhile, the proposed method achieves consistent
improvements on Conv4 and ResNet18 backbones for most
tasks, validating its generalisability.

Ablation Study

To validate the effectiveness of the distribution bias recti-
fication mechanism and the MSADiff mechanism, we con-
ducted an ablation study on the multi-source dataset through
10 experiments, randomly extracting 1000 instances of 5-
way 1-shot and 5-way 5-shot tasks, as shown in Table 2
and Figure 4. Specifically, the variant models were cate-

Methods  Backbone Multi-Source Dataset
k=1 k=5

@) Conv4 34.96+1.32% 57.16+£0.80*

(i) Conv4 35.47+0.25* 57.82+1.51*

(iii) Conv4 35.93+1.82*% 58.25+1.04*

@iv) Conv4 36.06+1.43* 58.95+2.15%

" Proposed Conv4  37.7120.74  59.43x0.79
@) ResNetl8 46.15+1.45% 67.87+1.19*
(ii) ResNetl8 46.86+1.72% 68.35+1.49%
(iii) ResNetl8 47.44+£2.07* 69.38+0.84*
@iv) ResNetl8 48.65+0.71* 70.54+1.06%*

" Proposed ResNetl8 49.44+1.17  71.86+0.99

Table 2: Average accuracies and standard deviations
(AcctStd %) of ablation studies. p-value between the
method and proposed: * indicating (p < 0.001).

gorized as follows: (i) the original Diff-Resnet, which re-
moved both the distribution bias rectification mechanism
and the MSADiff mechanism; (ii) Diff-Resnet with a static
distribution bias rectification mechanism (Liu, Song, and
Qin 2020) but without the MSADiff mechanism; (iii) Diff-
Resnet equipped with a dynamic distribution bias rectifica-
tion mechanism but without the MSADIff mechanism; (iv)
Diff-Resnet that included the MSADiff mechanism but re-
moved the distribution bias rectification mechanism.

The proposed method achieved the best results across all
tasks, outperforming variants (iii) and (iv) by approximately
2% and 1%, respectively. This demonstrates the effective-
ness of combining dynamic distribution bias rectification
mechanism with MSADiff mechanism. Compared to vari-
ant (i), variants (ii), (iii), and (iv) also showed improvements
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Figure 4: Ablation study (a) Inter-class bias rectification;
(b) Intra-class bias rectification; (c) 5-shot, Diff; (d) 1-shot,
Diff; (e) 5-shot, MSADIfT; (f) 1-shot, MSADiff.

across all tasks by approximately 0.5%, 1%, and 2%, respec-
tively, highlighting the roles of distribution bias rectification
mechanism and MSADiff mechanism. The performance of
variant (iii) exceeded that of (ii), proving the superior perfor-
mance of dynamic distribution bias rectification mechanism.
Additionally, the performance of variant (iv) surpassed that
of both (ii) and (iii), indicating that using MSADiff mech-
anism to address sample limitations in practical scenarios
results in more significant improvements.

Figure 4 (a) and (b) display 5-way 1-shot tasks randomly
sampled from a multi-source dataset. Figure 4 (a) seeks to
reduce inter-class bias by aligning query set samples closer
to the center of the support set. Compared to the red circles,
most green circles, which represent variants (ii) and (iii),
are closer to the centroid of the support set (blue pentagon),
demonstrating the effectiveness of the inter-class bias rectifi-
cation mechanism. Figure 4 (b) focuses on prototype rectifi-
cation through the augmentation of the support set, with dif-
ferent colors representing different classes. Key details are
magnified to highlight subtleties. Basic prototypes are cal-
culated using support set, while expected prototypes utilize
all samples in the collection. Prototypes in variants (ii) and
(iii) are derived through static and dynamic intra-class bias
rectifications, respectively. Due to the scarcity of labeled
samples, there is a noticeable deviation between the basic
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Figure 5: Discussion of diffusion (a) Conv4; (b) ResNet18.

and expected prototypes. The prototype in (iii) (pentagon) is
closer to expected prototype (triangle), show the superiority
of the dynamic intra-class bias rectification mechanism.
Figure 4 (c) and (d) respectively showcase random 5-
way 5-shot and 5-way 1-shot tasks from the multi-source
dataset using variant (i), with different classes marked in var-
ious colors, support sets indicated by pentagons, and query
sets by circles. The boundaries between different classes are
clearly delineated, and the clustering of query points within
the same class is moderately effective, indicating that the
diffusion mechanism provides good separability of the sam-
ples. Figure 4 (e) and (f) display the 5-way 5-shot and 5-
way 1-shot tasks for variant (iv), respectively. Compared to
variant (i), it further improves the clustering effect of sim-
ilar query points and the separability of the data. This sug-
gests that the MSADiff mechanism more effectively facili-
tates the exchange of information between labeled and unla-
beled data, thereby better attracting similar data points.

Discussion of Diffusion Parameters

Next, we explored the configuration of diffusion layers and
global diffusion intensity. Extensive experiments revealed
that excessively high global diffusion intensity often leads
to anomalous results. To maintain system stability, we fixed
the global diffusion intensity at v = 0.5 and incrementally
increased the number of diffusion layers r. The results from
multi-source dataset experiments are displayed in Figure 5.
As observed in Figure 5, across the two backbone net-
works, the accuracy steadily increases as the number of dif-
fusion layers r < 6. At this point, there is a noticeable inflec-
tion in the trend, and additional layers do not significantly
enhance accuracy further. Given the boundary effects within
the model, it appears that information has been sufficiently
propagated through the network by the time it reaches 6 lay-
ers. To avoid the issue of over-diffusion, it has been deter-
mined that 6 is the optimal number of diffusion layers.

Conclusion

To address the challenges of distribution bias and sam-
ple limitations in FSL, we introduced the novel MSAD:iff-
Resnet model, which incorporates dynamic distribution bias
rectification mechanism and local-global MSADiff mecha-
nism. Additionally, to handle multi-source BCI-based FSL
tasks, we proposed a universal deep learning framework. Ex-
tensive experiments verified the superiority of the proposed
method. In future work, we plan to integrate more temporal
information into our framework and aim to develop univer-
sal model for multimodal physiological signals.
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