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Abstract—In electromyogram (EMG)-based motion recogni-
tion, a subject-specific classifier is typically trained with sufficient
labeled data. However, this process demands extensive data
collection over extended periods, burdening the subject. To
address this, utilizing information from pre-training on multiple
subjects for the training of the target subject could be beneficial.
This paper proposes an inter-subject variance transfer learning
method based on a Bayesian approach. This method is founded
on the simple hypothesis that while the means of EMG fea-
tures vary greatly across subjects, their variances may exhibit
similar patterns. Our approach transfers variance information,
acquired through pre-training on multiple source subjects, to a
target subject within a Bayesian updating framework, thereby
allowing accurate classification using limited target calibration
data. A coefficient was also introduced to adjust the amount of
information transferred for efficient transfer learning. Experi-
mental evaluations using two EMG datasets demonstrated the
effectiveness of our variance transfer strategy and its superiority
compared to existing methods.

I. INTRODUCTION

Electromyogram (EMG) signals are electrical activities that
can be measured from the skin surface, and their characteristics
change depending on the motion performed. Machine learning
leverages EMG signals in various fields, such as myoelectric
prostheses, by estimating motion intentions [1], [2].

In machine learning-based EMG pattern recognition, unique
classifiers are commonly trained using data collected individ-
ually from each subject [3], [4]. This is due to substantial
individual differences exist in EMG signals, which can be
attributed to variations in subcutaneous fat distribution, muscle
fiber diameter, and the manner in which force is exerted [4],
[5]. However, this approach requires the collection of extensive
training data over multiple trials to ensure adequate recognition
performance, which poses a heavy burden on subjects and
presents a major challenge for practical applications.

Inter-subject transfer learning has been gaining attention as
a method for achieving high recognition performance while
reducing data collection costs for a new subject. This approach
utilizes the knowledge from pre-training with multiple subjects
(source subjects) to train a classifier for a new subject (target
subject), anticipating that in such a scenario, only minimal
labeled calibration data will be collected from the target
subject. Recently, transfer learning based on deep neural
networks has been widely used [6], [7]; however, issues related
to computational cost and overfitting have been identified [8].

For applications on edge devices with limited computa-
tional resources, simpler, non-deep classification models are
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Fig. 1. Overview of the proposed method

preferable for inter-subject transfer learning. Traditionally, a
framework of transfer learning is introduced for non-deep
classification models [9]–[11]. For instance, in adaptive linear
discriminant analysis (LDA) [9], model parameters (mean
and covariance matrix) from both the target and source are
combined. The weight of the combination is then empirically
adjusted to determine the amount of information transferred
from source to target, to achieve effective recognition.

As a non-deep strategy, the authors have explored transfer
learning using simple Bayesian models in EMG classifica-
tion [12]. In Bayesian transfer learning, the transfer of knowl-
edge is interpreted as a process, whereby the prior distribution
is transformed into the posterior distribution via the likelihood.
The amount of transfer from source to target is determined
based on the uncertainty of priors. We demonstrated the
viability of this approach for intra-subject, inter-trial transfer
learning [12]. However, its applicability and success in inter-
subject contexts requires further investigation.

This paper presents a Bayesian approach to inter-subject
transfer learning in EMG classification, employing a sim-
ple Gaussian classification model (GCM). Fig. 1 presents
an overview of the proposed method. The method initially
computes the posterior distributions of GCM parameters using
EMG signals from multiple source subjects. These distribu-
tions are then updated using calibration data from a target
subject. The proposed method shares the precision matrix
among subjects, thereby transferring only variance information
from source to target subjects. The amount of transferred
information is determined based on the uncertainty of the pre-
trained posterior distribution on the source subjects.



II. PROPOSED METHOD

A. Problem Setting

Consider the D-dimensional EMG feature vector at data
point n, denoted as xn ∈ RD, and its corresponding mo-
tion class label yn ∈ {0, 1}C , where C is the number of
classes. In inter-subject transfer learning for EMG signals, the
information learned from the data of multiple source subjects
is utilized during the training of a classification model for a
target subject, to enhance classification performance for the
target. Let us consider the pre-training of a model with a
labeled training dataset obtained from a source subject s as
Ds = {(xs

n,y
s
n)}N

s

n=1, where Ns is the number of data points
in the source subject. The complete dataset across all source
subjects is Dsrc = {Ds}Ss=1, with a total sample size of
N src =

∑
s N

s, which is assumed to be sufficiently large.
The target subject provides a small set of labeled data (referred
to as calibration data), denoted as Dcal = {(xcal

n ,ycal
n )}Ncal

n=1 .
Through transfer learning, the ultimate goal is to maximize the
classification performance on the test data xtrg

n for the target
subject.

B. Gaussian Classification Model (GCM)

A GCM represents the relationship between EMG signals
and the corresponding class labels. The observed model of the
EMG signal xn for class c ∈ {1, . . . C} is expressed via the
following Gaussian distribution:

p(xn|µc,Λc) = N (xn|µc,Λ
−1
c ), (1)

where µc ∈ RD and Λc ∈ RD×D represent the mean vector
and precision matrix (the inverse of the covariance matrix)
of each class, respectively. We use one-hot representation for
the motion class label yn = {yn,c}, where yn,c = 1 for
a specific c indicates the selection of the c-th class. Hence,
the distribution of yn can be represented using the following
categorical distribution:

p(yn|π) = Cat(yn|π) =
C∏

c=1

πyn,c
c , (2)

where π = {πc} denotes the mixing coefficients (πc ∈ [0, 1]
and

∑C
c=1 πc = 1).

A prior distribution is introduced for each model parameter
for Bayesian treatment. For computational convenience, we
set the Gaussian-Wishart and Dirichlet distributions, which are
conjugate priors for {µc,Λc}, and π, as follows:

p(µc,Λc) = p(µc|,Λc)p(Λc) (3)

= N (µc|m0, (β0Λc)
−1)W(Λc|ν0,W0), (4)

p(π) = Dir(π|α0), (5)

where m0 ∈ RD, β0 ∈ R+, ν > D − 1, W0 ∈ RD×D, and
α0 = {α0}C are the prior hyperparameters.
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Fig. 2. Graphical model of GCM for inter-subject classification. The gray and
white nodes represent the observed and unobserved variables, respectively.

C. Inter-Subject Transfer Learning

In transfer learning based on structured Bayesian models,
the issue reduces to whether to share parameters among
subjects or to treat them independently. EMG feature vectors
vary significantly across subjects due to individual biological
differences, thereby affecting the mean values of the features.
By contrast, feature variance (the variability over time) may
display common trends across subjects. With these simple
assumptions, we set subject-specific means and a shared
variance in GCM. Fig. 2 shows the graphical model of the
extended GCM. The training steps of the model are divided
into pre-training for source subjects and transfer learning for
the target subject.

1) Pre-training with source subjects: The posterior distri-
butions of the source subject s for each class can be computed
by applying Bayes’ theorem as follows:

p(µs
c,Λc|Dsrc) ∝ p(Dsrc|µs

c,Λc)p(µ
s
c|Λc)p(Λc), (6)

p(πs|Dsrc) ∝ p(Dsrc|πs)p(πs). (7)

From conjugacy, each posterior distribution is attributed to the
following Gaussian-Wishart and Dirichlet distributions, which
are of the same type as the priors:

p(µs
c,Λc|Dsrc) = N (µs

c|ms
c, (β

s
cΛc)

−1)W(Λc|νsrcc ,Wsrc
c ),

(8)
p(πs|Dsrc) = Dir(πs|αs), (9)

where βs
c ,m

s
c, ν

src
c ,Wsrc

c , and αs = {αs
c}Cc=1 are the posterior

hyperparameters for the source subjects. Note that the hyper-
parameters for the subject-specific mean carry a subject index
s, whereas for the shared variance (precision) across subjects,
the superscript “src” denotes its commonality.

In Bayesian transfer learning, the amount of transferred in-
formation is determined by the uncertainty of the distribution,
which is inversely related to data quantity. With more source
subjects or larger samples, there is the risk of transferring
excessive information to the target. Accordingly, we introduce
a weight coefficient ws ∈ R+ to control the distribution
uncertainty and adjust the impact of source data. Using this



TABLE I
DATASET INFORMATION

Dataset # Motions (C) # Electrodes (D) Sampling frequency # Subjects Calibration trials Test trials

I 6 4 2000 Hz 6 1 2, 3, 4, 5, 6
II 8 8 200 Hz 25 1 2, 3, 4

coefficient, the modified posterior hyperparameters for the
source subjects can be calculated as follows:

βs
c =

Ns∑
n=1

wsysn,c + β0, (10)

ms
c =

∑Ns

n=1 w
sysn,cx

s
n + β0m0

βs
c

, (11)

νsrcc =
1

S

S∑
s=1

Ns∑
n=1

wsysn,c + ν0, (12)

(Wsrc
c )

−1
=

1

S

S∑
s=1

(
Ns∑
n=1

wsysn,cx
s
nx

s
n
⊤ + β0m0m

⊤
0

−βs
cm

s
cm

s
c
⊤
)
+W−1

0 , (13)

αs
c =

Ns∑
n=1

ysn,c + α0. (14)

Note that a larger ws reduces distribution uncertainty, in-
creasing the amount of information transferred from source
to target.

2) Transfer learning to target subject: The model for the
target subject is trained with transferred information from pre-
training on source subjects. The posterior distributions for the
target subject are computed based on both Dsrc and Dcal, as
follows:

p(µc,Λc|Dcal,Dsrc) ∝ p(Dcal|µc,Λc)p(µc|Λc)p(Λc|Dsrc),
(15)

p(π|Dcal) ∝ p(Dcal|π)p(π). (16)

Note that only the precision matrix Λc is shared between
source and target, conditioned on Dsrc. Similar to (8) and (9),
each posterior distribution can be calculated using conjugation
as follows:

p(µc,Λc|Dcal,Dsrc)

= N (µc|mc, (βcΛc)
−1)W(Λc|νc,Wc), (17)

p(π|Dcal) = Dir(π|α), (18)

where βc,mc, νc,Wc,α = {αc} are the posterior hyperpa-
rameters for the target subject and defined as follows:

βc =

Ncal∑
n=1

ycaln,c + β0, (19)

mc =

∑Ncal

n=1 ycaln,cx
cal
n + β0m0

βc
, (20)

νc =

Ncal∑
n=1

ycaln,c + νsrcc , (21)

W−1
c =

Ncal∑
n=1

ycaln,cx
cal
n xcal

n

⊤
+ β0m0m

⊤
0

− βcmcm
⊤
c + (Wsrc

c )
−1

, (22)

αc =

Ncal∑
n=1

ycaln,c + α0. (23)

From (21) and (22), the calculation of the posterior hyperpa-
rameters for Λc utilizes hyperparameters determined by the
source subjects. This allows transfer of variance information
from source to target.

D. Motion class prediction

To perform motion recognition on new target subject test
data xtrg

n , we compute the following predictive distribution:

p(ytrg
n |xtrg

n ,Dcal,Dsrc)

=

∫
p(ytrg

n |xtrg
n ,θc)p(θc|Dcal,Dsrc)dθc, (24)

where θc = {µc,Λc,π} represents the set of model parame-
ters. The class prediction probabilities defined by the predicted
distribution are then calculated, and the class with the highest
probability is determined to be the predicted motion class:

ĉn = arg max
c

p(ytrg
n,c = 1|xtrg

n ,Dcal,Dsrc). (25)

III. EXPERIMENTS

A. Methods

To evaluate the effectiveness of the proposed inter-subject
transfer learning, EMG pattern classification experiments were
conducted using two EMG datasets. Table I summarizes the
information for each dataset, which containes multi-channel
EMG signals from several subjects over multiple trials.
Datasets I and II are obtained from [12] and [10], respectively.
For feature extraction, each dataset was subjected to full-wave
rectification processing and smoothing using a second-order
Butterworth low-pass filter with a cutoff frequency of 1 Hz.
One subject was designated as the target subject, and the rest
as source subjects, with validation performed on all possible
combinations. All trials from source subjects were used as the
pre-training set Dsrc. For the target subject, only the first trial
served as the calibration set Dcal, and the remaining trials
served as the test set for accuracy evaluation.

The prior hyperparameters for GCM were set as m0 = 0,
β0 = 1, ν0 = D + 1, α0 = 1, and W0 = I (I as



the identity matrix). The weight coefficient ws introduced
during pre-training, is an important parameter for adjusting
the amount of information transferred from source to target.
In our experiments, we tentatively set ws as follows:

ws =
N cal

Ns
(26)

so that the ratio of the amount of transferred data is equal to
that of the calibration data. This setting assumes that if the
transfer amount is too high, the information from source sub-
jects may dominate, hindering the appropriate incorporation
of the target subject information into the learning process.

To investigate the impact of varying transferred information,
we performed an ablation study for the proposed method. We
also compared the performance of the proposed method with
the following two existing methods:

• Adaptive LDA [9] is a classification method that intro-
duces transfer learning into LDA. In this method, the
model parameters, µc and Σ, are determined as follows:

µc = τµcal
c + (1− τ)µsrc

c , (27)

Σ = λΣcal + (1− λ)Σsrc, (28)

where µsrc
c and Σsrc are the class-specific mean and

shared covariance matrix calculated from the source
dataset, respectively, whereas µcal

c and Σcal are those
from the target subject’s calibration dataset. The hy-
perparameters {τ, λ} control the amount of transferred
information and were tuned using 11 × 11 grid search
(ranging from 0 to 1) through two-fold cross-validation
on the calibration dataset.

• Adaptive quadratic discriminant analysis (Adaptive
QDA) [11] introduces transfer learning into QDA, which
is an extension of LDA, where each class is given a class-
specific covariance matrix Σc. Unlike LDA, QDA can
learn quadratic decision boundaries. The model param-
eters, µc and Σc, can be determined by replacing Σcal

and Σsrc in (28) with Σcal
c and Σsrc

c , respectively. Tuning
of the hyperparameters was performed in the same way
as for the adaptive LDA.

In both the ablation study and the comparison with existing
methods, we evaluated the effect of calibration data size on
accuracy using the entire set and only the first 25%. Apart
from the above evaluations, the sensitivity of the proposed
method to the coefficient ws was also explored.

B. Results

In the ablation study, we calculated the classification accu-
racy for different transfer scenarios: transferring only variance
information (ours), only mean information, both mean and
variance information, and not transferring any information.
The results are presented in Table II. Regardless of the dataset
and the percentage of calibration data used, the proposed
method of transferring only variance information demonstrated
the best performance. Table III shows the results of the
comparison with existing methods. The proposed method
outperformed the existing methods in all cases.

TABLE II
AVERAGE CLASSIFICATION ACCURACY (%) IN ABLATION STUDY

Dataset Type of transfer % of calibration data used

25% 100%

I

No transfer 73.27± 18.42 78.89± 12.46
Mean & variance transfer 61.10± 22.99 69.64± 20.05
Mean transfer 62.41± 16.86 75.48± 20.10
Variance transfer (ours) 75.99± 10.69 85.51± 10.26

II

No transfer 20.87± 7.25 61.82± 6.75
Mean & variance transfer 47.47± 8.47 60.84± 5.51
Mean transfer 21.27± 7.81 61.03± 6.41
Variance transfer (ours) 48.49± 10.04 64.27± 4.70

TABLE III
AVERAGE CLASSIFICATION ACCURACY (%) FOR EACH METHOD

Dataset Method % of calibration data used

25% 100%

I
Adaptive LDA 73.72± 6.43 84.49± 4.92
Adaptive QDA 52.62± 13.29 63.62± 19.66
Ours 75.99± 10.69 85.51± 10.26

II
Adaptive LDA 31.53± 13.88 60.50± 3.88
Adaptive QDA 22.98± 9.16 57.86± 6.87
Ours 48.49± 10.04 64.27± 4.70

The effect of modulating the transfer amount by varying
the coefficient ws on performance was also explored. As
the number of source subjects, S, varied across datasets,
we expressed ws as a ratio r of the volumes of source to
calibration data, as follows:

r =

∑S
s=1 w

sNs

SN cal
. (29)

Performance was assessed at different r values (r = 0, 0.5,
1, 2, 5, 10, 20, 50, 100), and the results are shown in Fig. 3.
Note that in previous ablation and comparative studies, the
default ws corresponded to r = 1.0. In both datasets, average
accuracy peaked around 0.5–1.0 and then gradually decreased
as r increased.

C. Discussion

The ablation study showed that the proposed method (vari-
ance transfer) outperforms other scenarios (Table II). With
limited calibration data, the computed variance tends to be
underestimated compared to the actual variability during pre-
diction. The proposed method can better represent the spread
of the target data distribution by transferring the variance from
source subjects containing sufficient variability, to improve
classification accuracy. In contrast, transferring the mean leads
to lower accuracy than no-transfer scenario. This could be be-
cause EMG feature means vary largely among individuals due
to biomechanical and physiological factors, and thus sharing
mean information may negatively impact model training.

In both datasets, the existing methods, adaptive LDA and
adaptive QDA, exhibited lower accuracy compared to the
proposed method (Table III). The discrepancy in accuracy
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Fig. 3. Average classification accuracy with changing r for each dataset. Note
that the maximum value of r varies across datasets due to differences in the
number of source subjects and data length of them. Each point and the shaded
areas represent average accuracy and 95% confidence interval respectively, for
all participants. Stars indicate an accuracy corresponding to r = 1.

was especially pronounced when using 25% of the calibration
data, suggesting that the existing methods might overfit the
calibration data. In particular, QDA, being a nonlinear classi-
fier, is more prone to overfitting than LDA [13]. By contrast,
the proposed Bayesian method inherently includes a form
of regularization through the prior distribution. Additionally,
the introduction of weight coefficient ws allows for adjusting
the uncertainty of the distributions (and thus the transferred
information) based on the amount of calibration data, leading
to higher classification accuracy.

We found that there is an optimal value for the amount
of transferred information controlled by the coefficient ws

(Fig. 3); setting it too high leads to excessive transfer of source
subject information, resulting in reduced accuracy. In the
performance comparison experiments, we tentatively set ws

such that r = 1, which, coincidentally, was close to the average
optimal value. However, as indicated by the error range in the
figure, the accuracy variation trends with r significantly differ
among individuals. Future improvements in accuracy can be
achieved by introducing theoretical or computational methods
for an efficient determination of the optimal r.

IV. CONCLUSION

In this paper, we proposed an inter-subject GCM-based
transfer learning method. The proposed method can achieve

high accuracy with limited labeled training or calibration data
by transferring the variance information acquired from the pre-
training of source subjects to the target subject. In addition,
by introducing a coefficient, the uncertainty of the pre-trained
posterior distributions was adjusted to control the amount of
transferred information, thereby preventing accuracy decline
from excessive transfer.

The efficacy of the proposed method was evaluated using
two EMG datasets. The results indicate that the proposed
method outperforms other methods in both datasets, demon-
strating the effectiveness of transferring variance information
in inter-subject transfer learning. In the future, we will intro-
duce a framework to adjust the optimal amount of transferred
information for each subject and improve accuracy through
more complex model structures.
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