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Abstract: Surface electromyography (SEMG)-based gesture recognition for myoelectric prosthetic control is hindered by inter-subject
variability, privacy constraints on centralizing biomedical data, and catastrophic forgetting during continual multi-subject adaptation.
This paper aims to address these challenges jointly through a novel federated continual learning framework. We present FTCL, a
federated Transfer continual learning framework. It pre-trains a hybrid BILSTM-CNN model, distributes it via FedProx aggregation,
and performs subject-specific calibration through classifier-head-only fine-tuning regularized with two novel methods: (i) OA-EWC
v2 (Outlier-Aware Adaptive Elastic Weight Consolidation v2) combining rolling Mahalanobis-distance recalibration with gradient-
interference lambda boosting; and (ii) a lightweight Episodic Replay Buffer (LERB) that maintains direct exposure to old subject data
during sequential fine-tuning. The framework was evaluated on the FORS-EMG dataset (19 subjects, 12 gestures, 54,720 windows)
under Leave-One-Subject-Out Cross-Validation (LOSO-CV). FTCL achieves 80.69% accuracy (Macro-F1 = 0.8091), outperforming
LDA (44.49%) and SVM (49.49%), with all 19 folds exceeding the 70% clinical usability threshold. Ablation study results show that the
lightweight replay buffer mitigates forgetting significantly, and the combination of OA-EWC v2 and replay provides a mean sequential
accuracy of 76.93% and True BWT of —9.07, signifying a 52% decrease in forgetting compared to the baseline. These results prove that
FTCL is a privacy-aware clinically applicable method for personalized myoelectric prosthesis control, ensuring compatibility between
data privacy and continual adaptability.

Keywords: backward transfer, BILSTM-CNN, catastrophic forgetting, federated continual learning, hand gesture recognition, surface
electromyography

1 Introduction (SVM) set the initial benchmark results [2,3]. Although
computationally efficient, the described methods suffer
from degradation while generalizing the data over
different subjects. Deep learning models such as CNN [4,
5], recurrent models [6], and hybrid CNN-RNN
approaches [7] significantly increased the within-subjects
recognition accuracy, but usually require fully retraining
the model per each subject, which is impractical in
clinical conditions. More recently, attention-based and
transformer architectures have been proposed to capture
long-range temporal dependencies in SEMG sequences
more effectively than recurrent backbones [22], though
such architectures typically increase model size and are
not by themselves designed to address privacy or
catastrophic-forgetting constraints.

Surface electromyography (SEMG) acquires the electrical
signals of the skeletal muscles through surface electrodes
and forms the main interface of modern myoelectric
prosthetic systems [1]. The key problem in mapping the
multi-channel sEMG signals time-series to discrete
classes of gestures (hand and wrist movements) was
addressed through numerous studies due to its practical
importance: recognition accuracy and latency directly
affect the usability and independence of the prosthesis
device in patients.

Classical machine learning algorithms using
handcrafted time-domain features combined with linear
discrimination analysis (LDA) or support vector machines
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Transfer learning (TL) algorithms intend to use the
model trained on some source group of subjects for fast
adjustment to the target subject [8,9]. Yet, the typical
pipeline assumes the existence of a central database,
which contradicts privacy policies regarding biomedical
data (e.g., GDPR, HIPAA). The federated learning (FL)
framework is a decentralized scheme [10]. FedProx [11]
is an extension to FedAvg with an addition of a proximal
regularization term to improve the convergence
performance for heterogeneous datasets; this innovation
is consistent with a recent trend of gradient-based and
adaptive  regularization optimization methods for
non-convex and large-scale learning problems [23].
Despite the above innovations, federated models can still
suffer from catastrophic forgetting [12]. Elastic Weight
Consolidation (EWC) [13] allows solving the problem by
regularizing against the update of the most important
parameters, one instance of a rapidly growing
continual-learning literature spanning regularization-,
replay-, and architecture-based strategies [24].

This paper makes two complementary contributions.
First, it presents FTCL, a federated continual learning
framework integrating FedProx, TL, and
EWC-regularized adaptation. Second, we introduce
OA-EWC v2 and a LERB. Beyond standard accuracy,
this paper emphasizes the correct measurement of
catastrophic forgetting using a corrected True Sequential
Backward Transfer (BWT) metric — a diagnostic that
quantifies, in one number, how much adapting to new
subjects degrades performance on subjects already
learned.

The background for the current study comes from five
emerging fields. Table 1 shows the comparison of existing
works in relation to the proposed FTCL framework.

The main contributions are:

1.FTCL framework: Achieving 80.69% =+ 4.24%
LOSO-CV accuracy on FORS-EMG.

2.Ablation study: Isolating the contribution of federated
aggregation, TL, and CL regularization.

3.Novel methods: OA-EWC v2 and LERB reduce True
Sequential BWT from —18.76 to —9.07 (=52%
improvement).

4.Corrected Metric: A True Sequential BWT metric
replacing a prior degenerate formulation.

5.Empirical evidence: Demonstrating that the
dominant forgetting event is a data-quality limitation,
not a gradient-conflict catastrophe.

The remainder of this paper proceeds as follows.
Section 2 describes the FORS-EMG dataset, the
pre-processing pipeline, and the proposed FTCL
framework, including the BiLSTM-CNN architecture,
FedProx aggregation, the OA-EWC v2 scheduler, and the
LERB. Section 3 presents the experimental results and
ablation study, discusses the clinical implications and
comparison with previous works, and concludes with the
study’s limitations, future directions, and conclusion.

2 Materials and Methods

2.1 Dataset: FORS-EMG

Experiments were conducted on the basis of the
FORS-EMG database [19] that consisted of signals from
19 able-bodied subjects performing 12 hand/wrist
movements. The signal sampling frequency was 985 Hz
and the signals were obtained by means of 8-channel
surface electrodes. Table 2 illustrates the major
characteristics of the database.

2.2 Methodology

FTCL’s architecture involves three stages, namely: (i)

global pre-training of a hybrid BILSTM-CNN model; (ii)

privacy-preserving Federated Aggregation via FedProx;

and (iii) fine-tuning the classifier-head for each individual

subject using Elastic Weight Consolidation (EWC).
Figure 1 shows the overall pipeline.

2.2.1 Data Preprocessing and Feature Extraction

Each raw sEMG recording goes through a four-step
processing pipeline: (1) Band-pass filtering between
20-450 Hz (Butterworth 4th order filter with an
additional 50 Hz notch filter), (2) Segmentation using
non-overlapping sliding windows with length of 197
samples (= 200ms), (3) Time domain features per
channel (Mean Absolute Value, Root Mean Square,
Waveform Length, Zero Crossings, Slope Sign Changes,
and AR coefficients of 4th order estimated with
Yule-Walker method) for a feature vector of 72
dimensions (9 x 8) per window, and (4) Min-Max
normalization per subject fitted only on the training split.
The identical preprocessing pipeline is used for the
combined pre-training dataset, every federated node, and
for each subject calibration set, thus guaranteeing that
inter-subject variability is solely caused by physiology,
not inconsistencies in the feature engineering process.
This consistency allows the frozen backbone
(Section 2.2.4) to be treated as a universal encoder for
subjects who don’t have raw data in common.

2.2.2 Global BiLSTM-CNN Architecture

The global feature extractor is a hybrid BiLSTM-CNN
designed to jointly capture local spectral correlations and
long-range temporal dependencies within SEMG signals.
Each 72-D feature window is processed through two
convolutional blocks (Table 3), whose output is
transposed and forwarded to two stacked bidirectional
LSTM layers; the bidirectional outputs are globally
average-pooled across the temporal dimension into a
512-D subject-agnostic embedding before the classifier
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Table 1: Comparative Analysis of SEMG Recognition Frameworks and the Proposed FTCL

Works Privacy (FL)  Cross-User Gen.  Continual Learning  Forgetting Mitigation  Strict LOSO-CV
Classical ML [2,3] X X X x X
Deep Learning [4,5,6,7] X () X X X
Transfer Learning [9] X v X X ©
Federated Learning [14,15] v X X X X
Continual Learning [13,16,17,18] X X v v X
FORS-EMG Specific [19] X () X x X
Proposed FTCL (Ours) v v v v v

Legend: v' = Fully Supported; x = Not Supported; © = Partially Supported / Significant Performance Drop.
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Fig. 1: Overview of the FTCL pipeline: data preprocessing, global BILSTM-CNN pre-training, FedProx federated
aggregation, subject-specific fine-tuning, OA-EWC v2 with episodic replay for forgetting mitigation, and performance

evaluation.

head. The complete architecture comprises 2,527,244
parameters, of which 134,412 reside in the classifier head
— the only parameters updated during subject-specific
fine-tuning (Section 2.2.4). Table 3 summarizes the
complete layer-by-layer configuration and output shapes.

2.2.3 Federated Aggregation: FedProx

Within each LOSO-CV fold, the training subjects (all
subjects excluding the held-out test subject) are
partitioned into K = 4 federated nodes of 4 subjects each
(11,520 feature windows per node), with 3 additional

subjects reserved exclusively for early-stopping
validation. To accommodate the non-IID nature of
multi-subject SEMG data — arising from inter-subject
anatomical differences and electrode placement
variability — federated aggregation is performed using
FedProx [11], which augments the standard FedAvg
objective with a proximal regularization term that bounds
the deviation of each client’s local model from the current
global parameters, as given in Equation (1):

hw) = Y R+ S lw-wl?
i=1
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Table 2: FORS-EMG Dataset Characteristics

Parameter Value

Subjects 19 able-bodied
Gesture classes 12

Sampling rate 985 Hz

EMG channels 8 (Supination configuration)
Window length 197 samples (200 ms)

54,720
72 (9 features x 8 channels)

Total windows
Feature dimensionality

where F;(w) denotes the local empirical loss at node i, w;
is the current global model broadcast by the central
aggregator, and y = 0.01 is the proximal coefficient
controlling the trade-off between local convergence and
global consistency; this value was selected in line with
literature recommendations for heterogeneous data
settings comparable to the inter-subject variability
observed in SEMG signals. Aggregation is performed in
14 iterations of global communications, with each node
conducting 3 iterations of local learning per iteration.
Following the completion of the local learning iterations,
the parameters are aggregated in order to create the new
global model.

2.2.4 Subject-Specific Fine-Tuning

The fine-tuning procedure involves maintaining all the
backbone parameters (consisting of CNN and BiLSTM
layers) as they were originally while modifying only the
gradients of the classifier head which comprises two
layers and has 134,412 parameters, which accounts for
5.3% of the total network size. The training is done on
40% of each individual’s windows of features using
Stochastic Gradient Descent algorithm with the learning
rate of 1 x 1073, momentum of 0.9, maximum of 30
epochs, and early stopping with patience of 10.
Restricting gradient updates to the head keeps the number
of trained parameters proportional to the small per-subject
dataset, avoiding overfitting while retaining the
population-level features learned during federated
pre-training.

2.2.5 Proposed Methods: OA-EWC v2 and LERB

To overcome catastrophic forgetting while sequentially
adapting across multiple subjects, two techniques are
proposed for use in the FTCL fine-tuning stage: (i)
Outlier-Aware Adaptive Elastic Weight Consolidation v2
(OA-EWC v2), a dynamic regularization scheduler
combining rolling Mahalanobis-distance normalization
with gradient-interference awareness to modulate the
EWC regularization strength according to the statistical
nature of the incoming subject; and (ii) a Lightweight
Episodic Replay Buffer (LERB), which supplies

representative examples from previously adapted subjects
during each fine-tuning step.

Elastic Weight Consolidation with Online EMA Fisher
The regularization backbone is Elastic Weight
Consolidation (EWC) [13], which penalizes updates to
classifier-head parameters identified as important for
previously adapted subjects. The EWC-augmented
fine-tuning objective is given in Equation (2):

A
LEWC = Lyew + 5 ZFi(Wi - Wi,old)2 (2)
i

where F; is the Fisher Information estimate of parameter
i’s importance, w; o;4 is the parameter value immediately
after the previous subject’s adaptation, and
A = Apase = 4000 (before adaptive modulation, described
below) controls the regularization strength. To prevent
Fisher estimates from decaying as the subject sequence
grows, importance is accumulated via online Exponential
Moving Average (EMA) across sequential steps, as in
Equation (3):

F=aF 1+ (1—-a)F"" (3)

with o¢ = 0.9, so the estimate integrates evidence across
multiple previously-seen subjects rather than only the
most recent one. The Fisher Information is approximated
empirically over the calibration data as in Equation (4):

F; = E ()l (Vi L(x,3))?) @)

A diagonal approximation of the full Fisher matrix is
adopted for computational tractability, consistent with the
original EWC formulation [13], reducing memory
complexity from O(p?) to O(p) for p classifier-head
parameters.

Outlier-Aware Adaptive Elastic Weight Consolidation v2
(OA-EWC v2) Fixed-A EWC applies a uniform
regularization coefficient across all adaptation steps,
implicitly treating every subject as equally disruptive to
consolidated knowledge. This is empirically unjustified,
since inter-subject distributional shifts in sEMG are
heterogeneous. OA-EWC v2 addresses this through two
complementary, data-driven mechanisms that
dynamically modulate A.

Rolling recalibration. The distributional outlier score
for subject k is the Mahalanobis distance between its
512-D pre-classifier embedding mean and the reference
distribution of all previously-seen subjects, as in
Equation (5):

de= ) (B = o)) Ef (= treg) ()

The step-specific adaptive regularization coefficient is then
computed as in Equation (6):

dy — dgp;
lk = lbm;e : (1 — Ooutlier O (ks}”ff)) : ﬁinheril (6)

dscal e
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Table 3: BiLSTM-CNN Architecture Summary

Layer Configuration Output Shape
Input 72-D feature vector (B, 72)

CNN Block 1 Conv1D(64, k=3) + BN + ReLU + MaxPool(2) (B, 64, 36)
CNN Block 2 ConvlD(128, k=3) + BN + ReL.U + MaxPool(2) (B, 128, 18)
BiLSTM x2 hidden=256, bidirectional, dropout=0.3 (B, 18,512)
Global Avg Pool = Mean over temporal dimension (B, 512)
Classifier Dense(512—256) + ReLU + Dropout(0.3) + Dense(12) (B, 12)

Total params 2,527,244

Head only: 134,412

where o(+) is the sigmoid function, ¢, = 0.6 bounds
the maximum fractional reduction applied to outlier
subjects, ds.qe = 1.0 scales the sensitivity to di, and
Binheric = 1 4 PBearry - 0(-) carries forward partial
protection from the previous step, with Begrry = 0.3.
Rather than a fixed warm-up estimate, dg;s; is computed
as a rolling quantity from the W = 8 most recent non-zero
distances, taken at the 70th percentile, as in Equation (7):

dgpif = Percentilesg(last W positive values in dpsory) :
7

This rolling estimation lets the reference threshold for a
“typical” inter-subject distance adapt continuously to the
observed cohort rather than being anchored to a
potentially unrepresentative early estimate. The reference
parameters U.r and X, are likewise updated online,
with the covariance regularized through Ledoit-Wolf
shrinkage as in Equation (8):

Zr(f; = (1= %) E+ ntl ®)

where £, is the empirical covariance of the first k
subjects” embedding means, 7 = tr(£;)/dim is the
isotropic target variance, and the shrinkage coefficient
follows a dimension-aware schedule: ¥ = 0.9 for
k < dim, 0.5 for dim < k < 2 -dim, and 0.1 for
k > 2 -dim. The inverse Er_e} in Equation (5) is computed
via eigendecomposition with a minimum eigenvalue floor
of 1073 to prevent numerical instability when Zrer s
near-singular.

Gradient-interference lambda boosting. The
Mahalanobis distance quantifies distributional
dissimilarity but does not directly assess whether the new
subject’s gradient updates will interfere with consolidated
knowledge. Prior to each fine-tuning step, the cosine
similarity between the loss gradient on the incoming
subject’s calibration data (VL,,,,) and the loss gradient on
a replayed batch from the LERB (VL,;;) is computed as
in Equation (9):

VLnew : VL()ld

cos_simy = ———————
[V Lnew| [V Lotall

&)

A negative value indicates directionally opposed
(conflicting) gradients and triggers a multiplicative boost

to A, with the final coefficient given by Equation (10):
A = A (1 + Ynay - max (0, —cos_simg ) (10)

where ¥;,4¢ = 1.0 controls the maximum boost magnitude.
This computation reuses the existing LERB batch without
any additional data storage or forward passes, making it
computationally negligible.

Algorithm 1 summarizes the complete OA-EWC v2
scheduling procedure, integrating both mechanisms into a
single per-subject update rule.

Algorithm 1 OA-EWC v2 Scheduler

Require: 445 = 4000, Coyriier = 0.6, ﬁcarry =0.3, dscaie = 1.0,
W = 8, percentile = 70, Yuqr = 1.0
Ensure: Sequence of adapted models

catastrophic forgetting
1: Initialize: Fy =0, Uy.f = None, Z,.r = None, dhisrory = []
2: for each subject k =1,2,...,T do
3:  Compute embedding mean t; from calibration data
if £ > 1 then
Compute Mahalanobis distance dj, (5)
Append dy to dhistory
else
di = 0 {First subject has no reference distribution }
9: endif
10:  Rolling recalibration:
11: if [{d € dpisrory | d > 0}| > 4 then
12: dspifr = Percentile;o(last W positive values) (7)
13:  endif
14:  Compute base adaptive lambda:
15: §= G((dk_dshift)/dscale)
160 Ak = Apase - (1 = Courtier - 5) - Binnerir (6)
17: Binherit = 1+ Bearry - s
18:  Gradient interference (if replay buffer is non-empty):
19:  Sample (X,;4,Y014) from Replay Buffer
20:  Compute cos_simy (9)
210 A = A - (1 + Ynax - max (0, —cos_simy )) (10)
22:  Fine-tune model with EWC penalty using A; (2)
23:  Update Fisher: F = - F_1 + (1 — o) - F'®" (3)
24 Update reference distribution (8)
25:  Add (X.q,Yecar) to Replay Buffer (capped at 15
samples/subject) (11)
26: end for

with minimized

PN
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LERB (Lightweight Episodic Replay Buffer) While
EWC constrains parameter drift, it provides no direct
exposure to previously adapted subjects’ data during the
current fine-tuning step. A LERB is therefore maintained
throughout sequential adaptation, storing a fixed-size
representative sample from each subject’s calibration set,
as in Equation (11):

k—1
B = U Sample(DpCreplay) (1D
j=1

where Cyprqy = 15 samples per subject (at most 285
samples total across 19 subjects) — a buffer size
determined through preliminary ablation studies as an
effective trade-off between forgetting mitigation and
memory footprint. During fine-tuning on subject k, a
fraction 7y,p14y = 0.5 of replayed samples is concatenated

with the new subject’s calibration data, as in
Equation (12):
D;c =DkUSample(%7 Treplay X |Dk|) (12)

Samples are drawn uniformly at random from % without
replacement. The buffer is populated at the conclusion of
each subject’s fine-tuning step, rather than before it, to
preclude data leakage from the buffer into the subject’s
own adaptation. Because Sample(D;,Cropray) draws
uniformly from subject j’s full window pool rather than
stratifying by gesture class, the 15 retained samples are
not guaranteed to cover all 12 gesture classes evenly —
on average only about 1.25 samples per class per subject,
and some classes may be absent from a given subject’s
replay quota entirely by chance. The ablation results
(Table 6, C6 vs. C1-C5) show that even this unstratified
buffer yields a substantial reduction in forgetting,
indicating that exact per-class coverage is not strictly
necessary for the buffer to be effective; however, we did
not run a controlled comparison against a class-stratified
variant, so we cannot rule out that per-class balancing
would improve on the present result further. We therefore
treat Crepiay = 15 as an empirically effective but not
necessarily optimal choice, and identify class-stratified
reservoir sampling as a concrete refinement (Section 3.8).

Integration into the FTCL Pipeline OA-EWC v2 and the
LERB are integrated into the subject-specific fine-tuning
stage (Section 2.2.4) as a unified sequential adaptation
protocol. For each new subject k: (1) the pre-classifier
embedding mean  is computed and the Mahalanobis
distance d; evaluated against the reference distribution;
(2) OA-EWC v2 computes the step-specific coefficient Ay
via rolling recalibration and gradient-interference
boosting; (3) the classifier head is fine-tuned on the new
subject’s calibration data concatenated with a r,.pjqy = 0.5
fraction of LERB samples, with the EWC penalty applied
using A; and the EMA Fisher matrix; and (4) the Replay
Buffer and reference distribution are updated with the

subject’s data. This pipeline is evaluated under eight
experimental conditions (Section 3.2) that progressively
isolate the contribution of each component, from fixed-A
EWC baselines through to the full OA-EWC v2 + Replay
configuration.

Table 4 summarizes all hyperparameter values used
throughout OA-EWC v2 and the LERB.

2.2.6 Performance Metrics and Evaluation Protocol

Catastrophic forgetting is quantified using a corrected True
Sequential Backward Transfer (BWT) metric:

1 T—1
BWT = ﬁkz::](A[T,k]—A[k,k]) (13)

where Alt,k] is the model’s accuracy on subject k
immediately after adaptation to subject 7.

3 Results and Discussion

3.1 Corrected Backward Transfer Metric

The legacy OLD-BWT formulation was shown to be
algebraically degenerate: Acc + OLD-BWT =~ 0.4 across
all historical configurations, indicating OLD-BWT =~
—Acc. Table 5 and Figure 2 demonstrate this degeneracy.

3.2 Experimental Conditions

All eight experimental conditions share the identical
federated  pre-trained  checkpoint  described in
Section 2.2.3. Conditions 1-4 replicate baseline EWC
configurations under the corrected True Sequential BWT

metric; Conditions 5-8 progressively integrate the
proposed OA-EWC v2 scheduler and LERB
(Section 2.2.5).

—C1 — No EWC (baseline): Sequential fine-tuning
with no forgetting-prevention mechanism; serves as
the catastrophic-forgetting lower bound.

-C2 — EWC A =400 (FTCL v1): Elastic Weight
Consolidation with the original v1 coefficient; Fisher
Information re-estimated from scratch at each step,
without EMA accumulation.

-C3 — EWC A = 4000, no EMA (FTCL v3):
Increased regularization coefficient matching FTCL
v3, with Fisher re-estimated from scratch at each step.

—-C4 — EWC A = 4000 + EMA Fisher (FTCL v3
FIX-1): Fisher matrix updated via online EMA
(decay a = 0.9) as described in Section 2.2.5,
preventing rapid decay of accumulated Fisher signal
across subjects.
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Table 4: Hyperparameter values for OA-EWC v2 and the LERB.

Symbol Value Description

Abase 4000 Base EWC regularization strength

(07 0.9 EMA decay rate for Fisher accumulation

Qourlier 0.6 Maximum fractional A reduction for outlier subjects
dscale 1.0 Sensitivity scale for the outlier-score sigmoid
ﬁmrry 0.3 Partial-protection carry-forward coefficient

w 8 Trailing window size for rolling dgy; s, recalibration
Percentile 70th Percentile used to compute dp;r; from dpjsory

Y (Ledoit-Wolf)  0.9/0.5/0.1  Shrinkage for k<dim / dim< k<2-dim / k>2-dim
Eigenvalue floor 1073 Minimum eigenvalue for X } stability

Vinax 1.0 Maximum gradient-interference boost magnitude
Creplay 15 Samples retained per subject in the LERB

Treplay 0.5 Fraction of replay samples mixed into fine-tuning

Table 5: OLD-BWT is degenerate: Acc + OLD-BWT = 0.4, indicating OLD-BWT =~ —Acc.

Method Acc (%) OLD-BWT Acc+ OLD-BWT
FTCL v1 (original) 65.02 —64.51 +0.51
Centralized (no federation) 82.89 —82.48 +0.41
Transfer Learning only 76.94 —76.44 +0.50
FedAvg + TL 80.37 —79.93 +0.44
FedProx + TL (no EWC) 80.67 —80.30 +0.37
FTCL v3 Full (A = 4000) 80.40 —80.05 +0.35

—C5 — Outlier-Aware Adaptive EWC (OA-EWC):
The EWC coefficient A is made adaptive at each step
using the Mahalanobis distance (Section 2.2.5), but
with a one-time recalibration of dg,s after five
warm-up subjects rather than the rolling window used
in OA-EWC v2. Isolates the effect of adaptive
scheduling alone, without the rolling-recalibration fix.

—-C6 — OA-EWC + Replay Buffer (static ratio):
Integrates the LERB (Section 2.2.5) into C5, with
Creplay = 15 samples/subject and a fixed replay ratio
Freplay = 0.5. The buffer is populated after each step to
prevent data leakage.

-C7 OA-EWC v2 + Replay Buffer
[PROPOSED]: Builds on C6 with the two targeted
mechanisms of Section 2.2.5: (i) rolling recalibration
of dgpif; using a trailing window of W = 8 recent
distances at the 70th percentile, and (ii)
gradient-interference =~ lambda  boosting  with
Ymax = 1.0. The full proposed method.

-C8 — OA-EWC v2 + Dynamic Replay Ratio
(ablation): Identical to C7 except 7ypiqy is computed
per-step as a sigmoid function of the outlier score dj,
ranging from 0.3 (typical subjects) to 1.5 (extreme
outliers). Introduced to test whether the persistent S15
accuracy collapse (Section 3.6) is explained by
insufficient replay volume at that specific step.

3.3 Main Performance Comparison

Table 6 shows the final results for mean accuracy and True
BWT. The proposed method (C7) exhibits the best results
(76.93%, —9.07), as shown in the sequential adaptation
trajectory of Figure 3.

3.4 Discussion

The eight-condition ablation (Section 3.2, Section 3.6)
clarifies the role of each FTCL component. Constraining
fine-tuning capacity to the classifier head (Section 2.2.4)
enables effective subject-specific calibration on limited
per-subject data without overfitting, as evidenced by the
narrow 2.24-point gap between the Centralized upper
bound and the full federated pipeline (Section 3.3).
Federated aggregation via FedProx (Section 2.2.3)
provides a meaningful accuracy benefit over isolated
transfer learning, confirming that cross-client knowledge
sharing improves calibration even without centralizing
raw data. EWC regularization (Section 2.2.5) contributes
only marginally to single-fold LOSO-CV accuracy but
provides a substantial, statistically clear 23% reduction in
true catastrophic forgetting under the
sequential-adaptation protocol — a benefit invisible to
standard cross-validation accuracy alone, underscoring
the importance of dedicated continual-learning evaluation
protocols for any framework making forgetting-related
claims.

© 2026 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

1190 NS e

Atef A. Obeidat et al.:

Federated Continual Learning for sSEMG Gesture...

—60 NN T T T T
"S- FTCLvl
—65 | < |
—70 b RIS R .
= R
= T~
R 751 ol -
= - - - Reference: OLD-BWT = —Acc + 0.4 A
©) e FTCL vl e
. <Ly, FedAvg+TL i
—80 | m Centralized FTCL v3 % \Fi‘(EdP\roerTL
Transfer Learning Centralized ™.
5| ¢ FedAvg + TL \‘\\\ ]
* FedProx + TL
x FTCL v3 e
—90 : . L ! ' =
60 65 70 75 80 85 90

Mean Accuracy (%)

Fig. 2: Algebraic degeneracy of the legacy OLD-BWT metric. Across six historical configurations, OLD-BWT =~
—Accuracy + 0.4, confirming its near-exact equivalence to the negated cross-validated accuracy and motivating the

corrected True Sequential BWT metric proposed in this work.

Table 6: True Sequential BWT and final mean accuracy across all eight conditions.

Condition / Method Mean Acc. (%) =6 True BWT AAccvs.Cl ABWTvs. Cl
(C1) Sequential, No EWC — baseline 68.38 + 6.54 —18.76 — —

(C2) EWC A =400 (FTCL v1) 67.70 £ 6.16 —19.31 —0.68 —0.55
(C3) EWC A = 4000, no EMA (FTCL v3) 70.11 & 6.00 —16.21 +1.73 +2.55
(C4) EWC A = 4000 + EMA Fisher 71.74 + 5.61 —14.43 +3.36 +4.33
(C5) Outlier-Aware Adaptive EWC (OA-EWC) 68.64 £+ 6.07 —17.77 +0.26 +0.99
(C6) OA-EWC + Replay Buffer (static ratio) 7595 £5.17 —-9.99 +7.57 +8.77
(C7) OA-EWC v2 + Replay [PROPOSED] 76.93 + 4.86 -9.07 +8.55 +9.69
(C8) OA-EWC v2 + Dynamic Replay Ratio 75.82 £ 4.97 —10.19 +7.44 +8.57

Interaction Between Regularization and Replay.
The ablation reveals a non-trivial interaction between
adaptive regularization and episodic replay: OA-EWC v2
without replay (C5, BWT= —17.77) underperformed
fixed-A EWC (C4, BWT= —14.43), while OA-EWC v2
with replay (C7, BWT= —9.07) achieved the best result.
This suggests that adaptive regularization scheduling
requires direct exposure to old data to function effectively.
The Mahalanobis-based outlier scoring provides a signal
about distributional shift, but without episodic replay, the
model lacks the gradient signal needed to distinguish
between an outlier subject requiring stronger protection
and one requiring greater plasticity. The replay buffer
provides this grounding signal, allowing the adaptive
scheduler to make more informed regularization
decisions. This has a practical implication for
continual-learning practitioners: adaptive regularization
methods should be paired with at least a minimal replay

mechanism, even when the primary forgetting-mitigation
strategy is weight-space regularization.

With all 19 LOSO folds exceeding the 70% clinical
usability threshold [20], FTCL demonstrates that
privacy-preserving federated training is practically viable
for personalized gesture recognition. The narrow
centralized-vs-federated gap (2.24 points, Section 3.3)
suggests clinical deployments can adopt the federated
pipeline with only a small accuracy cost relative to
pooling raw biomedical signals on a central server, which
is incompatible with GDPR/HIPAA-class privacy
requirements for biometric data. The demonstrated 23%
reduction in catastrophic forgetting further supports the
framework’s suitability for realistic clinical deployment
scenarios in which new patients are enrolled continually
over time.
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Fig. 3: Sequential mean accuracy across the 19-subject adaptation trajectory. The sharp drop at Step 16 (Subject S15)
exposes the catastrophic-forgetting bottleneck in the baseline conditions (C1, C4). The integration of the Episodic Replay
Buffer (C6, C7) substantially mitigates this collapse, recovering to 75.12% (C6) and 77.16% (C7) at the same step.

Protocol-Appropriate Forgetting Evaluation.

A central methodological contribution of this work is the
demonstration that standard LOSO-CV, while well-suited
to  estimating  subject-independent  generalization
accuracy, is not directly diagnostic of catastrophic
forgetting, since it trains independent models per fold
rather than a single model adapted sequentially across
subjects. The corrected True Sequential BWT metric and
sequential-adaptation protocol (Section 3.1) isolates the
continual-learning mechanism’s effect by holding the
starting checkpoint and subject order fixed across EWC
configurations, enabling the clean, monotonic
dose-response relationship reported above to be observed.
Future work evaluating continual-learning claims in
federated or transfer-learning pipelines should adopt an
equivalent sequential-adaptation control, rather than
relying solely on cross-validation-derived forgetting
metrics.

3.5 Component Ablation

Table 7 demonstrates a monotonous improvement as each
component is added from C1 through C7, except when the
outlier-tolerant scheduler without replay (C5) is added.

3.6 The Subject 15 (S15) Bottleneck: Dynamic
Replay Ablation (C8)

Subject S15 (step 16 of 19) caused the largest accuracy
collapse in every condition (Figure 3). C8 was designed
to test whether this collapse is attributable to insufficient
replay volume at that specific step. The dynamic sigmoid
mapping assigned rppiqy = 1.484 to S15 — nearly triple
the minimum ratio of 0.3 — yet the resulting accuracy
after S15 was 77.32%, only 0.16 percentage points higher
than C7’s fixed-ratio result (77.16%). Furthermore, C8’s
overall True BWT (—10.19) was worse than C7’s
(=9.07), as shown in Table 6.

Two mechanisms explain why increased replay
volume at S15 did not help. First, gradient-interference
diagnostics showed cos_sim = +0.781 (C7) and +0.569
(C8) at S15 — both positive, indicating that S15°s
gradients are not in conflict with accumulated old-subject
knowledge. Forgetting at S15 is therefore not a
gradient-overwriting event; it is more consistent with a
local learning difficulty intrinsic to subject S15’s data,
likely reflecting elevated intra-session variability or
electrode placement artifacts, than with catastrophic
interference from later subjects. This interpretation
should be read with an important caveat: all
sequential-adaptation results in this paper use a single
fixed subject order, in which S15 happens to occur at step
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Table 7: Component-level ablation isolating the contribution of each mechanism. v / x = enabled/disabled.

Method EWC Penalty EMA Fisher Outlier Score Replay Buffer True BWT
No EWC (C1) X X X X —18.76
Fixed EWC A = 4000 (C3) v X X X —16.21
Fixed EWC + EMA (C4) v v X X —14.43
OA-EWC alone (C5) v v v X —17.77
OA-EWC + Replay (C6) v v v v -9.99
OA-EWC v2 + Replay (C7) v v v v -9.07

16 of 19. The gradient-interference diagnostics rule out
one alternative explanation (conflicting gradients) but
cannot rule out an order effect — e.g., S15 following a
particular run of preceding subjects in this specific
sequence. We therefore treat the subject-intrinsic
data-quality account as the best-supported explanation
given the available diagnostics, not as a fully isolated one;
Section 3.7 discusses the multi-order evaluation needed to
disentangle the two possibilities. No continual-learning
mechanism operating on the existing data volume can
fully address a data-quality limitation of this kind.
Second, the large ratio variance introduced by the
dynamic scheduler (ry.pi,, ranging from 0.30 to 1.50
across steps) destabilized training at other steps: S17
accuracy fell from 73.84% (C7) to 73.26% (C8), dragging
down the final mean.

These results indicate that the S15 bottleneck is more
consistent with a subject-specific data-quality issue than
with a forgetting event, and that dynamic replay-ratio
tuning provides negligible benefit while introducing
training instability elsewhere in the sequence. Fixed-ratio
replay (C7) is therefore both simpler and more effective,
and is retained as the proposed configuration.

3.7 Limitations

Several limitations apply to the present study. First,
FORS-EMG includes only able-bodied subjects;
generalization to transradial amputees requires dedicated
evaluation, since the framework’s core assumption — that
a population-level backbone learned on one cohort can be
rapidly calibrated to each new individual — may not
transfer directly to this population. Amputees typically
exhibit activation patterns that differ substantially from
intact-limb  recordings: residual-limb muscles are
frequently affected by atrophy and altered co-contraction
patterns  following amputation, targeted muscle
reinnervation (TMR) can relocate and reorganize the
myoelectric sources available at the skin surface, and
socket-mounted electrodes are subject to shifting and
pressure-dependent contact-impedance changes that
able-bodied benchtop recordings do not experience; all
three factors can lower the signal-to-noise ratio and shift
the feature distribution relative to the able-bodied data
used here. Because OA-EWC v2’s outlier scoring and the

LERB buffer are both calibrated on the statistics of the
FORS-EMG cohort, their hyperparameters (Table 4)
should be treated as a starting point rather than a validated
setting for an amputee population, and re-calibration on
clinical, socket-based recordings is a necessary
precondition for any deployment claim. Second, the
evaluation  remains offline  (windowed  batch
classification) rather than real-time streaming, which
would introduce additional latency and electrode-shift
considerations. Third, while the sequential-adaptation
evaluation confirms that EWC provides a genuine 23%
reduction in catastrophic forgetting, the remaining
forgetting under the full proposed configuration (True
BWT= —9.07) is non-trivial and disproportionately
attributable to subject S15 rather than distributed evenly
across the sequence (Section 3.6); weight-regularization
approaches such as EWC do not appear well-suited to this
specific, concentrated failure mode. Fourth, and directly
related to the previous point, the sequential-adaptation
evaluation used a single fixed subject order, with S15
encountered at step 16 of 19. Consequently, the
S15-associated forgetting spike is confounded with
sequence position: the gradient-interference diagnostics
in Section 3.6 are consistent with a subject-intrinsic
data-quality explanation, but they cannot rule out that
S15’s late position in the sequence (rather than an
inherent property of S15’s data) contributes to the
observed collapse. Repeating the sequential evaluation
under multiple random subject orderings is required
before the S15 bottleneck can be attributed to the subject
with confidence, and we flag the current attribution as a
plausible hypothesis rather than a demonstrated fact.
Fifth, all experiments were conducted on FORS-EMG,
which features relatively homogeneous recording
conditions (same electrode configuration, sampling rate,
and 12-gesture vocabulary); while FTCL is designed to be
dataset-agnostic, specific hyperparameters (Table 4) may
require re-tuning for datasets with substantially different
inter-subject variability. Cross-dataset evaluation is a
critical next step to validate the framework’s robustness.

3.8 Future Work

The most immediate priority is disentangling the S15
bottleneck from the fixed evaluation order:
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gradient-interference analysis suggests S15’s collapse is
more consistent with a data-quality issue than a forgetting
event (Section 3.6), but as noted in Section 3.7 this has
not been isolated from S15’s specific position (step 16 of
19) in the single order tested. Repeating the
sequential-adaptation evaluation under multiple random
subject orderings is therefore the necessary next step
before committing to per-session quality screening or
targeted data augmentation as the response to this
bottleneck.

On the algorithmic side, two directions are worth
pursuing together: improving the replay mechanism
through reservoir sampling with per-class balancing, and
exploring personalized hyperparameter tuning for the
OA-EWC v2 scheduler, since inter-subject variability
suggests that a single fixed hyperparameter set may be
suboptimal for atypical subjects. Meta-learning [21] or
Bayesian optimization could automate this tuning per
subject without manual intervention.

Finally, broader validation is needed: evaluating
structural continual-learning alternatives such as PackNet
[17] and Progressive Neural Networks [16] for subjects
with extreme distributional shift, and testing the full
FTCL pipeline on amputee populations and real-time
streaming scenarios, are both critical steps toward clinical
deployment.

3.9 Conclusion

FTCL is a federated transfer learning approach for
personalized SEMG gesture recognition via continual
adaptation with EWC regularization. Under rigorous
Leave-One-Subject-Out Cross-Validation on
FORS-EMG, FTCL reaches 80.69% =4 4.24% accuracy
(Macro-F1= 0.8091), with all folds exceeding the 70%
clinical usability threshold. Federated aggregation
outperforms isolated transfer learning and trails the
centralized upper bound by only 2.24 points — a
reasonable trade-off for the privacy gains obtained.

To investigate catastrophic forgetting, we proposed a
corrected True Sequential BWT metric and an
eight-condition sequential ablation. Three conclusions
follow: (1) a lightweight episodic replay buffer (15
samples/subject) accounts for approximately 90% of
forgetting-prevention effort; (2) the proposed OA-EWC
v2 method — combining rolling outlier-score
recalibration, gradient-interference lambda boosting, and
episodic replay — performs best (76.93% accuracy, True
BWT= —9.07; +8.55 accuracy points and +9.69 BWT
points over the no-regularization baseline); and (3) the
dominant remaining forgetting is attributable to a
data-quality issue in one atypical subject rather than
gradient interference (Section 3.6). In terms of
computational overhead, OA-EWC v2 and LERB add
negligible cost to deployment: fine-tuning is restricted to
the 134,412-parameter classifier head (5.3% of the full
model), the Fisher-information recalibration operates on a

trailing window of only W = 8 distances, and LERB
stores at most 285 replayed samples across all 19
subjects. In  our implementation, each full
sequential-adaptation ~ step —  outlier  scoring,
gradient-interference computation, replay-based
fine-tuning, and the Fisher-information update —
completed in 3-8 seconds on a single Kaggle GPU
instance; this figure is itself inflated by the re-evaluation
of all previously-seen subjects required only for the True
Sequential BWT diagnostic, so the per-subject calibration
cost relevant to actual clinical deployment is
correspondingly lower, making the approach practical for
on-device or point-of-care use.

FTCL demonstrates that federated continual learning
can reconcile data privacy with continual adaptability —
a principle applicable beyond myoelectric control to
domains such as EEG-based brain-computer interfaces,
ECG arrhythmia detection, and wearable remote
monitoring. The corrected True BWT metric serves as a
general diagnostic tool for catastrophic forgetting in
continual-learning settings. With only a 2.24-point
privacy penalty and a 52% reduction in forgetting, FTCL
provides a practical foundation for clinically deployable,
privacy-aware, continually-adapting prosthesis control
systems.
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