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Abstract

Myoelectric control systems translate muscle activity into control signals for external

devices, offering intuitive interfaces for assistive technologies and human–computer

interaction. However, these systems are highly sensitive to distributional shift—the

mismatch between calibration and deployment conditions—caused by changes in

limb posture, electrode placement, and, inescapably, user behaviour. This thesis in-

troduces and evaluates Context-Informed Incremental Learning (CIIL), a generaliz-

able adaptation framework that leverages situational task context to guide real-time

model updates without requiring explicit supervision.

CIIL is validated across classification and regression control schemes, statistical

models, static neural networks, and temporal neural network models, and a range

of closed-loop control tasks, including target acquisition and object manipulation in

virtual reality. Through experiments involving over 60 participants, CIIL is shown

to outperform conventionally calibrated models and unsupervised high-confidence

adaptation both in favourable conditions and under severe distributional changes,

such as electrode shifts. The framework enables stable adaptation by assigning

pseudo-labels based not on model confidence but on the alignment between the

user’s behaviour and the inferred task context in a more tolerant strategy than

existing environment-dependent incremental learning approaches.

A systematic review of prior incremental learning approaches is provided, and CIIL’s

ii



compatibility with diverse model classes—including feedforward and temporal ar-

chitectures—is empirically demonstrated. Extensions to velocity-based control and

proportional regression further highlight CIIL’s flexibility. The thesis also positions

CIIL within existing context-derived adaptation literature and discusses its unique

suitability for non-unique control tasks.

Limitations are acknowledged, including the exclusive use of able-bodied partici-

pants. The work concludes by outlining future directions, including principled sys-

tem analysis using control theory, evaluation of user psychological metrics such as

agency, and clinical deployment in stroke or neuromuscular populations. Together,

this thesis advances the field by demonstrating that situational context can serve

not only as a behavioural cue but also as a powerful supervisory signal for stable,

scalable, and user-aligned myoelectric adaptation.
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Chapter 1

Introduction

Surface electromyography (sEMG) is a biosignal modality that captures electrical

signals that arise during voluntary muscle contractions via non-invasive recording,

providing a rich physiological signal from which user intent can be inferred [1].

Leveraging these muscle potentials, myoelectric control provides an intuitive and

flexible human–computer interface with applications spanning assistive technolo-

gies—such as upper- and lower-limb prostheses [2], powered wheelchairs [3], and

other assistive or rehabilitation devices—to broader ubiquitous-computing settings,

including gesture-based interaction and hands-free control of digital systems [4, 5].

The performance of any myoelectric interface is shaped by hardware design choices,

including electrode configuration and spacing [6], the extent of spatial coverage

across functional muscle groups [7], instrumentation bandwidth and sampling rate

[8], and the quality of electrode–skin contact [9]. The hardware of available sEMG

devices is quite variable due to the different cost-benefit tradeoffs associated with

their respective use cases [10, 11, 12, 13, 14]; however, all systems ultimately strive

for the same thing: accurate and reliable intent recognition. Today, this decoding is

accomplished most often using machine learning models that learn the patterns of
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sEMG signals associated with different muscle activations, such as forearm, wrist,

and hand gestures [15]. Effective myoelectric control requires these models to be

properly calibrated to the user’s unique characteristic muscle patterns and that they

remain robust when translated to the real-world, closed-loop settings where these

systems operate.

The calibration of these systems follows a broadly similar structure across both

classification-based approaches, which map sEMG recordings to categorical mo-

tion classes (e.g., wrist flexion) [16], and regression-based approaches, which output

continuous control signals indicating the intensity of movement along one or more

degrees of freedom (e.g., (flexion/extension, abduction/adduction) = (0.95,−0.2))

[17]. In each case, these systems are typically trained on a dataset collected while

the user performs a prescribed choreography of movements, with myoelectric sig-

nals recorded alongside labels that reflect either the intended motion class or the

target contraction intensity. These labels may be generated through screen-guided

training, in which visual cues instruct the user which motion to perform and at

what level [18], or through prosthesis-guided training, where the controllable de-

vice itself moves through pre-programmed patterns and the user attempts to match

its behaviour [19]. However, the data gathered during these routines often contain

temporal misalignments between muscle activation and labels [20], inconsistencies

in how users track the required contraction intensity (a form of spatial error) [21],

and behavioural artifacts such as all-or-nothing contractions or anticipatory acti-

vation that degrade model fidelity [18]. Even nominally “static” models used in

classification settings depend on transient muscle dynamics, as transitions between

motion classes frequently contain information essential for accurate intent recogni-

tion [22]. Importantly, mitigating these issues during calibration does not eliminate

the broader challenge: once the user enters the closed-loop control environment,

where the model’s outputs are being shown to the user as feedback, new and un-
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foreseen muscle activation patterns emerge, producing out-of-distribution samples

that the calibrated model was never exposed to, and thereby undermining real-time

performance [23, 24, 25].

The behavioural variability that emerges once a user actively controls a myoelectric

device highlights a fundamental gap between supervised calibration data and the

distribution of signals encountered during real-time operation [23, 25]. Rather than

treating these novel behaviours merely as confounds that must be tolerated, they

may be seen as an opportunity. By harvesting user-in-the-loop data and incorpo-

rating it into the model, the system can progressively reduce the mismatch between

training and deployment conditions. Incremental learning has therefore emerged as

a prominent strategy for adapting myoelectric controllers online [26]. Most existing

approaches rely on predictor-dependent incremental learning, in which the model’s

own output is used as a pseudo-label, either directly or after filtering to retain only

high-confidence predictions [27, 28]. This strategy enables rapid supervised updates

that are effective when the model is already performing well; however, because its

adaptation signal depends on the model’s current predictions, it inherently fails to

correct errors arising from out-of-distribution behaviours that the model misclassi-

fies [29]. Reinforcement-learning-based approaches offer the opposite trade-off: by

using environment-derived reward signals, they can eventually correct the model

even when its predictions are initially unreliable [30]. Yet, reinforcement learning

(RL) is notoriously sample-inefficient, and its reliance on repeated upweighting and

downweighting of actions [31] is poorly suited to human-in-the-loop settings where

slow convergence and exploratory behaviour impose significant burdens on the user.

These limitations point to the need for an intermediate solution—one that couples

the speed and stability of supervised incremental updates with an environment-

derived signal that remains reliable even when the model’s predictions are not,

thereby enabling adaptation to novel behaviours without incurring the inefficiencies
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of reinforcement learning.

To address this gap between calibration data and user-in-the-loop behaviour, this

dissertation introduces and develops context-informed incremental learning (CIIL)

as an incremental learning framework. CIIL is an environment-dependent strat-

egy that exploits task context to derive weak supervisory signals during real-time

control, combining the sample efficiency of supervised updates with the robustness

of reinforcement learning-style feedback. In an instrumented environment (e.g., a

target acquisition task, such as Fitts’ Law or a game-based interface), each myoelec-

tric prediction is evaluated against assumed task goals using simple geometric rules,

yielding a binary notion of context suitability (positive when the action advances

the cursor towards the target or stabilizes it within bounds; negative when it moves

away or destabilizes control) and a set of goal-directed options (e.g., directions along

the cursor–target diagonal). For each incoming EMG window, the system stores the

features, the current model prediction, the context tags, and a pseudo-label in a

memory buffer; when suitability is positive, the model’s prediction is trusted as the

pseudo-label, whereas for negative outcomes, the label is reassigned based on the

goal-directed options. This process is briefly outlined in Figure 1.1, and explained

in greater detail in subsequent chapters. Periodically, the intent recognition model

is updated on this buffer using standard supervised optimization, thereby harvest-

ing and organizing the very behaviours that challenge conventional calibration and

progressively aligning the controller with the user’s evolving strategies.

4



Figure 1.1: A diagram highlighting the pseudo-labelling process of CIIL across 8 timesteps. In a gamified environment, a goal
target is provided as a purple planet to which an orange crosshair must navigate using a gesture mapping, then remain inside to
acquire it. The output of the intent recognition model is given in the class field which dictates how the crosshair moves between
timesteps (hand open:up, wrist extension:right, hand close:down, wrist flexion:left, no motion:still). The context suitability
is provided as positive if the model’s output reduces the distance to the goal location. The goal-directed options are the set
of classes which would have brought the crosshair nearer to the goal given the gesture mapping. CIIL will either include the
output of the intent recognition model as the pseudo-label when the suitability is positive or override the pseudo-label with a
goal-directed option when the suitability is negative.
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1.1 Objectives

This dissertation describes three interconnected objectives that outline a roadmap

for establishing CIIL as a viable online learning strategy. These objectives were:

1. To establish CIIL as a viable adaptation strategy across both favourable and

adverse deployment regimes—those where unsupervised high-confidence adap-

tation is hypothesized to succeed and those where it is hypothesized to fail.

This is discussed in Chapter 3.

2. To investigate the deployment of CIIL across a spectrum of model classes,

including Bayesian classifiers, static neural networks, and temporal neural

networks. This is explored across Chapters 3, 4, 5, and 6.

3. To investigate context-informed incremental learning alongside both

classification-based and regression-based myoelectric control paradigms.

Classification-based paradigms are explored in Chapters 3 and 4, and

regression-based control paradigms are explored in Chapters 5 and 6.

1.2 Thesis Structure

This dissertation is structured as a paper-based thesis.

• Chapters 3 through 6 are published or under-review manuscripts that pro-

vide their own self-contained motivation and synthesis of findings. Each

manuscript-based chapter includes a foreword that states the relevance of the

work and the candidate’s role within the research.

• Chapter 2 provides an amended review of myoelectric incremental learning lit-

erature, which overviews the justification and feasibility of context-informed
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incremental learning for myoelectric control, published in the IEEE Transac-

tions on Neural Systems and Rehabilitation Engineering after the experiments

of Chapters 3-5 were published.

• Chapter 3, published in the Journal of NeuroEngineering and Rehabilitation,

presents the initial formulation of classification-based CIIL for statistical mod-

els and its effectiveness under both a limited calibration setting and an elec-

trode shift setting.

• Chapter 4, published in the IEEE Transactions on Neural Systems and Re-

habilitation Engineering, extends classification-based CIIL to neural network

architectures in both a full calibration setting and a zero initialization setting.

• Chapter 5, published in the IEEE Transactions on Neural Systems and Reha-

bilitation Engineering, extends CIIL to the more challenging regression-based

myoelectric control framework.

• Chapter 6 extends CIIL in the regression-based myoelectric control setting

to use temporal models (transformers) and more specialized loss functions,

producing a drastically improved control experience. This work is currently

under peer review.

• Chapter 7 provides a synthesis of the results across the manuscripts, discusses

its overall contributions, and acknowledges limitations and directions of future

work.

1.3 Statement of Authorship

I was the primary author of the manuscripts of Chapters 2, 3, 4, and 6. For the

review paper in Chapter 2, I co-organized the formative workshop at the 2024 Inter-
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national Conference on NeuroRehabilitation and was responsible for the ideation,

general structure, a majority of the manuscript sections, and revisions. For Chapters

3, 4, and 6, I was responsible for the problem statement, hypothesis, experimental

design, data collection, data analysis, manuscript preparation, and revisions. For

Chapter 5, I was involved in the problem statement, hypothesis, experimental de-

sign, and manuscript revisions; my role initially began as the primary researcher but

transitioned to a supervisory capacity when the MSc student joined the project.

1.4 Author’s Declaration of Generative AI Use

OpenAI’s ChatGPT tool (versions 4.0-5.1) was used throughout the thesis to rewrite

passages to improve clarity. All refined passages have been reviewed and edited to

ensure that the final presentation reflects the original intent of the text.
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Chapter 2

Justification and Feasibility

2.1 Foreword

This chapter outlines the background necessary to contextualize the dissertation in

the broader research field. It does so by expanding upon and drawing on sections

from a review paper on the state of incremental learning in myoelectric control that

was organized following a workshop hosted at the 2024 International Conference on

NeuroRehabilitation (ICNR). As a co-organizer of the workshop and lead author

of the paper, my role was recruiting the co-authors, establishing the framing and

structure of the manuscript, producing sections 2.2-2.4.3, coordinating sub-sections

with the co-authors, and conducting all manuscript revisions. Although this chapter

draws heavily from that paper, some concepts not related to incremental learning

have been removed for clarity, whereas additional diagrams have been added to

support incremental learning concepts.

The original peer-reviewed article was published under ©2025 IEEE:

E. Campbell, F. Egle, M. Oßwald, U. Côté-Allard, P. Pilarski, N. Boccardo, R. Meat-
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tini, I. Vuljaklija, L. Hargrove, M. Canepa, E. Eddy, A. Del Vecchio, C. Castellini

and E. Scheme, (Un)supervised (Co)adaptation via Incremental Learning for Myo-

electric Control: Motivation, Review, and Future Directions, Transactions on Neural

Systems and Rehabilitation Engineering, vol. 33, no. 1, p. 3565, 2025.
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2.2 Incremental Learning Justification

Upper-limb myoelectric control has a rich and enduring history extending back to the

1940s [1]. Initially, these systems used a conventional amplitude control paradigm

(often referred to as direct control), wherein the rectified and low-pass filtered sig-

nal from one or two channels of bipolar surface electromyography (EMG) was used

to modulate the aperture of a prosthetic hand [2]. As the field evolved, manual

mode switching was integrated—achieved either by a button press or the simul-

taneous co-contraction of two EMG channels—to facilitate the control of multiple

degrees of freedom, a strategy that continues to be widely prescribed in clinical

settings. Despite the pervasive use of these direct control schemes, the advent of

pattern recognition-based approaches, which are now available commercially and

are covered under several national insurance programs, has marked a milestone in

prosthetic technology, pursuing a more physiologically appropriate control strategy

by leveraging the synergies of a larger number of residual muscles [3, 4, 5, 6, 7].

Pattern recognition systems offer more versatility than simple direct control meth-

ods by facilitating the direct selection of any available movement–often referred to

as a motion class– at each time step. However, the performance of these systems is

highly dependent on their initial calibration procedures, during which users provide

a choreographed sequence of motions guided by on-screen instructions or prosthesis-

guided training [8] to establish a robust training dataset mapping EMG patterns

to intended motions or gestures. These calibration sessions are critical, as they

form baseline models that drive the subsequent control and daily operation of the

prosthetic device. When operating conditions closely match those observed dur-

ing calibration, the models routinely achieve high accuracy (often in the high 90%

range) thanks to advancements in feature engineering [9] and instrumentation [10].

Since the early 2000s, significant efforts have been directed toward mitigating the
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influence of confounding factors such as limb position [11], contraction intensity [12],

electrode shift [13], and fatigue [14], all of which can contaminate the EMG signal

and degrade the laboratory assessed performance of both pattern recognition and

conventional direct control systems. Through dedicated feature engineering [15] and

specialized calibration procedures [16], many of these sources of degradation have

been substantially improved, a feat that conventional direct control strategies lack

the sophistication to accommodate.

Despite these advancements, the utility of pattern recognition-based approaches has

been questioned in terms of functional outcomes [17, 18, 19, 20, 21]. Furthermore,

the abandonment rates of myoelectric prostheses, regardless of how they are con-

trolled, remain undesirably high [22]. Periodic retraining is required to accommodate

non-stationarities introduced by physiological factors such as blood flow [23], as well

as environmental variations including changes in socket fit [24] and skin-electrode

contact characteristics [25], which introduce challenges for models to remain us-

able over time [26]. Further, inadequate spatial and temporal compliance with the

prompts, common during regressor training, can manifest in models that drift at low

intensities and elicit inadvertent off degree-of-freedom activity [27, 28]. Moreover,

users often generate much more varied patterns of EMG signals that diverge from

structured, choreographed patterns captured during calibration, especially when fo-

cused on completing real-world goal-oriented tasks rather than simply replicating

prompted training gestures [29]. Importantly, optimizing classification accuracy in

offline settings serves only as a reasonable proxy for functional performance dur-

ing the early stages of model improvement; after high accuracy is achieved, further

improvements in classification accuracy do not necessarily translate to better func-

tional outcomes. This disconnect has fueled ongoing debates, with studies revealing

both weak [30], strong [31], and coarse [32] correlations between offline and online

performance metrics. Consequently, the field is left searching for strategies that
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more directly optimize functional performance, leveraging data that naturally arises

from user-in-the-loop scenarios to update and refine myoelectric control systems.

Recognizing the limitations of static pattern recognition (wherein a model is trained,

frozen, and then applied), incremental learning strategies [33] have attracted growing

attention as a means to continuously adapt myoelectric models to the evolving

nature of user behaviours and signal variability. Incremental learning represents a

paradigm shift: rather than relying on a fixed dataset collected during a dedicated

training session, these methods allow models to be updated, refined, and improved

as the user interacts with the system. Over time, such adaptive approaches may

maintain more robust intent recognition accuracy despite shifts in sensor signals

[34], user behaviours [29], and external environments [35]. As a result, incremental

learning has become a core focus in efforts to develop long-lasting, user-centric, and

adaptable myoelectric control systems [36].

This manuscript aims to provide a unifying taxonomy and perspective of incremen-

tal learning methods for myoelectric control. We categorize existing incremental

learning strategies into four key categories: (1) dedicated on-demand recalibration

(DODR), (2) unsupervised incremental learning (UIL), (3) predictor-dependent in-

cremental learning (PDIL), and (4) environment-dependent incremental learning

(EDIL). We also present a taxonomy of incremental learning studies based on the

intended outcome, consisting of: (1) domain-incremental continual learning, (2)

task-incremental continual learning, and (3) class-incremental continual learning.

Finally, we share our perspective on several open challenges associated with incre-

mental learning, namely, sensitivity to signal changes from noise vs. user behaviours,

model complexity vs. data requirements, and user learning vs. model adaptation.

Ultimately, this chapter identifies emerging directions that promise to shape the

future of incremental learning in myoelectric prosthesis control.
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2.3 Taxonomy of Incremental Learning Strategies

A taxonomy of existing incremental learning literature resulted, yielding the follow-

ing categories: (1) dedicated on-demand recalibration, (2) unsupervised incremen-

tal learning, (3) predictor-dependent incremental learning, and (4) environment-

dependent incremental learning. A summary of general details from exemplar in-

cremental learning studies is given in Table 2.1.
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Table 2.1: Collection of incremental learning studies and general outcomes.

Dedicated On-Demand Recalibration (DODR)

Ref Algorithm Frequency Subjects Test Outcome Compared Against
[37] SH, SL, SHL, SA BT 7-AB, 4-LD OA Reduced error by at least 26% compared to non-adapting classifier NAC
[38] iRR-RFF BT 10-AB OA, (RTC) iRR-RFF outperformed iRR, incremental updates support a stable level of performance iRR, KRR
[39] iRR-RFF BS 1-LD RTC Mastering increasingly complex ADLs over 13 months -

[40, 41] iRR BT 6-AB, 5-LD TAC Improving or stable objective and subjective myocontrol scores over four sessions -
[36] RF-RLSC BS 6-AB, 1-LD OA Maintained stable accuracy over months LDA, kNN, RF-SVM, RF, MLP
[42] SA BT 3-LD OA Users needed to recalibrate less often and reported improved quality NAC

Unsupervised Incremental Learning (UIL)

Ref Algorithm Frequency Subjects Test Outcome Compared Against
[43] NNMF N/A 7-AB, 7-LD TAC NNMF outperformed mode-switching pattern recognition (MSRPR) MSPR
[44] sNNMF N/A 8-AB, 2-LD TAC Higher throughput and shorter completion time than NNMF or LR NMF, LR
[45] iNNMF C 10-AB, 2-LD TAC, RCT Mitigated degradation due to electrode shift, comparable robustness to DODR NAC, DODR
[46] iNNMF C 8-AB TAC Comparable performance with DODR, but higher workload iRR-RFF
[47] piNNMF C 10-AB, 2-LD TAC Possibility to progressively activate new actions iNNMF
[48] iNNMF C 8-AB TAC Up to six controllable muscle synergies utilizing higher-density sEMG -
[49] SotF C 3-AB OA SotF reduced learning time by 89% while maintaining accuracy NAC

Predictor-Dependent Incremental Learning (PDIL)

Ref Algorithm Frequency Subjects Test Outcome Compared Against
[50] UB C 2-AB, 1LD RTC UB improved stability NAC
[37] UH, UL, UB BT 7-AB, 4-LD OA Provided small reductions in error, UH showed promise NAC
[51] MV BT DS OA Improved performance over no recalibration NAC
[52] SCADANN BT DS OA, TAC Outperformed other methods across weeks, but performance below supervised recalibration NAC, MV, AdaBN, UDA-M, SR
[53] scRF P 66-AB OA scRF gradually improved accuracy over 5 weeks, visual feedback reduced muscle effort NAC, RF, LDA
[54] dfRLS C 5-AB TAC Improved adaptation stability over exponential forgetting efRLS, User Learning
[34] SS-BSL C 6-AB OA Maintained classification accuracy over time aLDA, ST-S3VM, GCM
[55] LCU, SMU, ER BT 12-AB, 2-LD OA Improved decoder adaptation with only 3.2 minutes of selected data Random Sampling

Environment-Dependent Incremental Learning (EDIL)

Ref Algorithm Frequency Subjects Test Outcome Compared Against
[56] CCLR C 10-AB, 2-LD RTC Improved simultaneity NAR
[57] Closed-Loop Feedback C 20-AB, 4-LD TAC Improved path efficiency and success rate for amputee NAR
[58] Environment Feedback C (5m) 16-AB, 4-LD TAC Improved classifier performance NAC
[35] CIIL C (2m/5m) 32-AB TAC Robust adaptation to catastrophic changes (electrode shift) UHC, NAC
[29] CIIL C (10m) 16-AB TAC Zero-shot models outperformed SGT models within 200s; better proportional control. NAC
[59] CIIL C 9-AB RTC Reduce transport time by ∼50% NAC
[60] tCIIL, oCIIL C 16-AB TAC tCIIL reduced drift and action interference over oCIIL, NAR NAR
[61] ACRL C 1-AB RTC Improved control accuracy, also cf. [62] NAR
[63] ACRL C (300s) 3-AB RTC Non-amputated arm provided guidance for training, also cf. [64] -
[65] General Value Functions C (3x3m) 4-AB, 1-LD RTC Reduced switching effort and improved control efficiency, also cf. [66, 67, 68] Fixed switching order
[69] AWAC C 15-AB OA AWAC provided ∼2x increase in decoding accuracy compared to user learning NAC
[70] Adaptive Wiener Filter C 14-AB TAC Slower adaptation improved user adaptation Wiener Filter
[71] Gaze-Guided Labels C 5-AB TAC Eliminated the need for instrumented environment though an instrumented user NAR

Algorithm Terms: supervised high confidence (SH), supervised low confidence (SL) supervised high and low confidence (SHL), supervised all (SA), non-adapting classifier (NAC), incremental Ridge Regression with

Random Fourier Features (iRR-RFF), random features regularized least squares for classification (RF-RLSC), linear discriminant analysis (LDA), k-nearest neighbors (kNN), random feature support vector machine

(RF-SVM), random forest (RF), multi-layer perceptron (MLP), sparse non-negative matrix factorization (sNNMF), progressive incremental non-negative matrix factorization (piNNMF), survival of the fittest (SotF),

unsupervised high confidence (UHC), unsupervised low confidence (ULC), unsupervised blip (UB), self-correcting random forest (scRF), directional-forgetting recursive least squares (dfRLS), exponential-forgetting

recursive least squares (ef-RLS), semi-supervised Bayesian sequential learning (SS-BSL), adaptive linear discriminant analysis (aLDA), Self-Calibrating Asynchronous Domain Adversarial Neural Network (SCADANN),

Unsupervised Domain Adversarial-Methods (UDA-M), Multi-votes (MV), Supervised Recalibration (SR), self-training semi-supervised support vector machine (ST-S3VM), Gaussian classification model (GCM), least

confidence uncertainty (LCU), smallest margin uncertainty (SMU), entropy reduction (ER), co-adaptive closed loop regression (CCLR), context informed incremental learning (CIIL), tolerant context informed

incremental learning (tCIIL), oracle context informed incremental learning (oCIIL), actor-critic reinforcement learning (ACRL), advantage weighted actor-critic (AWAC), non-adapting regressor (NAR). Frequency

Terms: between trials (BT), between sessions (BS), continuous (C), periodic (P), minutes (m), seconds (s). Subject Terms: able-bodied (AB), limb difference (LD), dataset (DS). Test Terms: offline accuracy

(OA), target achievement control (TAC), real-time control (RTC).
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2.3.1 Dedicated On-Demand Recalibration (DODR)

On-demand recalibration is possibly the simplest form of incremental learning. It in-

volves performing a full or partial data collection each time the system performance

is deemed to have become suboptimal due to natural changes in the user’s signals

or user feedback. Alternatively, this approach can be useful to extend the capabil-

ities of a model when the user attempts to control the prosthesis in situations or

environments that may not have been represented in the lab or clinic. This strategy

is enforced by prompting the user to perform one or more rounds of the actions of

interest (e.g., power grasp, wrist pronation, etc.). The stimulus can be provided ei-

ther graphically on a laptop or smartphone (Figure 2.1), including the visualization

of the signal patterns, or by having the prosthesis itself guide the actions following a

pre-programmed regimen. Both commercially available myoelectric control systems,

the Coapt Gen2 by Coapt LLC [72] and the Myo Plus by Ottobock [73], provide

such a (re)calibration procedure, which the user or attending clinician can request

at any time. It should be noted that the Coapt Gen2 system also incorporates a

continuous learning capability (Adaptive Advance® [72]), enabling ongoing refine-

ment of the control model during use. By contrast, the Myo Plus system discards

previous models and fully re-trains during each recalibration.

Dedicated on-demand incremental learning approaches build on previously trained

models [38, 39, 40] and allow the model to be updated sample by sample without

the need to buffer or store previous data. The very low computational and stor-

age requirements of these models enable a very lightweight implementation with

real-time updates while the prosthesis is in operation. Although simple, such a pro-

cedure provides a way to keep the model up-to-date with the user’s latest signals.

Although preliminary data are promising [42], more evidence is needed to validate

the approach. To the best of our knowledge, no large-scale comparative studies have
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Figure 2.1: Illustration of a user-evoked screen-guided training session within a
myogame environment typical of a dedicated on-demand recalibration incremental
learning style.

assessed data quality after each recalibration with respect to data collected in the

beginning.

2.3.2 Unsupervised Incremental Learning (UIL)

Despite promising results, systems that support on-demand recalibration face im-

portant drawbacks. Offline data collection disrupts normal user interaction and pro-

vides no immediate feedback, leaving users uncertain about whether their inputs are

being interpreted correctly [37, 44]. Furthermore, supervised learning-based adap-

tation requires tight synchronization between the user and the training prompts,

which can be difficult for users with inconsistent neural activation patterns [56]

and frequently leads to spatial or temporal mislabelling of training data [74]. These

approaches also tend to rely on specialized prompting equipment, complicating com-

mercial integration.
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To address these challenges, Unsupervised Incremental Learning (UIL) methods

have been proposed. These techniques adapt the model online without explicit user

prompting by identifying and updating structure within the EMG data stream. Typ-

ically, UIL approaches begin by discovering modes or basis vectors within an initial

calibration dataset and then adjusting these representations during closed-loop use,

as illustrated in Figure 2.2. A representative example is the work presented in [75],

which introduced an adaptive decoder that incrementally updates its internal model

based on unlabelled EMG observations. A related line of work advances bio-inspired

regression-based decoding, which establishes a continuous mapping from EMG sig-

nals to intended movements [43]. These approaches draw on principles of neuromo-

tor control, leveraging the observation that muscle activations during myoelectric

control exhibit modular structure similar to natural motor tasks [76]. In particular,

muscle synergies that reflect locally time-invariant patterns that capture coordinated

activation across muscle groups [77], are often used as an underlying basis for model

design. By exploiting these synergies, the model can represent user intent within a

low-dimensional, physiologically meaningful space [44, 43]. This synergy-based for-

mulation enables multifunctional control and supports motor learning by aligning

model behaviour with the user’s intrinsic motor modules [44]. However, most studies

of these unsupervised or synergy-based learning strategies have been in emulated,

non-adaptive settings with dedicated calibration sessions. Rigorous demonstrations

of their efficacy during real-time, user-in-the-loop operation remain lacking.
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Figure 2.2: Illustration of basis vectors established from calibration and subsequent adjustments following collection of closed-
loop signals.
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Nevertheless, some demonstrations of UIL have been conducted in genuinely

co-adaptive settings [47, 46, 45, 48], where models are adapted using data gathered

directly during user-in-the-loop operation. For example, in [47], myoelectric control

actions were progressively introduced, allowing the user to adapt gradually as task

complexity increased. As discussed above, when reliable labels cannot be obtained

during natural interaction, automated extraction of prominent muscle synergies and

their assignment to DOFs can help to circumvent this labelling challenge. However,

such arbitrary motor mappings may pose a challenge to the user because the re-

sulting control may not align with natural or anthropomorphic movement patterns,

making intuitive control more difficult.

2.3.3 Predictor-Dependent Incremental Learning (PDIL)

Although UIL can update basis vectors—thereby addressing distributional shifts

over time—this approach cannot attribute incoming samples to specific classes or

regression targets. In contrast, predictor-dependent incremental learning strategies

leverage the model’s own prediction outputs to guide further adaptation, directly

supplying a categorical output or regression target as a pseudo-label. While initially

relying on the model calibrated during the training phase to generate these pseudo-

labels, predictor-dependent methods gradually become more self-consistent, aligning

the adaptation process with the user’s evolving internal model of the control scheme

and alleviating conflict caused by fresh recalibration each session [78].

As pseudo-labels produced by a classifier can be incorrect, successful predictor-

dependent incremental learning strategies have employed a variety of filtering mech-

anisms to enhance reliability. An illustration of the pseudo-labels assigned for vari-

ous filters is given in Figure 2.3. The most common filter is the unsupervised high-

confidence filter, which incorporates pseudo-labels into subsequent adaptation only
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when the model exhibits sufficient certainty in its decision (e.g., P (yi|x̄t) > 0.99)

[37]. This approach ensures that samples located in well-described regions of feature

space—where errors are less likely—are leveraged to gradually expand and refine the

known space conservatively, ultimately resulting in improvements in both accuracy

[37] and throughput [35] compared to initial calibration. However, classifiers can

sometimes provide deceptively high confidences, particularly when a sample lies far

from all known classes yet is marginally closer to one, prompting the exploration

of augmentations such as the smallest margin uncertainty filter [55]. This method

identifies samples near decision boundaries by searching for low differences between

the highest and second-highest probability classes. In addition, the unsupervised

low confidence filter [37] and the entropy reduction filter [55] have been proposed,

correcting samples with the greatest ambiguity by suggesting a pseudo-label reflect-

ing the prediction of adjacent time windows if that class ranked the second most

likely. Finally, a blip filter supplies pseudo-labels reflecting nearby classes when an

isolated prediction is surrounded by other predictions of a single class—operating

under the assumption that such momentary blips are physiologically implausible

[50]. In general, unless active learning is employed, where it is possible to retrieve

ground truth labels upon a query [55], approaches that rely on low confidence pre-

dictions tend to be ineffective at improving the performance [37]. In contrast, high

confidence-based approaches are generally successful, provided the system has not

undergone a catastrophic shift [11, 37].
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Figure 2.3: Consider a hypothetical ten-window classification horizon for an environment aware myoelectric prosthesis capable
of performing hand open (HO), hand closed (HC), wrist pronation (WP), wrist supination (WS) and no motion (NM). In this
scenario, the user must first open the hand to increase the aperture and then close the hand to secure contact with an object.
The top portion of the diagram illustrates the sequence of classifier predictions, associated probabilities, environmental context,
and the corresponding environmental reward signal during this task. The bottom portion of the diagram shows how several
predictor-dependent incremental learning algorithms (UHC, ULC, BLIP) and environment-dependent algorithms (CIIL, RL)
process each sample. For UHC, ULC, BLIP and CIIL, the bottom figure illustrates the pseudo-labels assigned to each window
or, when applicable, the discarding of the sample (∅). For the RL strategy, the figure indicates whether the prediction for
similar EMG patterns would be reinforced (↑) or dissuaded (↓) based on the environmental reward.
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2.3.4 Environmental-Dependent Incremental Learning

(EDIL)

As discussed above, predictor-dependent incremental learning strategies rely on the

current model’s decision stream, which can lead to performance degradation when

an unaddressed covariate shift occurs (such as a previously unseen limb rotation)

even if the shift is momentary. In contrast, environment-dependent incremental

learning leverages an external oracle or environmental feedback to assess and validate

actions with no dependence on how well the model performs. As such, environment-

dependent approaches have been shown to result in strong online models without

any initial calibration data provided [29, 65]. Currently, there are two primary

strategies for environment-dependent incremental learning: reinforcement learning

(RL) and context-informed incremental learning (CIIL).

RL is a paradigm where an agent learns a control policy by interacting with its en-

vironment while maximizing cumulative reward assigned based on model behaviour.

Simply put, RL is an appealing approach when it is more practical to critique the

general suitability of a model’s behaviour than it is to explicitly define the desired

behaviour using labels for each time step. In myoelectric control, RL methods derive

mappings directly from EMG signals and a reward signal, without relying on chore-

ographed supervised training protocols [63], potentially flawed pseudo-labels, or ex-

plicit biomechanics models [79]. When compared with supervised models, RL-based

decoders provide significant performance improvements [69], enhance robustness to

various factors (e.g., movement speed [80]), and offer more intuitive or more flexible

training approaches. Examples include demonstrating desired behaviours through

contra-lateral, intact limb movements (learning from demonstration [63, 64]), learn-

ing joint synergies based on reward or predicted future actuator changes [62, 68],

providing learned vibrotacticle or auditory feedback signals [67, 81, 66], and even
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delivering real-time human-provided reward signals relating to correct or invalid de-

coder outputs (e.g., directly training a multi-joint myoelectric regression controller

using reward given to the system via an up/down key press [61]). Further, tech-

niques from the field of RL have been shown to enable beneficial adaptive switching

in prosthesis control by applying temporal-difference learning to both optimize and,

in some cases, replace manual human switching between prosthetic modes and func-

tions [65, 66]. Unfortunately, sample efficiency can be poor when the RL policy

performs poorly or is initialized poorly. If the model experiences a catastrophic

shift or starts with no calibration, RL approaches have been shown to require ex-

tensive exploration to converge or re-converge to effective policies. However, with a

good initial calibration, dimensionality reduction, reward shaping, or training scaf-

folding, RL has been found to rapidly converge to an optimal (or user-functional)

policy.

Instead of relying solely on exploration through continued interaction, CIIL incor-

porates richer environmental feedback that directly informs the selection of suitable

classes or regression targets. By leveraging this additional context, CIIL is capable

of jump-starting training even when the model is performing poorly, while behaving

similarly to RL once the model begins to produce appropriate outputs (see Figure

2.3). The environmental feedback used by CIIL can come from various sources, such

as those illustrated in Figure 2.4.

As will be discussed in subsequent chapters, CIIL has been shown to capitalize on

environmental cues from interactive game environments to improve model perfor-

mance even when only sparse calibration data are available [35]. It has also demon-

strated robustness following large catastrophic electrode shifts [35] and enabled the

simultaneous learning of proportional control mappings and classification bound-

aries from scratch [29]. Beyond classification, CIIL has been extended to regression
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models, where it has yielded higher throughput, reduced drift, and decreased action

interference than models trained for the same durations using screen-guided training

[60].

However, environmental feedback need not be limited to game-derived signals. For

example, eye gaze has been used to derive contextual cues during target achievement

tests [71]. CIIL has also been applied in more realistic prosthesis use scenarios, such

as an object transport task in virtual reality, where context derived from nearby

objects decreased transport time per item by approximately 50% compared to a

well-calibrated, non-adapting classifier [59]. Despite these advantages, a key chal-

lenge for EDIL in prosthesis applications, particularly for CIIL, which requires richer

feedback, is the reliable deployment of perception models capable of providing ac-

curate, low-latency context as feedback. Addressing this challenge will be essential

for enabling CIIL methods to transition from controlled environments to practical

prosthesis use.
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Figure 2.4: Illustration of sources of environmental feedback suitable for environment-dependent incremental learning (EDIL).
The scenes depict how cues from game environments, gaze recognition, and geometry of proximal objects can provide rich
contextual information to guide model adaptation. In CIIL, such context is used to determine the set of eligible classes and
assign corresponding pseudo-labels, whereas RL uses the same information to generate a continuous reward signal reflecting
the suitability of the performed action.
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2.4 Taxonomy of Incremental Learning Goals

The capacity to incorporate new patterns of muscle activation depends on the in-

tended adaptation goal, whether that is refining known functions, repurposing new

inputs, or expanding the set of control actions. Each scenario requires different ar-

chitectural and algorithmic capabilities. These needs are not strictly aligned with

any single category of the myoelectric incremental learning taxonomy, but can be

phrased more generally as three continual learning challenges: domain-incremental

continual learning, task-incremental continual learning, and class-incremental con-

tinual learning. Figure 2.5 provides a depiction of these three continual learning

problems.
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Domain-Incremental Continual Learning Task-Incremental Continual Learning Class-Incremental Continual Learning

Figure 2.5: Illustration of an abstract feature space representing an initial model configuration of five well-separated motion
classes shown as different coloured ellipses. Domain-incremental continual learning is represented by shifts in the location of
each ellipse, introduced by changes in the model inputs. Task-incremental continual learning is represented by the appearance
of a new red ellipse in a novel location when we already have a red class defined, suggesting a change in control strategy.
Class-incremental continual learning is represented by a previously unseen grey class appearing in a new location, implying the
addition of an entirely new action.
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2.4.1 Domain-Incremental Continual Learning: Variations

of Existing Patterns

Domain-incremental continual learning focuses on maintaining intent-recognition

performance in the presence of natural variations in muscle signals for the existing

motion classes and control outputs. These variations can arise from factors such as

muscle fatigue, limb position changes, perspiration, or minor electrode shift. Each of

these factors causes the input distribution to drift over time and, if left unaddressed,

degrades control performance. A number of incremental learning strategies have al-

ready proven effective for mitigating this form of within-class drift. For example,

Nishikawa et al. [82] used a DODR-based approach to periodically recalibrate the

intent-recognition model and maintain performance over prolonged use of myoelec-

tric control. Similarly, as described in the following chapters, EDIL approaches have

been used to recover from a substantial electrode shift that had severely degraded

model accuracy [35].

In general, DODR and EDIL strategies offer guarantees of recovery provided two

conditions hold: 1) the feedback from the environment is reliable, and 2) the user

continues to behave consistently with task expectations (e.g following a structured

routine or pursuing an identifiable goal). Under these circumstances, the model can

incrementally re-align itself with the shifted distribution after any domain shift.

When an incoming muscle pattern is merely a mild variation of a well-described ges-

ture (i.e., it is still within previous decision boundaries), any incremental learning

strategy should incorporate the incoming pattern beneficially. However, if the vari-

ation is large or sudden (e.g., a 45°electrode shift), strategies without reliable labels

struggle, often mislabeling the new signals, and may worsen performance through

subsequent model updates [35]. Using safeguards like the filtering strategies in PDIL
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and regularization in UIL can help to provide more robustness to these input distri-

bution shifts, but there is currently no consensus on how big a distributional shift

can be handled by PDIL and UIL strategies.

2.4.2 Task-Incremental Continual Learning: New Patterns

Triggering Existing Actions

Task-incremental continual learning considers the scenario where a user develops

a new muscle activation pattern to achieve an already-supported function. For

example, imagine the system was initially calibrated to move a cursor downward

using wrist pronation, but over time, the user finds ulnar deviation more desirable

to achieve the same action. The intended control output (move cursor down) hasn’t

changed, but they are now producing a muscle pattern that the system has never

seen for that action. The challenge introduced here is not model failure but a natural

evolution in user preference or motor strategy, which leads to two or more distinct

inputs corresponding to the same output command.

Unimodal classifiers like LDA and linear SVM often struggle with this type of remap-

ping. Their structure assumes a single, compact representation per class, making

it difficult to accommodate multiple modes without degrading decision boundaries.

In contrast, models like KNN or deep neural networks can support multi-modal

mappings, making them more robust when users adapt their control strategies over

time. Among incremental strategies, EDIL (CIIL) and DODR are well-suited to

this case, as they can establish the novel mappings using explicit labels; whereas,

UIL and PDIL would struggle to associate the new pattern with the correct output.
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2.4.3 Class-Incremental Continual Learning: New Patterns

Triggering New Actions

Class-incremental continual learning is required when a new muscle activation pat-

tern associated with a previously unsupported function is introduced. The system

must expand its output space, requiring not just parameter updates but structural

changes to the intent recognition model. Among current approaches, DODR re-

mains the most reliable strategy for this class-incremental scenario, as users can

explicitly label new gestures to integrate them into the model. When an individ-

ual with a limb difference learns to use pattern recognition in a clinic, DODR is

sometimes used, first introducing 1-3 motions until reliable control can be achieved,

before expanding the model to support more motions [83]. UIL, likewise, has shown

the ability to progressively add control outputs for novel input patterns upon re-

quest using piNNMF [47], which similarly adds a new control action when reliable

control is achieved. EDIL may also support this case, provided that contextual sig-

nals or environmental cues are available to infer new class boundaries; however, no

study has validated this. In contrast, PDIL is constrained by its reliance on existing

model outputs and lacks the mechanisms needed to establish entirely new control

actions. While new muscle activation patterns have been tangentially addressed in

open-set myoelectric control (i.e., explicit rejection of activities of daily living [84]),

harnessing emergent distinguishable motions from the user-in-the-loop setting for

class-incremental continual learning has been a relatively neglected area.

2.5 User acceptability and user-centered design

Incremental learning could foster the transition of a prosthetic system from a tool

to a lifelong companion by enabling the user to update the myoelectric control
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system on demand. This can involve adding new data (both to improve the existing

control and add new actions), deleting previous data (to correct for wrong updates),

changing the emphasis on existing data, and more. At the same time, such a system

could call for updates. For example, if the confidence in its prediction is deemed

insufficient or if the sensors aboard the prosthesis report instability in the grasp,

the model itself could prompt the user for intervention. While this could lead to

improved performance, this process may be demanding for the user, leading to

frustration and, potentially, rejection. Conversely, if these updates were to happen

completely autonomously, these strategies could potentially reduce the user’s feeling

of agency over the system. It is therefore crucial that incremental learning solutions

are designed to account for these factors.

Many other solutions have been proposed with an emphasis on overcoming the

training burden that could potentially be associated with incremental learning. For

example, serious games, which have had success in skill acquisition of myoelectric

control [85, 86], could be used as arenas for calibration. This is particularly interest-

ing because these environments can use gamification elements (e.g., difficulty level,

target size, cursor speed, etc.) to capture different user behaviours that are often

not accounted for during typical screen-guided training [87, 58]. Additionally, these

games can improve motivation and adherence to training protocols [88]. Coapt [72],

for example, has built-in games for user training that are being extended to are-

nas for incremental learning[42]. Alternatively, the training burden could be almost

eliminated by leveraging autonomous incremental learning through additional sen-

sors or other forms of context during regular everyday use. In both cases, however,

the user should always maintain agency over the system by being able to revert to

older models or update a model that is not behaving as desired.

Compelling evidence exists that myogames can help to improve the myocontrol al-
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gorithm, but it remains unclear to what extent they can train the user and thereby

foster both user and model co-adaptation [89, 90]. A growing body of literature has

shown skill transfer from a virtual to a real environment, as long as care is taken in

the game design [91, 92, 86]. Therefore, environments that are physically accurate

and sufficiently realistic in robotic simulation and interaction could be beneficial to

train and assess future co-adaptive myocontrol paradigms. In all cases, the user

interface must be carefully designed to promote user-friendliness and motivation,

leading to tighter and tighter co-adaptation and, ultimately, to optimal user con-

trol. Visualization of the user’s own data in real-time is paramount, together with

a way of quantifying the quality of the provided data. Moreover, the timing of

data collection must be carefully controlled to avoid capturing noise or signals un-

related to the user’s intent. The challenges can be addressed by drawing on using

principles from Interaction Design [93] and constructivist psychology [94, 95], both

of which emphasize aligning system behavior with the user’s cognitive processes

and patterns of real-time interaction. Recent systems have begun incorporate these

principles. For example, the Infinite biomedical technologies system [96] enforces

selective action-specific data capture and provides multiple real-time visualizations

of user signals to support clearer, more intentional data collection.

2.6 Consideration of Open Challenges

Building on the taxonomy of incremental learning strategies for myoelectric control,

the following discussion explores open challenges and limitations that span broadly

across incremental learning strategies. Key topics include the ability to distinguish

between signal changes caused by non-stationarities versus those reflecting genuine

changes in user behaviour, the quality and quantity of data required for different

strategies to function robustly, and user adaptation versus model adaptation.
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2.6.1 Sensitivity to Noise vs. User-Behaviours

A key limitation across many incremental learning approaches for myoelectric control

is the inability to explicitly distinguish between meaningful shifts in user behaviour

and non-stationarities arising from noise or sensor drift. PDIL and UIL rely on

their own predictions or latent representations to update the model, and because

they lack any external guidance for class labels, they can easily mistake transient

noise, drift, or other non-stationarities as genuine behavioural change and end up

selecting for this variation as they adapt. While forgetting mechanisms [54] offer

one means to mitigate the accumulation of noise-selective updates, few methods

actively attempt to attribute signal changes to behaviour versus noise. Nonetheless,

this challenge underscores the importance of carefully selecting adaptation mecha-

nisms and incorporating safeguards—such as confidence thresholds, regularization,

or controlled forgetting—especially in unsupervised or predictor-dependent frame-

works. Other methods also offer stronger implicit safeguards. EDIL and DODR,

for example, draw on external information (e.g., environmental pseudo-labels, re-

ward signals, or explicitly supervised calibration data) to verify that each update

is functionally beneficial without needing to attribute the change as either noise

or behavioural. This additional validation layer offers more robust guarantees that

learning remains directed to meaningful control improvements.

2.6.2 Model Complexity vs. Data Requirements

The quantity of data required for effective incremental learning is influenced more

by the underlying intent recognition model and control complexity than by the

incremental learning strategy itself. For instance, simple linear models can converge

with minimal training data, while higher capacity architectures such as transformers

typically require orders of magnitude more data to perform reliably, regardless of
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which incremental learning strategy is deployed. Additional factors, such as the

number of degrees of freedom being controlled and the variability in user behaviour,

further impact data requirements. Nevertheless, learning paradigms that rely on

externally validated updates, such as EDIL and DODR, tend to be more data-

efficient due to their access to high-quality labels or reward signals. In contrast,

PDIL approaches rely on their own predictions to generate pseudo-labels. While

this allows them to function with limited data, it also makes them highly sensitive to

sudden perturbations in recording conditions. To mitigate erroneous updates, these

methods often use filtering techniques (e.g., high-confidence or margin-based filters)

that deliberately reduce the number of training samples to prioritize their reliability.

Similarly, UIL approaches do not require extensive data but depend heavily on

consistent collection conditions. For instance, if a low-dimensional representation is

learned using an incremental form of NNMF, the emergence of a new, more separable

muscle potential during operation could shift the loading vectors, thereby disrupting

the control mapping that the user has already internalized.

2.6.3 User vs. Model Adaptation

In co-adaptive prosthetic learning paradigms, the interaction between the user and

the model forms a two-learner problem. Prior work has shown that users can com-

pensate for model errors [97], and even adapt to arbitrary motor mappings [47]. An

interesting future research direction could be to prevent premature convergence to

a suboptimal state, e.g., when a user adapts quickly to a poorly performing model,

leading to input patterns that further reinforce the model’s unwanted behaviour.

It remains unclear which co-adaptation protocols best guide both learners toward

global convergence. Previous research has shown that the model’s learning rate

plays a critical role. Müller et al. [98] demonstrated that while overly slow learning

39



rates lead to stagnation and overly fast rates destabilize user learning, there exists a

broad intermediate range that supports stable co-adaptive convergence. Subsequent

research [99] has added that a matching adaptation between user and system sup-

ports the fastest and most stable convergence. When users interact with a prosthesis

based on internal expectations of system behaviour, their ability to adapt depends

on how well the (visual) feedback aligns with these expectations [100]. Following

this line of thought, human behaviour is not static or deterministic in response to a

given feedback. Rather, it can be actively managed by providing instructions and in-

formation that influence expectations and behaviour. For example, during the early

training stages of a high-capacity model (with large data requirements and slow

adaptation), the user may be asked to persist in performing the intended behaviour,

even with unsatisfactory feedback, to avoid prematurely adapting to poor map-

pings. Similarly, the right balance between open-loop training (e.g., screen-guided

training without feedback) and closed-loop co-adaptation remains an open question.

Open-loop phases may allow for data collection without human adaptation and com-

pensation, while testing sessions with static models could support dedicated human

adaptation and expectation management. Similarly, actively instructing users or

injecting small perturbations into the model could promote exploration and help

escape local optima. The applicability and necessity of curated training protocols

may vary by incremental learning learning category. In DODR, model and user

adaptation are inherently staged sequentially, limiting the option of co-adaptation

phases where both learners are active simultaneously. Whereas, in some of the UIL

models (e.g. iNNMF), the user could be instructed to either reinforce muscle syner-

gies discovered by the model or explore new activation patterns. Given that PDIL

is self-referential, it can converge promptly with little risk of destabilizing. Fur-

thermore, EDIL inherently reduces the risk of local optima by providing external

context or task success as neutral guidance.
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2.7 Establishing CIIL as a Viable and Beneficial

Learning Strategy

This dissertation adopts environment-dependent incremental learning (EDIL) and

introduces context-informed incremental learning (CIIL) as a viable adaptation

strategy. As outlined in the following chapters, CIIL provides a principled mech-

anism for adapting models to systematic changes in user behaviour that arise in

closed-loop control, rather than to transient variability or noise. By conditioning

pseudo-labels on task context and behavioural suitability, CIIL preferentially incor-

porates pseudo-labels that reflect stable, goal-directed user strategies, while down-

weighting samples that are inconsistent with the task objective. CIIL is also data

efficient relative to the alternatives outlined in this chapter. By constraining adap-

tation to contextually valid samples and by converting weak environmental feedback

into supervised targets, it reduces the volume of data required to achieve stable im-

provements, which is particularly important for higher-capacity models operating

within online, human-in-the-loop constraints. Finally, CIIL alleviates concerns of

unproductive or antagonistic co-adaptation. Because pseudo-labels are generated

under the assumption of goal-seeking behaviour, model updates tend to reinforce

mappings that are aligned with the user’s emerging internal control model, rather

than amplifying model errors or inducing exploratory dynamics that may interfere

with user learning and trust.

The central challenge addressed in the remaining chapters of this thesis is the out-

of-distribution mismatch between calibration and deployment, which is treated as

a form of domain-incremental continual learning, where the set of intended ac-

tions remains fixed but the input distribution shifts due to behavioural and con-

textual changes in closed-loop use. The subsequent chapters investigate CIIL un-
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der both low-difficulty and high-difficulty domain-incremental continual learning

settings, corresponding to realistic/modest to elevated/severe mismatches between

calibration and deployment conditions. CIIL is a model-agnostic pseudo-labelling

strategy, so in this work, its performance is systematically evaluated across Bayesian

classifiers, static neural networks, and temporal neural networks, as well as across

both classification-based and regression-based control paradigms, to establish the

generality of its benefits across model classes and control formulations.

Bibliography

[1] D. S. Childress, “Historical aspects of powered limb prostheses,” Clin Prosthet

Orthot, vol. 9, no. 1, pp. 2–13, 1985.

[2] T. W. Williams III, “Controlling powered upper extremity prostheses now and

in the future,” in Proceedings of the Myoelectric Symposium 2005, 2005.

[3] K. Englehart and B. Hudgins, “A robust, real-time control scheme for multi-

function myoelectric control,” IEEE transactions on biomedical engineering,

vol. 50, no. 7, pp. 848–854, 2003.

[4] C. Castellini, P. Artemiadis, M. Wininger, A. Ajoudani, M. Alimusaj, A. Bic-

chi, B. Caputo, W. Craelius, S. Dosen, K. Englehart, D. Farina, A. Gijsberts,

S. B. Godfrey, L. Hargrove, M. Ison, T. A. Kuiken, M. Markovic, P. M. Pi-

larski, R. Rupp, and E. Scheme, “Proceedings of the first workshop on Periph-

eral Machine Interfaces: going beyond traditional surface electromyography,”

Frontiers in Neurorobotics, vol. 8, no. 22, 2014.

42



[5] R. Merletti, A. Botter, C. Cescon, M. A. Minetto, and T. M. Vieira, “Advances

in surface emg: Recent progress in clinical research applications,” Critical

Reviewstrade; in Biomedical Engineering, vol. 38, no. 4, pp. 347–379, 2010.

[6] P. Beckerle, C. Castellini, and B. Lenggenhager, “Robotic interfaces for cog-

nitive psychology and embodiment research: a research roadmap,” Wiley In-

terdisciplinary Reviews - Cognitive Science, p. e1486, 2018.

[7] A. Shehata et al., “Machine learning for the control of prosthetic arms: Using

electromyographic signals for improved performance,” IEEE Signal Process.

Mag., vol. 38, pp. 46–53, 2021.

[8] B. Lock, A. M. Simon, K. Stubblefield, and L. J. Hargrove, “Prosthesis-guided

training for practical use of pattern recognition control of prostheses,” in Pro-

ceedings of the Myoelectric Controls Symposium (MEC), pp. 61–64, 2011.

[9] A. Phinyomark, P. Phukpattaranont, and C. Limsakul, “Feature reduction

and selection for emg signal classification,” Expert systems with applications,

vol. 39, no. 8, pp. 7420–7431, 2012.
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C. Castellini, “Simultaneous assessment and training of an upper-limb am-

putee using incremental machine-learning-based myocontrol: a single-case ex-

perimental design,” Journal of NeuroEngineering and Rehabilitation, vol. 20,

p. 39, Apr. 2023.

[40] F. Egle, D. Di Domenico, A. Marinelli, N. Boccardo, M. Canepa, M. Laf-

franchi, L. De Michieli, and C. Castellini, “Preliminary Assessment of Two

Simultaneous and Proportional Myocontrol Methods for 3-DoFs Prostheses

Using Incremental Learning,” in 2023 International Conference on Rehabili-

tation Robotics (ICORR), pp. 1–6, IEEE, 2023.

[41] D. Di Domenico, F. Egle, A. Marinelli, M. Canepa, E. Gruppioni, N. Boccardo,

M. Laffranchi, and C. Castellini, “Towards Bioinspired Co-Adaptive Control

of a 3-DoFs Upper-Limb Prosthesis via Incremental Learning,” Mar. 2025.

[42] Z. Wright and B. Lock, “Adaptive EMG Pattern Recognition Reduces Fre-

quency and Improves Quality of At-home Prosthesis Training For Upper Limb

Myoelectric Prosthesis Wearers,” Myoelectric Controls Symposium, Aug. 2022.

[43] N. Jiang, H. Rehbaum, I. Vujaklija, B. Graimann, and D. Farina, “Intuitive,

online, simultaneous, and proportional myoelectric control over two degrees-

of-freedom in upper limb amputees,” IEEE transactions on neural systems

and rehabilitation engineering, vol. 22, no. 3, pp. 501–510, 2013.

[44] C. Lin, B. Wang, N. Jiang, and D. Farina, “Robust extraction of basis func-

tions for simultaneous and proportional myoelectric control via sparse non-

negative matrix factorization,” Journal of neural engineering, vol. 15, no. 2,

p. 026017, 2018.

48



[45] D. Yeung, I. M. Guerra, I. Barner-Rasmussen, E. Siponen, D. Farina, and

I. Vujaklija, “Co-adaptive control of bionic limbs via unsupervised adaptation

of muscle synergies,” IEEE Transactions on Biomedical Engineering, vol. 69,

no. 8, pp. 2581–2592, 2022.

[46] A. Gigli, A. Gijsberts, and C. Castellini, “Unsupervised myocontrol of a virtual

hand based on a coadaptive abstract motor mapping,” in 2022 International

Conference on Rehabilitation Robotics (ICORR), pp. 1–6, IEEE, 2022.

[47] A. Gigli, A. Gijsberts, M. Nowak, I. Vujaklija, and C. Castellini, “Progressive

unsupervised control of myoelectric upper limbs,” Journal of Neural Engineer-

ing, vol. 20, no. 6, p. 066016, 2023.

[48] A. Schulz, F. Egle, M. Osswald, A. Del Vecchio, and C. Castellini, “Towards

Unsupervised Incremental and Proportional Myocontrol Based on Higher-

Density Surface Electromyography,” in 2025 International Conference On Re-

habilitation Robotics (ICORR), pp. 1106–1111, May 2025.

[49] Y. Yamanoi, S. Togo, Y. Jiang, and H. Yokoi, “Learning data correction for

myoelectric hand based on “survival of the fittest”,” Cyborg and Bionic Sys-

tems, 2021.

[50] R. Kato, T. Fujita, H. Yokoi, and T. Arai, “Adaptable emg prosthetic hand

using on-line learning method-investigation of mutual adaptation between hu-

man and adaptable machine,” in ROMAN 2006-The 15th IEEE International

Symposium on Robot and Human Interactive Communication, pp. 599–604,

IEEE, 2006.

[51] X. Zhai, B. Jelfs, R. H. Chan, and C. Tin, “Self-recalibrating surface emg

pattern recognition for neuroprosthesis control based on convolutional neural

network,” Frontiers in neuroscience, vol. 11, p. 379, 2017.

49
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Chapter 3

Context-Informed Incremental

Learning Improves Both the

Performance and Resilience of

Myoelectric Control

Evan Campbell, Ethan Eddy, Scott Bateman, Ulysse Côté-Allard, Erik Scheme

3.1 Foreword

This chapter presents the first formulation of context-informed incremental learn-

ing. It was demonstrated in a classification-based myoelectric control system and

compared against an established incremental learning strategy, unsupervised high-

confidence adaptation. These approaches were compared using target acquisition

tests with 1) a minimal calibration data initialization (where unsupervised high

confidence adaptation was hypothesized to be beneficial), and 2) an electrode shift
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introduced post-calibration (where unsupervised high confidence adaptation was hy-

pothesized to fail). My contribution to this chapter spans ideation, experimental

design, data collection, data analysis, manuscript preparation, and revision correc-

tions.

3.2 Reference

This work was peer-reviewed and published under Creative Commons License

BY-NC-ND 4.0 as:

E. Campbell, E. Eddy, S. Bateman, U. Côté-Allard, and E. Scheme, Context-

Informed Incremental Learning Improves Both the Performance and Resilience of

Myoelectric Control, Journal of NeuroEngineering and Rehabilitation, vol. 21, no.

70, p. 1, 2024.
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3.3 Abstract

Despite its rich history of success in controlling powered prostheses and emerging

commercial interests in ubiquitous computing, myoelectric control continues to suf-

fer from a lack of robustness. In particular, EMG-based systems often degrade over

prolonged use, resulting in tedious recalibration sessions, user frustration, and de-

vice abandonment. Unsupervised adaptation is one proposed solution that updates

a model’s parameters over time based on its own predictions during real-time use to

maintain robustness without requiring additional user input or dedicated recalibra-

tion. However, these strategies can actually accelerate performance deterioration

when they begin to classify (and thus adapt) incorrectly, defeating their own pur-

pose. To overcome these limitations, we propose a novel adaptive learning strategy,

Context-Informed Incremental Learning (CIIL), that leverages in situ context to

better inform the prediction of pseudo-labels. In this work, we evaluate these CIIL

strategies in an online target acquisition task for two use cases: (1) when there is

a lack of training data and (2) when a drastic and enduring alteration in the input

space has occurred. A total of 32 participants were evaluated across the two ex-

periments. The results show that the CIIL strategies significantly outperform the

current state-of-the-art unsupervised high-confidence adaptation and outperform

models trained with the conventional screen-guided training approach, even after a

45-degree electrode shift (p < 0.05). Consequently, CIIL has substantial implica-

tions for the future of myoelectric control, potentially reducing the training burden

while bolstering model robustness, and leading to improved real-time control.
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3.4 Introduction

Following decades of success in controlling powered prostheses [1], myoelectric con-

trol is becoming an increasingly sought-after hands-free input modality for human-

computer interaction (HCI) [2]. Its convenience, subtlety, and intuitiveness make

it a particularly attractive solution for emerging ubiquitous applications, such as in

mixed-reality scenarios where camera-based approaches are infeasible. Leveraging

the electromyogram (EMG) signals generated during muscular contractions and as-

sociating them with gestures enables hands-free, always-available input for various

potential tasks. For example, myoelectric control has been used for human-robot

interaction [3, 4], cursor control [5], sign language recognition [6], and more recently

mixed reality [7]. Its primary use has been, and continues to be, prosthesis control,

where it is commercially offered by several vendors (e.g., Coapt1, Infinite Biomed-

ical2, and Ottobock3). However, despite its inherent promise, myoelectric control

continues to suffer from several factors that hinder its real-world viability [8, 9].

A major impediment to the widespread viability of myoelectric control systems is

their inherent susceptibility to degradation over time, influenced by factors such as

electrode displacement, user fatigue, and shifts in muscular contractions [8]. Al-

though systems can be recalibrated by acquiring guided training data, this process

is tedious, especially for general-purpose applications where systems should be as

close to “ready to use” as possible. Furthermore, the data collected during these

controlled calibration sessions frequently fails to accurately reflect the patterns of

contractions elicited during real-time device usage [10]. An ideal system would be

capable of learning realistic user behaviours while maintaining the model’s robust-

ness by continuously adapting to the user in real-time.

1https://coaptengineering.com
2https://www.i-biomed.com/
3https://www.ottobock.com/
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Unsupervised adaptation is one proposed solution that adapts to user-in-the-loop

data without requiring direct user input, solving many of the issues associated with

supervised recalibration [11]. Because it uses the classifier’s own outputs as pseudo-

labels for adaptation, other fields have referred to this type of adaptation as semi-

supervised [12]. This reliance on the classifier that is being adapted, however, leads

to inherent limitations. For example, these approaches excel when preserving models

that already perform well, producing pseudo-labels that are correct and confident.

However, when faced with challenges such as a significant change in the input space

– leading to reduced model accuracy – these unsupervised adaptation approaches

may fail. As such, a crucial research objective is to combine the ground truth labels

of supervised methods with the convenience offered by unsupervised methods.

To achieve the combined benefits of both methods, we introduce a novel approach

called Context-Informed Incremental Learning (CIIL). This approach draws motiva-

tion from the demonstrated benefits of reinforcement learning in myoelectric control

[13], while overcoming the user training burden introduced by the sample ineffi-

ciency of reinforcement learning approaches. Inspired by reinforcement learning

paradigms, but remaining an unsupervised learning method, CIIL operates effec-

tively in contexts where the user’s true intentions can be inferred. CIIL monitors

the consequences of actions within an instrumented environment to assess their

appropriateness, categorizing actions as positive or negative. Before adapting the

model, the categories of actions provide an opportunity to reassign more appropri-

ate labels if the classifier-assigned actions do not align with the inferred goal of the

environment. Further, the context-informed labels can be used to isolate samples

the model assigned an incorrect label (negative) or correct label (positive). This

method overcomes the limitations of unsupervised adaptation strategies that of-

ten rely on the classifier’s confidence predictions being correct, as it focuses on the

action’s suitability based on environmental context.
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We evaluate the use of several CIIL strategies in two separate scenarios that could

benefit from adaptation: (1) when limited training data is available and (2) when a

drastic shift in the input space has occurred (i.e., after a 45-degree electrode shift).

By extracting environmental context in a simple target acquisition game, we show

how this additional context can not only maintain model performance over time

but improve the underlying model behaviour compared to dedicated screen-guided

training approaches. In a departure from conventional methods, our innovative CIIL

training approach not only outperforms current standards but also holds substan-

tial promise for advancing the effectiveness of next-generation myoelectric control

systems.

3.5 Related Works

3.5.1 Incremental Learning in Myoelectric Control

The practice of collecting offline data (i.e., where contractions are elicited with no

active control or feedback provided to the user) to train a classifier is arguably an

incomplete solution when optimizing for online, user-in-the-loop interactions. Corre-

spondingly, there is often weak association between offline classification performance

and usability during later online use [10]. While other offline metrics may provide

better predictive power [14], the best indicator of online usability is evaluating clas-

sifiers in more realistic intermediate tasks, such as a simple virtual environment

[15]. This is, at least in part, because the performance of myoelectric control is

dependent not only on the model’s fit but how well understood the user’s behaviour

is under all circumstances (i.e., when a user’s mental bandwidth is split between

adhering to consistent patterns as produced during training and performing their

control task). As such, conventional guided calibration approaches, wherein a user
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mimics a sequence of prompted gestures used as labels for supervised learning (such

as screen-guided, or prosthesis-guided, training [16]), prioritize the ability of the

classifier to distinguish motion classes within the capacity of the controlled training

dataset; but not necessarily for a more variable user-in-the-loop setting. Given the

importance of capturing these user-in-the-loop behaviours for model performance,

the online adaptation of model parameters during real-time user interaction is an

appealing alternative to guided calibration techniques.

Traditionally, online adaptation has been explored as a mechanism to combat a de-

cline in performance due to gradual physical and behavioural changes [17, 18, 19].

In the work done by Zhang et al. , it was shown that unsupervised adaptation could

improve model resilience to simulated random noise that was added to offline test-

ing data [17]. More recently, it has been demonstrated that serious games provide

an avenue for online adaptation to improve classifiers trained with screen-guided

prompts [18, 20]. For example, Woodward et al. found that users elicited greater

limb position variability during online use which, when accounted for through on-

line adaptation, yielded significantly higher scores during functional tests for both

intact-limbed and amputee populations. Furthermore, researchers have addressed

performance decline in myoelectric control across days by developing recalibration

strategies, such as the self-calibrating asynchronous domain adversarial neural net-

work (SCADANN) introduced by Côté-Allard et al. This approach effectively com-

bines established myoelectric domain adversarial methods [21, 22] with stability-

focused heuristics and, notably, demonstrated superior robustness through gradual

refinement of its representation using minimal unlabeled data [19].

Nevertheless, most unsupervised adaptation research has assumed the availability

of a reasonably robust initial model. Comparatively little work has explored its

performance in light of a catastrophic concept shift (such as doffing/donning of the
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EMG recording device), when the previously trained classifier may yield ineffective

pseudo-labels, or with little-to-no initial training. In such situations, the classifier’s

predictions may result in incremental learning updates, reinforcing the same flawed

representation or, worse, driving the model in unknown and irreproducible direc-

tions. Although auxiliary information, such as informativeness [23], has been used

alongside classifier confidence to determine valid samples to reincorporate, this may

prevent further degradation of a flawed model but does not enable recovery or im-

provement. Correspondingly, there is a need for adaptive techniques that are less

susceptible to such factors.

3.5.2 Reinforcement Learning

Unlike traditional supervised strategies that utilize pairs of inputs and labels, re-

inforcement learning uses a reward signal derived from the advantageous or dis-

advantageous outcomes of an agent’s interactions. This reward signal serves as a

direct measure of the agent’s functional ability and can guide model updates inde-

pendent of the classifier’s accuracy in predicting the user’s intent. Reinforcement

learning has been explored in the myoelectric literature, although primarily for of-

fline supervised strategies. Wu et al. demonstrated the effective learning of wrist

and finger joint angles using proximal policy optimization, circumventing the drift

typically encountered with supervised regression and forward dynamical simulations

[24]. They defined the discrepancy between predicted and measured joint trajecto-

ries as a continuous-valued reward signal. Similarly, Vasconez et al. utilized deep

Q-learning for gesture recognition, employing positive rewards for correct predic-

tions and negative rewards for incorrect predictions based on data collected from

screen-guided training [25]. Likewise, Edwards et al. used generalized value func-

tions with EMG signals to elicit a switch command that changed the degree of
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Figure 3.1: Depictions of various myoelectric control system designs. Solid lines
indicate an output from a node or an input to a node, and a diamond indicates
a signal that modifies the weights of a node. (a) Myoelectric control systems de-
signed using traditional practices (optimized for open-loop control, user perception
closes the loop). (b) Myoelectric control systems that are context-aware (CA) and
modulate the intent relayed to the controller subject to environmental information.
(c) Myoelectric control systems optimized via traditional incremental learning (IL)
(these systems rely on the high confidence predictions of the classifier to incorpo-
rate incoming data to the adaptation set). (d) Myoelectric control systems that are
supplied contextual feedback based on the suitability of the performed action in the
environment and use this information to govern incremental learning (CIIL).
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freedom being controlled, a mechanism typically used alongside direct sequentially

controlled prostheses [26]. Although these approaches showcase the application of

reinforcement learning in myoelectric control, the reward signals utilized were not

direct measurements of performance in functional tasks.

There are relatively few studies that explore reinforcement learning for myoelectric

control with a reward signal that directly quantifies functional performance from

a user-in-the-loop setting. Pilarski et al. has demonstrated that actor critic rein-

forcement learning can optimize the control of a robotic arm from reward signals

that quantify functional performance in two ways [13]. The first method uses a bi-

nary success metric, issuing a reward of +1 when within a region around the target

trajectory and a reward of -0.5 when outside this region. The second method was

making the user directly assign the rewards using arrow keys during use, as was

pioneered by the TAMER approach [27]. Using both approaches, the user could

precisely control two joints of the robotic limb to the desired target after sufficient

training (<25 minutes and <10 minutes for the binary and human-assigned reward

signals, respectively). Despite the success of this approach, reinforcement learning

approaches are notoriously sample inefficient [28]. This relatively rapid training time

was achieved by first developing an efficient EMG input representation and further

tile coding the inputs of the continuous values into discrete bins. This compressed

representation may not extend to more rich myoelectric control tasks when greater

spatial and temporal resolution are needed to decipher user intent. As such, there

is motivation to learn how to harness such contextual information, but to leverage

it in a more sample efficient way.
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3.5.3 Context

As characterized in human-computer interaction research, context is “any informa-

tion that can be used to characterize a situation or entity” [29, 30]. By leveraging

this often simple additional information, naive computer systems can become con-

textually aware, significantly improving the potential bandwidth of the particular

human-computer input [31, 32]. For example, systems that leverage past input his-

tory as context can provide improved and tailored recommendations to users [33].

Alternatively, a user’s location could be used as context to improve search results on

the web [34]. In turn, these contextually aware systems have become an expectation

for many users, reducing the need for user input to enhance the user experience.

Despite its history of success within HCI, the concept of context has only recently be-

gun to surface in prosthetics. For example, some have used decision stream context

like majority voting [35] and rejection [36] to improve control. Similarly, Sensinger

et al. proposed a form of decision stream context during unsupervised adaptation by

not adapting to changes in contractions that were not physically possible (i.e., they

happened too quickly) [37]. While both approaches utilize the temporal context

of the decision stream, they cannot be considered fully contextually aware systems.

This is because their reliance on a potentially incorrect underlying model may result

in a context that is isolated from, and possibly in disagreement with, the real-world

environment. Others have sought to improve situational context by including addi-

tional sensors, such as cameras embedded within the prosthesis [38, 39, 40]. These

are examples of context-aware myoelectric control systems that incorporate envi-

ronmental information into their classifier inputs (see Figure 3.1b). Although such

systems can greatly improve control by providing additional information to the un-

derlying classifier [41, 39], they do not attempt to correct the model’s behaviour.

Moreover, these techniques may require the introduction of additional sensors, hard-
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ware, or environmental constraints and may reduce the user’s agency over the system

– thus leading to abandonment of the device [42].

In this work, we lean on context to better derive pseudo-labels during unsuper-

vised adaptation. In this novel paradigm, the context from the environment (i.e.,

the task’s setting) acts as a supervisory layer to inform the active learning process

and correct the underlying model rather than the output. This becomes partic-

ularly interesting for general-purpose myoelectric settings where context becomes

more trivial to extract. For example, environmental context could be a successful or

missed button click. Alternatively, context could be quick error corrections such as

quickly opening and closing a menu in mixed reality. By leveraging this seemingly

simple context to continuously refine and enhance a model’s performance, the viabil-

ity of myoelectric control incrementally improves, encompassing not only prosthetic

control but also extending to mixed reality environments where the context might

be even more immediately perceptible.

3.6 Methods
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Figure 3.2: Experimental setup used throughout the study. (a) The Thalmic Labs Myo. (b) The calibration screen used in
Scenario 1 collects one second of EMG data per motion class. (c) The screen-guided training interface for collecting offline
data. (d) The gamified proxy environment, Myoshoot, where adaptation occurred. The user’s position was represented by
a crosshair and the goal was represented by a planet. (e) The Fitts’ law environment where online usability was ultimately
tested.
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3.6.1 A Proxy Environment for Online Adaptation

This work employs a simple target acquisition game to provide a context-aware

environment from which real-time adaptation can be performed (see Figure 3.1 b).

In this game, participants controlled a crosshair along two independent degrees of

freedom (Left/Right and Up/Down) with the goal of “saving” as many planets as

possible in the given amount of time. After successfully moving the cursor over

the top of a planet and hovering within its bounds for three seconds, the planet

spawned at a different location. This cycle continued for the game’s duration. To

keep consistency across participants and trials, the sequence of positions in which

the planets were generated remained the same for all participants and in each trial.

Although contrived, this environment serves as a proxy for any myoelectric control

setting where context can be inferred.

3.6.2 Control Scheme

The Myo Armband, a previously commercially available dry-electrode EMG cuff that

records data at 200 Hz across eight channels, was used in this work. To discriminate

between inputs, data were split into windows of 200 ms with 100 ms increments

corresponding to 40 samples per window with an increment of 20 samples between

windows. Hudgins’ time domain features were extracted from each window [43]. A

linear discriminant analysis (LDA) classifier was then used to differentiate between

the five gestural commands (Wrist Flexion - Left, Wrist Extension - Right, Hand

Open - Up, Hand Close - Down, Neutral Gesture - No Motion). After training, the

LDA model was adapted in real-time during the aforementioned target-acquisition

game using ten-second batches of data. This interval was chosen empirically through

pilot testing and was a trade-off between user adaptation to the changing control

scheme and optimal adaptation performance [44]. The mean and covariance of each
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class were computed and combined with the existing LDA parameters using a static

adaptation rate of 0.1 and a scaling factor reflecting the effective sampling rate. The

adaptation of the mean and covariance matrices is shown below in equations (1) and

(2):

a =
αNb,c

Nc + αNb,c

(3.1)

µc,i = (1− a)µc,i−1 + aµ̂c (3.2)

where µc,i is the mean of class c after adaptation, µc,i−1 is the current mean of class

c, µ̂c is the mean of class c of the batch, a is the adaptation rate, α is the static

adaptation rate, Nb,c is the number of new samples of class c, and Nc is the total

number of samples in class c collected for adaptation thus far.

* Note that this work was built with LibEMG, an open-source Python library for

designing and evaluating real-time myoelectric control systems [45]. The code and

data can be found at github.com/ECEEvanCampbell/CIIL LDA.

3.6.3 Incremental Learning Strategies
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Figure 3.3: A representation of a hypothetical sequence of cursor movements in the control task. The crosshair indicated the
cursor position at each timestep with arrows indicating the direction of travel for the next timestep. An interpretation of the
steps along the trajectory is given in the right table, where the decision (class and probability) and context suitability (was
the performed action correct (P or N for positive or negative) and what were the correct options under the context) served as
inputs to the inclusion criteria of different algorithms. The effects of the different algorithms are given by checkmarks (include
with classifier’s prediction), hyphens (override the decision using context), and x’s (discard the sample).
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To improve the usability of myoelectric control systems beyond the current sta-

tus quo, we introduce the concept of Context-Informed Incremental Learning

(CIIL). In the case of myoelectric control, context can be acquired through task-

specific constraints, knowledge, or additional sensors. The system then gets feedback

based on its perceived contextually-defined performance, and using this feedback,

the model can learn from its actions and make improvements (see Figure 3.1d). The

model is then incrementally updated based on the contextual knowledge acquired,

leading to more robust control systems that are defined by active in situ user be-

haviour. This work highlights three categories of CIIL systems (Negative, Positive,

and Positive + Negative) and compares their performance to the state of the art

adaptive system (unsupervised high-confidence). An overview of the these strategies

is presented in Figure 3.3.

3.6.3.1 Negative Context-Informed Incremental Learning (N-CIIL)

N-CIIL attempts to correct incorrect (i.e., negative) model behaviour by updating

the predicted label with the assumed “correct” one. In the target-acquisition en-

vironment, incorrect actions were flagged when the cursor moved away from the

target, indicating a disagreement between the task objectives and user behaviour.

As the cursor could only be controlled along one axis at a time, two directions could

usually be deemed correct (i.e., the diagonal between the cursor and the target).

The training cluster whose mean was closest in Euclidean distance to the newly

elicited contraction was selected to differentiate between the two potentially correct

labels. Note that all positive actions were ignored and not used to adapt the system.
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3.6.3.2 Positive Context-Informed Incremental Learning (P-CIIL)

P-CIIL reinforces positive model behaviour by adapting the model with predictions

that lead to positive within-task results. In the target-acquisition environment, pos-

itive actions were flagged when the cursor moved toward the target, indicating that

the user was accomplishing the task objectives. Correspondingly, the assumption

was that the model made a correct decision that should be reinforced. All negative

actions were ignored and not used to adapt the system.

3.6.3.3 Positive + Negative Context-Informed Incremental Learning

(P+N-CIIL)

P+N-CIIL uses a combination of positive and negative CIIL, where all of the model’s

predictions are leveraged for adaptation. Positive outcomes are adapted using P-

CIIL, and negative outcomes are adapted using N-CIIL.

3.6.3.4 Unsupervised High-Confidence (UHC)

UHC is a popular extension of unsupervised adaptation where a model is updated

with all decisions that have a confidence value above some predefined threshold

[37]. Although this strategy uses the additional context of the classifier’s confidence

profile, it is not considered a CIIL strategy as it does not leverage context beyond

the knowledge of the underlying model.
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3.6.4 Outcome Measures

3.6.4.1 Offline Metrics

Three offline performance metrics were leveraged to assess the performance of each

model: classification accuracy, active error, and instability [46]. Accuracy is a com-

mon metric that captures the number of correct predictions as a percentage of the

total predictions. In contrast, active error is a specialized metric that focuses only

on misclassifications that resulted in unwanted movement, and does not penalize

misclassifications that were predicted as no motion. Instability is a metric that cap-

tures the number of class transitions seen in the decision stream. If analyzing data

obtained through screen-guided-training, which typically does not record class tran-

sitions, the observed instability should ideally be zero. These metrics were computed

on the screen guided training data acquired during each experiment.

3.6.4.2 Online Metrics

To evaluate the online performance of each adapted model, an ISO 9241-9 inspired

Fitts’ Law test evaluation (see Figure 3.2c) was used. Fitts’ Law is broadly used

for human-computer interaction studies and provides an avenue for testing pointing

and selection tasks [47]. During this online usability test, participants were required

to capture a set of eight targets arranged in a circle. Although similar to the target

acquisition game, no model adaptation occurred during this task. Additionally,

participants were told they could give up at any time if they felt they did not have

the control required to complete the test. Three commonly used online metrics were

assessed during this task: throughput, path efficiency, and overshoots [48]. Path

efficiency is the ratio of the shortest possible path from the cursor to the target to

the actual path taken. The overshoot metric – the number of times the cursor enters
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and leaves a target before acquisition – is particularly important for measuring the

stability of the control scheme during target acquisition. Finally, the throughput

of the system is a measurement of the overall performance and is computed by the

following equations:

TP =
1

T

T∑
i=1

IDi

MTi

(3.3)

ID = log2(
D

W
+ 1) (3.4)

where T is the number of trials, ID is the index of difficulty, MT is the movement

time, D is the distance to the target, W is the width of the target, and i is the trial

number.

3.7 Experimental Design

In this work, we evaluated the CIIL strategies during two situations that could

benefit from adaptation: (1) when there is minimal training data (e.g., when adapt-

ing to a new user) and (2) when the input space has catastrophically shifted (e.g.,

after a 45 degree electrode shift). A total of 32 participants took part in these

online, user-in-the-loop experiments, as described in the following sections. At the

start of the session, participants were asked to place the EMG cuff in a comfortable

position on their right forearm. After giving the armband time to adjust to the

participants’ skin and humidity (approximately 5 minutes), the initial model (i.e.,

the baseline for all the adaptation trials) was trained. The participants then went

through a progression of in-game adaptation on the baseline classifier, proceeded

by an ISO Fitts’ evaluation of the adapted model. Additionally, two repetitions
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of steady-state, open-loop (no feedback) contractions were collected through screen

guided training after each cycle to acquire a representative testing sample. This

proceeded until all the adaptation strategies had been tested. All participants gave

written informed consent prior to beginning, as approved by the University of New

Brunswick’s Research Ethics Board and are on file as REB (2022-122).

3.7.1 Experiment Scenario 1: Minimal Training Data

Experiment one consisted of a pilot study to evaluate the efficacy of the CIIL strate-

gies on a sparse yet reasonably accurate starting classifier. The preliminary results

of this study were described in [49]. Eleven participants were recruited for this ini-

tial work (4 female, 7 male; ages 20-56). To train the starting model, one second

of training data for each of the five classes using the built-in data collection screen

(see Figure 3.2) were acquired. The goal was to train a model whose feature space

was correct but sparsely populated, possibly leading to unstable classifier behaviour.

Although this limited amount of data is known to be suboptimal, commercial EMG

systems have promoted the use of single repetition calibration protocols (e.g. Myo)

to prioritize an expedited setup at the expense of performance. We also acquired five

repetitions of steady-state contractions through screen guided training to evaluate

the performance of a classifier trained on offline data (i.e., the optimal baseline).

Correspondingly, the goal of the first experiment was an initial analysis of the newly

proposed CIIL adaptation strategies for a relatively simple problem. The unique

design constraints of the first experiment are as follows:

3.7.1.1 Velocity

To simplify the control system, we opted for simple constant-velocity control map-

ping meaning that the crosshair moved at a constant speed regardless of contraction
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intensity.

3.7.1.2 UHC Confidence Threshold

The confidence threshold was empirically tuned during pilot studies to give the best

outcome for UHC. Because the concept drift between training and testing is small

and the confidence distribution of LDA is skewed high [50], the threshold was set

to 100%. This conservative confidence threshold of 100% was chosen to adapt the

model in the most cautious way possible. Even at this threshold, approximately

50% of within-game decisions were used to adapt the model.

3.7.1.3 Negative CIIL

In addition to the mechanisms of N-CIIL described above, we assumed any move-

ment within the acquired target to be unwarranted and thus used it as negative

context.

3.7.1.4 Order

The trial order was randomized across participants in this within-participant study.

The six unique trials included the use of the screen guided training model (SGT),

the initial one second model (initial), and the four unsupervised strategies (UHC,

P, N, P+N).

3.7.1.5 Gameplay Time

The baseline model was adapted during a two-minute gameplay session – the ap-

proximate equivalent of acquiring five repetitions of offline SGT data.
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3.7.2 Experiment Scenario 2: Electrode Shift

In a second, separate, phase of the study, the efficacy of the CIIL strategies was

evaluated when a model’s input space had been catastrophically shifted. An addi-

tional 21 participants were recruited for this experiment (8 female, 13 male; ages

18-41). Participants trained an initial model using five repetitions of ramp contrac-

tions, increasing from rest to their desired activation level over three seconds, for

each input class. Then, after acquiring the baseline performance of the model in an

ISO Fitts’ test, participants were asked to take off and rotate the EMG cuff by 45

degrees clockwise from their perspective (∼ one electrode). This simulated doffing

and donning of the EMG cuff in a different location with the amount of shift likely

being even more extreme than what might be reasonably expected in a prosthetic

socket. While dealing with electrode shift through automatic approaches is an on-

going area of research [51], its role in this experiment was intended as a proxy for

any time the input space has drastically shifted, such as after doffing and donning

a device, between-day control, or even after cross-user adaptation [22]. The unique

design constraints of the second experiment were as follows:

3.7.2.1 Velocity

A proportional control mapping was used, meaning harder contractions resulted in

faster speeds. Subject’s class-specific mean absolute value was used to determine

20% and 70% thresholds that formed a linear mapping for 0% to 100% of the avail-

able cursor speed, as per [52].
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3.7.2.2 UHC Confidence Threshold

Given that the concept drift introduced by the electrode shift was large, a lower

confidence threshold of 99% was found to be best for UHC from pilot studies. This

selection allowed UHC to include some incoming samples to attempt to improve;

whereas too few samples would have been gathered with a threshold of 100%.

3.7.2.3 Negative CIIL

The negative adaptation from the first experiment was modified so that only within-

target movement that drifted away from the center was considered as negative con-

text.

3.7.2.4 Order

The order of the trials (P, N, P+N, UHC) was balanced across participants using a

Latin square. Each user started with the pre-shifted SGT model.

3.7.2.5 Gameplay Time

To observe a plateau in the adapted model that wasn’t seen with the two minutes of

adaptation from experiment one, an adaptation time of five minutes was selected.

3.7.2.6 Questionnaire

Participants completed a NASA TLX survey after the ISO Fitts’ test to better

gauge the perceived workload of controlling the cursor with each adapted model.

The questionnaire queried the quality of the models after adaptation had occurred,

and does not reflect the user’s perception of the model during the gameplay session.
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3.7.3 Statistical Analyses

Statistical analyses were conducted using the Statistical Tests for Algorithms Com-

parison (STAC) platform [53]. Analyses were performed independently for each

experiment to determine differences between learning strategies from observed of-

fline metrics (classification accuracy, active error, instability) and online metrics

(overshoots, path efficiency, throughput). For each metric, normality and homo-

geneity of variance were tested and Friedman ranking tests were determined to be

appropriate.

Following a significant outcome, post-hoc multiple comparison tests were conducted

using Finner correction [54] with a confidence level of 0.05. The resulting multiple

comparison tests were visualized with critical difference diagrams. Within these

diagrams, the mean normalized rank of the pipelines were determined and plotted

on a number line. The lowest ranked pipeline is indicative of the lowest values

among the pipelines for the metric being analyzed, whereas the highest rank is

indicative of the highest values among the pipelines for the metric being analyzed.

As such, the most desirable (best performing) rank for the metrics analyzed in the

study were highest for accuracy, lowest for active error, lowest for instability, lowest

for overshoots, highest for efficiency, and highest for throughput. Finally, these

diagrams also illustrate when pipelines are not significantly different by grouping

them together with a horizontal bar.

3.8 Results

The quantitative outcomes of scenario 1 were compiled into the first column of

Figure 3.4. For offline metrics, the SGT model was found to have significantly

higher classification accuracy than the initial model, N-CIIL, and UHC adaptation
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(91.28% vs. 65.75%, 72.47%, and 79.05%, respectively; p < 0.05), but not P+N-

CIIL or P-CIIL (85.26% and 86.01%). For active error, the P+N-CIIL and SGT

models significantly lower than the initial model, N-CIIL, and UHC (10.53% and

6.22% vs. 32.62%, 18.97%, and 18.23%, respectively; p < 0.05), but not P-CIIL

(11.53%). Likewise, instability was significantly lower for SGT, P-CIIL, and P+N-

CIIL compared to the initial model, N-CIIL, and UHC (5.00%, 7.77%, and 8.13%

vs. 19.92%, 16.12%, and 12.08%, respectively; p < 0.05). For the online metrics,

N-CIIL had significantly lower overshoots compared to the initial model (2.27 vs.

13.55; p < 0.05), but not P-CIIL, P+N-CIIL, SGT, and UHC (3.00, 3.64, 4.45, and

6.09, respectively). Path efficiency of SGT, N-CIIL, P-CIIL, and P+N-CIIL was

significantly higher than the initial model (68.45%, 67.66%, 70.77%, and 70.14% vs.

42.55%, respectively; p < 0.05). Finally, the throughput of P-CIIL was significantly

higher than the initial model, UHC, and N-CIIL (0.43 bit/s vs. 0.24 bit/s, 0.35

bit/s, and 0.35 bit/s, respectively; p < 0.05), but not SGT or P+N-CIIL (0.41 bit/s

and 0.40 bit/s).
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Figure 3.4: Box plots, summary statistics, and critical difference diagrams for offline metrics (accuracy, active error, instability),
and online metrics (overshoots, efficiency, throughput) in both evaluated scenarios (minimal training data, electrode shift). Ideal
trends for values and normalized ranks of these metrics are high accuracy, low active error, low instability, low overshoots, high
efficiency, and high throughput. Blue bars linking groups in the critical difference diagrams signifies a non-significant difference
within the multiple comparison tests. Note: when subjects did not recover from the introduced electrode shift and could not
complete the online assessment, their data was removed for the overshoots metric as a placeholder value was not appropriate.
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The quantitative outcomes for scenario 2 were compiled into the second column

of Figure 3.4. For offline metrics, the pre-shift scenario had significantly higher

classification accuracy than the shifted scenario with no adaptation, UHC, P-CIIL,

and N-CIIL (87.78% vs. 48.32%, 45.17%, 62.54%, and 73.23%, respectively; p <

0.05), but no difference was found with P+N-CIIL (79.53%). The active error

multiple comparison had similar outcomes, with the pre-shifted setting significantly

outperforming the shifted scenario with no adaptation, UHC, P-CIIL, and N-CIIL

(10.00% vs. 61.54%, 65.13%, 44.78%, and 26.29%, respectively; p < 0.05), but

not P+N-CIIL (21.01%). As a consequence of not recovering all gestures during

adaptation for most subjects, UHC had the lowest instability (manifested by failing

to elicit all classes); however, no significant differences were found between UHC,

P-CIIL, P+N-CIIL, and the pre-shifted setting (6.48%, 6.59%, 7.28%, and 7.84%,

respectively) – of which P+N-CIIL and the pre-shifted setting could elicit all classes

for all subjects. For the online metrics, UHC had significantly more overshoots than

the pre-shifted setting, P-CIIL, N-CIIL, and P+N-CIIL (9.60 vs. 7.90, 5.71, 4.86,

and 5.00, respectively; p < 0.05). Path efficiency of P+N-CIIL was significantly

better than P-CIIL and UHC (66.01% vs. 40.07% and 11.65%, respectively; p <

0.05), and was marginally better than the pre-shifted setting and N-CIIL (61.60%

and 61.20%, respectively). Finally and most importantly, the throughput of P+N-

CIIL was significantly higher than all other methods including the pre-shifted setting

(0.61 bit/s vs. 0.50 bit/s; p < 0.05), but was only marginally higher than N-CIIL

(0.57 bit/s).

The qualitative outcomes for scenario 2, which were extracted from the NASA

TLX survey, are shown in Figure 3.5. Reported frustration levels were lowest for

P+N-CIIL, N-CIIL, and the pre-shift model with the P-CIIL and UHC models

being significantly higher (23.81, 24.29, and 25.24 vs. 47.38 and 69.76, respec-

tively; p < 0.05). In addition to P+N-CIIL having the highest throughput (ob-
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jective performance measure), P+N-CIIL was also reported to be the significantly

best-performing model (subjectively perceived performance measure, 82.62). The

pre-shifted SGT, P+N-CIIL, and N-CIIL models had significantly lower physical

demand than the P-CIIL and UHC models (23.81, 25.00, and 27.14 vs. 44.52 and

59.05, respectively; p < 0.05). Likewise, P+N-CIIL and the pre-screening SGT

model had significantly lower overall effort compared to P-CIIL and UHC (32.62

and 34.52 vs. 52.86 and 70.00, respectively; p < 0.05), but not N-CIIL (38.57).

Figure 3.5: Box plots, summary statistics, and critical difference diagrams for subjec-
tive ratings of the different adaptation methods (frustrating, performance, physical
effort, and overall effort ). Ideal ratings and normalized ranks for these categories
are low frustration, high performance, low physical demand, and low overall effort.
Blue bars linking groups in the critical difference diagrams signifies a non-significant
difference between linked strategies.
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3.9 Discussion

3.9.1 Adaptation Dynamics

In evaluating the various myoelectric control adaptation strategies across the two

experiments of the study, clear differences between approaches emerged.

Unsupervised high-confidence adaptation – the current standard for unsupervised

learning – was beneficial when the system was already performing well, as demon-

strated in the minimal training data experiment (i.e., Experiment 1). Because the

class distributions were sufficiently informed, the UHC approach was able to con-

tinue to refine them appropriately. However, it does not yield any measurable ben-

efits when the initial model is underperforming and would benefit the most from

adaptation. Within the second experiment, only 5 of 21 subjects had sufficient re-

covery after the electrode shift to complete the usability test, and even in these cases

throughput after UHC adaptation was drastically lower than the CIIL approaches.

The failure of UHC to recover after catastrophic shift is a crucial drawback for its

viability to maintain system robustness for myoelectric control where these per-

turbations are common. Nevertheless, UHC does not have the same contextual

reliance as the other approaches, highlighting its usefulness and potential practical-

ity for maintaining already robust models with minimal overhead when contextual

information in unavailable.

P-CIIL demonstrated similarities with UHC, allowing the model to enhance its

performance following successful actions. However, P adaptation solely focuses on

positive outcomes, ignoring negative actions which are most commonly the result

of misclassifications. It achieved significantly higher throughput than UHC when

the initial model was reasonable (Experiment 1), and was more reliable than UHC

when the initial model was performing poorly (Experiment 2). Its shortcomings
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primarily emerge when the classifier aligns with a ‘correct’ contextual direction that

was not intended by the user. In the environment used in this study, this could

arise when the planet is diagonal from the crosshair (up and left), the user tries

to go left but the classifier went up. In this scenario, P-CIIL ends up reinforcing

this inadvertent direction, albeit less frequently than UHC thanks to the reliance

of contextual suitability of the direction. P-CIIL also runs into difficulties when

the user was completely unable to evoke any positive context (for example when

they get stuck in a certain mode). Consequently, only 14 of 21 subjects were able to

recover after the electrode shift to a high throughput model when relying on positive

context alone.

N-CIIL offers a contrasting approach to P-CIIL by enabling model recovery in the

presence of mistakes, regardless of classifier performance. Even when employing a

simplistic tie-breaking system dependent on the classifier’s best guess among the

valid options, N-CIIL consistently demonstrated recovery capabilities, as evident in

the electrode shift experiment. This holds true, even though the adaptation pro-

cess had to choose between two potential behaviors during adaptation, inevitably

leading to erroneous information being provided at times. Consequently, every sub-

ject was able to recover after the electrode shift to a usable state (i.e., they could

complete the online Fitts’ law task). However, in longer adaptation scenarios, its

performance may plateau as errors decrease in frequency, leading to a weakened

adaptation signal. A hybrid approach, combining positive and negative adaptation

(P+N-CIIL), capitalizes on mistakes in the early stages and leverages positive inter-

actions as they emerge. Generally, N-CIIL can recover a completely flawed model to

the point where it can then benefit from P-CIIL. In doing so, this strategy harnesses

the strengths of both adaptation approaches and exhibits the highest throughput in

both experiments. This shift from negative to positive context for the P+N-CIIL

pipeline is shown in Figure 3.6, where P+N-CIIL began by using more negative con-
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text to accommodate the challenging setting, before transitioning to predominantly

positive context after initial improvements. P+N-CIIL not only recovered to a us-

able level for every subject, but achieved a significantly higher throughput to the

pre-shift screen guided training model. These findings underscore the significance

of selecting an appropriate adaptation strategy based on the specific performance

context and objectives in myoelectric control systems
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Figure 3.6: Representation of the number of context windows used by the CIIL pipelines the electrode shift scenario. Standard
error across subjects is shown by a shaded region. Each point represents a three second time frame.
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3.9.2 Qualitative Feedback

In addition to quantitative measures of performance (throughput) being better

post-shift post-adaptation in Scenario 2, self-reported qualitative measures of per-

formance (extracted from the NASA TLX) showed users preferred the P+N-CIIL

adapted model over the pre-shift SGT model. From the reported performance met-

ric, P+N-CIIL was significantly better than all other models. Further, P+N-CIIL

marginally outperformed the pre-shift SGT model in regards to having lower per-

ceived effort and lower frustration. Overall, these qualitative measures corroborate

the quantitative results, further supporting P+N-CIIL as the superior option.

3.9.3 Offline vs. Online Performance

Offline accuracy is often used as an indicator for anticipated model performance

during user-in-the-loop settings, however, the associative relationship between these

two metrics is often debated. As highlighted in section 3.5.1, offline accuracy has

a weak associative relationship to throughput and therefore should not be used to

decide what algorithm would result in the best online control [10]. Recently, Hinson

et al. demonstrated that offline metrics do correlate, albeit on a granular level, with

online performance by training EMG to kinematics models to different levels of

described variances (R2 =0.8, 0.6, 0.4) and performing Fitts’ law tests [55]. Hinson

suggests the reason for the stronger relationship was due to experimental challenges

in other works (altered outputs from controller gain [56], inadequate task duration

and feedback [57]).

Despite having intentionally introduced minimal data and electrode shift as ex-

perimental challenges in this study, we still observed “strong” correlations between

offline accuracy and online throughput for both scenarios (global correlations of 0.74
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Figure 3.7: Scatterplot of associative relationships between offline accuracy and
online throughput from (a) Scenario 1 (Minimal Training Data) and (b) Scenario 2
(Electrode Shift). Grouped Spearman’s correlation coefficients are presented in the
legend. Global correlations, as calculated using all data irrespective of model, were
ρ = 0.74, 0.62, for Scenario 1 and 2, respectively.
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and 0.62 for Scenarios 1 and 2, respectively, as shown in Figure 3.7). Nevertheless,

for the electrode shift scenario, the model with the highest accuracy differed from

that with the highest throughput. In fact, although SGT produced the highest ac-

curacy, P+N-CIIL significantly outperformed it in terms of throughput (p < 0.05).

This discrepancy is justified given the behavioural differences a user exhibits while

in-the-loop, but it illustrates that subtle differences in offline classification accuracy

cannot be used naively to justify model rankings.

Moreover, classification accuracy computed on steady-state or ramp contractions

may become irrelevant when it comes to incremental learning approaches such as

those proposed in this work. For example, there were multiple cases where users

unintentionally combined the hand open and closed contractions with radial and

ulnar deviation, respectively, as they found this more intuitive to control the up

and down directions of the cursor. While this could lead to improved within-task

outcomes (i.e., increased throughput), it may also degrade the classification accu-

racy. Correspondingly, this tradeoff between these two metrics must be considered

as we continue to move toward adaptive systems, and a particular emphasis should

be placed on how to best evaluate these systems.

3.9.4 Practicality of CIIL

While this study offers an important initial demonstration and validation of CIIL,

the evaluation environment was relatively simple compared to the diverse settings

where myoelectric control might be applied, such as dexterous manipulations of

prosthetic limbs or mixed reality scenarios. Nevertheless, it is worth emphasizing

that the potential benefits of CIIL may be most pronounced in these more com-

plex and dynamic settings, if situational context can be appropriately measured or

inferred.
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In prosthetics, determining the suitability of control actions would require knowledge

of appropriate gestures given the task being conducted. For example, near field

communication tags could be used in the home to notify the device of an appropriate

gesture when reaching for certain objects. Alternatively, additional sensors (e.g.,

cameras and force sensors) could be added to a prosthesis to provide context about

the successful grasp or accidental release of an object.

For general human-computer interaction using myoelectric control, the greater avail-

ability of contextual information in digital environments could help to develop rich

and intuitive control. Each successful click of a button, or the detection of a click

when no button is available, could provide context with which to inform model adap-

tation. Quick corrective actions, such as playing and immediately pausing a music

application or passing over then quickly returning to a selection menu, could pro-

vide the context of an inadvertent command. By assigning appropriate labels, the

system could iteratively adapt and reduce similar classification errors from arising

for similar user inputs.

Recognizing that the quality of context engineering impacts the effectiveness of CIIL,

the instrumentation does not need to be ubiquitous. Even when only partial access

to contextual information is available, such as within a user’s home or during the

introduction of new control actions as part of a curriculum, substantial benefits can

still be gained. For example, a prosthesis could be trained using CIIL in a reha-

bilitation environment where context is easy to extract (e.g. using instrumented

environments or tests). Furthermore, while CIIL assumes consistent goal-driven be-

havior from users, it acknowledges the real-world complexity where users may not

always adhere to this paradigm. For instance, naturally-limbed individuals gesticu-

late while talking; however, the context for this scenario is foreseeably unobtainable

and as a result CIIL would likely adapt the underlying activity to no motion. As
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such, there is future work in exploring how to benefit from partial contextual feed-

back and how to not altogether remove creative expression.

3.9.5 Future Work

This work provides a foundational basis for CIIL approaches that maintain the ac-

curacy of a classifier given a contextual environment; however, there still remain

numerous avenues of research to explore and improve the capabilities of this ap-

proach.

Future work should investigate the efficacy of CIIL within more realistic, physical

environments. Although the instrumentation of these settings is not trivial (vi-

sion based, NFC tags, etc.), integrating within existing smart home technologies or

commonly used items could prove valuable for all populations that use myoelectric

control (general HCI, stroke, spinal cord injury, muscular distrophy, amputees, etc.).

Although this work demonstrated robustness to two confounding factors (minimal

training data and electrode shift), there are many other sources of variability that

could be minimized with this incremental learning approach (limb position variabil-

ity, contraction intensity variability, hands-busy interference, between-session differ-

ences, cross-subject differences). Electrode shift degradation is typically addressed

with recalibration or by making representations of multiple electrode configurations

[58]. However, this work demonstrated that an online incremental learning approach

could offer a viable solution, adapting to the current electrode position rather than

attempting to describe multiple positions.

Within this experiment, a virtual environment was used that had perfect situational

context available for every myoelectric decision; however, this may not be the case

for real-world systems, such as one relying on object detection for contextual infor-
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mation. In such a scenario, it would be vital to understand the relationship between

the accuracy of contextual information and the trajectory of the CIIL training pro-

cess. Future work should evaluate this relationship to understand the lower-bounds

of context accuracy and frequency required for CIIL systems to reliably improve

myoelectric usability.

CIIL demonstrated it could improve the classifier’s predictions over time given con-

textual suitability; however, it could be beneficial to adopt this approach within

regression problems – as these are also prevalent in velocity-based myoelectric con-

trol applications. Similarly, CIIL should be extended beyond 2-DOF problems to

determine if ambiguity among the potential options greatly increases the time re-

quired to reach a usable model. While this work demonstrated that CIIL is an

effective framework for classification-based online learning that is invariant to ini-

tial model performance, future work could leverage structured Bayesian models [59],

auto-regressive or nonlinear regression approaches [60, 61], or deep learning to ex-

tend its benefits to other tasks such as regression.

Perhaps most importantly, we hope to reduce the complexity involved in imple-

menting CIIL approaches to facilitate the uptake of these methods. This work

required constant communication between different processes performing user-in-

the-loop classification, collecting the associated context, and periodically perform-

ing adaptation. We aim to provide the supporting infrastructure for this style of

experiment in LibEMG in the future [45].

3.10 Conclusion

In this paper we presented Context-Informed Incremental Learning (CIIL), a new

incremental learning framework for myoelectric control. In two online studies, CIIL
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was shown to significantly outperform the state-of-the-art approach (unsupervised

high-confidence adaptation) when beginning with a sparsely defined classifier trained

with minimal data and when recovering from a catastrophic change in the input

space due to electrode shift. Additionally, through the adoption of CIIL strategies,

myoelectric control systems better incorporate user-in-the-loop behaviours which

will in turn improve the ability of models to decipher user intent, resulting in better

overall control.
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4.1 Foreword

This chapter presents the next incarnation of classification-based context-informed

incremental learning, using neural networks. The linear discriminant analysis clas-

sifier explored in Chapter 3 required hard labels, which forced a selection among

goal-directed options for generating a pseudo-label. In contrast, neural networks al-

low soft labels, which enable the use of a pseudo-label created by equally weighting

among goal-directed options. As a separate contribution outside of CIIL, the incre-

mental learning of proportional control thresholds and the use of a nonlinear transfer

function were also explored. Finally, this experiment explores incremental learning

from an uninitialized model. My contribution to this chapter spans ideation, exper-

imental design, data collection, data analysis, manuscript preparation, and revision

corrections.

4.2 Reference

This work was peer-reviewed and published under ©2024 IEEE. Reprinted, with

permission, from:

E. Campbell, E. Eddy, X. Isabel, S. Bateman, B. Gosselin, U. Côté-Allard, and

E. Scheme, Screen Guided Training Does Not Capture Goal-Oriented Behaviours:

Learning Myoelectric Control Mappings From Scratch Using Context Informed In-

cremental Learning, Transactions on Neural Systems and Rehabilitation Engineer-

ing, vol. 33, no. 1, p. 332, 2024.

107



4.3 Abstract

Human-machine interfaces based on myoelectric signals typically use screen-guided

training (SGT) for model calibration, but this approach fails to capture realistic

user behaviors. This study evaluates a user-in-the-loop context-informed incremen-

tal learning (CIIL) framework, comparing SGT, SGT followed by CIIL adaptation

(SGT-A), and a novel zero-shot adaptation (ZS-A) CIIL approach that begins adapt-

ing with no prior training. Sixteen participants completed a Fitts’ Law targeting

task using these control schemes, with performance measured via online through-

put and offline classification accuracy. Despite lower offline accuracy, the ZS-A

model achieved the highest online throughput (1.47 ± 0.46 bits/s), significantly

outperforming the SGT baseline (1.15 ± 0.37 bits/s) and reached competitive per-

formance within 200 seconds. To further enhance control performance, a novel

adaptive sigmoid-based proportional control mapping was introduced, dynamically

adjusting control signals to allow precise control near neutral positions and rapid

movements at higher activation levels, better aligning with natural user behaviors.

These findings demonstrate that CIIL can surpass traditional SGT methods in online

performance and emphasize the value of real-time user-in-the-loop data for develop-

ing adaptable and intuitive myoelectric interfaces, with implications for prosthetics,

rehabilitation, and telerobotics.

4.4 Introduction

Pattern recognition-based myoelectric control, which uses electrical signals from

muscles to derive control inputs for a device or system, has long been used in upper-

limb powered prostheses [1]. Recently, there has been renewed interest in applying

this technology to broader human-computer interaction (HCI) use cases such as
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mixed reality [2], rehabilitation [3], and general ubiquitous computing [4, 5]. This

resurgence is partially driven by academic [6] and industry breakthroughs [2] in

cross-user modelling, which are beginning to show the ability to enable “plug-and-

play” capabilities for discrete (i.e., dynamic) gesture recognition. These emerging

cross-user models are a substantial deviation from the historical perspective that my-

oelectric control necessitates user-specific models. Conversely, despite an abundance

of cross-subject studies [7, 8, 9], the same level of benefits have not yet been demon-

strated in online continuous myoelectric control [10] due to a number of additional

challenges. Furthermore, even when cross-subject models demonstrate promising

results in lab experiments with non-amputees, these approaches may still face sig-

nificant limitations when applied to amputees where varied residual limb anatomy

poses additional challenges.

The difficulties of continuous control, compared to the aforementioned discrete sys-

tems, stem from two main factors. First, the highly non-stationary properties of the

electromyography (EMG) signal [11] make generalization across users and confound-

ing factors quite difficult when decisions must be made over shorter time windows

(in the order of milliseconds) [12, 13]. Correspondingly, these controllers often need

to be re-trained or additional data must be accumulated to account for variations

in signals. Second, unlike discrete control, where a complete gesture is performed

before an action is triggered, continuous control involves ongoing user modulation

based on real-time feedback (i.e., moving a cursor across a screen or guiding a pros-

thesis into a specific position or grasp) [14]. Historically, training these models has

required screen-guided training (SGT) protocols where users follow along with a set

of prompted gestures on a screen in front of them or as guided by a prosthesis [15].

This structured follow-along approach, however, does not necessarily capture realis-

tic user-in-the-loop patterns and behaviours, particularly when describing the short

non-stationary windows used for continuous control. Consequently, even cross-user
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model strategies typically rely on some degree of end-user calibration, and recent

work has shown that these models benefit greatly from additional user-in-the-loop

data [16, 17, 18].

Online end-user calibration techniques for continuous myoelectric control generally

fall into two categories based on how they determine pseudo-labels to assign to

user-in-the-loop data. The first category, classifier-dependent calibration, uses the

classifier’s own prediction outputs derived from the data as pseudo-labels for adap-

tation. This approach often employs some form of selective filtering so as to collect

only highly-confident [19] or representative [20] samples, to avoid model deterio-

ration due to incorrect pseudo-labels. Classifier-dependent calibration works well

under known conditions, such as when adequate training data is supplied and when

confounding factors like limb position effects are avoided. Conversely, it may strug-

gle to recover when the model is perturbed, for example, if the contact between the

skin and electrodes changes or if user behaviours drastically change [16]. The sec-

ond category, environment-dependent calibration, assumes the presence of an oracle

(i.e. an external source of knowledge) that can verify the suitability of actions in

specific situations. Reinforcement learning exemplifies this approach, using a re-

ward signal from the environment to influence future predictions for similar inputs

[21]. Context-informed incremental learning (CIIL) operates similarly, but acceler-

ates training by using both a reward signal and potential pseudo-labels based on

assumed environmental goals (e.g. context) [16, 17]. In this situation, “context”

refers to environmental cues or known user task goals that help evaluate the suit-

ability of model predictions [22, 23]. For example, during a target acquisition task,

context refers to information such as whether the user is moving toward the target

or performing precise adjustments near it. A recent work has demonstrated the

effectiveness of using a form of context, eye-gaze-derived and direct environmental-

suitability data, to determine the optimal cursor direction in a target acquisition
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task, employing a CIIL-like framework to improve 2D myoelectric regression models

[24]. Other CIIL work has shown that these approaches can produce significantly

higher throughput than classifier-dependent calibration, even in the case of large

covariate shifts [16] or in the case of limited training data [17].

This work expands on the past environmental-dependent calibration literature to

investigate whether the CIIL framework can be used to train a new model completely

from scratch in a reasonable amount of time.Toward this goal, this work makes four

distinct contributions:

1. Whereas most studies aim to maximize the offline classification accuracy of a

model, this work shows that improving online usability can actually decrease

offline accuracy due to a divergence between SGT-collected and real-world

data.

2. This work expands upon past CIIL work by using neural networks, where hard

pseudo-labels are no longer required. By introducing “mixed” soft targets from

environmental feedback rather than one-hot targets, usability increased much

faster during adaptation.

3. To counteract the noise in weakly-supervised contexts, we propose novel pseudo-

label relabeling methods, including label spreading and a Gaussian Mixture

Model (GMM). These techniques refine pseudo-labels by leveraging patterns

in the collected data, improving the stability of adaptation even under highly

ambiguous context.

4. Traditional proportional control mappings often fail to align with real-world

user behavior, leading to inefficiencies in both speed and precision. For the

first time, we introduce a nonlinear, adaptive sigmoid-based control mapping,

which dynamically adjusts to user-specific contraction patterns. This approach
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supports dual control modes (fast, coarse movements and slow, precise adjust-

ments), directly improving throughput and target acquisition.

4.5 Methods

4.5.1 Participants

As approved by the University of New Brunswick Research Ethics Board (on file

as REB 2022-122), 16 intact-limbed participants (age: 29±8, male: 11, female: 5)

varying from novice to expert myoelectric users took part in this online experiment.

No inducements or incentives were provided, and informed consent was obtained

from all participants prior to beginning. The experiment lasted approximately 1

hour.

4.5.2 Hardware and Data Processing

The hardware used for this experiment (see Figure 4.1) was the commercially avail-

able OYMotion gForcePro+ EMG armband1. This 8-channel armband samples

EMG at 1000 Hz with 12-bit resolution. Moreover, this device has built-in filtering

for common sources of noise (e.g., high-frequency noise and motion artifact). All

data streamed from the device were split into overlapping windows of 200 ms, with

a 50 ms step size. To increase the information density of each window, the wavelet

energy (WENG) feature was extracted [25]. This feature was chosen as it was found

in pilot studies to perform well compared to other common features. Finally, all

data collection, feature extraction, and classification were done using LibEMG, an

open-source Python library for creating and evaluating myoelectric interfaces [26].

1http://www.oymotion.com/en/product32/149
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Figure 4.1: The 8-channel, 1000 Hz, OYMotion gForcePro+ EMG armband that was used in this study and the raw EMG
from a 3-second recording.
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Figure 4.2: (a) The Unity-built scene used for the game. The white hemisphere represented the playable region which was
centred around the last meteor with 170 degree range on both axes. The ship did not move forward or backward; all movements
only changed the ship orientation.(b) The cockpit view from the Myo-Shoot 2 game. The arrow in the center indicates the
direction of the planet. (c) The ISO 9241-9 Fitts’ law testing environment.
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4.5.3 Experimental Environments

4.5.3.1 Screen Guided Training

After donning the EMG armband, approximately 1/3 the length proximal to the

elbow, participants underwent a screen-guided training (SGT) session, as is typical

in most EMG studies. During each of the three pipelines (see Section 4.5.4), 5

repetitions of 3 seconds were acquired for each of the five control gestures: no

motion, wrist extension, wrist flexion, hand open, and hand close. Participants were

instructed to perform ramp contractions, whereby they were coached to gradually

increase their contraction intensity to their maximum comfortable contraction level.

During this collection, participants were seated in a chair, and no instructions were

provided regarding the positioning of the limb so as not to confound the experiment.

Most of the participants ended up moving their limb throughout the experiment.

4.5.3.2 Context Available Game Environment

An extension of the environment used in [16], Myo-Shoot 2 (see Figure 4.2A/B) was a

simple game in which participants were placed inside the cockpit of a space-ship and

were tasked with saving the earth from incoming meteors. The mapping from control

gestures to spaceship movement was no motion (do nothing), wrist extension (rotate

right), wrist flexion (rotate left), hand open (rotate up), and hand close (rotate

down). To successfully destroy a meteor, participants had to navigate to the target

using the control gestures and hover within its bounds (i.e., hold the crosshair inside

the meteor’s diameter) for 1.5 seconds. After successfully destroying the meteor, a

new target was randomly generated within the game scene (see Figure 4.2A). This

order of generation was kept consistent across participants and algorithms. During

the game, context suitability could be inferred by whether the user was accomplishing
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the game’s goals. Positive context was when the user moved toward a target or

remained still inside its bounds. In contrast, negative context was when the user

moved away from the target or was within it and moved away from its center. Due

to the nature of the environment and the sequential nature of classification-based

control, most of the model decisions could be associated with two potential context

labels (i.e., the components that reduce the diagonal distance to the target, such as

up or right for a target placed at 2 o’clock) [16, 17].

4.5.3.3 Fitts’ Law Environment

An ISO 9241-9 inspired Fitts’ Law test (see Figure 4.2C) was used to evaluate the

different algorithms [27]. The same control mapping defined above was used to

control the cursor in this 2D environment. Like the Myo-Shoot 2 game, participants

had to move the cursor over the top of the different targets and dwell within their

bounds for one second. Participants acquired all eight targets twice, leading to 16

evaluation trials for each algorithm. No adaptation occurred during the evaluation,

meaning the model and proportional control mappings did not change.

4.5.4 Pipelines

Throughout the online experiment, three pipelines were used by the participants:

(1) a model initially trained with screen guided training data that remained constant

during the user-in-the-loop phase (SGT), (2) a model initially trained with screen

guided training data that underwent online adaptation via CIIL (SGT-A), and (3)

a zero-shot model that started from a randomly initialized model that underwent

online adaptation via CIIL (ZS-A).

All pipelines used a neural network topology, composed of a small multi-layer percep-
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tron consisting of 4 linear layers of 32, 16, 10, and 5 neurons, respectively. Each of the

layers, except the last, was proceeded by batch normalization, rectified linear unit

activation function, and dropout (p=0.2). The final layer output was transformed

via a softmax function, and the logits were treated as motion class probabilities.

4.5.4.1 Initial Training

An initial training was performed for two of three pipelines (SGT, SGT-A) using

the screen guided training introduced in 4.5.4. The data were prepared following

the processing introduced in 4.5.2. All 5 reps were used as training data, formed

into batches of 64 windows. The model was optimized over 150 epochs using the

Adam optimizer with a learning rate of 0.002 and a mean-squared error criterion

applied to one-hot labels.

4.5.4.2 Online Adaptation

Throughout the game session, adaptation was performed for 2 of 3 pipelines (SGT-

A, ZS-A). The adaptation consisted of an incremental learning approach via CIIL,

with additional components added in this work for the first time; (1) relabeling of

weakly-supervised pseudo-labels via label spreading, (2) separation of active classes

and no motion via a Gaussian mixture model (GMM), and (3) adaptive proportional

control. Pseudo-code for the online adaptation can be found in Algorithm 1.

Incremental updates to the model were continuously performed throughout the game

phase using the memory buffer containing user-in-the-loop data. The incremen-

tal learning was performed using the same hyper-parameters introduced in 4.5.4.1.

The memory buffer began empty, but grew throughout the 10 minute game phase.

Model updates were performed in 5 epoch intervals. After each interval, the new
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Algorithm 1 Online Adaptation Procedure
Define
St: EMG features at time step t
Ct: Predicted motion class at time step t
PCt: Predicted proportional control at timestep t
Es,t: Environment suitability at time step t
Eo,t: Environment options at time step t
E(Ct): Environment perception from motion at time t
Pt: Pseudo-label at time step t
LS(M): Update pseudo-labels in memory buffer based on neighboring points using label spreading
GMM(M): Relabel no motion samples in memory buffer using Gaussian Mixture Model
APC(M) Update class-specific proportional control thresholds using samples in memory buffer
APC(St): Get proportional control value from EMG signal
NN(St): Get predicted motion class of EMG signal from Neural Network

Initialize
Initialize memory buffer M as empty
Label Spreading and GMM start at 2 minutes
Adaptive Proportional Control start at 30 seconds
Initialize NN as pretrained via SGT or random

while closed-loop setting is active do
Process Prediction:

Check for new NN Ct ← NN(St) PCt ← APC(St) Act in environment

Process Memory Update:
Es,t, Eo,t ← E(Ct) if Es,t is positive then

Pt ← Ct

else
Pt ← Eo,t

M.append(⟨St, Ct, Es,t, Eo,t, Pt⟩)
Process Model Update:

M.fetch() for epoch from 1 to 5 do
NN.update(M)

if Label Spreading enabled then
M ← LS(M)

if GMM enabled then
M ← GMM(M)

if Adaptive Proportional Control enabled then
APC ← APC(M)

NN.save()

weights were saved and overwrote the model the user was actively using, and the

memory buffer was updated with the data that had been collected in the interim.

Correspondingly, these update cycles were nearly instant at the beginning of the

adaptation phase, but scaled to approximately 15 seconds with 10 minutes of data.
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4.5.5 Context Informed Incremental Learning

A CIIL framework was used to assign the weakly-supervised labels that arose directly

from the game. Although CIIL has been employed in previous works [16, 17], a

number of improvements were explored in this study. As with past versions of

CIIL, the inputs to the network during the user-in-the-loop setting were stored

along with the model prediction, environment suitability, and environment context

labels in a memory buffer. Context suitability was operationalized based on the

alignment of user actions with task goals within the game environment. Positive

context suitability was defined as movements or actions that reduced the diagonal

distance between the cursor and the target, or when the cursor remained stable

within the target bounds. Conversely, negative context suitability was assigned

when movements increased the diagonal distance from the target or deviated from

its center. These criteria, derived from real-time positional feedback within the

game environment, ensured consistency across participants.

When environment suitability was positive, the model prediction was taken as the

pseudo-label for that input. For negative suitability, past CIIL works would have

assigned the most probable environment context label according to the model. While

these past CIIL works were not entirely dependent on the classifier, and therefore

could improve even when the classifier was poor, using the classifier to select between

environment context labels was inefficient and could lead to slower recovery. In this

study, soft pseudo-labels were introduced to address this limitation.

The adoption of a neural network architecture in this work allowed for the use of soft

pseudo-labels composed of both options (i.e., the diagonal) for any input associated

with a negative environment suitability. Consequently, in the event of negative

suitability, pseudo-labels were typically initially established with a 0.5 output logit

for both possible options. This encouraged the model to increase the likelihood of
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both options.

4.5.5.1 Label Spreading Relabeling

Label spreading was introduced to gradually refine the uncertainty associated with

these new soft labels as greater quantities of user-in-the-loop data was collected.

This process constructs a spanning tree from a graph Laplacian representing the

k -nearest neighbours affinity matrix to determine regions with high class certainty.

Using these regions, unsupervised data then can be relabelled based largely on their

proximity to supervised data [28]. Label spreading also allows for the supervised

data to be relabelled if the kernel determines its label is overwhelmingly unlikely.

The relabeling regularization factor for supervised data was set to 0.2.

Pseudo-labels arising from positive context suitability were treated as the “super-

vised” data, given it was quite certain the label was correct, and these labels were

propagated onto the negative context data to gradually change them from equal

weight distribution (e.g., 0.5 for both options) towards the most representative op-

tion. Since the efficacy of label spreading depends on well-represented classes in the

spanning tree, it was beneficial to wait until the memory buffer had accumulated

a sufficiently large number of samples before beginning label spreading. Pilot test-

ing indicated that 2 minutes of gameplay provided adequate data diversity, so label

spreading began at this time.

4.5.5.2 Active/Non-Active Separation via a GMM

To address the class imbalance inherent in the data collection process, a GMM was

added to the adaptation procedure. This approach was motivated by the dispropor-

tionate representation of active motions in the overall distribution of classes. During
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gameplay, users predominantly engaged in maneuvering the spaceship towards me-

teors, with comparatively little time spent in stationary positions. Consequently,

the ”no motion” class was at risk of being underrepresented or even disappearing

from the model due to label spreading, despite its critical importance in achieving

the task. Although users could still achieve stationary positions through propor-

tional control, the potential loss of a distinct “no motion” class might have posed

significant challenges to the system’s responsiveness and accuracy.

The GMM addressed this issue by separating the proportional control inputs into

two clusters, corresponding to active and no-motion classes. The lower-intensity

cluster was periodically relabeled as no motion, ensuring that this class retained a

robust representation throughout adaptation. Figure 4.3 illustrates the separability

of no-motion data from active classes based on the proportional control. The GMM

process was initiated after 2 minutes of gameplay to prevent early-stage overfitting

from sparse data, complementing the label spreading procedure.

Together, these methods—initial context suitability gathering, label spreading, and

GMM-based relabeling—were integrated into the CIIL framework to dynamically

refine pseudo-labels and maintain robust class boundaries during adaptation. This

iterative process ensured the system could adapt effectively to user behavior while

mitigating the impact of noise or data imbalance.

4.5.5.3 Adaptive Proportional Control

As is typical for most continuous myoelectric control systems, proportional con-

trol was used to enable participants to control the speed of the cursor (i.e., lighter

and harder contractions moved the cursor more slowly or quickly, respectively)

[29, 30, 31]. Generally, this strategy can significantly improve the throughput of a

myoelectric interface as it can (1) minimize the effect of misclassifications on lower
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Figure 4.3: Histogram of the proportional control inputs from a pilot gameplay
session colored by predicted motion class.

amplitude contractions (when errors are most likely) and (2) enable users to adapt

their speed to more accurately achieve a desired target position. This mapping,

determined based on previously recorded data (such as that acquired during SGT),

has historically remained fixed as the user interacts with the system. Moreover, as

described in [31], the transfer function, mapping the contraction intensity with the

speed of the cursor, has typically been linear.

During pilot studies, two issues arose when relying on traditional linear proportional

control mappings. First, as highlighted above, offline data does not represent online

behaviours well. Correspondingly, the ramp contractions acquired during SGT,

which are ultimately used to define the proportional control mappings for each class,

are unlikely to be a good representation of the user’s desired speed over the cursor.

Because myoelectric control performance is coupled so tightly to proportional control

[32], a static proportional control mapping could theoretically limit even the best

adaptive classifier. Second, users found it difficult to control the speed precisely

when combined with pattern-recognition based control. To enable fine control at

slow speeds (needed to accurately acquire targets), this necessitated a lower overall
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Figure 4.4: The mapping between the normalized contraction intensity and cursor
speed (represented as a % of the maximum gain). Both the traditional linear map-
ping and the proposed sigmoid mapping are shown.

gain on the cursor, limiting the potential throughput.

Similarly, research in human-computer interaction has shown that for other pointing

devices, like computer mice, linear transfer functions (i.e., constant gains) are not

always ideal [33]. As highlighted by Casiez et al., this is because users have a

tendency in pointing tasks to operate in two modes: (1) fast and imprecise (i.e.,

quickly moving to the approximate location of a target) and (2) slow and precise,

(i.e., once close to the target precise movements are made to orient the cursor on top

of the target) [34]. Such behaviours, which were noticeable during early pilots from

this work, suggested the potential of adopting a sigmoid-based transfer functions.

Consequently, in this work, we overcome some of the limitations of previous propor-

tional control mappings by using an adaptive sigmoid-based transfer function (see

Equation 4.1). As determined through pilot studies, all data were first thresholded

to find the 10% and 90% percentiles of the maximum WENG value (averaged across

channels) for each class. These thresholds were then continuously adapted using
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the new data acquired within the game environment, with the old thresholds up-

dated by a factor of 0.25 for each adaptation cycle. The WENG for each window

was then converted to a linear range between the lower and upper bounds, scaling

them between 0 and 1 before passing through the sigmoid transfer function shown

in Equation 4.1. The “squashing factor” in Equation 4.1 was set to 10, determined

through pilot studies with experienced myoelectric control users. Adaptive propor-

tional control was enabled 30 seconds into the gameplay phase. This was chosen to

disentangle the effect of adaptive proportional control from CIIL, label spreading,

and GMM procedures procedures.

% Max Speed(µWENG) =
1

1 + e−10(µWENG−5)
(4.1)

where µWENG is the normalized contraction intensity.

4.5.6 Evaluation Criteria

While many metrics exist to evaluate myoelectric interfaces, this work focuses pri-

marily on the throughput (see Equations 4.2 and 4.3) enabled by the system. In this

case, the throughput (measured in bits/s) describes the amount of control informa-

tion that can flow through the system (i.e., how quickly users can acquire targets)

[27]. Compared to offline metrics like classification accuracy and active error, which

may not fully predict usability [35], throughput directly measures how well the user

can use the control system to accomplish a specific task. As such, the goal of any

adaptation should not be to improve classification accuracy but, instead, to improve

the throughput.

ID = log2 (
D

W
+ 1) (4.2)
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where ID is the index of difficulty, D is the distance between targets, and W is the

width of the target.

Throughput =
ID

MT
(4.3)

where MT is the time taken to acquire the target subtracted by the dwell time.

4.6 Results & Discussion

This section explores the results of this work, including an analysis of the offline and

online performance of the adaptive and non-adaptive control schemes. Also high-

lighted is an evaluation of the adaptive sigmoid-based proportional control mapping.

Statistical differences between conditions were computed using the Statistical Tests

for Algorithms Comparison (STAC) [36]. For all comparisons, Friedman tests with

a Finner correction were used.

4.6.1 Offline Metrics Only Tell a Small Part of the Story

As highlighted in Figure 4.5A/D, the average offline accuracy of the different ap-

proaches were: SGT (92.4% ± 5.2%), SGT-A-Pre (92.3% ± 3.2%), SGT-A-Post

(85.8% ± 5.1%), and ZS-A-Post (83.1% ± 8.6%). As SGT and SGT-A-pre followed

the same calibration procedure, the slight difference in accuracy observed were due

to the model being trained with a different set of five repetitions acquired before

each specific trial. Without additional insights, these results might suggest that the

models without adaptation would yield the best performance if deployed in a real-

world setting, significantly outperforming the accuracies of SGT-A-post and ZS-A

(p < 0.05). These results, if taken out of context, may even appear to suggest that
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Figure 4.5: Classifier dependent results. (a) Classification accuracy across different
models. (b) Throughput progression during gameplay for SGT, SGT-A, and ZS-A
models. (c) Fitts’ Law performance comparison between models. (d) Confusion
matrices for SGT, SGT-A (pre and post), and ZS-A (post) models. (e) t-SNE
visualization of SGT-A model predictions before (left) and after (right) adaptation
on the gameplay data.
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adaptive schemes might harm performance due to an average drop in accuracy of

6.5% after adaptation; however, the online throughput actually increased as adapta-

tion took place. This contradicts some of the myoelectric control adaptation research

suggesting that offline accuracy is a reasonable predictor of online performance [37],

and other works that typically show improvements in classification accuracy after

adaptation, even in fully unsupervised situations [38].

When looking beyond average classification accuracy alone, the confusion matrices

shown in Figure 4.5D start to tell more of the story. In particular, it becomes clear

that many misclassifications in SGT-A and ZS-A are between active classes and

no motion. This pattern was likely caused by the relabeling of lower amplitude

contractions during adaptation (where misclassifications are common) to the no

motion class, acting as a sort of rejection. Such rejection can be beneficial as no onset

detection was performed during screen guided training [39]. This relabeling ensured

that uncertain or ambiguous inputs—common during transient behaviors—did not

propagate as incorrect active class labels, which could destabilize control.

Figure 4.5E further highlights this phenomenon, showing that the no motion class

effectively expanded into regions of active class space after adaptation. This was

driven by the interplay of the GMM, which reclassified low-intensity contractions

as no motion, and label spreading, which refined boundaries for the active classes.

This dynamic adjustment process was critical for achieving stable and usable active

class boundaries. Unlike screen-guided training, which operates on controlled and

predictable data, the adaptation processes in SGT-A and ZS-A leveraged transient

and noisy real-world inputs to develop a more robust class structure reflective of

gameplay behavior.

Ultimately, the structural rejection of low-amplitude active class windows to the

no motion class inevitably results in some misclassifications of active classes as no
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motion. However, in systems that use proportional control within a user-in-the-loop

setting, these misclassifications would have a negligible impact on throughput. This

is because low-amplitude contractions contribute minimally to the overall movement

of the system, making their misclassification less critical to task performance. While

such rejection might appear detrimental in offline accuracy metrics, it ensures a

cleaner decision boundary between movement and rest states, ultimately enhancing

system stability. These findings highlight that for systems with proportional control,

prioritizing robust no motion classification over perfect active class accuracy is a

valid trade-off that supports smoother transitions and improved real-time usability.

4.6.2 Online Performance Tells the Full Story

First shown by Hargrove et al. in 2007, there is often a mismatch between classifica-

tion accuracy and online performance for myoelectric control [40]. The online results

corroborate this idea (see Figure 4.5B/C) as they tend to tell a much different story

than the offline metrics highlighted above, with the ZS-A-Post algorithm having the

highest throughput (1.47 ± 0.46), significantly outperforming (p < 0.05) the base-

line SGT model (1.15 ± 0.37). Similarly, the SGT-A-Post algorithm significantly

outperformed (p < 0.05) the baseline SGT model, having an average throughput of

(1.38 ± 0.45). Although not significant, the ZS-A-Post algorithm outperformed the

SGT-A-Post model by an average of 0.09 bits/s, highlighting a potential benefit of

starting from scratch (perhaps reducing the risk of model biases learned from the

SGT data). Also interesting to note is the evolution of the model throughputs dur-

ing gameplay, as shown in Figure 4.5B. The SGT model generally started with the

highest throughput but quickly plateaued (around 200s) as users grew accustomed

to the controller. The SGT-A model also started with relatively high throughput,

but due to its ability to learn and account for real-world user behaviours, it increased
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throughout the entire trial and arguably still had not plateaued even after 600s of

adaptation. In contrast, the ZS-A algorithm started with an extremely low through-

put (due to its randomized initialization) but within 200s (around the same time

as it took to conduct the original SGT session), it converged to a similar usability

of the other two models. Moreover, after converging, the ZS-A algorithm continued

to improve throughout the session, exceeding the performance of SGT-A at around

300s.

4.6.3 Fast or Slow With Very Little In-Between

A perhaps equally important contributor to the improved throughput of the adap-

tive pipelines was the incorporation of adaptive proportional control. Figure 4.6

highlights the dynamics of the model’s proportional control thresholds and user

behaviour over the course of the game.

At the beginning, the ZS-A model started with unusable classifier boundaries and

proportional control thresholds corresponding to the dynamic range of the device.

However, when the adaptive proportional control was enabled at 30 seconds, the

thresholds of the active classes were rapidly learned. After 120 seconds, when the

GMM had been activated, the classification boundaries of the no-motion class were

greatly improved, and the proportional control thresholds narrowed for no-motion,

thus better describing the noise floor. After 200 seconds, the proportional control

boundaries did not change meaningfully; yet, the performance of ZS-A had only

reached around 70% of its terminal value at this time (Figure 4.5B), indicating

that user learning and classifier boundary refinement continued to yield benefits

even after the adaptive proportional control had settled. Despite the change in

proportional control thresholds, in Figure 4.6D the user was not required to produce

harder or softer contractions throughout this process.
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(a) (b)

(c)

(d)

Figure 4.6: Analysis of proportional control in the ZS-A model. (a) Heatmap show-
ing the distribution of proportional control speeds over 15-second game intervals.
(b) Overall speed distribution throughout the game, with frequency histogram. (c)
Class-specific proportional control threshold margins over time. Vertical dashed
lines indicate activation of adaptive proportional control and GMM/label spreading
at 30 and 120 seconds, respectively. (d) Time series of proportional control input
for a single subject over the course of the game.
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This study introduced a non-linear sigmoid mapping for proportional control, which

aligns with the observed user behavior. As shown in Figure 5B, users predomi-

nantly employed two distinct control modes: fast but imprecise movements, and

slow but precise adjustments - consistent with previous findings [34]. Notably, the

middle range of speeds was mainly observed at the beginning of gameplay, before the

proportional control boundaries were optimized. These two control modes directly

correspond to the dual objectives in Fitts’ Law: reaching the target area quickly

(fast and imprecise) and then accurately positioning within it (slow and precise) [41].

This behavior mirrors natural limb movements, which, despite having smooth veloc-

ity profiles to minimize jerk, typically consist of a brief initial acceleration followed

by a longer deceleration phase [42]. To further optimize this behavior, we propose

future work should explore increasing the sigmoid function’s “squashing factor”

(currently set at 10 in Equation 4.1) to more distinctly separate these two control

modes. This adjustment could particularly benefit control classes with smaller dy-

namic ranges, such as wrist pronation/supination. Further, we believe that, akin to

the large body of transfer function work done for pointing tasks in human-computer

interaction [33], a deeper exploration of the mappings between contraction intensity

and speed in the context of pattern recognition-based myoelectric control could yield

even further benefit.

4.6.4 Future Directions

This study improved on previous CIIL work [16] by using a multilayered perceptron

instead of a linear discriminant analysis classifier. This enabled more efficient data

use and future work should continue to explore more sophisticated architectures.

For example, EMG is a highly dynamic time series that exhibits non-stationary

properties. Traditionally, researchers treated neighboring windows as independent;
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however, many recent studies have demonstrated benefits from models such as re-

current neural networks [43], long short term memory [44], self-attention [45], or

transformers [46]. In these studies, the transitions between classes occupy unique

regions in latent space [47], which was not the case when visualizing our feature

space based on independent windows (Figure 4.5E). Combining this more descrip-

tive latent space alongside CIIL could provide combined benefits.

The label spreading strategy in this work effectively consolidated ambiguous contexts

over time; however, more advanced approaches could further improve performance.

Transductive propagation networks, for example, dynamically construct task-specific

graph structures in a learnable, end-to-end framework, enabling efficient label prop-

agation without reliance on heuristics or pre-defined similarity metrics [48]. Addi-

tionally, while label spreading denoised pseudo-labels effectively, its reliance on an

ever-growing memory bank is impractical for untethered embedded systems—where

myoelectric control is deployed in practice. Potential solutions include decomposing

data into relevant and obsolete components, as proposed by Yeung [49] which offers

a potential solution for maintaining a fixed-size memory bank, as does Yamanoi’s

“survival of the fittest” approach [50], which retains only relevant data over a speci-

fied horizon in incremental myoelectric learning Implementing these methods could

make CIIL more scalable and suitable for real-world deployment.

In this work, the adaptive pipelines yielded a higher throughput than has typically

been observed in past studies. Although some previous works have achieved similar

throughputs, like 1.37 bit/s in a 1D Fitts’ Law environment [2], throughput in com-

parable higher dimensional tasks has typically been reported in the 0.4-0.75 bit/s

range [51, 52, 53], including our past CIIL studies [16]. This increase arose in part

from the improved model adaptation enabled by the novel CIIL implementation, but

also from the change to a sigmoid transfer function, which allowed the overall gain
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to be increased while maintaining a controllable low speed control mode. In future

work, such as in the simultaneous activation of degrees of freedom through regres-

sion, this concept should be likewise considered to reduce drift at low amplitudes

(quiescence [54]) and unintentional co-activation (action interference [55]).

Furthermore, the proposed weakly-supervised incremental learning framework was

demonstrated here in a game environment as a training tool. The noted improve-

ment of the SGT-A and ZS-A approaches suggests that this is worth continued

exploration, and future work should explore the subsequent performance of CIIL-

trained models in real-world use cases of myoelectric control (such as virtual reality,

robotic teleoperation, or prosthesis control). The greater dexterity requirements of

these challenging environments poses a unique opportunity to attribute regions of

feature space through context with the richness that can be described by an oracle.

Further, for virtual reality (VR), the immersive nature of the environment could

benefit from integrating CIIL with multi-modal sensory inputs, such as visual or

haptic feedback, to notify the user of positive or negative context suitability and

improve transparency of the adaptation. Future work could address these by incor-

porating unsupervised domain adaptation techniques or transfer learning pipelines,

enabling consistent performance with minimal recalibration.

Finally, CIIL could also be used to maintain and improve performance beyond ini-

tial training in general ubiquitous computing environments where context can be

measured or inferred. Such situational context has been studied in shared control

systems, where a vision-based object recognition system determines the motion class

based on the nearest object and EMG is used only for onset detection [56, 57]. Al-

though these systems boast high performance thanks to the use of state-of-the-art

vision models, they significantly reduce the sense of user agency [58]. Alternatively,

the vision labels could be used to inform CIIL, leaving the user in control. Future
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work should focus on deriving situational context from environmental perception,

providing a more convincing arena for CIIL to be viewed as a persistent incremen-

tal learning strategy beyond training and gamified applications. This direction will

enable a broader range of real-world scenarios in which CIIL-informed myoelectric

control could be deployed.
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Chapter 5

Context-Informed Incremental

Learning Improves Throughput

and Reduces Drift in

Regression-Based Myoelectric

Control

Christian Morrell, Evan Campbell, Ethan Eddy, Erik Scheme

5.1 Foreword

This chapter presents the translation of context-informed incremental learning from

the classification domain to the regression domain. I led the formulation and im-

plementation of regression-based CIIL, and shared in the initial piloting, before my

role transitioned to a supervisory capacity for the undertaking of the experiment
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and the remainder of a collaborator’s MSc degree.
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5.3 Abstract

Despite decades of research, commercially available powered myoelectric prosthe-

ses continue to use sequential, classification-based control. While regression-based

approaches can improve the dexterity offered through simultaneous, independent,

and proportional control, current training protocols lack consistency across stud-

ies and fail to capture realistic user behaviours, resulting in robustness issues. To

address these challenges, this work employs context-informed incremental learning

(CIIL) in an unconstrained, velocity-based environment for regression-based myo-

electric control. Two new adaptive models, one inspired by previous works (O-CIIL)

and one modified to factor in user compliance and behaviours (T-CIIL), were com-

pared with two models trained using traditional screen-guided training. Sixteen

participants completed an online Fitts’ Law target acquisition task. Both adaptive

approaches significantly outperformed (p < 0.05) the non-adaptive models across a

variety of metrics. Additionally, T-CIIL outperformed O-CIIL in alleviating drift

and action interference, key issues that have plagued existing regression-based myo-

electric control systems. These findings are supported by two novel metrics, namely

action interference and simultaneity gain, which show that adding simultaneity of-

ten increases instability in the form of undesired and uncontrollable simultaneous

motions. These findings demonstrate the viability of CIIL in an unconstrained,

velocity-controlled environment for regression-based myoelectric control, and high-

light the importance of capturing user behaviours when training regression-based

myoelectric control systems. Source code is available on GitHub.
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5.4 Introduction

Myoelectric control uses electromyogram (EMG) signals to operate an input device,

allowing a wide array of interactions in powered prosthetics and human-machine

interaction [1, 2]. Despite decades of research and success that have propelled con-

trol schemes from traditional dual-site control to state-of-the-art classification-based

pattern recognition, the functional capabilities of current prostheses remain some-

what limited [3]. One contributing factor is the need for sophisticated coordination

between the hand and wrist for advanced tasks, yet even the most advanced pros-

theses typically rely on sequential control schemes [4, 3]. For improved dexterity

and function, simultaneous control of multiple degrees of freedom (DoFs) has been

desired by prosthesis users since at least 1996 [5]. Although this feature has yet to

reach the commercial market, research has shown that it can improve performance

and naturalness when completing functional tasks in laboratory settings [6, 7, 8, 9].

A variety of methods exist for achieving simultaneous control [10, 11, 12, 7], but

regression-based control uniquely allows simultaneous and independent proportional

control of multiple DoFs [13]. Despite these advantages, much of the myoelectric con-

trol field—and commercially available devices—still rely on sequential, classification-

based control [14, 15]. Arguably, this is due to concerns about robustness, partially

caused by the difficulty associated with training regression-based myoelectric con-

trol systems [16, 17]. In contrast to classification-based control schemes that rely

on categorical motion classes (e.g., hand open or wrist pronation), regression-based

control requires collecting labelled data along each continuous DoF with high gran-

ularity. Various supervised training protocols have been used to synchronize these

labelled data with EMG signals, including force transducers [18, 19], limb kinemat-

ics tracking [20, 21], mirror training (i.e., contra-lateral) [22, 23], and visual prompts

[17, 16, 24, 25, 26]. While force and position mappings are viable for able-bodied
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participants [18], they are not feasible for users with upper limb differences, moti-

vating the use of visual prompts (e.g., a rising and falling bar plot that indicates

the strength of the contraction) [17, 27, 24, 28]. However, unlike classification-based

tasks, visual prompting in regression not only assumes that the users perform the

intended contraction, but also that they closely track changes in the DoF over the

entire progression.

Given the likelihood of deviations in compliance and timing, the assumption that the

user accurately tracks the contraction strength throughout the data collection pro-

cess may not always be valid, potentially causing discrepancies between the elicited

contractions and the ground truth labels used to train the model [28, 16]. This is con-

cerning, as preliminary findings indicate that such compliance issues degrade online

performance [16, 23]. Likewise, changes in the data acquisition protocol—such as

the visual prompting style or the amount of steady-state and transience used during

a repetition—can drastically impact online performance, further complicating best

practices for initial calibration[16, 29, 30]. Whether or not simultaneous motions

should be included in the training set also affects performance. For example, some

studies suggest that simultaneous motions are unnecessary in the initial calibra-

tion [31, 20, 13], while others recommend their inclusion [32, 33], and some offline

results even demonstrate simultaneous motions in the initial calibration actually

harm performance of isolated movements [26]. Altogether, the many uncertainties

surrounding regression-based myoelectric control system calibration and the compli-

ance issues that ultimately arise likely contribute to its limited adoption. This leads

to several unsolved issues including poor performance during periods of quiescence

(i.e., unintended cursor or prosthesis drift when the user wants to stop) [17, 16, 26]

and high action interference (i.e., unintended activation of other DoFs when the

user tries to perform a single DoF action) [17, 27, 26, 34, 35].
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To overcome these challenges, this work leverages a recently proposed approach,

context-informed incremental learning (CIIL) [36], to acquire realistic user-in-the-

loop data as users interact with the system. We compare four different training

protocols, two traditional non-adaptive approaches and two CIIL-based adaptive

approaches, to demonstrate three primary contributions. First, we demonstrate, for

the first time, the viability of CIIL in an unconstrained, velocity-based regression

environment and show that adaptive models significantly improve performance in

all facets of myoelectric control measured in this work. Next, we show that previ-

ous implementations of incremental learning in regression-based myoelectric control

make naive assumptions about user behaviours, and that modifying the adapta-

tion process to improve robustness to these behaviours mitigates robustness issues

in downstream models. Lastly, we employ multiple metrics, including two newly

proposed - namely action interference and simultaneity gain - to demonstrate that

naively adding simultaneity often results in instability in the form of undesired and

uncontrollable simultaneous motions. Overall, this work provides insights into how

the training protocol affects performance, simultaneity, and user experience, high-

lighting the importance of considering user behaviour when training myoelectric

control systems.

5.5 Background

5.5.1 Adaptive Learning

To avoid the noted challenges of screen-guided training (SGT) for regression and to

capture more realistic control behaviours, researchers have begun collecting training

data for regression-based systems in real-time co-adaptive environments (where the

user and algorithm are adapting at the same time) [13, 37, 38, 39, 40, 41, 42, 43]. For
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example, many have employed the approach proposed by Hahne et al. [13], where

a linear regressor is adapted in real-time by using the target position as the ground

truth label [39, 38]. Despite its efficacy, the approach used by Hahne et al. [13]

can be sensitive to hyperparameter selection, prompting others to explore the use of

unsupervised adaptation in position control [42, 41]. Building on these adaptation

strategies, Chou et al. [43] have shown that co-adaptive learning is viable in a

velocity-controlled environment both when using a goal target and when using eye

gaze coordinates as ground truth labels, demonstrating potential uses in real-world

systems. While these co-adaptive approaches have been shown to outperform SGT

in regression-based myoelectric control for persons with and without limb difference

[13, 39], previous implementations have been limited by two main drawbacks: 1)

the use of position control and 2) naive assumptions about user compliance.

First, previous uses of co-adaptation for regression-based myoelectric control often

use position-based control due to the challenges of acquiring the proportional con-

trol magnitude and assessing simultaneity in a velocity-based environment [13, 40].

Modern powered prostheses, however, use velocity control. This remarkably differ-

ent paradigm (wherein EMG patterns are mapped to the device’s velocity and not

its position) limits the potential to capture real use-case behaviours during position-

based training. Of the approaches that have been evaluated in a velocity-controlled

environment [38, 43], users were shown a pre-defined path and told to mimic the

velocity of the cursor based on real-time feedback. While these approaches are a

step in the right direction, they do not give the user agency in how they accom-

plish a task. For example, in [43], it was assumed that the velocity of the cursor

should be proportional to the cursor’s distance from the target. While this is a fair

assumption, previous work suggests that users act primarily at two speeds: (1) fast

and imprecise and (2) slow and precise [36]. Correspondingly, the constraints placed

on learning in these environments limit the goal-oriented behaviours that they can
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capture.

The second limitation is that previous works assume that the user is either on

(for position-based), or going directly to (for velocity-based), the target [13, 43].

Due to the complexities of regression-based control, users often do not travel in

the optimal direction, invalidating this oversimplified assumption. For example,

Smith et al. found that users often use 1-DoF movements for finer movements near

the target [25]. In this case, assuming that the user is always travelling along the

optimal path would relabel 1-DoF movements as multi-DoF movements, providing

the model with incorrect pseudo-labels and likely contributing to action interference

(the unwanted activation of additional DoFs). We, therefore, argue that previous

attempts at co-adaptation in regression environments have been built upon naive

assumptions about the user and may not address some of the key issues hindering

regression-based myoelectric control.

5.5.2 Context Informed Incremental Learning

Shifting the paradigm away from conventional methods of the historically used

screen-guided or prosthesis-guided training, CIIL is a training approach that has

previously shown promise for classification tasks [36, 44, 45]. By relying solely on

the context provided by the environment (i.e., whether the user is accomplishing the

general goal of the training environment, such as moving towards a target along any

axis), CIIL enables flexible and sample-efficient user-in-the-loop adaptation. For

example, it has been shown that CIIL can adapt a model with a limited amount of

training data (1 second per class) [45], in the case of a catastrophic electrode shift

[44], and can even learn from scratch and outperform traditional SGT approaches

[36]. Moreover, this approach is suitable for simple statistical models like Linear

Discriminant Analysis and more complex deep learning architectures.
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CIIL leverages every model prediction and the contextual suitability vector for that

action. For example, in the case of a target acquisition task, the action might move

the cursor to the right, and the possible contextual suitability vector is [‘Up’ ‘Right’,

‘Nothing’] since the target is up and to the right. Alternatively, the suitability vector

might be [‘Wrist Pronation’, ‘Hand Close’, ‘Nothing’] when approaching an object

like a tennis ball with a prosthesis. If the action taken by the controller aligns with

the suitability context vector, this is considered to be a positive context match, and

the model’s decision should be reinforced. In contrast, if they do not align, the

context match is negative, and the model’s parameters should be updated to reflect

this error. If there are multiple suitable choices, soft labels can be used to update

the model to eliminate issues associated with guessing [36]. Correspondingly, the

only assumption of this approach is that user behaviours generally align with the

goals of the tasks (e.g., they are trying to acquire the targets). Although similar to

reinforcement learning [40], CIIL is much more sample efficient because the context

extracted from the environment limits its need for exploration. Moreover, compared

to previous adaptive approaches, there is no direct assumption of velocity or direc-

tion. While this approach has never been employed in a regression environment, it

is hypothesized that it will be suitable for overcoming many of the limitations of

current training approaches.

5.6 Methods

5.6.1 Participants

Sixteen participants (ages 22-32, 8 male, 8 female) took part in this experiment as

approved by the University of New Brunswick Research Ethics Board (REB 2022-

122). Informed consent was obtained from all participants in accordance with the
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Declaration of Helsinki, and no incentives were provided. The experiment lasted

approximately one hour.

5.6.2 Signal Processing

LibEMG, an open-source Python library for processing EMG, was used to facilitate

data streaming, the creation of visual prompts, the presentation of the online valida-

tion environment, and real-time myoelectric control [46]. A 2nd order highpass filter

(fc = 20 Hz) was applied to reduce DC noise and motion artifact, and a 3rd order

notch filter (fc = 60 Hz) was used to reduce power line interference. The Thalmic

Labs Myo Armband, a wearable 8-channel cuff with a sampling frequency of 200 Hz,

was placed on the participant’s dominant forearm. EMG signals were segmented

into 150 ms windows with an increment of 40 ms. Wavelet energy (WENG) fea-

tures were then extracted from each window and passed to the model for real-time

prediction [47].

5.6.3 Data Acquisition

As shown in Fig. 5.1, participants sat in an upright position facing a computer

display screen. The height of the chair was adjustable to provide a comfortable

setup for all participants. The Thalmic Labs Myo Armband was placed on the

participant’s dominant forearm. Participants were free to place their arm wherever

they felt was most comfortable as long as nothing pressed against the electrodes.

All SGT-based data used to initialize or fully train the various models were collected

using mimic training, a standard protocol used throughout the field for collecting

training data for regression-based myoelectric control systems [23, 16, 24, 26, 27].

Briefly, participants were asked to follow (mimic) a moving cursor in real-time and
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Figure 5.1: Illustration of data acquisition setup. EMG electrodes were placed on
the participant’s dominant forearm. Participants sat in front of a computer screen
that displayed relevant information for each task.

the values at each frame were used as ground truth labels. Similar to other works

[31, 20, 16], a point moved along a Cartesian plane, where the x-axis represented one

DoF (hand open/close) and the y-axis represented the other DoF (wrist rotation).

Participants were asked to map the strength of their contraction to the position of

the point in real time as it moved in multiple directions. For isolated (single DoF)

motions, a 50-second repetition of SGT was composed of ten 2-second oscillations

along the x-axis for the first DoF (hand open/hand closed), followed by 5 seconds of

rest, followed by ten 2-second oscillations along the y-axis for the second DoF (wrist

pronation/wrist supination), followed by another 5 seconds of rest. For simultaneous

motions (both DoFs active), participants followed a similar pattern but the cursor’s

path was rotated 45° to prompt both DoFs simultaneously.
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5.6.4 Models

Four distinct models were investigated to compare the effects of including combined

motions in the calibration data, adapting with user-in-the-loop data, and mitigating

assumptions about user compliance. All models used the same underlying neural

network architecture but were trained using different protocols. Each model was

composed of a multi-layer perceptron with layers of 64, 32, 10, and 2 neurons. Batch

normalization, a rectified linear unit activation function, and dropout (p = 0.2)

followed each linear layer except the last. Training for all models used the Adam

optimizer, L1 loss, and a batch size of 64 windows. All models were provided

with 300 seconds of training data, acquired from SGT and/or CIIL adaptation,

followed by 300 seconds of online validation in a Fitts’ Law environment. For non-

adaptive models, the training data consisted of 300 seconds of SGT-acquired data.

For the adaptive models, training data comprised 50 seconds (i.e., 1 repetition) of

isolated SGT data followed by 250 seconds of CIIL-based adaptation. In this way,

participants spent the same amount of time collecting data for both the adaptive and

non-adaptive approaches, and each was given the same amount of data for model

training. For each model, participants underwent a training phase, followed by a

5-minute validation phase, and then completed a survey before proceeding to the

next model. To minimize bias in survey responses and user behaviours, participants

were not informed of the model they were using at any given time and were only

told that the study compared adaptive and non-adaptive approaches. The order

of the models was balanced across participants using a Latin square design. Each

model is described in detail below.
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5.6.4.1 W-SGT

A conventional non-adaptive model trained for 150 epochs using 300 seconds of SGT

data collected from isolated, within-DoF motions (thus W-SGT ).

5.6.4.2 C-SGT

A conventional non-adaptive model trained for 150 epochs using SGT data, with

150 seconds collected from isolated motions and 150 seconds from simultaneous,

combined-DoF motions (thus C-SGT ).

5.6.4.3 O-CIIL

An adaptive model seeded with 50 seconds of SGT data followed by 250 seconds of

user-in-the-loop co-adaptation. The model used as a starting point for adaptation

was trained for 150 epochs using only isolated motion SGT data. For each prediction

made by the model throughout the adaptation phase, pseudo-labels were created

based on the context of the environment and added to a memory buffer. Once new

data were added to the buffer, the model was trained for 5 epochs with all the data

currently available (i.e., SGT data + pseudo-labels collected during adaptation).

Data were continuously being added to the memory buffer at all times, so any data

that were collected while the model was adapting were used once the model was

ready for the next round of adaptation. Pseudo-labels were created following an

oracle-based approach (thus O-CIIL), so the user was assumed to be going directly

to the target at all times during the adaptation phase. When the cursor was inside

the target bounds, the corresponding pseudo-label was set to 0 for both DoFs (i.e.,

rest) to reinforce that the user wanted to dwell in the target. All predictions that

occurred when the cursor was outside of the target were treated as shown in Fig.
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5.2, where the corresponding pseudo-label points in the optimal direction from the

cursor to the target. The magnitude of the pseudo-label vector was determined based

on the distance between the cursor and the target at the time of the prediction, a

novel concept introduced in this work. The relationship between target distance

and proportional control magnitude (see Equation 5.1) was determined based on

piloting.

p = min(1,

√
d− TR

IR
) (5.1)

where d is the distance between the cursor and the target, TR is the target radius,

IR is the ISO Fitts’ radius (i.e., the radius of the circle that defines the target loca-

tions), and p is the corresponding proportional control magnitude of the pseudo-label

vector. Equation 5.1 was formulated to normalize based on the distance between

the targets with a maximum value of 1.

5.6.4.4 T-CIIL

An adaptive model seeded with 50 seconds of SGT data followed by 250 seconds

of user-in-the-loop co-adaptation. The model used as a starting point for adap-

tation was trained for 150 epochs that only used isolated motion SGT data. For

each adaptation, the model was trained for 5 epochs. As with O-CIIL, T-CIIL used

the mapping from target distance to proportional control shown in Equation 5.1.

Instead of assuming that the user always took the optimal path to the target, how-

ever, T-CIIL employed a tolerant approach (thus T-CIIL) by using the context of

the task to modify the pseudo-labels to mitigate known issues associated with user

compliance (i.e., the model is aware that user behaviours may deviate from the op-

timal action and can tolerate these variations). As shown in Fig. 5.3A, pseudo-label
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Figure 5.2: Illustration of pseudo-label creation for O-CIIL. Predictions are repre-
sented by dotted arrows and the corresponding pseudo-label is represented as a solid
black arrow. The length of the vector, p, is determined using Equation 5.1.
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Figure 5.3: Illustration of pseudo-label creation for T-CIIL. Predictions are repre-
sented by dotted arrows and corresponding pseudo-labels are represented by solid
arrows in the same colour. The red dot, labelled “C,” represents the current cursor
position, and the black circle, labelled “Target,” shows the current goal target. Ar-
rows marked with the “∼” symbol represent predictions that were considered poor
for adaptation and have been ignored. A) Example of main pseudo-label decision
flow. Predictions in the correct quadrant (green) are relabelled to point in the op-
timal direction to the target. Predictions for which one component is correct (blue
and purple) are relabelled to point in the direction of the correct component. Pre-
dictions where neither component is in the correct direction (orange) are ignored.
The magnitude of the corresponding pseudo-label vector is determined based on
the distance from the cursor to the target. B) Illustration of target runways. In
the case where the cursor is in line with the target (i.e., they can reach the target
by moving in a single component), only the component that requires movement to
reach the target is reinforced. C) Visualization of activation threshold. For all deci-
sions, pseudo-labels are only created for adaptation if the model input is above the
activation threshold (determined based on no motion data from calibration).
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creation was first informed by the direction of the prediction. For each prediction,

the cursor was assumed to be at the origin of an axis and the prediction vector. The

subsequent pseudo-label was then crafted based on the quadrant of the prediction.

If the prediction fell in the quadrant opposite of the target (quadrant 3, in this

case), no pseudo-label was generated, and the prediction was excluded from adap-

tation (though the cursor still moved in that direction). If one of the components

was correct (quadrants 2 or 4 in this case), the resultant pseudo-label pointed in the

direction of only the correct component (i.e., on-axis). If both components were in

the correct direction (quadrant 1 in this case), the pseudo-label vector pointed in the

optimal direction to the target (similar to O-CIIL). This decision flow was used to

create pseudo-labels in most cases, but there were two cases where it did not apply.

First, as shown in Fig. 5.3B, if the cursor was in line with a target in either com-

ponent, the pseudo-label pointed solely to the correct component that would move

the cursor to the target. Second, as shown in Fig. 5.3C, an activation threshold

was employed to improve robustness to periods of no activation (e.g., after a target

was acquired or if a user was slow to respond) being labelled as high-magnitude

predictions. Data were then only used for adaptation if the level of EMG activity

(i.e., the mean wavelet energy across the frequency bands) was above this activation

threshold. To avoid spurious labelling of low-intensity contractions, this decision

was computed as a majority vote of the 5 most recent windows. The activation

threshold (see Equation 5.2) and the number of decisions in the majority vote were

determined empirically through pilot experiments.

at = µNM
WENG + 0.2σNM

WENG (5.2)

where µNM
WENG is the mean of the wavelet energy of all no-motion samples (i.e.,

both components have a label of 0) in the calibration data, σNM
WENG is the standard
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deviation of the no motion samples in the calibration data, and at is the activation

threshold.

5.6.5 Online Validation Task

Each model was evaluated using an ISO 9241-9 inspired Fitts’ Law validation task

shown in Fig. 6.7 [48]. Pilot work found that mapping wrist rotation to vertical

movement on a Cartesian plane was unintuitive for many participants, so the target-

reaching task in this work was modified to map wrist rotation to the rotation of a

cursor in a Polar plane. The direction of rotation was modified based on the hand-

edness of the user to provide the most intuitive mapping (i.e., pronation rotated the

cursor counter-clockwise for right-handed participants and vice-versa for left-handed

participants). Hand open/close was mapped to the radius of the aperture, where

the aperture was a circle with the origin centered at the bottom of the screen. The

underlying cursor locations were recorded in a Cartesian plane and then rendered

to the screen in the Polar plane to ensure the calculation of downstream usability

metrics was unchanged. To acquire a target, the user had to move the cursor into

the current goal target and dwell within the target for 2 consecutive seconds. Once

the cursor was in the target, the cursor colour changed to blue and a 2-second timer

was shown in the top left of the screen. If the user did not acquire the target within

10 seconds, the trial was considered a failure and the next trial began with a new

target. Participants were informed that they could move simultaneously and were

encouraged to do so, but simultaneous motions were not required to acquire the

target.

Eight online usability metrics were used to evaluate models in this work to analyze

multiple components of myoelectric control. A trial was considered successful if it

was acquired and dwelled in for 2 seconds within a 10-second timeout. To account
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Figure 5.4: Online ISO 9241-9 inspired Fitts’ Law task [48]. Targets are drawn in
black and the cursor is drawn in orange. The current goal target is filled in, while
potential target locations are outlined. Green arrows annotate the two DoFs, but
this was not shown to the user during the experiment. As shown by the vertical
arrow, hand open/close increases and decreases aperture size, respectively. effec-
tively moving the cursor in the vertical direction. As shown by the curved arrow,
rotating the wrist rotates the cursor in the corresponding rotational direction, where
the direction of the mapping was dependent on the handedness of the participant.
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for the user learning, the first 20 trials (during which the average performance across

users began to plateau) were considered warm-up trials and excluded from the calcu-

lation of validation metrics. Validation metrics were computed using the remaining

trials. Trials that timed out were still included in the calculation of performance

metrics, and were optimistically assigned a movement time of 10 seconds (i.e., equal

to the timeout). Each usability metric is described below.

5.6.5.1 Throughput

Throughput describes the amount of control information that can flow through the

system [48]. It is a measure of the difficulty of the task (see Equation 5.3) and the

speed at which it was completed (see Equation 6.2).

ID = log2(
D

W
+ 1) (5.3)

where ID is the index of difficulty, D is the distance from the cursor starting position

to the center of the target, and W is the width of the target.

Throughput =
ID

MT
(5.4)

where MT is the time taken to acquire the target. The dwell time is subtracted

from the movement time for successful trials.

5.6.5.2 Path Efficiency

Path efficiency compares the path taken to acquire the target to the most optimal

path, offering insight into the control of simultaneous motions [49]. It is a measure

of the distance travelled relative to the minimum distance required to reach the
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target (see Equation 5.5).

Path Efficiency =
FP

DT
× 100% (5.5)

where FP is the optimal (i.e., fastest) path to the target from the cursor’s starting

position and DT is the total distance travelled during the trial.

5.6.5.3 Overshoots

Overshoots are a count of the number of times the cursor enters the target and then

exits before it is finally acquired [49]. Overshoots help quantify the ability to stop

and stay at rest when desired.

5.6.5.4 Completion Rate

The completion rate measures how many targets were successfully acquired before

the timeout relative to the total number of trials (see Equation 5.6).

Completion Rate =
ST

T
× 100% (5.6)

where ST is the number of successful trials and T is the total number of trials.

5.6.5.5 Number of Trials

The number of trials (successful or unsuccessful) reached was able to be computed

as a metric in this work because the validation trial was based on a time limit for

each model instead of a set number of trials.
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5.6.5.6 Action Interference

A novel metric was used to quantify the action interference exhibited by the con-

troller (see Equation 5.7). Action interference occurs when the participant attempts

to move in isolation (on activating one DoF), but an unintended activation occurs in

a different DoF, causing undesired simultaneous motion [35]. It was assumed that

the user wanted to move in isolation when they were aligned with the target in one

DoF, so action interference was calculated as the total distance travelled in the DoF

associated with an axis that the cursor was already aligned in (i.e., if the cursor

was below the target, movement to the left or right increased action interference).

This metric describes the distance travelled in an unintended DoF, so a lower value

indicates better performance. Trials where the cursor did not align with the target

at any point were excluded when calculating action interference.

Action Interference =
1

Sx

Sx∑
i=1

|px(i)| (5.7)

where Sx is the number of samples where the cursor is in line with a target in a

single component (i.e., only a single DoF activation is needed) and px represents the

predictions associated with the unwanted component (e.g., in a Cartesian space, the

unwanted component would be movement in the x-axis if the cursor was already

directly below the target).

5.6.5.7 Drift

Drift occurs when the user wants to be at rest, but the cursor continues to move.

It was assumed that the participant wanted to be at rest when in the target, so

drift was quantified as the distance travelled while in the target (see Equation 5.8).

Trials where the cursor did not enter the target at any point were excluded when
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calculating drift.

Drift =
1

Sa

Sa∑
i=1

∥pa(i)∥1 (5.8)

where Sa is the number of samples where the target is acquired (i.e., the cursor is

inside the target), pa represents the predictions made while the cursor was in the

target throughout the entire trial, and ∥ · ∥1 indicates the L1 norm.

5.6.5.8 Simultaneity Gain

The amount of time spent moving simultaneously (see Equation 5.9) can capture

how much simultaneity was used, but not whether this simultaneity was useful or

intentional. Simultaneity gain, a novel metric proposed in this work, was devised to

measure how well the participant could control the additional simultaneity provided

by the model (see Equation 6.4). Models that provided higher simultaneity but

similar path efficiency would suggest that the additional simultaneity could not be

leveraged fully or did not add value, so the resulting simultaneity gain is lower. Trials

that did not have any simultaneous predictions were excluded when calculating

simultaneity gain.

% Simultaneity =
Ss

S
(5.9)

where Ss is the number of samples where both predictions are greater than 0 and S

is the total number of samples.

Simultaneity Gain =
Path Efficiency

% Simultaneity
(5.10)
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5.6.6 Statistics

All data were first checked for normality using the Shapiro-Wilk test. For those

metrics that exhibited a normal distribution (throughput and trials complete), a

repeated-measures ANOVA was conducted to determine if there were significant

differences (p < 0.05) between models. For metrics that showed significant effects

in the ANOVA, pairwise comparisons were performed using Bonferroni correction

to identify which specific models differed significantly. For metrics that showed

non-normal distributions (path efficiency, overshoots, completion rate, action inter-

ference, drift, and simultaneity gain), a Friedman test was conducted to determine

if there were significant differences between models. Follow-up pairwise Nemenyi

tests were performed to identify which models differed significantly. All stats were

computed in R.

5.7 Results

5.7.1 Adaptive Models Outperform SGT Models
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Figure 5.5: Summary of online usability metrics over the validation period. The first 20 trials were excluded as they were
deemed ‘user learning’ trials. * p < 0.05, ** p < 0.01, *** p < 0.001.
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The primary goal of this work was to demonstrate the viability of co-adaptive

models in an unconstrained, velocity-based regression environment and contrast

them against non-adaptive protocols used throughout the field. Despite using equal

amounts of training data, the usability metrics shown in Fig. 5.5 demonstrate

that the adaptive CIIL models outperformed both non-adaptive SGT models on

average for most metrics. O-CIIL significantly (p < 0.05) outperformed W-SGT

in throughput, overshoots, trials, and completion rate, and C-SGT in throughput,

path efficiency, and trials. Similarly, T-CIIL significantly (p < 0.05) outperformed

W-SGT in all metrics except action interference and simultaneity gain, and was

significantly better than C-SGT in all metrics (p < 0.05).

In contrast to the other usability metrics, W-SGT performed the best in terms

of action interference, significantly improving action interference and simultaneity

gain compared to C-SGT and O-CIIL (p < 0.01). Similarly, T-CIIL significantly

outperformed C-SGT and O-CIIL for action interference and simultaneity gain (p <

0.05). Furthermore, T-CIIL was roughly equivalent to W-SGT on average for both

metrics.

The loss curves shown in Fig. 5.6 confirm that the L1 loss monotonically decreased

while training with SGT data and began to plateau, but that the loss increased

again when incorporating new behavioural data using the adaptive models. Despite

this, Fig. 5.7 shows that throughput steadily increased over the adaptation phase.

Fig. 5.7 also shows that the throughput over the validation period exhibited a small

learning effect that was similar across all models.
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Figure 5.6: The L1 loss for each model. The mean across participants is shown as a
solid line, and 95% confidence intervals are shown as shaded regions. Loss after the
dotted line represents the loss during the adaptation period. The sudden changes
in the mean and confidence intervals at the end of the loss curves for the adaptive
models are simply a byproduct of the different number of epochs per participant
during the adaptation period.
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Figure 5.7: A rolling average (N = 60 seconds) of throughput over time during the adaptation (left) and validation periods
(right). The mean across participants is shown as a solid line, and the 95% confidence intervals are shown as shaded regions.
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5.7.2 The Effect of User Compliance Adjustments in an

Adaptive Setting

The proposed novel method for capturing goal-oriented behaviours in a co-adaptive

setting leveraged context from the environment while acknowledging known issues

with user compliance to improve the creation of pseudo-labels for adaptation. The

upward trend in throughput over time shown in Fig. 5.7 confirms that the user and

model co-adapted effectively throughout the adaptation period for both adaptive

approaches, but each adaptive approach offered subtle differences. For example,

Fig. 5.6 shows that the loss throughout the adaptation period increased noticeably

more for O-CIIL than T-CIIL.

The differences observed during the adaptation phase continued into the valida-

tion phase, leading to distinct performance trade-offs. To visualize the simultaneity

exhibited by participants for each model, Fig. 5.8 presents a two-dimensional his-

togram (i.e., heatmap) of their outputs across all participants. Predictions at the

center of the heatmap correspond to rest, those along the axes of a DoF represent

isolated motions, and all other predictions indicate simultaneous motions. The %

simultaneity for all predictions made by each model was then computed using Equa-

tion 5.9. As shown in Fig. 5.5 and 5.8, the modifications made to T-CIIL improved

path efficiency, overshoots, completion rate, action interference, drift, and simul-

taneity gain, but not throughput or number of trials relative to O-CIIL. Among

the online metrics, a significant difference between the two adaptive approaches was

found only for action interference (p < 0.05).
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Figure 5.8: Visualization of the use of simultaneity per model based on model predictions during the validation period. The
heatmaps show the frequency of each activation level for both DoFs at once. The total % simultaneity (see Equation 5.9) for
each model is annotated in a text box below the corresponding heatmap. A colour bar, using a logarithmic scale, maps colours
to the percentage of total predictions made by each model.
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5.7.3 The Cost of Simultaneity

Non-adaptive SGT models with and without combined motions in the calibration

data were tested in this work to confirm the impact of adding simultaneous training

data. Participants used far more simultaneity with C-SGT based on Fig. 5.8, but

this simultaneity was not always beneficial. As demonstrated by Fig. 5.5, C-SGT

had a higher throughput than W-SGT, but the worsened performance in overshoots,

action interference, drift, and simultaneity gain suggests that it came at a cost of

higher instability. As reflected in the significant difference in simultaneity gain

(p < 0.001), Fig. 5.5 shows that C-SGT had worse path efficiency than W-SGT on

average despite the marginal increase in simultaneity used. The same can be said for

the adaptive models, where T-CIIL had less than half the % simultaneity of O-CIIL

but improved path efficiency and significantly better simultaneity gain (p < 0.001).

5.7.4 Participants Preferred Adaptive Models

In addition to the objective performance results, subjective results were captured in

the form of survey questions. Fig. 5.9 showcases the opinions expressed by partic-

ipants for each model based on multiple aspects of control. Generally, participants

preferred adaptive models over non-adaptive models based on survey results, but the

difference between adaptive models was not as apparent. T-CIIL was rated higher

than or equal to O-CIIL for questions involving control, but T-CIIL was rated lower

regarding the control of the cursor’s speed. Additionally, it was found that partici-

pants generally found the actual training protocol of the adaptive approaches more

engaging.
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Figure 5.9: Results of the survey posed after each model was used. The distribution
of answers for each question are shown.

5.8 Discussion

The results of this work highlight some key challenges associated with regression-

based myoelectric control, particularly regarding how the training protocol can

drastically affect usability. Previous uses of co-adaptation [13, 39, 40] have shown

promising performance compared to models trained using SGT, but have made as-

sumptions about user behaviours and compliance and often employ position-based

control instead of velocity-based control. First and foremost, this work shows that

co-adaptation can be achieved in an unconstrained, velocity-based environment and

that models trained using this approach are significantly better than those trained

using SGT. Both adaptive CIIL approaches outperformed the SGT approaches in
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all metrics except for two, showcasing that carefully planned co-adaptive approaches

can overcome many of the challenges associated with regression-based myoelectric

control. The only metrics where adaptive models did not outperform non-adaptive

models were action interference and simultaneity gain, for which W-SGT had the

best values, significantly better than C-SGT and O-CIIL. This result may be mis-

leading, though, because W-SGT predicted far fewer simultaneous motions in gen-

eral than the other models. Despite this, T-CIIL was roughly equivalent to W-SGT

on average for both metrics while significantly improving path efficiency, highlight-

ing the benefit of appropriately leveraging context from both the environment and

the user behaviours when designing user-in-the-loop systems.

Despite differences in training protocols, ensuring a fair comparison across all models

was a key goal of the experimental design. Each model received 300 seconds of

training data and the loss curves shown in Fig. 5.6 indicate that training began to

plateau by 150 epochs for the SGT models. Therefore, we argue that all models

were evaluated fairly in terms of data, training, and user burden. Although training

loss decreased for all models during initial training, it increased for both adaptive

models during the adaptation phase. In contrast, Fig. 5.7 shows that throughput

steadily increased throughout the adaptation phase, confirming that the incremental

learning employed in this work resulted in better models. This is consistent with

previous work [36] implementing CIIL, where it was found that optimizing for online

performance can degrade offline performance. In addition to data considerations

(e.g. the inclusion of more variable training data during the adaptation process), it is

possible that some of the benefits seen with the adaptive models could be associated

with user learning. While this is a valid consideration, Fig. 5.7 demonstrates that all

models showed a similar increase in throughput over the validation phase, indicating

that the large benefits seen during adaptation — and, by extension, validation —

are primarily driven by incremental learning rather than pure user learning. Overall,
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the results of this work suggest that the benefits of incremental learning far outweigh

those of increasing SGT data or simply allowing the user more time to learn the

system.

Despite both proving beneficial, the results of this work demonstrate clear differences

between the two adaptive approaches. The average throughputs between the adap-

tive approaches were very similar, but the other usability metrics show the benefits

of more appropriately considering user compliance in T-CIIL. T-CIIL outperformed

O-CIIL in path efficiency, overshoots, completion rate, action interference, drift,

and simultaneity gain. Furthermore, T-CIIL significantly improved many of these

metrics compared to the non-adaptive SGT models, whereas O-CIIL did not al-

ways. Specifically, it’s worth noting that the action interference was significantly

better for T-CIIL than O-CIIL, confirming the notion discussed in the introduction

that assuming that the user always goes directly to the target contributes to ac-

tion interference. Fig. 5.8 shows that O-CIIL had far greater % simultaneity than

T-CIIL, but T-CIIL had better path efficiency and simultaneity gain, furthering

the point that O-CIIL provides at least some degree of uncontrollable simultaneity.

Smith et al. [25] have highlighted the importance of isolated motions for simulta-

neous control systems, specifically for finer movements. T-CIIL has improved on

these problem areas compared to O-CIIL, confirming that the tweaks made to the

pseudo-label decision flow are beneficial. Fig. 5.6 corroborates this by showing that

the loss increased more throughout the adaptation phase for O-CIIL than T-CIIL,

suggesting that the labels provided by O-CIIL, which assumes you’re always going

to the target, have a higher entropy than those provided by T-CIIL. Along with

contributing to action interference, the incorrect labels produced by O-CIIL during

inactive periods mislabel these periods as high-magnitude predictions, explaining

why O-CIIL has higher drift than T-CIIL. Despite these limitations, both adaptive

models reduce drift compared to the non-adaptive models, with T-CIIL showing a
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significant reduction. Overall, the improved action interference, simultaneity gain,

and drift of T-CIIL shows that the modifications made to T-CIIL helped improve

the control of both isolated and simultaneous motions at high and low amplitudes,

demonstrating the benefit of leveraging task-specific context when training user-in-

the-loop systems.

Although T-CIIL raised both the upper and lower bounds of performance, its aver-

age throughput was slightly lower than that of O-CIIL. Most other metrics clearly

suggest that T-CIIL should have yielded better control, suggesting that this was in-

fluenced by some other factor. Interestingly, once a strong machine learning model

has been established, throughput is largely determined by cursor speed, whereas the

other usability metrics reward movement in the correct direction over speed [27, 36].

The survey results shown in Fig. 5.9 also suggest that participants often preferred

the control of T-CIIL over O-CIIL, but the speed of the cursor was better for O-

CIIL. Based on these two results, it is likely that T-CIIL suffered from an issue with

the speed mapping. Some parameters for T-CIIL, such as the mapping from cur-

sor distance to proportional control magnitude (see Equation 5.1) and handling the

activation threshold when creating pseudo-labels, were determined based on brief

piloting. These parameters are almost certainly not ideal for all users though. For

example, if the activation threshold was too high for some participants, T-CIIL may

not collect data until the participant is at 30% contraction strength, which could

harm the speed mapping as it misses out on the low end of proportional control. The

low end of proportional control has been shown to be crucial to online performance

[36, 17], so any issue with the activation threshold could drastically impact usability.

It is difficult to know the root cause of this without further investigation, though, so

future work will explore how to determine a speed mapping or activation threshold

that is robust for all users, such as through an adaptive approach similar to one

employed in a previous implementation of CIIL [36]. Despite these limitations, par-
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ticipants clearly preferred the adaptive models over non-adaptive models, both in

terms of the control and the training process. The superior usability metrics explain

why users preferred the control of the adaptive approaches, while their preference

for the adaptive training protocol was likely due to the more engaging game environ-

ment during adaptation compared to SGT. It is worth noting, however, that these

preferences were expressed in a participant survey, exposing them to potential bias.

Although participants were blinded as much as possible, the nature of the different

training approaches—such as the inclusion of combined motions or the presence of

adaptation—made it apparent which model was being used in some cases. However,

while the difference between adaptive and non-adaptive approaches may have been

noticeable, participants were not provided with any additional information to distin-

guish between the approaches. Additionally, these subjective findings aligned with

the objective usability metrics, reinforcing the conclusions drawn from these results.

Overall, the improved performance of the adaptive CIIL models demonstrates the

benefits of incremental learning for myoelectric control, and the differences between

the two adaptive approaches highlight the impact user compliance issues can have

on performance.

It was noted empirically that the benefits of T-CIIL were greater than O-CIIL for

novice users, likely due to their increased propensity for compliance issues. This

bodes well for the ability of T-CIIL to generalize to persons with limb differences

who may not have the same level of proprioception and/or who may calibrate more

frequently with reduced attention. Despite this promising result, the results of this

work must be extended to include users with a limb difference to verify the efficacy

of CIIL with the target population. Similarly, CIIL has yet to be employed on a

physical device, which offers new confounds that cannot be captured in a virtual en-

vironment without a socket. While training on a physical device likely provides the

most context-rich and relevant data for the end task, recent work[50] has shown that
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operating in virtual environments can translate to skill transfer on-device. Along

with additional confounds, employing adaptive approaches in a physical environment

produces new experimental challenges, such as collecting context from the environ-

ment to create pseudo-labels. Chou et al.[43] have demonstrated that models trained

using real-world context can produce similar performance to models trained using

context from the virtual environment, motivating future work employing CIIL on

a physical device. Furthermore, previous work with CIIL[44] has demonstrated its

ability to recover from common confounds associated with on-device use, such as

electrode shift. To validate the clinical viability of this approach, future work should

verify CIIL both with users with a limb difference and on-device. Another key clin-

ical factor that remains unexplored in this work is generalization across sessions, as

many users of myoelectric prostheses must recalibrate regularly. Given that aggre-

gating previous data has been shown to improve robustness across sessions [51, 52],

the diverse and representative data provided by CIIL may offer similar benefits.

A longitudinal study could confirm this by comparing user-in-the-loop data with

SGT data when generalizing across sessions, incorporating data aggregation, and

applying transfer learning.

This work offers important insights into the use of simultaneity for regression-based

myoelectric control. Truly independent, simultaneous, proportional control is ar-

guably the greatest advantage of regression-based control schemes over classifica-

tion, but this improved functionality can often become a burden due to undesired

activations of other DoFs (i.e., action interference) [17, 27, 26, 34, 35]. One approach

to improve the control of simultaneous motions has been to add simultaneous mo-

tions to the calibration data, but this has not always shown to be a benefit [26, 33].

For example, Smith et al. [26] suggested based on offline results that adding in

combined DoFs would harm performance for isolated motions, and the results in

this work corroborate this through online experiments based on the significantly in-
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creased action interference of C-SGT compared to W-SGT. The results shown in Fig.

5.5 demonstrate that adding combined motions to the training set slightly improved

throughput and completion rate, but also provided a less robust model based on the

inferior path efficiency, overshoots, action interference, drift, and simultaneity gain.

In particular, the action interference and simultaneity gain exhibited the largest

differences when adding combined motions to the calibration data. These metrics

exhibited largely the same pattern, with W-SGT and T-CIIL significantly outper-

forming C-SGT and O-CIIL. Generally, adding combined motions to the training

set increased the simultaneity used by each participant, but the subsequent degra-

dation of action interference and simultaneity gain indicates that this simultaneity

was often undesired and uncontrollable. Interestingly, simultaneity gain is slightly

worse for O-CIIL than C-SGT despite O-CIIL having a better path efficiency and

Fig. 5.8 suggesting that the two models have similar simultaneity.

The results of this work also suggest that simply adding simultaneous motions to

the calibration data may not provide a more robust controller, and, in this case,

often did more harm than good. This is in contrast to the findings of Paskett et al.

[33], who found that adding simultaneous motions to the calibration data helped

overall performance, but only for certain models. Consequently, future work could

continue to explore the role of the model in simultaneity and adaptation.
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Chapter 6

Transformer-Based

Context-Informed Incremental

Learning with Soft-DTW

Alignment Unlocks Fast and

Precise Regression-Based

Myoelectric Control

Evan Campbell, Ethan Eddy, Erik Scheme

6.1 Foreword

This chapter presents the next progression of regression-based context-informed in-

cremental learning towards adopting temporal neural networks, and loss functions
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that provide additional robustness to pseudo-label inaccuracies. This chapter simul-

taneously provides benefit to context-informed incremental learning and illuminates

an unreported practical limitation of temporal models when deployed in closed-

loop settings using standard calibration procedures. My contribution to this chap-

ter spans ideation, experimental design, data collection, data analysis, manuscript

preparation, and revision corrections.

6.2 Reference

Under Review with the IEEE Transactions on Neural Systems and Rehabilitation

Engineering as:

Campbell, E., Eddy, E., Scheme, E., Transformer-Based Context-Informed Incre-

mental Learning with Soft-DTW Alignment Unlocks Fast and Precise Regression-

Based Myoelectric Control, IEEE Transactions on Neural Systems and Rehabilita-

tion Engineering, Under Review
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6.3 Abstract

Regression-based myoelectric interfaces hold the promise of enabling intuitive pro-

portional and simultaneous control but remain limited by calibration sensitivity,

unpredictable dynamics, and inconsistent user behaviours. Temporal neural archi-

tectures have the potential to substantially improve these controllers by capturing

the temporal structure of user behaviours, provided they are trained using dynamics

that are sufficiently representative of closed-loop use. Context-informed incremen-

tal learning (CIIL) offers a mechanism for acquiring such data online; however,

its reliance on environment-derived pseudo-labels makes it vulnerable to temporal

deviations between assumed and true user intent. This study introduces T-sDTW-

CIIL, a transformer-based incremental learning framework that integrates temporal

modelling, closed-loop learning, and soft dynamic time warping (sDTW) to enable

tolerant label alignment. Twelve participants completed an adaptive regression-

based cursor-control task using four pipelines: static and CIIL variants of both

MLP and transformer models. T-sDTW-CIIL achieved significantly higher success

rates, throughputs, efficiencies, and simultaneity gains when evaluated in a high pre-

cision ISO-Fitts’ environment. T-sDTW-CIIL achieved throughputs of 2.0×, 2.4×,

and 3.7× those of an MLP trained using conventional screen-guided training when

acquiring large, medium, and small targets, respectively. Perhaps more importantly,

it maintained success rates of 98.4% for small targets, whereas the static MLP de-

graded to only 23.4% success. T-sDTW-CIIL-based adaptation also reduced overall

contraction intensities by ∼10%. These results demonstrate the powerful combi-

nation of temporal learning with context-informed co-adaptation. T-sDTW-CIIL

overcomes key limitations of existing regression-based myoelectric controllers, en-

abling robust, low-intensity human–computer interaction.
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6.4 Introduction

Surface electromyography (sEMG) has a long history as a neural interface for pros-

thesis control [1] and is becoming increasingly attractive as a general-purpose input

for human-computer interaction [2, 3]. Early myoelectric control strategies relied on

direct control, where the envelope of the EMG signal was mapped proportionally

to an output [4]. Subsequent advances introduced pattern classification, enabling

users to select among a larger set of physiologically appropriate motor classes [5, 6].

While proportionality was later incorporated into classification schemes by scaling

outputs according to signal energy within each class, these methods remain limited

to producing one motion class at a time without adopting specialized architectures

[7]. To enable more natural movements, characterized by simultaneous and propor-

tional control across multiple degrees of freedom, regression-based solutions have

emerged as a promising alternative [8].

6.4.1 Shortcomings of Regression

While regression models have been shown to improve performance and usability in

lab studies, they are still largely limited by their susceptibility to action interference

(i.e., unintended activation of an extraneous degree of freedom [9, 10]) and drift

(i.e., where the absence of an accessible deadband leads to unstable outputs [11]).

These characteristics, which may lead to user frustration and reduce the perception

of agency, arise, at least in part, from the open-loop screen-guided calibration proce-

dures used to obtain the continuous-valued labels required to train regression models

[12]. During these sessions, users often struggle to comply perfectly with prompts,

exhibiting behaviours such as “all-or-nothing” activations or anticipatory responses,

struggling to match both the timing (temporal errors) and intensity (spatial errors)
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of the prescribed training targets [13, 11]. These misalignments, along with an ab-

sence of representative closed-loop control behaviours, degrade the quality of the

training data and, consequently, the model’s performance [11, 14, 15].

6.4.2 Incremental Learning for Closed-Loop Behaviours

Environment-dependent incremental learning, in which pseudo-labels are derived

autonomously from the task environment during user-in-the-loop interactions, is

emerging as a compelling strategy to overcome these calibration-related issues by

establishing a framework around the user’s natural goal-seeking behaviours [16, 17,

18, 19]. A compelling example is context-informed incremental learning (CIIL)

[13, 20]. The closed-loop pseudo-label generation strategy of CIIL decreases the

prevalence of spatial errors by inferring reasonable approximations for what the

user should be doing at any point during a goal-seeking task. Further, by capturing

training data directly from user-in-the-loop interactions, CIIL mitigates the out-of-

distribution problem inherent in screen-guided calibration, aligning the distribution

of data seen by the model during training with the behavioural patterns that actually

arise during closed-loop control.

When applied to regression-based myoelectric control, CIIL has been shown to in-

crease throughput by approximately 30%, while also reducing action interference by

30% and drift by 25% compared to traditionally calibrated models, despite equiva-

lent training durations [21]. Users even consistently reported a subjective preference

for incremental learning over conventional screen-guided calibration. However, dif-

ferent CIIL strategies have so far appeared to optimize distinct performance axes:

one strategy produced superior precision (i.e., minimizing action interference and

drift), while another achieved greater speed (maximizing throughput). Further-

more, although drift was improved, it was not eliminated, and stable control still
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depended on maintaining a conservative maximum speed. In more demanding situ-

ations, where both high speed and high precision are required, existing approaches

would likely fall short [22].
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Figure 6.1: (A) Experimental setup and open-loop, screen-guided training interface with Cartesian animation displayed. (B)
Closed-loop target acquisition environment used for user and model adaptation. (C) ISO 9241-9 Fitts’ Law evaluation envi-
ronment for assessing control performance. The largest of three target sizes is shown in this example.
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6.4.3 Temporal Models for Temporal Dynamics

CIIL promotes the temporal dynamics that naturally arise during closed-loop con-

trol; however, previous versions have used static classifiers and deep networks that

don’t inherently model these dynamics. Consequently, it remains unclear whether

they can be appropriately learned and integrated within the pseudo-labelling frame-

work of CIIL, or if doing so could resolve the underlying precision–speed limitations

of regression-based myoelectric control. Temporal neural architectures, such as re-

current neural networks (RNNs), gated recurrent units (GRUs), and transformers,

are well-suited to capturing these temporal dependencies that underlie real-world

motor behaviour [23]. However, this descriptive capacity introduces an important

challenge: temporal models require a broader range of motion variability during

calibration to adequately represent diverse temporal regimes. For example, a high-

capacity temporal model trained with constant velocity oscillations may inadver-

tently learn to act as a narrow bandpass filter tuned to that frequency [24].

This limitation of temporal models, under-reported in the myoelectric control litera-

ture, can be profound when they are exposed to limited temporal variability during

calibration. When trained using homogeneous temporal regimes, these models may

appear accurate during offline analyses, but produce delayed or uncanny outputs

online, reflecting epistemic uncertainty when faced with out-of-distribution inputs.

Nevertheless, numerous offline studies have reported substantial gains in intent

recognition when temporal architectures are adequately exposed to diverse tem-

poral dynamics [25]. Conversely, few studies have examined their behaviour during

closed-loop control, and, to our knowledge, no incremental learning framework has

explored whether temporal models can effectively assimilate the rich, variable tem-

poral structure generated during user-in-the-loop adaptation. This gap motivates

the integration of temporal architectures into environment-dependent incremental
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learning approaches, but requires consideration of the assumptions of these ap-

proaches. For example, CIIL assumes a spatial approach strategy in goal-seeking

behaviours, but has benefited significantly from incorporating tolerance to known

variations in user behaviours [21]. It remains unclear, however, what impact tem-

poral misalignment from assumed pseudo-labels may have when explicitly trying to

learn temporal dynamics.

6.4.4 Soft Dynamic Time Warping for Pseudo-label Align-

ment

Soft dynamic time warping (sDTW) [26] provides a potential avenue for mitigating

such temporal errors by enabling flexible alignment between intended and performed

trajectories. Recent myoelectric work has even shown that sDTW can effectively

compensate for temporal misalignments in an open-loop setting [27]. If similar ben-

efits can be shown to facilitate temporal learning during a closed-loop setting, such

as CIIL, the three approaches may offer complementary strengths. CIIL could re-

solve spatial inconsistencies arising from behavioural mismatch during goal-seeking

activities, temporal models have the capacity to capture the dynamics arising in

closed-loop control, while sDTW could compensate for variability in temporal ex-

ecution. Integrating these three approaches effectively may therefore address both

major dimensions of calibration error and out-of-distribution inputs.

6.4.5 Proposed Solution

This present work aims to advance the state-of-the-art in CIIL by capitalizing on the

natural temporal variability that arises in user-in-the-loop settings. We introduce

a novel framework, T-sDTW-CIIL, which combines a transformer-based architec-
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ture with context-informed incremental learning (CIIL) and a soft dynamic time

warping (sDTW) loss function. This design leverages the representational power of

temporal models while simultaneously exploiting the behavioural diversity inherent

to incremental learning. Moreover, the use of sDTW provides tolerance to devia-

tions from ideal goal-seeking behaviour—such as reaction-time delays between trials

or transient overshoots—relaxing many of CIIL’s previous limitations. To evaluate

the efficacy of this approach, we compare T-sDTW-CIIL against three baselines:

(1) a non-temporal, non-incremental model (MLP-Static); (2) a temporal, non-

incremental model (Transformer-Static); and (3) a non-temporal, incremental learn-

ing model (prior state of the art in CIIL: MLP-CIIL). The results show that, across

three different precision constraints, T-sDTW-CIIL achieved the highest through-

put and precision while enabling lower-effort, more stable control, demonstrating

that temporal adaptation with differentiable alignment can overcome long-standing

trade-offs in speed and precision.

6.5 Methods

6.5.1 Data Acquitision

Twelve participants (8 male, 4 female; age: mean 28.0 ± 5.8) were recruited for

this study. All experimental procedures were conducted at the University of New

Brunswick, with each participant completing a single session of approximately two

hours. Surface EMG data were recorded using the OyMotion gForcePro+ armband,

positioned on the right forearm at approximately two-thirds of the length proximal to

the elbow. The device comprises eight bipolar recording channels and was configured

to use 8-bit resolution and a 1000 Hz sampling rate. All participants provided

written informed consent before participation, and the study protocol was approved
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by the Research Ethics Board of the University of New Brunswick (REB 2022-122).

6.5.2 Experimental Design

The study employed a repeated-measures design in which each participant completed

a common protocol under all four intent-recognition pipelines described in Section

6.5.3. To mitigate learning or order effects, the sequence of pipelines was balanced

using a Latin Square arrangement. Each pipeline was divided into three phases: (1)

a screen-guided training calibration phase, (2) a user-learning or co-adaptive phase,

and (3) a final testing phase.

6.5.2.1 Screen-Guided Training
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Figure 6.2: Visualization of one representative repetition of screen-guided training. The top two time series represent the two-
degree-of-freedom (2-DoF; wrist flexion/extension and wrist abduction/adduction) choreography presented via the Cartesian
animation. The heat maps (bottom) represent the corresponding EMG activation, as shown by the WENG feature obtained
over this 60-second period across 8 channels.
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For each pipeline, a conventional screen-guided training (SGT) session was con-

ducted to establish an initial model for two-degree-of-freedom regression, wrist flex-

ion/extension and wrist adduction/abduction, which were mapped to horizontal

(left/right) and vertical (up/down) cursor movements. The choreography was pre-

sented visually using the Cartesian animation interface provided by LibEMG [28, 29]

(Figure 6.1A)–where the cursor’s position along the axes reflected the user’s sub-

jective force level of the DoFs (velocity-based control). The training choreography

comprised only isolated motions within these degrees of freedom. Each trial con-

tained two distinct temporal behaviours. First, a rhythmic template was collected

by prompting participants to complete five oscillations between the extremes of a

degree of freedom at 0.5 Hz, followed by a 5-second rest period. Second, a slower

ramp template was collected to increase temporal variability: participants executed

a one-second ramp to the extreme of the degree of freedom, held the contraction

for three seconds, and then ramped down over one second, after which the sequence

was mirrored for the opposite extreme and concluded with 5 seconds of rest. Each

trial generated approximately one minute of data, and five trials were recorded per

session to provide sufficient calibration for the initial model [21]. The labels and

feature representation of the EMG signals were shown for one repetition of SGT in

Figure 6.2.

6.5.2.2 User-/Co-Adaptation Phase

Following model calibration (Section 6.5.3.2), participants entered a user-learning/co-

adaptive phase in which they controlled a cursor within a target acquisition environ-

ment (LibEMG AdaptiveFitts; Figure 6.1B). Each participant completed 80 target

acquisition trials. On each trial, a circular target with a 45-pixel radius appeared at

a random location within a 1000 × 1000-pixel workspace. Participants were given

202



10 seconds to move the cursor to the target and were required to maintain the cursor

within the target for 2 seconds to complete the trial. This phase facilitated adapta-

tion in two possible ways: in static pipelines, it enabled user learning of the control

interface; in pipelines supporting incremental updates, it enabled co-adaptation,

where both the user and model could adapt simultaneously.

In this environment, pseudo-labels representing the ideal goal-seeking behaviour

were generated continuously using context-informed incremental learning (CIIL).

The central premise of CIIL is to exploit environmental context—specifically, the

relationship between the current task state and the model’s ongoing predictions—to

derive pseudo-labels that promote adaptation while minimizing the risk of introduc-

ing action interference. The pseudo-label generation process for regression tasks is

described in full detail in [21]. Briefly, each component of the model’s predicted

output is compared to the ideal direction of motion required to achieve the task

objective. When all components share the same sign, the pseudo-label adopts the

direction of the ideal motion. If some components differ in sign, those components

are zeroed out, providing an allowance for users moving towards the target in one

DoF at a time. When all components disagree in sign, the sample at that time point

is given a placeholder value (NaN), as no reliable inference can be made regarding

the user’s true intent given available context. The magnitude of each pseudo-label

is then scaled according to the cursor’s distance from the goal position, following

the function defined in Equation 6.1. This mapping follows a similar motivation

as its conception in [21]; however, it has been modified to have a baseline speed of

0.1. When the cursor was located within the target, the same logic was applied if it

continued moving towards the target center; otherwise, a zero vector was assigned.

These feature-pseudo-label pairs were continuously aggregated into a buffer man-

aged by the LibEMG MemoryManager [29], which serves data to another LibEMG

utility that ultimately performs incremental learning steps for the neural network.
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SCALE = min(1, 0.1 +
0.9

1 + e−10(distance−target size
300

−0.5)
(6.1)

6.5.2.3 Evaluation Phase

In the final phase, performance metrics were collected for each pipeline to enable

comparison. The evaluation followed the ISO 9241-9 layout [30], in which eight cir-

cular targets were arranged evenly along the circumference of a circle with radius 275

pixels (Figure 6.1C). As in the user-/co-learning phase, participants were required

to dwell within each target for 2 seconds to complete the trial successfully. Each

participant acquired 16 targets (two rounds of 8) at three different target sizes (45,

30, and 15 pixels) to assess model performance across varying indexes of difficulty

(representing varying precision demands). Performance was quantified for each trial

using four metrics: success rate, throughput, path efficiency, and simultaneity gain

[21].
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Figure 6.3: Visualization of the transformer pipeline. A horizon of 10 consecutive feature windows was independently em-
bedded through a linear layer to 16 dimensions. Relative positioning information was injected over the horizon using SAPE.
Subsequently, a 4-layer multi-headed attention network extracted temporal dynamics, which ultimately was processed by a
single linear layer to render a 2-DoF prediction.
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Throughput was computed to quantify a general information transfer rate based on

Fitts’ law (Equation 6.2), where D, W , T , and tdwell are the optimal distance to

complete the trial, the width of the target, the trial time upon completion, and the

required dwell time, respectively. The dwell time was only subtracted for successful

trials.

throughput =
log2(

D
W

+ 1)

T − tdwell

(6.2)

Path efficiency was computed to quantify a general accuracy metric within the user-

in-the-loop phase (Equation 6.3), where ct is the cursor position at time t.

efficiency = 100%× D∑N−1
i=1 ||ci+1 − ci||

(6.3)

Simultaneity gain quantifies the controllability of a multi-DoF controller with respect

to action interference, where % simultaneity is the percentage of predictions that

had both degrees of freedom elicited more than some ϵ (1e-3 in this study).

simultaneity gain =
efficiency

% simultaneity
(6.4)

6.5.3 Intent Recognition Pipelines

The experiment evaluated four intent-recognition pipelines designed to isolate the

contributions of temporal modelling and incremental adaptation. Together, these

pipelines formed an ablation-style comparison, ranging from traditional non-adaptive

approaches to the proposed framework. Pipeline 1 (MLP-Static) was a multilayer

perceptron (MLP) trained offline without user-in-the-loop adaptation, representing

a conventional SGT-trained myoelectric controller. Pipeline 2 (T-Static) employed
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a transformer architecture, also trained offline, to assess the impact of introducing

temporal modelling without adaptation. Pipeline 3 (MLP-CIIL) combined an MLP

with context-informed incremental learning, reflecting prior work demonstrating the

benefits of user-in-the-loop adaptation for regression-based myoelectric control [21].

Finally, Pipeline 4 (T-sDTW-CIIL) extended this framework by pairing a trans-

former with CIIL trained using an sDTW loss, thereby leveraging both temporal

modelling and robust adaptation to advance the state of the art.

6.5.3.1 Model Architectures

Both neural architectures operated on features derived from the raw EMG signals

through an overlapping windowing process. Windows of 100 ms were extracted with

a 40 ms increment between consecutive segments. Within each window, the wavelet

energy feature (WENG [31]) was computed, yielding eight frequency-banded energy

measurements per channel across the eight bipolar EMG channels. This process

produced a 64-dimensional representation of the EMG signal for each window. All

features were subsequently normalized using a standard scaler fit to the screen-

guided training data.

MLP Architecture: The MLP processed each windowed input independently, with-

out explicit modelling of temporal dependencies. The architecture consisted of four

sequential blocks, followed by a final output layer that mapped to two continuous

output dimensions. Each block comprised a fully connected layer with 32 neu-

rons, batch normalization, a rectified linear unit (ReLU) activation, and dropout

(p = 0.1). This architecture served as the non-temporal baseline pipeline against

which the temporal model was compared.

Transformer Architecture: The transformer encoder [32], shown in Figure 6.3, op-

erated on sequences comprising the 10 most recent feature windows, corresponding

207



to a horizon of ∼0.5 seconds. At each time step, the 64-dimensional feature vec-

tor was projected into a 16-dimensional embedding through a fully connected layer.

The resulting sequence of embeddings (10×16) was then augmented with sinusoidal

absolute positional embeddings (SAPE) to provide relative temporal context [32].

This sequence was processed by a transformer encoder composed of four stacked

layers, each containing a multi-head self-attention mechanism (four heads) and a

feed-forward sub-layer with 16 hidden units. The output representation from the

final time step was passed through a fully connected layer with two output neurons

to generate the predicted degrees of freedom.

6.5.3.2 Initial Calibration

For the initial calibration of each model, data from all five repetitions of the SGT

protocol were combined to form a single training dataset. To preserve the full ex-

tent of user-specific calibration data, no separate validation subset was withheld.

Instead, the number of training epochs was fixed based on pilot analyses conducted

with a larger dataset, in which validation loss trends were used to identify the point

of diminishing returns. This analysis indicated that 125 epochs provided a stable

balance between convergence and overfitting for both neural architectures. Dur-

ing calibration, the network parameters were optimized using the Adam optimizer

(learning rate = 0.001) to minimize the mean-squared error between the predicted

and true trajectory labels.

6.5.3.3 Incremental Learning

During the user-/co-learning phase, the MLP-CIIL and T-sDTW-CIIL models were

incrementally updated using the LibEMG AdaptationManager [29], which interfaces

directly with the continuously growing memory buffer maintained by the aforemen-
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tioned MemoryManager. Upon initialization, the AdaptationManager was seeded

with the SGT data to ensure stable early updates. Thereafter, it executed a repeat-

ing loop in which it first checked whether new closed-loop samples were available

from the MemoryManager. When new data were detected, these feature–pseudo-

label pairs were appended to the working buffer and used for a single-epoch update

of the network weights. Both adaptive pipelines employed the same optimizer and

learning rate as the initial calibration phase (Adam, learning rate = 0.001), though

their loss functions differed. After each single-epoch update, the newly adapted

model was automatically re-deployed within the intent-recognition pipeline, allow-

ing the system to evolve continuously as the user interacted with the environment.

The MLP-CIIL model employed a mean-squared-error loss between the predicted

2-DoF output and the corresponding CIIL-generated pseudo-labels contained in the

memory buffer. Samples whose pseudo-labels contained undefined values (NaN),

corresponding to cases in which all model-predicted direction components conflicted

entirely with the ideal direction of motion, were excluded from weight updates to

prevent erroneous adaptation.

In contrast, the T-sDTW-CIIL model employed the soft dynamic time warping

(sDTW) loss function, which extends classical dynamic time warping (DTW) to

be fully differentiable (a requirement for backpropagation) [26]. Given a predicted

trajectory Ŷ = [ŷ1, ...ŷT ] and the pseudo-label trajectory from CIIL Y ∗ = [y∗1, ...y
∗
S],

where T and S were chosen to be 128 (reflecting an ∼ 5.5s time frame), a pairwise

cost matrix is first computed using:

Dij = ||ŷi − y∗j ||22, (6.5)

where any pseudo-labels with NaN values were given a distance of 100. A dynamic-
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programming matrix R ∈ R(T+1)×(S+1) is then filled initially with

R0,0 = 0, Ri,0 = R0,j =∞, (6.6)

then for each i, j

Rij = Dij + softminγ(Ri−1,j, Ri,j−1, Ri−1,j−1), (6.7)

where the soft minimum operation replaces the non-differentiable min with a smooth

log-sum-exponential form:

softminγ(a, b, c) = −γlog(e−a/γ + e−b/γ + e−c/γ). (6.8)

This recursion aggregates all possible alignment paths between Ŷ and Y ∗ with ex-

ponentially weighted contributions, controlled by the smoothing parameter γ. As

γ approaches 0, the function converges to the hard minimum used in the standard

DTW; as γ increases, alignments become softer and gradients smoother. This ex-

periment used γ = 0.1, which is the recommended default value for sDTW. An

example of the R matrix is given in Figure 6.4 between a simulated pathological “all

or nothing” behaviour and a portion of the SGT protocol.
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Figure 6.4: Visualization of R matrix of sDTW loss function. Blue and green lines represent the two degrees of freedom of
the control space. An ideal label trajectory (obtained via screen-guided training) is shown on the vertical axis, and emulated
predictions from a participant eliciting ”all-or-nothing” behaviours (where they struggle with the continuous transition between
directions of the DOF) are shown on the horizontal axis.
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The sDTW loss for one sequence pair is then the value at {i = T, j = S}. This scalar

is differentiable with respect to every entry in D, and its gradients are computed

through a reverse dynamic-programming pass that distributes partial derivatives

backwards along all alignment paths with exponentially decaying weights. In the

context of incremental learning, this loss function allows the transformer to align

its predicted and pseudo-labelled motion trajectories flexibly, tolerating temporal

shifts and variable execution speeds while maintaining smooth, differentiable up-

dates suitable for real-time adaptation.

6.5.4 Statistical Analyses

The four intent-recognition pipelines were compared using throughput, path effi-

ciency, success rate, and simultaneity gain across the three target sizes of the testing

phase. Performance values were aggregated to yield one data point per participant

per target size for each intent recognition pipeline. After verifying performance met-

rics were normally distributed, a two-way repeated-measures analysis of variance

(ANOVA) was conducted with pipeline (four levels) and target size (three levels) as

within-subject factors, and subject as the repeated measure for each metric. This

design tested both main effects and their interaction while accounting for inter-

participant variability. When sphericity was violated, the Huynh–Feldt corrected

p-value is reported. If significant, post hoc pairwise comparisons were conducted

for the main effects of model type and target size, with Bonferroni adjustment for

multiple testing. Interactions were examined by comparing model types within each

target size and target sizes within each model type.
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Figure 6.5: Success rate, throughput, efficiency, and simultaneity gain outcome
measures from the evaluation phase presented as box plots. Each sample represents
the average metric value obtained across the 16 target acquisitions at each target
size per subject.

6.6 Results

The performance metrics across all subjects are shown in Figure 6.5. A series of

repeated-measures ANOVAs was conducted on four dependent variables: success

rate (Table 6.1), throughput (Table 6.2), efficiency (Table 6.3), and simultaneity

gain (Table 6.4). Two within-subject factors were examined: model and target size.
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6.6.1 Success Rate

All trials in which users successfully acquired the target within the 10-second time

limit were classified as successful; all others were considered unsuccessful. The mean

success rates across the four models are shown in Table 6.1. A repeated-measured

ANOVA (Table 6.1) revealed a significant main effect of model (p < .001), target

size (p < .001), and a significant model × target size interaction (p < .001).

Follow-up pairwise comparisons confirmed that the success rate differed signifi-

cantly across models and target sizes. On average, across target sizes, T-sDTW-

CIIL (99.1%) achieved a significantly higher success rate than MLP-Static (49.1%,

p = .0015) and MLP-CIIL (80.6%, p = .043), while the difference from T-Static

(68.9%) did not reach significance (p = .088). This nonsignificant difference was

driven largely by the high between-subject variability of T-Static, which resulted in

substantially wider confidence intervals despite a large difference in means. MLP-

CIIL also outperformed MLP-Static (p = .034), but did not differ significantly from

T-Static (p = 1.000).

Across target sizes, success rate decreased systematically with increasing task dif-

ficulty (large → medium → small; all p < .002). Model × target size interactions

revealed that the performance of T-sDTW-CIIL persisted even for the smallest tar-

gets, where its mean success rate (98.4%) exceeded MLP-CIIL (57.8%, p = .021),

T-Static (55.2%, p = .020), and MLP-Static (23.4%, p < .001). In contrast, the

other three models all showed sharp declines in performance as target size decreased

(p < .03 for pairwise large–small comparisons).
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Table 6.1: Success Rates Rate (%) Across Different Target Sizes (top) with Repeated
Measures ANOVA Results (bottom).

Model Small (%) Medium (%) Large (%)
MLP-Static 23.4 49.5 74.5
MLP-CIIL 57.8 85.4 98.4
T-Static 55.2 74.0 77.6
T-sDTW-CIIL 98.4 99.5 99.5

Effect DFn DFd F p η2

(Intercept) 1 11 192.79 < .001 0.871
Model 3 33 10.25 < .001 0.286
Target Size 2 22 30.36 < .001 0.147
Model × Target Size 6 66 6.82 < .001 0.071

6.6.2 Throughput

The mean throughput across the four models is shown in Table 6.2. A repeated-

measures ANOVA (Table 6.2) revealed a significant main effect of model (p < .001),

target size (p < .001), and a significant model × target size interaction (p < .001).

Figure 6.6: Throughput over User-/Co-Adaptation and Evaluation Phases across all
subjects. The model’s throughput was represented via the average throughput for
each trial across subjects, where the shaded region represents the standard error.

Follow-up pairwise comparisons showed clear differences in throughput across mod-

els. When averaged over target sizes, T-sDTW-CIIL achieved the highest through-
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put (1.75 bits/s), significantly outperforming MLP-Static (p < .001), T-Static

(p < .001), and MLP-CIIL (p = .016). MLP-CIIL yielded significantly higher

throughput than MLP-Static (p = .018) and T-Static (p = .012), while MLP-Static

and T-Static did not differ (p = .892). Throughput also decreased systematically

with increasing task difficulty (large → medium → small; all p < .03).

The model × target size interaction further revealed that T-sDTW-CIIL maintained

its advantage at every precision level. For large targets, T-sDTW-CIIL outperformed

MLP-Static and T-Static (both p < .001), but not MLP-CIIL (p = 0.874). This

pattern held for medium targets (both MLP-Static and T-Static: p < .001; MLP-

CIIL: p = 0.249) and was even more pronounced for small targets, where T-sDTW-

CIIL exceeded MLP-CIIL (p ≪ .001), T-Static (p ≪ .001), and MLP-Static (p ≪

.001). Although MLP-CIIL showed moderate improvements over MLP-Static across

all target sizes (p < .045), its performance dropped sharply for the smallest targets,

whereas T-sDTW-CIIL retained high throughput across all conditions.

Table 6.2: Throughput (bits/s) Across Different Target Sizes (top) with Repeated
Measures ANOVA Results (bottom).

Model Small (bit/s) Medium (bit/s) Large (bit/s)
MLP-Static 0.42 0.70 0.98
MLP-CIIL 0.77 1.38 1.67
T-Static 0.69 0.91 0.99
T-sDTW-CIIL 1.57 1.73 1.94

Effect DFn DFd F p η2

(Intercept) 1 11 55.13 < .001 0.787
Model 3 33 32.31 < .001 0.315
Target Size 2 22 25.32 < .001 0.119
Model × Target Size 6 66 6.64 < .001 0.027
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6.6.3 Path Efficiency

The path efficiency metric quantified how closely the cursor trajectory followed the

ideal path to the target. The mean efficiencies across the four models are shown

in Table 6.3. A repeated-measures ANOVA (Table 6.3) revealed significant main

effects of model (p < .001) and target size (p < .001), as well as a significant model

× target size interaction (p < .001).

Follow-up pairwise comparisons indicated clear differences in path efficiency across

models. Averaged over target sizes, T-sDTW-CIIL (67.9%) achieved substantially

higher efficiency than MLP-CIIL (41.1%, p < .001), T-Static (37.3%, p < .001),

and MLP-Static (21.8%, p < .001). MLP-CIIL also outperformed MLP-Static (p =

.035), whereas its mean efficiency did not differ significantly from T-Static (p =

1.000), and MLP-Static and T-Static likewise did not differ (p = .199). Across

target sizes, efficiency decreased systematically with increasing task difficulty (large

→ medium → small; all p < .007).

The model × target size interaction showed that T-sDTW-CIIL again maintained a

clear advantage at every precision level. For large targets, its efficiency exceeded that

of MLP-Static, T-Static, and MLP-CIIL (all p < .001), with a similar pattern for

medium targets (all p < .003) and small targets (all p < .001). Within-model com-

parisons further revealed that efficiency for T-sDTW-CIIL remained stable across

target sizes (no significant differences), whereas all three comparison models showed

marked declines from large to small targets (p < .01 for large–small comparisons).

6.6.4 Simultaneity Gain

Simultaneity gain highlights the tradeoff between accessible simultaneity and action

interference. The mean simultaneity gain across the four models is shown in Table
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Table 6.3: Efficiency (%) Across Different Target Sizes (top)
with Repeated Measures ANOVA Results (bottom).

Model Small (%) Medium (%) Large (%)
MLP-Static 10.5 22.8 32.2
MLP-CIIL 27.0 44.1 52.1
T-Static 30.3 40.9 40.8
T-sDTW-CIIL 67.0 67.9 68.7

Effect DFn DFd F p η2

(Intercept) 1 11 65.54 < .001 0.807
Model 3 33 30.19 < .001 0.394
Target Size 2 22 53.36 < .001 0.083
Model × Target Size 6 66 9.28 < .001 0.035

6.4. A repeated-measured ANOVA (Table 6.2) revealed a significant main effect of

model (p < .001) and significant model × target size interaction (p = .003).

Follow-up pairwise comparisons showed that simultaneity gain differed across mod-

els. Averaged over target sizes, T-sDTW-CIIL achieved the highest simultaneity

gain (3.43), significantly exceeding MLP-CIIL (1.18, p < .001), T-Static (1.45,

p < .001), and MLP-Static (0.55, p < .001). MLP-CIIL also outperformed MLP-

Static (p = .034), whereas its mean simultaneity gain did not differ significantly

from T-Static (p = 1.000). T-Static further showed higher simultaneity gain than

MLP-Static (p = .046). In contrast, there was no significant main effect of target

size (all p > .68), indicating that, on average, simultaneity gain was relatively stable

across large, medium, and small targets.

The significant model × target size interaction reflected the fact that target size

influenced some models. At each target size, T-sDTW-CIIL produced substantially

higher simultaneity gain than all other models (all p < .006), with the largest

advantages observed for the smallest targets. Both MLP-CIIL and T-Static tended

to achieve higher simultaneity gain than MLP-Static, particularly for large and

small targets (p < .048), but remained far below T-sDTW-CIIL. Overall, T-sDTW-

CIIL was uniquely able to combine high simultaneity with maintained path quality,
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Figure 6.7: Paths traversed during the evaluation phase for one representative sub-
ject for all four models and three difficulties. Longer distances between neighbouring
points represent higher speeds.

yielding the most favourable simultaneity gain profile across all task difficulties.

Table 6.4: Simultaneity Gain Across Different Target Sizes (top)
with Repeated Measures ANOVA Results (bottom).

Model Small Medium Large
MLP-Static 0.277 0.581 0.784
MLP-CIIL 0.871 1.26 1.42
T-Static 1.39 1.45 1.51
T-sDTW-CIIL 3.96 3.05 3.28

Effect DFn DFd F p η2

(Intercept) 1 11 44.78 < .001 0.691
Model 3 33 38.59 < .001 0.487
Target Size 2 22 0.96 .399 0.004
Model × Target Size 6 66 3.81 .003 0.045

219



6.7 Discussion

6.7.1 Speed-Precision Trade-off

Across the evaluation phase, T-sDTW-CIIL consistently outperformed the three

other pipelines on measures that jointly represent speed, accuracy, precision, and

control stability. Qualitatively, trajectory plots during the evaluation phase (Fig-

ure 6.7) show that T-sDTW-CIIL produced target-directed paths that were both

rapid and well-contained within the target boundaries, whereas non-temporal or

non-adaptive baselines more often overshot and required corrective motions. The

time-series analysis of throughput over the closed-loop phases of the protocol (Fig-

ure 6.6) shows that T-sDTW-CIIL sustained its performance even as precision de-

mands increased, while MLP-CIIL faltered at the smaller targets–consistent with

precision-limited corrections and longer dwells to successfully acquire the targets.

This is evidenced by the greater concentration of points within the small targets of

Figure 6.7 for the MLP-based approaches. Together, these patterns indicate that

temporal modelling plus soft alignment during online updates enables the controller

to retain speed under tighter precision constraints, largely addressing the speed-

precision limitations that were demonstrated in past CIIL variants.

6.7.2 CIIL with Temporal Insights Enable Lower Contrac-

tion Intensity

The intensity of contraction required for robust myoelectric control has long been

a subject of debate, with lower intensities being favourable for minimizing fatigue

and naturalness, but typically being associated with lower accuracy [33, 34]. Both

in clinically-focused prosthesis control and emerging applications in consumer-grade
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human-computer interaction, low-effort operation is desirable. Participants reported

that T-sDTW-CIIL encouraged more subtle, less forceful contractions over the

course of co-adaptation relative to other models. This is corroborated by the EMG

statistics, with the distributions of windowed mean absolute value (MAV) shifting

downwards for T-sDTW-CIIL over the course of adaptation, corresponding to a

∼10-percent reduction in MAV across the cohort (Figure 6.8). This outcome aligns

with the method’s design from a theoretical perspective: sDTW tolerates small tem-

poral misalignments in pseudo-labels, allowing the model to learn stable mappings

without users “spiking” their activations to stay proportional to calibration tem-

plates obtained through screen-guided training. Practically, these lower-intensity

control inputs would likely reduce fatigue and can broaden the applications where

myoelectric control feels natural (e.g., prolonged desktop, mobile, or AR/VR use),

and the maintained throughput on small targets suggests that neither speed nor

precision was traded away to achieve this improvement in comfort.
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Figure 6.8: Trajectories of mean absolute values (MAV) from windows observed
within the user-/co-adaptation phase of four models. MAVs were transformed into
subject-specific z-scores with statistics computed from the data pooled from all mod-
els. User-/Co-adaptation phase time was not uniform between models or subjects,
so each pass through was normalized to 100 temporal bins. A horizontal dashed line
at 0 depicts the mean intensity of the subjects across all models. A black line shows
the average MAV for time segments across the adaptation phase.
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Figure 6.9: Quiver plots visualizing the latent space of MLP-CIIL and T-sDTW-CIIL models from the same representative
subject. Each latent space was taken from the penultimate layer output of the corresponding model. The direction and length
of the arrows depict the prediction of the model for that input. Plots that are the same colour represent the same data processed
by different models (i.e, column 2 represents looking back on SGT data after the model was adapted, and column 3 represents
looking ahead to co-learning phase data without having performed adaptation).
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6.7.3 Closed-Loop Performance of Transformers

The superiority of the transformer when trained with CIIL compared to its static

counterpart provides an important insight into the behaviour of temporal mod-

els when trained for myoelectric control that has not been previously reported.

While transformers have shown remarkable performance in offline EMG analyses

[35, 36, 37], the literature has lacked evidence of this performance being corrobo-

rated in online, user-in-the-loop settings. When trained with conventional short,

single-session calibration protocols, the data contain only a narrow range of tempo-

ral regimes and do not expose the model to the user’s natural temporal variability.

As a result, conventional transformer controllers can tend to exhibit unstable or

latency-laden outputs (feeling similar to a large window majority vote), reflecting

epistemic uncertainty when faced with input data that falls outside the narrow cal-

ibration distribution. In this experiment, although the initial calibration of the

transformer models resulted in remarkable R2 values compared to the MLP models

(∼0.97 vs. ∼0.89, respectively), the closed-loop performance of T-Static was simi-

lar to MLP-Static (Figure 6.6 and pairwise comparison of p = .892 for throughput

across difficulties). In contrast, the closed-loop co-adaptation used here exposed the

transformer to the full spectrum of user-specific and task-relevant timing variations

encountered during real use. Context-informed pseudo-labelling provides alignment-

consistent supervisory signals, while the sDTW objective ensures that the model

learns to associate temporally shifted but semantically equivalent behaviours. This

combination effectively transforms the short initial calibration into an ongoing cur-

riculum, allowing the transformer to specialize online without overfitting to limited

temporal patterns. Consequently, the T-sDTW-CIIL model—supported by closed-

loop adaptation that incorporates the typically out-of-distribution data that trans-

formers struggle with achieved the highest throughput and precision of all pipelines,
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demonstrating that temporal architectures can reach their potential when coupled

with context-aware, differentiable alignment during incremental learning.

6.7.4 Model Latent Analysis

The latent-space quiver plots shown in Figure 6.9 provide additional insight into

how the different pipelines encode and transform EMG activity into control com-

mands. In these plots, each vector indicates the model’s predicted control direction

given an EMG feature embedding, revealing the topology of the model’s decision

space. The non-temporal MLP-based models exhibited fragmented, disjoint, orthog-

onal vector fields, with small regions of conflicting directionality and discontinuities

near the decision boundaries—patterns that correspond to the erratic cursor oscil-

lations and action interference that were observed. Introducing CIIL (MLP-CIIL)

reduced some of this fragmentation by constraining updates through environment-

aware pseudo-labels, resulting in a smoother transition between local regions, but

residual discontinuities remained, particularly in regions corresponding to transi-

tional muscle activations or situations where inputs for similar pseudo-labels were

less homogeneous, like when inside the target. In contrast, the latent field produced

by the transformer trained under the sDTW objective (T-sDTW-CIIL) exhibited

smooth, continuous flow patterns that curved coherently around the origin of the

latent manifold, mirroring the natural coupling between wrist flexion–extension and

radial–ulnar deviation, which rely on different muscle synergies that can co-occur.

Rather than forming disjoint clusters, the predicted vectors varied gradually across

the latent space, suggesting that temporally adjacent EMG patterns were mapped

to incrementally shifting outputs. This organization implies that the model learned

a low-curvature control manifold, where small changes in muscle activation translate

to proportionally small changes in control output—a hallmark of stable, high-fidelity
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continuous control [38]. The smoothness of this latent flow also indicates that the

transformer’s temporal self-attention and the differentiable alignment introduced

by sDTW together fostered representations that respect the inherent temporal and

biomechanical continuity of movement.

6.7.5 Future Work

While the present findings demonstrate clear advantages of integrating temporal

modelling and sequence alignment strategies into incremental myoelectric control,

several limitations warrant consideration.

Although the adaptation protocol was conducted during a real target-acquisition

control task, the evaluation was limited to a laboratory environment with a fixed

task structure. Generalization to more realistic scenarios, such as more unstructured

tasks (e.g., smart home), or more nuanced tasks (e.g., reach-to-grab), remains to be

verified. Other work has explored CIIL within simple virtual reality environments

[39]; however, deployment in more challenging scenarios is warranted.

The calibration and adaptation sessions were of relatively short duration (5 minutes

and ∼5-10 minutes, respectively) because of constraints on the single-session experi-

ment. This constrains conclusions regarding long-term stability for prolonged adap-

tation periods and retention over separate sessions of use. Continuous co-adaptation

over days or weeks may reveal additional dynamics in both user behaviour and model

drift, potentially uncovering new challenges (e.g. management of large volumes of

data) or presenting an even greater opportunity for improving reliability [40].

However, just as providing an increasing amount of homogeneous repetitions during

screen guided training would provide diminishing returns, it should also be consid-

ered that longer incremental learning within a static environment (that does not
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modulate its difficulty) could also provide diminishing returns. Within this study,

after only 10 minutes of incremental learning, the throughput of the incremental

learning models had begun to plateau. Consequently, to produce a higher-speed

and more precise model, future work should incentive users to push these bound-

aries via an environment with embedded curriculum learning [41].

Although sDTW introduced substantial robustness to temporal misalignment, it

incurs a higher computational cost than conventional pointwise losses like mean

squared error. In this experiment, where a desktop computer was used for live model

adaptation this computational cost was acceptable. sDTW and mean squared error

took about 1-second and 0.2-seconds per epoch for each minute of data in the Adap-

tationManager, respectively; both strategies gave the impression that adaptation

was continuous even when periods between model updates reached their maximum

(∼10 seconds). Nonetheless, performing these updates on low-compute, wearable

microprocessors may prove challenging when the stored data accrues. There are

approaches to minimize computational cost for sDTW, like Sakoe-Chiba [42], which

minimizes the off-diagonal terms in the dynamic programming process; however, the

consequences of limiting the alignment path and the effectiveness of this shortcut for

myoelectric control remain untested. Further, data prioritization strategies within

LibEMG’s AdaptationManager could keep computational costs low through lever-

aging the streaming data just once, without storing, in a manner that prioritizes

recent emergent characteristics [43].

Finally, this study offered an initial examination of transformer architectures, which

remain largely unexplored in online myoelectric control. Future work should investi-

gate alternative model configurations, including variations in network depth and the

number of attention heads. Moreover, recent success with conformer architectures

in myoelectric handwriting recognition [3] suggests that related transformer-based
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models may hold further promise for adaptive, user-in-the-loop control.

6.8 Conclusion

This work introduced T-sDTW-CIIL, a novel framework that combines temporal

neural networks, a temporal-error-tolerant loss function, and closed-loop environment-

dependent incremental learning to advance continuous myoelectric control. To our

knowledge, this is the first online, user-in-the-loop experiment to evaluate trans-

formers for continuous control, illuminating the limitations of standard calibration

procedures that lack temporal variability, and providing a solution that simultane-

ously optimizes precision and speed. Beyond improving the success rate, through-

put, path efficiency, and simultaneity gain by large margins across varying precision

requirements, the adaptation of temporal models led to a reduction in contraction

intensity during closed-loop use. Finally, analysis of the latent space revealed that

T-sDTW-CIIL developed a smooth, coherent manifold after adaptation, indicating

that the model had effectively integrated the temporal dynamics observed into a

stable, well-organized representation. Together, these findings highlight the benefit

of temporal modelling and differentiable alignment in incremental learning pipelines

and, more generally, myoelectric control.
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Chapter 7

General Discussion

7.1 Addressing Thesis Objectives

Throughout the chapters of this thesis, the three objectives established in the intro-

duction were addressed. These are briefly reviewed here, as follows.

7.1.1 Objective 1: To establish CIIL as a viable adapta-

tion strategy across both favourable and adverse de-

ployment regimes—those where unsupervised high-

confidence adaptation is expected to succeed and those

where it is expected to fail.

Chapter 3 provided the first experimental validation of CIIL, directly addressing this

objective through two complementary closed-loop evaluations. In the minimal-data

condition, representing a regime where unsupervised high-confidence adaptation is

theoretically well-suited, the chapter demonstrates that CIIL not only matches but
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surpasses existing unsupervised adaptation by improving throughput while avoid-

ing the drift that often emerges when pseudo-labels are trusted prematurely. In

the electrode-shift condition, representing a distributional mismatch that typically

causes unsupervised high-confidence adaptation to collapse, CIIL recovers perfor-

mance by reassigning pseudo-labels based on context-derived suitability rather than

raw classifier confidence. Empirical results across 32 participants showed that CIIL

consistently improved online performance and significantly outperformed unsuper-

vised high-confidence adaptation in both a sparse calibration scenario and after a

45° shift. These findings substantiate CIIL’s ability to leverage weak, task-derived

supervisory signals to support rapid, stable, and resilient adaptation across both

subtly and severely mismatched operational regimes.

7.1.2 Objective 2: To investigate the deployment of CIIL

across a spectrum of model classes, including Bayesian

classifiers, static neural networks, and temporal neu-

ral networks.

The thesis evaluates CIIL broadly across model families, demonstrating that the

framework generalizes beyond a single modelling paradigm. Chapter 3 introduced

CIIL within statistical classification models (linear discriminant analysis), showing

its capacity to stabilize and reorganize decision boundaries under perturbations.

Chapter 4 extended this evaluation to static neural networks (multilayer percep-

trons), including novel proportional-control adaptations, where CIIL enables zero-

shot learning from scratch and surpasses screen-guided training. Chapter 5 further

tests neural network-reliant CIIL in regression-based architectures, demonstrating

substantial improvements in throughput, reductions in control drift, and coherent
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re-alignment of proportional outputs during user-/co-adaptation. Finally, Chapter

6 explored CIIL within transformer-based temporal architectures combined with

differentiable temporal alignment (sDTW), and demonstrated that CIIL enables

these models to incorporate temporal dynamics into a smoother, more stable latent

manifold. Collectively, these chapters show that CIIL is not limited by model class

and can be adopted with significant benefit across statistical models, static neural

networks, and temporal neural networks.

7.1.3 Objective 3: To investigate CIIL in both classification-

based and regression-based myoelectric control

paradigms.

Classification-based CIIL was introduced and validated in Chapters 3 and 4 across

target-acquisition tasks, zero-shot continuous control, and object manipulation in

virtual reality. In all cases, CIIL improved controllability by leveraging task con-

text to correct or reinforce class predictions during real-time use. Regression-based

CIIL was then addressed in Chapters 5 and 6, where the framework was adapted to

support vector-style pseudo-labels instead of probabilities. These chapters illustrate

that context suitability can inform both the direction and magnitude of regression

outputs, enabling throughput improvements and markedly reducing drift during pro-

longed closed-loop operation. Temporal variants of regression-based CIIL (Chapter

6) further demonstrate that context-informed updates can guide the organization

of temporal feature embeddings, yielding coherent vector fields and smoother tra-

jectories. Together, these results verify that CIIL is compatible with both discrete

and continuous paradigms, providing a unifying mechanism for correcting model

predictions based on the behavioural goals implicit in the task.
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7.2 Further Contributions

Beyond the contributions that were achieved as a direct consequence of the three

main objectives of the thesis, several other noteworthy contributions were made

within this body of research.

7.2.1 Contribution 1: To establish an incremental learning

strategy for nonlinear, adaptive proportional control

within classification-based myoelectric control.

Alongside the advancements of CIIL in Chapter 4, the benefits of incremental learn-

ing for proportional control thresholds were also explored. This study leveraged

the experience buffer, stored primarily for the training of the neural network, to

re-establish the upper- and lower-thresholds of signal energy for each motion cate-

gory on a periodic basis. Further, a sigmoid mapping function was used between

these thresholds instead of the conventional linear mapping function to provide a

more accessible low speed state, which allowed for a greater speed multiplier to be

applied in this study to the output of the model without increasing overshoots ex-

cessively. Empirically, this mapping fit observed behaviours better than the linear

transfer function, as observed signal energies were most prevalent at either extreme

of the proportional control mapping rather than uniformly distributed throughout

the range (Chapter 4 Figure 4.6 A, B). Unfortunately, the long session length of

the study (and resulting fatigue) did not allow for all permutations of pipelines to

be tested to fully disentangle the influence on throughput of CIIL versus adaptive

proportional control.
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7.2.2 Contribution 2: To examine CIIL in conventional tar-

get acquisition environments and extend its applica-

tion to more complex interaction arenas.

This contribution was achieved through the progression of tasks spanning Chapters

3-6, as well as additional research conducted in collaboration with the University

of Oslo and l’Université Laval [1]. CIIL was first tested in conventional Fitts’ law

target-acquisition environments, where its strengths in stability, drift recovery, and

throughput enhancement are established. The work then advanced into increasingly

complex interaction settings. The experiment from Chapter 4 evaluated CIIL in con-

tinuous control from scratch, where the task dynamics are less constrained, and the

model must simultaneously learn both class boundaries and proportional control

mappings. The temporal neural architectures explored in Chapter 6 further tested

CIIL in environments with more dynamic behavioural sequences, showing that CIIL

helps temporal models maintain coherent latent organization even in heterogeneous,

prolonged user-interaction sessions. The experiment from the aforementioned col-

laboration deployed CIIL in a virtual-reality object-manipulation scenario involving

life-like grasps, variable task demands, and richer motion repertoires, revealing im-

provements not only in task success and speed but also in subjective workload [1].

Collectively, these studies demonstrate that CIIL generalizes effectively across task

complexity, interaction modality, and control objectives, supporting robust real-time

adaptation in both structured and ecologically richer environments.
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7.2.3 Contribution 3: To compile a comprehensive review

of state-of-the-art incremental learning approaches for

myoelectric control, with emphasis on how different

strategies address distribution shift between calibra-

tion and deployment.

Chapter 2 delivered this review by situating incremental learning within the broader

historical and technical landscape of myoelectric control. The work synthesizes

decades of research, transitioning from direct control to pattern-recognition ap-

proaches and identifies the persistent challenge of distribution shift arising from

non-stationary EMG signals and behavioural variability. It introduces a structured

taxonomy covering dedicated on-demand recalibration, unsupervised incremental

learning, predictor-dependent incremental learning, and environment-dependent in-

cremental learning, mapping each to the specific types of distribution shift they

are designed to mitigate. The review clarifies the limitations of purely supervised

calibration—particularly its sensitivity to screen-guided data and static behavioural

assumptions—and frames incremental learning as a necessary paradigm shift to-

ward continuous, user-in-the-loop adaptation. Further categorizations of incremen-

tal learning goals (domain-, task-, and class-incremental) and emerging methods

such as transfer learning, domain adaptation, and self-supervised regression deepen

the analysis, establishing a comprehensive conceptual foundation for understanding

how various strategies attempt to preserve robustness as conditions drift between

calibration and deployment.

Although other review papers have touched on the out-of-distribution problem from

the perspective of confounding factors [2, 3], or user-learning/internal model for-

mation [4], it should be noted that this is the first review to focus explicitly on
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model-learning in user-in-the-loop myoelectric control.

7.2.4 Contribution 4: To make incremental learning more

accessible for the community by open-sourcing soft-

ware into LibEMG.

Developing incremental learning systems requires substantial engineering and inte-

gration efforts to enable pseudo-real-time model adaptation. This added complexity

can hinder their reproducibility and translation to the research community and in-

dustry despite the consistent performance gains reported in this thesis and in prior

work. Through repeated implementation of incremental learning pipelines across

multiple software environments (Chapters 3–4: Unity; Chapters 5–6: PyGame; [1]:

Unity/OpenXR; ongoing work: MuJoCo, Vicon) and learning paradigms (Chapters

3–4: classification-based CIIL; Chapter 3: unsupervised high-confidence adaptation;

Chapters 5–6: regression-based CIIL), the resulting software has evolved into a rea-

sonably generalizable framework. Each iteration introduced challenges to contend

with. At first, when relying on Bayesian classifiers, model updates were performed

near instantaneously, and all processing could be handled sequentially. However,

after neural networks were introduced in Chapter 4, sequentially performing all op-

erations (model inference, model adaptation, and harvesting input-output pairs)

was no longer feasible as an epoch of adaptation exceeded the time between win-

dows. This motivated a multi-process structure with many interconnections to notify

when a new pseudo-label was produced, when a new series of input-output pairs was

ready to send to the adaptation thread, and when an updated model was ready to be

swapped into the online prediction thread. To improve accessibility for the research

community, this framework has been open-sourced within LibEMG [5]. This com-

prehensive Python library for myoelectric control, co-developed and released by the
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candidate, supports and integrates existing datasets, input devices, algorithms, and

outputs that many researchers already use and has seen rapid adoption in the field.

LibEMG 1.0.0 was released in August 2024 and has been downloaded more than

11,000 times across 70 countries as of February 2026. Figure 7.1 briefly illustrates

the various new components of the incremental learning software.
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Figure 7.1: Overview of the incremental learning framework integrated into LibEMG. The system comprises four asynchronous
processes: the Online Predictor, Environment, Memory Manager, and Adaptation Manager. The Online Predictor performs
real-time inference and dynamically swaps to updated models when the Adapt Flag is triggered. The Environment consumes
model outputs to drive task dynamics (e.g., cursor control) and returns Environment Feedback used for context-informed
incremental learning or reinforcement learning. The Memory Manager associates model inputs with environment feedback
and persists input–feedback pairs as adaptation-ready data. The Adaptation Manager incrementally updates the model using
newly accumulated memory chunks, signals model availability to the Online Predictor, and coordinates data collection during
adaptation.
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7.3 Positioning CIIL Within Existing Context-

Derived Adaptation Strategies

A brief comparison with prior context-derived adaptation strategies is valuable at

this stage of the discussion. Although earlier work has demonstrated that task con-

text can serve as a useful supervisory signal in user-in-the-loop adaptation, these

approaches have been limited in scope and typically bound to specific control formu-

lations or constrained task structures. In contrast, the findings presented throughout

this dissertation show that CIIL provides a generalizable and principled mechanism

for incorporating situational context into incremental learning. This section, there-

fore, highlights how CIIL extends and differentiates itself from existing methods,

clarifying its unique contribution to the literature and reinforcing its role as a flexi-

ble, behaviour-aligned framework for real-time adaptive myoelectric control.

7.3.1 Regression-Based Context Leveraging

Several prior works have studied task-derived situational context, and it is important

to position CIIL within this broader literature. Early evidence for using contextual

information in incremental learning came from Hahne et al. [6], who adapted a

position-based regression controller online during a target-acquisition task using the

known target location as a supervisory signal. Chou et al. [7] recently validated

this idea by demonstrating that target-derived (and eye-gaze–derived) pseudo-labels

could reliably guide adaptation in a position-based environment. In these cases, the

target location provides a unique or near-unique solution for the desired output,

making pseudo-label assignment straightforward and, effectively, an extension of

the initial calibration process.

However, the situation is fundamentally different for velocity-based control—the
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paradigm used throughout Chapters 3–6. In velocity control, the model must infer

the direction of motion at each timestep, and this direction is inherently non-unique.

Users often pursue the target by decomposing the motion into sequential compo-

nents along each axis, even when simultaneous multidimensional control is possible.

If pseudo-labels were assigned using the same direct “ideal direction” approach used

in position-based adaptation, the system would forcibly impose simultaneous move-

ment even when the user intends sequential motion, thereby increasing the future

likelihood of action interference.

CIIL addresses this mismatch by using situational context not to prescribe a sin-

gle ideal action, but to define a set of context-eligible actions—supporting fully

simultaneous, partially simultaneous, or fully sequential strategies. This flexibility

makes CIIL uniquely compatible with velocity-based incremental learning, where

user behaviour is more varied and existing task-derived pseudo-labelling strategies

are insufficient.

7.3.2 Classification-Based Context Leveraging

A similar line of work exists in the classification-based myoelectric control literature,

where task context was used to guide adaptation before the development of CIIL.

Woodward et al. [8] demonstrated this in a serious-games environment designed to

mitigate the limb-position effect. In their task, users were required to orient their

limb toward a visual target while the controller classified the intended gesture (wrist

flexion, wrist extension, or no motion). Whenever the controller’s prediction did not

correspond to the gesture indicated by the game’s target, the system replaced the

model’s prediction with the correct label and used it as a pseudo-label for adaptation.

This mechanism is conceptually similar to the N-CIIL strategy examined in Chapter

3, as both approaches exploit explicit task constraints to refine model predictions
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over time. However, because Woodward’s method depends on a task structure with

a single correct gesture for each trial, it is inherently limited to scenarios with an

unambiguous solution and does not generalize to tasks where users may employ

multiple valid movement strategies.

Situational context has also begun to play a role in areas of myoelectric control

beyond incremental learning, most notably in shared-control frameworks. These

approaches operate on the premise that environmental perception can, in some

cases, provide more reliable information about user intent than EMG alone. For

example, Marković et al. [9] proposed systems in which external sensors infer the

most likely grasp based on the surrounding scene, and the prosthesis executes that

grasp whenever the user produces a generic contraction. While promising, early

vision-based grasp-selection systems achieved recognition rates of only around 88%

[10], and errors of this kind can meaningfully undermine user agency. More recently,

Chamberland et al. [11] leveraged visual scene understanding to suppress implau-

sible classes while still allowing the myoelectric controller to determine the final

action. Their system, driven by a more capable vision model, achieved a 98% object

identification rate and reduced misclassifications in myoelectric intent recognition

by 60–100% across scenarios. As foundation models and scene-understanding sys-

tems continue to mature, both shared-control strategies and CIIL-like approaches

that use situational context to guide or constrain myoelectric intent recognition

will likely become increasingly effective and more viable for deployment in realistic,

unconstrained environments.
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7.4 Future Work and Limitations

7.4.1 Principled Analyses of Adaptation Dynamics

While this research demonstrated that CIIL is robust and versatile across architec-

tures and tasks, future work should aim to characterize its adaptation behaviour

more rigorously from a dynamical systems perspective. Existing analyses of co-

adaptive myoelectric systems have typically relied on performance metrics such as

throughput, path efficiency, or cursor error—metrics that, while informative, of-

ten fail to capture the nuanced temporal evolution of the user–model dyad. For

instance, in Chapter 7, quiver plots provided general insights into the remapping

that is established through CIIL, but this technique alone does not explain if input

data still appears novel (high surprise), or if the incremental learning is currently

bias-dominated (learning towards a minima) or variance-dominated (regularizing

weights) [12]. Recent work by Al-Tahir et al. [13] introduced a compelling alterna-

tive: leveraging Poincaré maps—commonly used in bipedal locomotion studies—to

visualize and quantify the periodic dynamics of co-adaptive control systems. Their

analysis revealed that co-adaptive myoelectric interfaces, especially those involving

continuous feedback and retraining, exhibit cyclic and sometimes chaotic behaviours

that are poorly understood using traditional time-series plots. While the framework

has shown empirical robustness, especially under distributional shift, there is lim-

ited understanding of how CIIL modulates user–model interactions over time. For

example, such analyses might expose latent instability under aggressive pseudo-label

reassignment or uncover patterns of stable convergence across repeated task expo-

sures. These findings would complement the behavioural metrics already explored

in the thesis and could inform adaptive parameter scheduling or more principled

pseudo-label selection.

247



7.4.2 Psychological Aspects and Human Factors in Incre-

mental Learning

Chapter 3 of this thesis included a NASA Task Load Index (NASA-TLX) to assess

subjective workload during different adaptation strategies, but several psychologi-

cally grounded metrics remain underutilized in CIIL’s evaluation. In particular, con-

cepts from the neuroergonomics and HCI literature—such as sense of agency, own-

ership, and incorporation—are increasingly recognized as critical to understanding

how users perceive and internalize adaptive systems [4]. While CIIL emphasizes be-

havioural goals inferred from task context, it is equally important to assess whether

users feel in control of the adaptation process and whether the system supports or

undermines their sense of autonomy.

Moreover, these metrics offer a pathway toward clinical and translational validation

of adaptation frameworks. In rehabilitation or assistive device contexts, the degree

to which users feel in control may be as important as measured performance. For

example, a high-performing but disempowering system could reduce adherence or

increase cognitive load [14]. Future iterations of CIIL could incorporate such met-

rics longitudinally to measure not only how performance evolves but also how the

user–system relationship matures. Incorporation and agency scores may also serve

as optimization targets during personalization, leading to CIIL variants that adapt

not only for performance, but for human comfort and engagement.

7.4.3 Benchmarking CIIL Against Reinforcement Learning

The development of CIIL was heavily inspired by the limitations of unsupervised

high-confidence adaptation and reinforcement learning in user-in-the-loop scenarios.

While CIIL has already been benchmarked against confidence-based unsupervised
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adaptation in Chapter 3, no direct comparisons have been made with reinforcement

learning paradigms. This represents a key opportunity for future investigation,

particularly given the growing interest in reinforcement learning-based control for

prosthetics and assistive technologies.

Existing work in this space is limited but instructive. Freitag et al. [15] imple-

mented a user-in-the-loop Q-learning controller in a simplified game-based environ-

ment (Guitar Hero), while Pilarski et al. [16] explored actor–critic methods for pros-

thesis control using sparse feedback signals. However, there is still a lack of consensus

on which reinforcement learning strategies (on/off-policy, model-based/model-free,

actor–critic, etc.) are best suited for classification- and regression-based myoelectric

control.

Nevertheless, benchmarking CIIL directly against reinforcement learning under

matched conditions—across tasks, architectures, and reward sparsity—could help

illuminate where each approach excels or fails. Such comparative studies would also

enable hybrid frameworks, where context-informed adaptation primes the model

for reinforcement learning fine-tuning or vice versa. Ultimately, the goal is to un-

derstand whether CIIL’s contextual pseudo-labelling offers comparable long-term

benefit to the delayed but potentially more nuanced optimization offered by rein-

forcement learning.

7.4.4 Developing CIIL Strategies for Additional Myoelec-

tric Control Arenas

While this work has validated CIIL in both classification-based and regression-based

myoelectric control, several emerging areas of myoelectric research could also bene-

fit from the framework. These include discrete control (e.g., event-based detection
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of gestures such as snaps or swipes) [17], handwriting recognition (a hierarchical

extension of discrete control involving character and word-level modelling) [18], and

spike train decomposition (isolating individual motor unit activations from sEMG

signals) [19]. First, in discrete control, task environments often contain sufficient

structure to support context-derived pseudo-labels—for example, navigating a UI

grid with sparse interconnections or interacting with widgets that permit only a

limited set of valid gestures. These scenarios closely parallel the context-labelling

mechanisms used throughout this thesis, making them well-suited for CIIL-based

adaptation. Second, handwriting recognition systems similarly operate within con-

strained, structured domains. Lexicons provide a ground truth reference for valid

outputs, enabling error detection when decoded words fall outside the allowable vo-

cabulary. Pseudo-labels could be inferred by identifying lexicon entries with small

Hamming distances to the observed output or via proximity in a learned latent

embedding space. This form of error-aware correction aligns well with CIIL’s use

of context to guide adaptation. Finally, spike train decomposition—a process typi-

cally used to identify motor unit discharge timings from raw EMG—could serve as a

learnable preprocessing block in a CIIL-enabled continuous control pipeline. During

adaptation, this component could be fine-tuned alongside a downstream classifier

or regressor. Once adaptation stabilizes, the decomposition module could revert to

its canonical use, now better aligned with user-specific signal characteristics. In all

these cases, the core CIIL principle—leveraging situational structure to guide online

learning—remains applicable and valuable.

7.4.5 Translation to a Clinical Population

While interest in myoelectric control is growing within the broader human–computer

interaction community, the strategies developed and evaluated in this thesis were
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primarily motivated by the goal of improving intent recognition for powered upper-

limb prostheses. Myoelectric interfaces are increasingly being used in clinical popu-

lations, including individuals with neuromuscular disorders or stroke-related motor

impairments [20]. A key limitation of this work, however, is that all experiments

were conducted exclusively with able-bodied participants. Future research should

investigate the applicability and effectiveness of CIIL in these clinical populations,

where signal variability, motor control strategies, and adaptation dynamics may dif-

fer substantially. Nonetheless, translation to these clinical populations may present

the opportunity to overcome the systematically lower performance they experience

with traditional calibration approaches [2], and harness gestures that feel more nat-

ural than those prescribed for normative populations (i.e., congenital amputees may

struggle to produce gestures that their musculature doesn’t support).

7.5 Conclusion

The studies described in this dissertation introduced Context-Informed Incremental

Learning (CIIL) as a versatile and robust framework for real-time adaptation in

myoelectric control. Through extensive user-in-the-loop experimentation, CIIL was

shown to outperform conventional and confidence-based methods across a range of

model types, control paradigms, and task complexities. By leveraging situational

context to guide adaptation—even in the absence of explicit supervision—CIIL offers

a scalable solution to the persistent challenge of distribution shift in user-in-the-loop

systems. While demonstrated here using able-bodied participants, future work will

be critical to validate its impact in clinical populations. Ultimately, CIIL represents

a step toward more intuitive, resilient, and personalized myoelectric interfaces.
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Allard, and B. Gosselin, “Context informed incremental learning improves myo-

electric control performance in virtual reality object manipulation tasks,” arXiv

preprint arXiv:2505.06064, 2025.

[2] E. Scheme and K. Englehart, “Electromyogram pattern recognition for control

of powered upper-limb prostheses: state of the art and challenges for clinical

use.,” Journal of Rehabilitation Research & Development, vol. 48, no. 6, 2011.

[3] E. Campbell, A. Phinyomark, and E. Scheme, “Current trends and confound-

ing factors in myoelectric control: Limb position and contraction intensity,”

Sensors, vol. 20, no. 6, p. 1613, 2020.

[4] J. W. Sensinger and S. Dosen, “A review of sensory feedback in upper-limb

prostheses from the perspective of human motor control,” Frontiers in neuro-

science, vol. 14, p. 345, 2020.

[5] E. Eddy, E. Campbell, A. Phinyomark, S. Bateman, and E. Scheme, “Libemg:

An open source library to facilitate the exploration of myoelectric control,”

IEEE Access, vol. 11, pp. 87380–87397, 2023.

[6] J. M. Hahne, S. Dähne, H.-J. Hwang, K.-R. Müller, and L. C. Parra, “Concur-

rent adaptation of human and machine improves simultaneous and proportional

myoelectric control,” IEEE Transactions on Neural Systems and Rehabilitation

Engineering, vol. 23, no. 4, pp. 618–627, 2015.

[7] A. H. Chou, M. Madduri, S. J. Li, J. Isa, A. Christensen, F. Hutchison, S. A.

Burden, and A. L. Orsborn, “Using eye gaze to train an adaptive myoelectric

interface,” bioRxiv, pp. 2024–04, 2024.

252



[8] R. B. Woodward and L. J. Hargrove, “Adapting myoelectric control in real-time

using a virtual environment,” Journal of neuroengineering and rehabilitation,

vol. 16, no. 1, p. 11, 2019.

[9] M. Markovic, S. Dosen, D. Popovic, B. Graimann, and D. Farina, “Sensor fusion

and computer vision for context-aware control of a multi degree-of-freedom

prosthesis,” Journal of neural engineering, vol. 12, no. 6, p. 066022, 2015.

[10] G. Ghazaei, A. Alameer, P. Degenaar, G. Morgan, and K. Nazarpour, “Deep

learning-based artificial vision for grasp classification in myoelectric hands,”

Journal of neural engineering, vol. 14, no. 3, p. 036025, 2017.
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