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Abstract

Co-adaptive Human-Machine Interaction with Multimodal Inputs

Amber Hsiao-Yang Chou

Chair of the Supervisory Committee:

Chair Samuel A. Burden

Department of Electrical and Computer Engineering

Human-machine interfaces record biosignals generated by humans – such as neural (brain),
visual (gaze), or limb movement – and decode them into control commands for compu-
tational, robotic, and assistive systems. However, the widespread clinical and consumer
adoption of biosignal-based human-machine interfaces remains limited. Conventional sys-
tems struggle to generalize across diverse user populations, leading to poor usability and
high abandonment rates, particularly among individuals with motor impairments. There
is a need to seamlessly tailor these interfaces to diverse users and contexts, providing an
“out-of-the-box” solution that requires no expert setup. This problem has traditionally
been challenging because biosignals have large variability, which leads to extensive inter-
face calibration across people and within the same user over time. This dissertation builds
on prior research to address this challenge, laying the groundwork for interfaces personal-
ized to individual needs and abilities. Specifically, I combined theoretical frameworks from
control theory with data-driven and neuroengineering methods to: (1) model humans as
control systems interacting with machines to investigate user strategies and adaptations in
multimodal interfaces, and use these insights to (2) design intelligent interfaces that
co-adapt in real time — that is, adapt in response to users’ ongoing adaptation.

This dissertation demonstrates how I integrated systems with multimodal inputs, including
surface electromyography (EMG), eye tracking, and manual joystick, and used experimental
data from human participants to model user behaviors. I then developed machine learning
algorithms to engineer interfaces that automatically adapt to individual usage, allowing
continuous calibration with multimodal inputs. This setup provided a new paradigm to
investigate the emerging co-adaptation patterns between human and intelligent interfaces.
In summary, this work provides new theoretical, computational, and experimental tools for
personalizing adaptive, multimodal interfaces to diverse users and tasks. Moving forward, I



plan to implement the frameworks in rehabilitation programs, such as robot-guided therapy,
to deliver personalized interventions for people with motor impairments. Together, this
work will enhance the usability, generalizability, and clinical translation of biosignal-based
human-machine interfaces.
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Chapter 1

INTRODUCTION

1 Biosignal-based human-machine interfaces: advantages and current challenges

Biosignals generated by humans – including neural, visual, audio, movement data – are
increasingly integrated into consumer and medical devices. They drive a wide range of
applications, such as everyday wearables, teleoperation (Farry et al., 1996; Morelli et al.,
2016; Murphy, 2004), human-computer interfaces and VR/AR (Bilmes et al., 2005; Phelan
et al., 2021), brain-computer interfaces (Collinger et al., 2013; Willett et al., 2023), upper-
limb (Farina et al., 2023; Fougner et al., 2012; Kiguchi and Hayashi, 2012; Onose et al., 2012;
Smith et al., 2016) and lower-limb prostheses (Song et al., 2024), shared driving (Gnatzig
et al., 2012; Mars et al., 2014), neurorehabilitation (Hung et al., 2021; McDonald et al.,
2020; Mugler et al., 2019; Rizzoglio et al., 2019). In these systems, an interface uses sensors
to record biosignals and algorithms to decode them into control commands for an external
machine. It also provides state feedback to the user, allowing them to adjust their actions to
achieve the task goal. Here, I define machines broadly as external physical or virtual systems
with dynamic properties, ranging from simple simulated cursors to multi-degree-of-freedom
robotic devices.

Biosignals provide always-available (continuous), high-bandwidth (temporal richness) and
high-dimensional (spatial richness) data (Drost et al., 2006; Saponas et al., 2009; Zheng et al.,
2022), thus facilitating more degrees of freedom and more intuitive control than traditional
manual interfaces like joysticks, mice, and keyboards (Lobo-Prat et al., 2014; Yamagami
et al., 2020). While manual interfaces or kinematic interfaces (e.g. motion capture, inertial
measurement units, IMU) remain the most familiar to users, they rely on physical mobility
and are often inaccessible to individuals with neurological or acute injuries (Findlater et al.,
2017). In contrast, modalities that do not rely on limb movement or joint kinematics, such
as gaze, speech, or neural data, offer an accessible alternative for restoring motor functions
across diverse populations (Bilmes et al., 2005; Huang et al., 2015b; Manero et al., 2022;
Yamagami et al., 2020). For instance, movement intent can still be inferred from neural
signals in cases of limb amputation, severe motor impairments, or limited dexterity (Borgestig
et al., 2016; Elliott et al., 2019; Farina et al., 2023; Fleming et al., 2021). However, while
assistive technologies utilizing gaze or speech are relatively mature, the widespread adoption
of neural interfaces remains limited, particularly outside of laboratory settings.
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1.1 Current challenges of neuromotor interfaces

Neuromotor interfaces record neuronal activity from the brain or periphery, such as in-
tracortical recording, electromyography (EMG), or electroencephalography (EEG). They
then use a computational model, or decoder, to translate these signals into control com-
mands that drive robotic joint torque (Hochberg et al., 2012; Song et al., 2024), gesture-
controlled systems (Saponas et al., 2008; Kaifosh et al., 2025), or brain-controlled cursor
movements (Hochberg et al., 2006; Kim et al., 2008). Users receive sensory feedback, which
may include visual, haptic, or proprioceptive cues. This feedback establishes a closed-loop
interaction, placing the interface and the machine in-the-loop with the user.

The limited adoption of neuromotor interfaces stems not only from the inherent risks of
invasive neural recordings; even non-invasive technologies, such as surface electromyography
(sEMG), face significant translational challenges including low usability and high abandon-
ment rates among individuals with motor impairments (Farina et al., 2014; Resnik et al.,
2020). These challenges are primarily driven by the factors listed below. I will use sEMG
interfaces as a primary example in discussing the challenges, but it is important to emphasize
that these challenges are not unique to myoelectric interfaces; rather, they persist across a
wide range of neuromotor modalities.

(1) Nonstationarity: Neural signals have high signal variability across sessions, and have
high sensitivity to perturbations (Artemiadis, 2012; Farina et al., 2014). For instance, muscle
signals measured from the skin change over time due to fatigue, sweating, and change in elec-
trode positions (Artemiadis and Kyriakopoulos, 2008; Fougner et al., 2011; Jiang et al., 2012;
Yousif et al., 2019). In addition, humans are not a stationary data source. Behavioral pat-
terns dynamically adapt as people (or animals) receive sensory feedback while learning new
interfaces and motor tasks, which could lead to day-to-day variability in performance (Al-
bert and Shadmehr, 2016; Green and Kalaska, 2011; Jackson and Fetz, 2011; Shenoy and
Carmena, 2014; Taylor et al., 2002). In healthcare and rehabilitation, patients’ health and
motor abilities also change during the recovery process (Levin and Demers, 2021; Navarro-
Barrientos et al., 2011; Yao et al., 2017). Therefore, these changes often lead to a mismatch
between the performance of conventional models trained in open-loop (user not in the loop;
offline) and the performance during closed-loop (user in the loop; online) operation (Chase
et al., 2009; Hahne et al., 2017; Jiang et al., 2012; Koyama et al., 2010; Shenoy and Carmena,
2014), requiring extensive and frequent re-calibration of neuromotor interfaces.

(2) Limited generalization: While training a generic interface on large datasets can yield
high performance during closed-loop operation (Pan et al., 2018; Cote-Allard et al., 2019;
Kaifosh et al., 2025), this paradigm relies on expensive offline training data spanning thou-
sands of participants, making it difficult to translate to diverse tasks or clinical populations.
Specifically, offline training frameworks often restrict users to a rigid, predefined set of tasks
and movements established during calibration. For example, sEMG interfaces are commonly
trained with specific gestures (kinematic labels (McIntosh et al., 2016; Muceli and Farina,
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2012; Saponas et al., 2008)) or contractions (kinetic labels (Jiang et al., 2009)) for specific op-
erations like reaching or selecting. Such constraints limit online utility, as real-world human
interactions with machines and computers are highly variable (Mack et al., 2022; Pandari-
nath et al., 2017; Yamagami et al., 2023b). A model trained on a reaching task may have
varied performance when transitioned to different contexts (Shenoy and Carmena, 2014),
such as typing or grasping. This generalization challenge is further amplified in individu-
als with motor impairments. Because generic models are predominantly trained on healthy
cohorts, they scale poorly to clinical use cases where patient data is scarce and underlying
pathologies are highly varied.

(3) Subject variability in learning: Similar to how people learn sensorimotor skills, users
naturally learn when interacting with neuromotor interfaces (Albert and Shadmehr, 2016;
Carmena et al., 2003; He et al., 2015; Taylor et al., 2002). One could theoretically deploy a
reasonable generic interface and rely entirely on user adaptation to bridge any performance
deficits. However, neuromotor interfaces exhibit variable baseline performance across dif-
ferent users (Leeb et al., 2013; Pandarinath et al., 2017) and are often time-consuming or
difficult to learn, frequently resulting in a high percentage of subject inefficiency (Guger
et al., 2003; Zhang et al., 2020a). This highlights a need for personalized interfaces that
are easily learnable and accommodate individual learning patterns, which requires a shift
towards investigating how user and interface interact (Perdikis and Millan, 2020).

In rehabilitation contexts specifically, a primary objective is to promote motor learning,
by providing resistive training with devices (Emken and Reinkensmeyer, 2005). Existing re-
search on resistive robotic devices mostly relies on non-adaptive control strategies (McDonald
et al., 2020), or adaptive systems trained on offline human data (Peña et al., 2019; Perez-
Ibarra et al., 2019; Yao et al., 2018). However, functional recovery outcomes vary widely and
often plateau after extensive training (Page et al., 2004; Schmidt et al., 2018). Introducing an
intelligent interface in the loop — that can dynamically optimize for each patient’s evolving
recovery — may further increase patient engagement and facilitate learning (Zhang et al.,
2023; Chemuturi et al., 2013; Furuya et al., 2025; Madduri et al., 2023).

1.2 The vision for neuromotor interfaces

The overarching vision for these neuromotor interfaces is twofold. First, from an assistive
perspective, they aim to seamlessly tailor control parameters to diverse users and tasks,
ultimately providing an “out-of-the-box” solution that eliminates the need for expert setup or
frequent recalibration. Second, from a rehabilitation or training perspective, they seek
to systematically shape user adaptation, promoting motor learning and guiding interaction
outcomes. Achieving these long-term goals motivates a shift toward interfaces that co-adapt.
Such systems continually monitor real-time deployment and adapt the interfaces in response
to the user’s ongoing adaptation.
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Figure 1.1: The closed-loop co-adaptation framework for human-machine interaction. The hu-
mans, adaptive interfaces, and machines interact in a closed-loop setting. The interface is composed
of motor and sensory components, which are connected to the human and machine, respectively.
(Top of the interface; motor pathway) Humans provide multimodal biosignal inputs that are con-
tinuous, such as neural recordings and eye tracking. These human inputs are mapped into control
commands through a decoder or controller, to control machines such as a prosthetic limb or a com-
puter cursor. (Bottom of the interface; sensory pathway) The machine states are transformed into
sensory feedback or stimuli to humans, which can be visual, audio, or haptic cues. The interface is
adaptive, meaning that the decoder, controller, or sensory feedback can be updated in real time,
computed by algorithms. The algorithmic parameters can be adaptive as well. Humans’ behaviors
and signals change over time, and the interface is continuously updated to accommodate for the
change in users. The adaptive nature is illustrated as a red arrow pointing to the top right.

2 Co-adaptation between humans and interfaces

Continuously adapting interfaces in a closed-loop — while the user operates the system
and receives sensory feedback — can potentially bridge the performance gap between offline
training and online testing, and guide user adaptation (Taylor et al., 2002; Gage et al.,
2005; Ganguly and Carmena, 2009; Gilja et al., 2012; Gajos et al., 2012; Hahne et al., 2017;
Madduri et al., 2023; Chasnov et al., 2025). In this context, machine learning algorithms
are deployed in-the-loop with the user and the external device (Nothwang et al., 2016).
The component that dynamically updates is the computational model, such as decoders
(mappings or transformations), controller coefficients, and/or the algorithmic parameters,
while the physical components like the sensors are usually not modified. Figure 1.1 illustrates
a framework of co-adaptation between the human and the adaptive interface during human-
machine interaction.
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The concept of adapting algorithms in-the-loop of people has been studied in disparate fields,
such as human-robot interaction (HRI) (Bengler et al., 2014; Li et al., 2019; Zemmar et al.,
2020), brain-computer interfaces (BCI) (Madduri et al., 2026; Mahmood et al., 2019; Orsborn
et al., 2012), body-machine interfaces (BoMI) (De Santis, 2021; Miehlbradt et al., 2018),
human-computer interfaces (HCI) (Eisenstein and Puerta, 2000), personalized footwear in
biomechanics (Tankink et al., 2024), assistive devices (Azimi et al., 2021; Felt et al., 2015;
Slade et al., 2022; Zhang et al., 2017a; Zhuang et al., 2019b), and rehabilitations (Hardeman
et al., 2019; Nahum-Shani et al., 2015).

The fundamental challenge of co-adaptation lies in determining when and how much the
model or algorithm should adapt. A parallel idea is the just-in-time adaptive interven-
tions (JITAIs) in the digital healthcare domain, which aims to provide interventions to
address the dynamically changing needs of individuals “at the right time, in the right quan-
tities” (Nahum-Shani et al., 2018). Studies in this domain measure patient’s real-time psy-
chological or physiological states to inform intervention decisions, such as mobile health
notifications (Hardeman et al., 2019; Hsu et al., 2025), to optimize for fitness or recovery
goals (Mistiri et al., 2025; Hekler et al., 2018).

Synthesizing optimal adaptive strategies at the right time and quantities would require
an accurate human model to estimate the user’s dynamic, time-varying behaviors. How-
ever, because optimal assistance patterns are highly varied across people (Zhang et al.,
2017a) and user behaviors dynamically adapt in response to intelligent assistance (Green
and Kalaska, 2011; Orsborn and Carmena, 2013), a fixed human model fitted on open-loop
(offline) data (Mistiri et al., 2025) is often insufficient. Modeling these complex adaptations
purely through offline data would demand extensive datasets spanning diverse, unconstrained
human adaptive strategies. However, this is difficult to meet, particularly within clinical pa-
tient populations.

2.1 Human-in-the-loop optimization

Although a human model remains difficult to obtain, one prominent framework for achiev-
ing human-machine co-adaptation is human-in-the-loop optimization, wherein the algorithm
updates the underlying model (i.e. the decoder, controller, or optimizer) to maximize sys-
temic performance, without requiring an explicit human model (Slade et al., 2024). Instead,
this approach treats the human, interface, and machine as a single unified system, focusing
on optimizing toward a predefined performance metric, or measurable physiological objec-
tive, such as minimizing energy cost (Kantharaju et al., 2023; Slade et al., 2022; Zhang
et al., 2017a), maximizing speed (Song and Collins, 2021), or increasing efficiency (De San-
tis, 2021). However, algorithmic optimization typically relies on an explicit human objective
function to compute mathematical gradients, yet the true cost functions governing human
co-adaptation during machine interaction remain largely unknown. Thus, studies have also
investigated using more inclusive objectives that encompass several metrics, such as user
preference (Ingraham et al., 2022; Tucker et al., 2020), to optimize for the user in-the-loop.
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The human-in-the-loop optimization framework has been adopted to improve prostheses in
gait research. For instance, in a lower-limb exoskeleton scenario aimed at reducing the energy
consumption of walking (Slade et al., 2022), the optimizer continually tracked metabolic cost
via respiratory data and periodically searched over optimal torque patterns that minimize
energy expenditure. This computational loop is repeated continuously, allowing the system
to update in real time as the user adapts. By directly optimizing control parameters with
real-time measurements, this framework bypasses the need for an explicit human model or
extensive offline pre-training datasets.

2.2 Closed-loop decoder adaptation

In applications like neuromotor interfaces, explicit knowledge of the user’s intention is often
used to deliver accurate control for actions such as reaching or typing. If we can identify
user’s task goal, we can use it as labeled data to train the decoder using machine learning.
But this presents a new challenge: how to obtain labeled training data at the same time
that the interface is being used? Current algorithms address this challenge by making use
of information about calibration tasks that are prescribed to users, such as the target po-
sitions and velocities, and apply supervised learning algorithms to update the decoder over
time (Dangi et al., 2013; Gilja et al., 2012; Madduri et al., 2022; Orsborn et al., 2012; Sil-
versmith et al., 2020). These studies demonstrate that online decoder adaptation provides
rapid initial calibration while continually retraining the decoder to account for signal non-
stationarities (Hahne et al., 2015). The adaptive decoders presented in this framework also
do not require a large dataset to be collected offline; instead, they are trained entirely online
using the individual user’s data.

Nevertheless, standard supervised approach assumes access to ground-truth intent labels,
which are typically collected through prescribed, structured calibration tasks. While a struc-
tured calibration is acceptable for training an initial decoder, it becomes tedious if users must
stop what they are doing to recalibrate every time the interface fails or when they switch to
different tasks. Thus, BCI researchers have explored adaptation methods without the need
for structured tasks via unsupervised approaches that eliminate labeled training data, in-
cluding regression paradigms, principal component analysis (PCA), template matching, and
autoencoders (De Santis, 2021; Jarosiewicz et al., 2015; Li et al., 2011; Rizzoglio et al., 2021;
Sussillo et al., 2016). These unsupervised methods benefit the generalizability of neural inter-
faces during diverse, less structured, or self-paced tasks like free typing or writing (De Santis,
2021; Jarosiewicz et al., 2015).

2.3 Modeling co-adaptation between human and interface

While the above co-adaptive approaches demonstrate significant promise across various ap-
plications, they offer no theoretical guarantees regarding the equilibrium between the two
intelligent agents, the human and the interface. Thus, the fundamental challenge of de-
signing the optimal adaptive strategies remains largely unresolved. Predicting the outcomes
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of these complex interactions under different adaptive strategies is critical to guaranteeing
safety and performance. To achieve this, it is helpful to establish a model of human-interface
co-adaptation.

Because a complete empirical model is not yet available, we can begin with a simpli-
fied, parsimonious model as a foundation. Prior literature has investigated Bayesian mod-
els (Kording and Wolpert, 2004; Körding and Wolpert, 2006) and optimal feedback control
laws (Diedrichsen et al., 2010; Todorov, 2004) to describe human sensorimotor control. Simi-
larly, in the domain of human-machine interaction, classical frameworks such as the crossover
model (McRuer and Jex, 1967) and inverse feedforward architectures (Drop et al., 2019; Wa-
sicko et al., 1966; Yamagami et al., 2021b) have been deployed to capture human’s control.

To apply an optimization framework under the assumption that human minimizes an internal
cost, a fundamental question arises: which objective function best captures user adaptation
during machine interaction? Although there is no answer to this question yet, prior stud-
ies have proposed cost functions with a composite structure consisting of task error and
user effort (Berret et al., 2011; Emken et al., 2007), as the human brain tends to minimize
metabolic or physical effort to optimize efficiency (Franklin et al., 2008). While these ideal-
ized human models and objective functions are inevitably approximations rather than exact
representations, they still provide valuable conceptual contributions for understanding and
predicting real-world human-machine interactions.

With a proposed human cost function, prior literature has modeled the interaction between
the two intelligent agents, human and interface, as a two-learner problem. In this paradigm,
agents employ optimal control (Hafs et al., 2026; Li et al., 2019; Pezeshki et al., 2023) or
gradient descent (Felt et al., 2015; Chasnov et al., 2020; Madduri et al., 2021) to optimize
either a joint objective function (Müller et al., 2017) or their respective individual cost func-
tions (Madduri et al., 2026), thereby participating in a dynamic game (Başar and Olsder,
1998). Various game-theoretic equilibrium outcomes, such as convergence and stationary
points, have been demonstrated in human-machine interaction (Chasnov et al., 2025; Mad-
duri et al., 2026).

These game-theoretic frameworks are powerful tools for predicting co-adaptation outcomes
and determining optimal adaptive strategies. Importantly, what is considered “optimal” de-
pends on the application; for instance, in a cooperative setting, the priority may be for the
interface to maximize assistance to the user, whereas in a rehabilitation setting, the objective
is often to encourage larger user movement and effort. By leveraging this two-learner frame-
work, researchers can theoretically predict whether and how the two agents will converge.
This allows a systematic evaluation of different adaptive parameters, such as assistance lev-
els (Hafs et al., 2026) or algorithmic adaptation rates (Chasnov et al., 2025; De Santis, 2021;
Madduri et al., 2026), to induce targeted convergence patterns and ultimately shape the
co-adaptive interaction.
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2.4 Limitations in current co-adaptation frameworks

One limitation of the game-theoretic frameworks in prior work is that they formulate the
human updates as deterministic optimal control problems in a dynamic game, with a stan-
dard assumption that both agents (human and interface) have noise-free information of the
system (Hafs et al., 2026; Li et al., 2019; Merel et al., 2013). In reality, the human cen-
tral nervous system cannot perfectly observe the machine state. We receive noisy sensory
measurements and form a state estimation (Kording and Wolpert, 2004), while our motor
outputs are corrupted by signal-dependent noise (Todorov, 2004). Simultaneously, the inter-
face may not have perfect information of the human due to measurement noise, particularly
in neural recordings. Although one can model human motor control as stochastic optimal
control to handle disturbances (Berret et al., 2024; Todorov and Jordan, 2002), the standard
linear-quadratic-Gaussian (LQG) solution does not generally extend to multi-player games
when agents have asymmetric and delayed noisy observations (Başar and Olsder, 1998; Li
et al., 2026; Ouyang et al., 2017; Vasal and Anastasopoulos, 2021). Human sensorimotor
delays make the optimal control problem harder to solve analytically, especially when de-
lays are further compounded in motor-impaired individuals (Song and Tong, 2013). Current
human-machine frameworks do not account for these human delays and noise, which may
lead to poor co-adaptation outcomes. Beyond assessing the robustness of current frameworks
in simulation (Hafs et al., 2025), a new framework is needed to accommodate these challenges
before being applied in real-world conditions.

Another limitation of the co-adaptation framework is that the objective function often only
captures a narrow slice of true user objectives (Ingraham et al., 2022), which may not accu-
rately reflect the user’s actual behavioral goal or intention. However, modeling user intention
remains difficult, particularly during unconstrained, free-form interaction (Jain and Argall,
2019; Jarosiewicz et al., 2015; Rigotti-Thompson et al., 2025; Willett et al., 2018). To address
this challenge, prior research in robotics has proposed integrating additional modalities to
infer user intentions during robotic interactions (Aronson and Admoni, 2022; Gardner et al.,
2020). Adding additional modalities creates multimodal inputs. But how these multimodal
inputs interact within a co-adaptive, human-in-the-loop system remains an open question.

3 Multimodal inputs to control machines

In human-machine interaction, humans interact and communicate with machines through
various sensory and motor modalities (Figure 1.1). Sensory modalities enable humans to
perceive stimuli or performance feedback from machines (e.g., a computer screen that pro-
vides visual cues to human eyes), while motor modalities enable humans to provide motor
inputs to machines (e.g., a joystick that measures hand inputs). Here I refer to the traditional
hand-held devices, such as joystick, mouse, steering wheel, as manual modalities.

Distinct modalities offer unique advantages and challenges when used as motor inputs for
machine control. For example, neural modalities have higher dimensionality and a larger
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control bandwidth, but larger variability, compared to manual modalities (Artemiadis and
Kyriakopoulos, 2008; Drost et al., 2006; Lobo-Prat et al., 2014; Yamagami et al., 2020).
Combining distinct modalities together may leverage their complementary strengths while
compensating their respective weaknesses (Blana et al., 2016; Novak et al., 2013; Pantic and
Rothkrantz, 2003; Rizzoglio et al., 2020), and thus provides additional features or funtions
in computer or robotic interaction (Müller-Putz et al., 2011; Zhang et al., 2019).

In addition, in human and animal sensorimotor control, redundant sensorimotor pathways
commonly co-govern a single behavioral output (Gelfand and Latash, 1998; Latash et al.,
2002; Scholz and Schöner, 1999). These redundant pathways provide an abundance of motor
task solutions (Todorov, 2004), provide stability (Latash, 2012), assure robustness against
uncertainties (Gelfand and Latash, 1998; Roth et al., 2016), and enhance movement efficiency
(De Santis and Mussa-Ivaldi, 2020). In parallel to these biological observations, motor redun-
dancy in human-machine interactions has shown to be beneficial, though prior studies have
predominantly focused on multi-channel inputs derived from within the same modality such
as multiple IMUs across different limbs (De Santis and Mussa-Ivaldi, 2020; Ranganathan
et al., 2014).

Research is still limited regarding systems where multiple distinct modalities are combined
with multiple motor pathways (e.g., a different modality on different limb). Here I call
this setting multimodal pathways. Addressing this gap may provide new opportunities to
promote neuromotor interface use in rehabilitation. For example, if a neuromotor interface
is supplemented by an easily accessible manual modality, the user gains a two-“knob” control:
when the neural signal degrades due to inherent biological variability or muscle fatigue, the
user can seamlessly rely on the kinematic input to preserve control. However, it remains
unknown how people integrate these multimodal pathways in machine interaction.

4 Research aims and dissertation chapters

Building upon the advantages and current challenges of co-adaptation paradigm and multi-
modal interfaces in human-machine interaction, a central research question emerges: how can
co-adaptation and multimodal inputs shape interaction? This dissertation addresses the
question by presenting new experimental methods and computational frameworks designed
to bridge existing research gaps. This dissertation is structured around three research aims.
Each aim is a different chapter, presenting theoretical, computational, and/or experimental
results from multiple human-subject experiments.

4.1 Research methods

To model human behavior in machine interactions, this work leverages control theory along-
side machine learning algorithms that adapt to individual users. Control theory provides an
analytical tool for understanding human control strategies, which not only informs the un-
derlying dynamics of behaviors, but also provides interpretable objective functions to apply
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in future optimization tools.

Evaluating theoretical results and computational algorithms requires initial testing within
controlled environments, which was accomplished by conducting human-subject experiments
with healthy participants. In these experiments, participants control a virtual machine (a
computer cursor with dynamics) using different input modalities (manual, sEMG, and eye
tracking), mimicking real-world machine interactions such as driving or robotic control.

(a) AIM 1: Co-adaptive human-
machine interaction with noisy
measurements.

(b) AIM 2: Multimodal human-
machine interaction with sEMG
and kinematic interfaces.

(c) AIM 3: Co-adaptive, multi-
modal human-machine interaction
with sEMG and eye tracking.

Figure 1.2: Three research aims.

4.2 AIM 1. Co-adaptive human-machine interaction (Chapter 2)

Despite current advances in human-machine co-adaptation, there is still a gap between theo-
retical performance and real-world use of dynamic machines that co-adapt with people using
optimization-based algorithms. One of the reasons that could cause this gap is because
biosignal measurements are noisy, leading to poor translation of conventional theoretical
equilibrium to applications outside of the lab.

This theoretical obstacle motivates us to conduct an experiment with human subjects (N =
11) controlling a dynamic machine under the influence of injected, known disturbance. We
applied the human-in-the-loop optimization framework, where we tested an adaptive inter-
face that continuously updates its dynamics to optimize for the objective of improving task
performance while reducing “efforts”, defined as input magnitude. The experimental results
show co-adaptation between humans and interfaces, as well as an improvement in system
performance.

This chapter discusses the diverse co-adaptive outcomes and tradeoffs that emerged when
adaptive interfaces operate in the loop with humans and dynamic machine. Additionally, a
model of this co-adaptation was developed using the empirical data and subsequently tested
in simulation. This work provides a computational framework for synthesizing and evaluating
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co-adaptive systems with noise, and highlights the need to systematically engineer diverse
co-adaptive outcomes in future applications.

4.3 AIM 2. Multimodal human-machine interaction (Chapter 3)

Motivated by the complementary advantages and distinct challenges of neural and kinematic
inputs, this aim investigates how people integrate multiple input modalities during human-
machine interaction. We developed a multimodal setup integrating sEMG and a manual
joystick, and conducted an experiment where human subjects (N = 15) controlled a dynamic
cursor using both modalities simultaneously, with each input provided by a different arm.
This paradigm mirrors a clinical rehabilitation scenario where a patient operates a single-arm
exoskeleton on their affected limb using sEMG, while supplementing control via a joystick
operated by their unaffected limb.

This chapter explores how users integrate these motor pathways with distinct modalities,
such as their control strategies and subjective preferences. The empirical results demonstrate
that accessing abundant, redundant modalities yields enhanced performance and reduced
sensorimotor noise when interacting with a dynamic machine. Furthermore, the results
demonstrate that humans coordinated multiple modalities differently depending on their
performance and preferences. These findings provide insights for designing personalized
multimodal interfaces, such as algorithms that adapt the relative weights or magnitudes of
each input modality.

In addition to multimodal motor pathways, in a preliminary study (N = 3), we evaluated
human behaviors when there were multimodal sensory pathways. We added a kinesthetic
haptic device to provide sensory feedback in addition to visual feedback (cursor on the
computer screen). In this chapter, I show that the presence of haptic feedback did not
significantly enhance the performance of our computer task, but it changed the user behaviors
by encouraging larger user inputs.

4.4 AIM 3. Co-adaptive interfaces with multimodal inputs (Chapter 4)

In neuromotor interfaces, current decoder adaptation methods have shown to provide au-
tomatic re-calibration during user operation. However, many training methods require a
prescribed calibration task to provide labeled data for supervised learning, limiting user au-
tonomy in unconstrained, self-paced applications. The vision of this aim is to leverage an
additional input modality to continuously infer user intention, which may remove the need
for prescribed, repetitive calibrations whenever user switches tasks. Instead, the interface
should seamlessly update to accommodate the user’s changing needs in real time.

This chapter demonstrates a novel algorithm that leverages eye tracking to improve an
adaptive sEMG interface that continuously adapts to users, without the need for task-specific
labels (e.g., prescribed paths or targets). We benchmarked this new approach in a controlled
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task with human subjects (N = 11). Then in a preliminary study, we further demonstrated
its feasibility in situations where the user’s “ground truth” is not apparent, during a user-led
reaching and writing.

I also demonstrate findings from another preliminary study (N = 7), where we investigated
how eye movements may provide an easily-measured biomarker for neuromotor interface
learning. We measured eye movements as users operated an sEMG interface to control cursor,
and in post-hoc analysis, we investigated how gaze correlated with task performance and
internal learning controllers. Results showed that eye movements provide useful information
about changes in the user’s learning strategy, which may inform rapid interface recalibration
in future applications.

4.5 Interface design considerations (Chapter 5)

In Chapter 5, I describe design considerations for co-adaptive, multimodal interfaces de-
rived from user experiences across five myoelectric experiments with healthy participants. I
demonstrate that users’ strategies for myoelectric control are diverse, and that user back-
ground — including prior experience with video games, musical instruments, and computers
— influences interactions with co-adaptive interfaces.

4.6 Contributions, collaborations, and future work (Chapter 6)

Lastly, in Chapter 6, I summarize the contributions of this thesis, my past collaborations,
and plans for future work. Moving forward, I plan to implement these frameworks in reha-
bilitation programs, including robot-assisted therapy, to deliver personalized interventions
for people with motor impairments.

5 Significance

Biosignal-based human-machine interfaces hold promise for supporting people who rely on
assistive and rehabilitative technologies, yet most current devices apply a fixed level of assis-
tance or training regardless of how a patient’s ability or needs change over time. The work
presented in this dissertation is a step towards addressing that gap by providing experimental
and computational frameworks that allow interfaces to adapt in response to user adaptation,
informed by multimodal inputs. Specifically, this work models how humans interact with
adaptive interfaces and how multimodal inputs can be leveraged to improve seamless device
control.

Findings from this work inform future designs of adaptive programs for assistive devices
and rehabilitative interventions. For instance, the control theory analysis may offer a new
way to model patients’ control strategies and motor recovery, while multimodal sensing may
provide a new way to extract user intention or health patterns. Modeling a patient’s dynamic
behavior in this way tells the system when and how much to adapt the interface to deliver
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personalized interventions in real time, analogous to a clinician who adjusts therapy in person
based on a patient’s changing condition. This kind of automated system is especially valuable
for remote, home-based rehabilitation, where it can provide tailored training that promotes
recovery without adding burdens to patients or caregivers.

In summary, this work provides a foundation for designing future co-adaptive, multimodal
interfaces, and adds to the scientific knowledge of human behavior in device interaction,
ultimately enhancing the usability, generalizability, and clinical translation of biosignal-based
interfaces.
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Chapter 2

CO-ADAPTIVE HUMAN-MACHINE INTERACTION

Co-adaptation of a Dynamic Human-Machine Interface

Amber H.Y. Chou, Momona Yamagami, Maneeshika M. Madduri, Benjamin J. Chasnov,
Finley Hutchison, Lauren N. Peterson, Samuel A. Burden
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Abstract

Despite the growing prevalence of learning algorithms in daily life, methods for analysis and
synthesis of how these systems interact with people are limited. We studied optimization-
based algorithms that co-adapt with people in the presence of dynamic machines, finding
limitations on current theory that motivated us to conduct an experiment where human
subjects interact with a machine that has complex dynamics through an adaptive interface.
Experimental results provided evidence of co-adaptation and a trade-off between perfor-
mance and the “effort” of the human and interface, defined as the norm of their output
signals. We developed a parsimonious model of the human adaptation strategy observed in
our experiments and conducted a simulation study using this model. Our computational
results matched the empirical results, suggesting our human subjects adapted to minimize a
combination of error and effort. These results demonstrate how co-adaptation between hu-
mans and intelligent interfaces shapes behavior and performance, and introduces a modeling
framework that can be used in future work to systematically design interaction outcomes.
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1 Introduction

With practice and effort, people can learn to control dynamic systems like vehicles (McRuer,
Duane T and Jex, Henry R, 1967; Zhang et al., 2020b; Yamagami et al., 2021a), tele- and
co-robots (Nikolaidis et al., 2017; Warrier and Devasia, 2016; Zemmar et al., 2020), prosthe-
ses (De Santis, 2021; Zhuang et al., 2019a; Azimi et al., 2021), exoskeletons (Zhang et al.,
2017a; Felt et al., 2015; Slade et al., 2022), or brain-computer interfaces (Orsborn et al., 2012;
Willett et al., 2021; Mahmood et al., 2019). To facilitate and shape this learning, it is tempt-
ing to inject intelligence into the interface between the human and machine (Miehlbradt
et al., 2018). Since people continually adapt to their sensorimotor context (Taylor et al.,
2014; Heald et al., 2021), an intelligent interface in this closed-loop interaction creates a
two learner problem (Müller et al., 2017; Perdikis and Millan, 2020), where the human and
interface co-adapt (Madduri et al., 2023). Analyzing and synthesizing these systems is crit-
ically important in current and emerging applications, including driver assistance (Bengler
et al., 2014), surgical robotics (Gomes, 2011), rehabilitative robotics (Marchal-Crespo and
Reinkensmeyer, 2009), active prosthetics (Zhuang et al., 2019a), and neural interfaces (both
invasive (Orsborn et al., 2012) and non-invasive (Yamagami et al., 2020; Chou et al., 2022)).

Motivated by the optimal feedback control hypothesis for human motor control (Diedrichsen
et al., 2010; Todorov and Jordan, 2002; Selinger et al., 2019; Emken et al., 2007), we modeled
the interaction between a human, adaptive interface, and dynamic machine using a robust
control framework (Zhou et al., 1996). We assumed that both the human and the interface
solve optimal control problems to determine their behaviors. In our theoretical analysis, we
allowed arbitrarily large (but finite) system orders of the dynamic machine, and analyzed
the equilibrium behavior of such systems. We found that a simple form of this problem
has no solution due to a fundamental theoretical limitation neglected in prior work (Merel
et al., 2013; Li et al., 2019). In prior work, it was assumed that the human and the interface
had noise-free observations of the machine’s state vector, which we regard as unrealistic in
real-world applications. For example, in the context of neuroprosthetics, where an intelligent
neural interface seeks to help a person control a dynamic device, intrinsic stochasticity of
neural signals (Dayan and Abbott, 2005) injects noise into the system, precluding access to
full information. This finding led us to conduct a human subjects experiment and simula-
tion to understand and model how people behave in-the-loop with adaptive interfaces and
dynamic machines under more realistic conditions.

In our experiment, we investigated co-adaptation between humans and adaptive interfaces
in the presence of specific machine dynamics that are fundamentally challenging to con-
trol (Zhang et al., 2020b). We recruited participants (N = 11) to perform a continuous
disturbance-rejection task using a one-dimensional manual input device (Yamagami et al.,
2021a). We deployed adaptive interfaces with 0th-, 1st-, and 2nd-order dynamics, which
correspond to the position-, velocity-, and acceleration-based systems that people routinely
encounter in daily life (McRuer, Duane T and Jex, Henry R, 1967). The interface controller



17

coefficients were updated as the participant completed a sequence of trials by estimating
a model of the participant’s feedback controller and optimizing a performance criterion of
interest. We compared the system performance and human behavior with co-adaptation
and without co-adaptation, finding that co-adaptation led to diverse outcomes exhibiting
trade-offs between agent behavior and system performance.

Driven by this experimental finding, we conducted a computational analysis to test whether
a model for co-adaptation can replicate the empirical outcomes we observed. Specifically, we
modeled human behavior as arising from minimization of a cost function. We implemented
a simulation where the human model and interface alternately optimize their costs and
we conducted a parameter sweep over the space of penalty terms in the two agents’ cost
functions. This simulation yielded behaviors that aligned closely with empirical observations.
Our experimental and computational findings will inform future frameworks and deployments
of co-adaptive interfaces in human-machine interactions.

2 A model of co-adaptation

We consider systems where the machine has dynamics, that is, where the dimension of the
machine’s state vector – the system order (Aström and Murray, 2010, Sec. 2.2) – is greater
than or equal to 1. The zero-dimensional case was studied in prior work (Madduri et al., 2021,
2022; Chasnov et al., 2023). We modeled dynamic human-machine interfaces (HMI) as the
block diagrams in Fig. 2.1, where: H represents the human “in-the-loop”, M is the machine
that is being controlled, and I is the interface we seek to synthesize. When the blocks H,
M , and I are linear time-invariant (LTI) transformations (Hespanha, 2009, Lec. 3), these
diagrams are not solely conceptual – they provide mathematical specifications of the closed-
loop transformation from input disturbance w to output error z. Although humans are
generally nonlinear, they can behave remarkably linearly when interacting with finite-order
LTI machine-and-interface dynamics (McRuer, Duane T and Jex, Henry R, 1967). These
observations motivate us in what follows to focus on the finite-order LTI case where there
exists a comprehensive toolkit for analysis and synthesis of feedback systems (Aström and
Murray, 2010; Zhou et al., 1996; Hespanha, 2009; Benner et al., 1999).

2.1 Interface synthesis

The field of robust control theory (Zhou et al., 1996) provides methods for synthesizing the
interface I in Fig. 2.1 (conventionally termed the controller) to optimize a performance
criterion with respect to fixed models of human H and machine M (and, optionally, un-
certainty in the models). The performance criteria of interest in robust control are induced
norms (Zhou et al., 1996, Ch. 4) that quantify how much signal power is transferred from
input disturbance w to output error z. In this robust control paradigm, the interface I is
synthesized by solving an optimization problem

min
I

||H/M/I||I (2.1)
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Figure 2.1: Block diagram models for human-machine interfaces (HMI). (a) This diagram spec-
ifies that the human H transforms signal p to signal q, i.e. the human observes output p from
machine M and provides control input q to the machine. Similarly, the interface I transforms
machine output y to control input u, and the machine M transforms both of the control inputs q, u
and an external input w to produce outputs p, z, y. The external input w can contain a disturbance
to reject (e.g. measurement or process noise) or a reference to track (e.g. a trajectory or stationary
point). (b) This diagram shows a simplification of (a) that obscures details about the intercon-
nection between H, M , and I, instead denoting the transformation H/M/I resulting from this
interconnection. The block H/M/I is defined so that (a,b) both specify the same transformation
from w to z.

where the induced norm ∥·∥I encodes what components of z the interface seeks to make
as small as possible. Under appropriate restrictions on the choice of norm ∥·∥I , models of
human H and machine M , and statistics of input w and output z, a solution I∗ to the
optimization problem in (2.1) exists (Zhou et al., 1996) and can be computed using efficient
numerical algorithms (Benner et al., 1999). As an example, the well-known linear-quadratic
Gaussian (LQG) regulator (Hespanha, 2009, Lec. 24) is obtained by solving (2.1) when: the
disturbance w is Gaussian; the error z consists of (linear transformations of) the state of
the machine x and the control input u; the human-machine transformation H/M (defined in
Fig. 2.2) is stabilizable and observable (Hespanha, 2009, Lec. 14, 15); and ∥·∥I is the induced
2-norm.

If the statistics of the human H and machine M in Fig. 2.1 are stationary regardless of
the implemented interface I (e.g. if H and M are given as fixed LTI transformations or
distributions of LTI transformations), then the preceding paragraph describes a remarkably
flexible framework for synthesizing an optimal interface I∗ (Zhou et al., 1996; Anderson et al.,
2019). However, although it may be reasonable to assume or ensure machine dynamics are
stationary, ample evidence suggests that the human will naturally adapt to any perceived
change in the interface, and moreover that this adaptation will not be random – rather, the
human’s transformation will be strongly influenced by the interface (McRuer, Duane T and
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Figure 2.2: Block diagrams from human and machine perspectives. Given LTI transformations
H, M , and I, the blocks M/I and H/M are defined so that the diagrams in (a, b) specify the
same transformation from w to z as the diagrams in Fig. 2.1. Mathematically, the U/L operation
is defined as the linear fractional transformation (Zhou et al., 1996, Ch. 3, 10) between blocks
U and L. These simplified diagrams are conceptually useful when reasoning from the individual
perspectives of the human H and interface I as they jointly interact with the machine M . Indeed,
H interacts with the interconnection M/I betweenM and I as illustrated in (a), whereas I interacts
with the interconnection H/M between H and M as in (b).

Jex, Henry R, 1967; Yamagami et al., 2020; Zhang et al., 2018, 2020b). Therefore if the
interface I∗ is synthesized by solving (2.1) with respect to an initial guess or estimate of the
human’s transformationH, it is reasonable to expect the human will adapt its transformation
from H to H̃ when the interface changes from I to I∗. Unfortunately, the synthesized
interface I∗ is not optimal with respect to the adapted human transformation H̃. In fact,
implementing I∗ in-the-loop with H̃ could yield arbitrarily bad performance (Doyle, 1978).

2.2 Co-adaptation

The preceding observations motivate the study of interfaces that co-adapt with the human
and, hence, regard the human H and interface I as two learners (Müller et al., 2017; Perdikis
and Millan, 2020) playing a dynamic game (Başar and Olsder, 1998) through their interaction
with the machine M . As a starting point for modeling this interaction, prior work suggests
the human may play this game by solving their own optimization problem (Diedrichsen et al.,
2010; Todorov and Jordan, 2002; Selinger et al., 2019; Emken et al., 2007)

min
H

||H/M/I||H (2.2)

where the norm ∥·∥H encodes what components of z the human seeks to make as small as
possible. Other than in the special case where the goals of the human and interface are
perfectly aligned so that ∥·∥I = ∥·∥H, the outcome of the game defined by simultaneously
considering the optimization problems in (2.1) and (2.2) will generally represent a compro-
mise between the player’s conflicting goals. One such outcome considered in prior work on
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human-machine interfaces (Merel et al., 2013; Müller et al., 2017; Li et al., 2019; Madduri
et al., 2021) is a Nash equilibrium (Nash, 1950; Başar and Olsder, 1998) defined by a pair
of transformations H∗, I∗ such that H∗ minimizes ∥H/M/I∗∥H with respect to H and I∗

minimizes ∥H∗/M/I∥I with respect to I.

2.3 Non-existence of Nash equilibria

This section provides theoretical analysis of the dynamic game defined in the preceding
section that is played by a human H and interface I interacting with a machine M . We
will assume in what follows that H, M , and I are finite-order linear time-invariant (LTI)
transformations of continuous-time signals. The game of interest is specified by the coupled
optimization problems

min
H

∥H/(M/I)∥H (2.3a)

min
I

∥(H/M)/I∥I (2.3b)

where ∥·∥H, ∥·∥I denote the cost functions of the human and interface, respectively, and
the closed-loop transformations H/(M/I) = H/M/I = (H/M)/I are defined in Fig. 2.2.
The simplified block diagrams in Fig. 2.2 are useful to illustrate (i) the combined machine-
interface system (M/I) the human H interacts with and (ii) the combined human-machine
system (H/M) the interface I interacts with.

Given LTI transformations M and I, the (central, strictly feasible) solution H∗ of the opti-
mization problem in (2.3a) with respect to the 2- or∞-norm is, under standard stabilizability
and detectability conditions, an LTI transformation (Zhou et al., 1996, Thm 14.7) that can
be computed using efficient algorithms (Benner et al., 1999). With the exception of the
special cases considered in prior work (Merel et al., 2013; Li et al., 2019; Hafs et al., 2026)
(termed full information and full control in (Zhou et al., 1996; Doyle et al., 1989)), the
number of state variables in the dynamics of H∗ (the system’s order) is equal to the sum
of the number of state variables in M and I; if we let #(T ) denote the number of state
variables in the LTI transformation T , this property can be written #(H) = #(M) + #(I).
Similarly, given LTI transformations H and M , the solution I∗ of the optimization problem
in (2.3b) is an LTI transformation, and the number of state variables in I∗ equals the sum
of the number of state variables in H and M : #(I) = #(H) + #(M). We will assume this
generic condition holds in what follows.

We will show in the Theorem below that the game in (2.3) generally has no Nash equilibrium
defined in terms of finite-order LTI transformations when M has dynamics, i.e., #(M) ≥ 1.
To see why this may be the case, consider the co-adaptive interaction wherein H and I
alternately solve their optimization problems ((2.3a) and (2.3b), respectively). Even starting
from a static interface with #(I) = 0, solving (2.3a) with respect to given M and I yields a
solutionH∗ with #(H) = #(M) ≥ 1, so subsequently solving (2.3b) with respect to givenH∗

and M yields solution I∗ with #(I) = #(H) + #(M) = 2#(M) ≥ 2. Iterating this process
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yields a sequence of H and I with ever-increasing numbers of state variables, preventing the
existence of a stationary point for (2.3) in the sense of Nash defined with finite-order LTI
transforms.

Theorem: Suppose M is a finite-order linear time-invariant (LTI) transformation with
dynamics so that 1 ≤ #(M) < ∞, and suppose that ∥·∥H and ∥·∥I are system 2- or ∞-
norms. If there exists a Nash equilibrium for (2.3) defined in terms of finite-order LTI
transformations H∗, I∗, then at least one of H∗/M or M/I∗ is full information or full
control.

Proof (by contradiction): Suppose there exists a Nash equilibrium H∗, I∗ for (2.3) such
that H∗ and I∗ are LTI and have finite order. If neither H∗/M nor M/I∗ is full information
or full control, then (Zhou et al., 1996, Thm. 14.7) implies #(H∗) = #(M) + #(I∗) and
#(I∗) = #(H∗) + #(M). Substituting the second equation from the preceding sentence
into the first and simplifying yields 0 = 2#(M). But since #(M) ≥ 1, this equation is a
contradiction.

Remark: The co-adaptation games studied in prior work (Merel et al., 2013; Müller et al.,
2017; Li et al., 2019; Madduri et al., 2021; Hafs et al., 2026) consider only the full informa-
tion case, where it is assumed that the interface can observe the state of the machine M and
human H with no measurement noise and similarly the human can observe the state of the
machine and interface I with no noise. In this case, the game can admit a Nash equilibrium
defined in terms of static state feedback transformations for H and I (Başar and Olsder,
1998, Sec. 6.2.2).

Example: The neuroprosthetic example from the introduction illustrates why full informa-
tion or full control assumptions are unrealistic. Indeed, full information would require both
adaptive agents – human and interface – have noise-free measurements of all system states,
including those internal to the other adaptive agent. Similarly, full control for either agent
would require that agent to directly influence all system states, including those internal to
the other; although it might be possible in principle to give the brain full control over the
machine and interface, it seems implausible (and perhaps undesirable) for the interface to
have full control over the human’s neural state. Either assumption seems inconsistent with
our understanding of neural dynamics (Dayan and Abbott, 2005).

Remark: The preceding Theorem only applies to the case where H, M , and I are all finite-
order LTI transformations as in (Zhou et al., 1996). Indeed, solutions of multi-agent stochas-
tic optimal control problems need not be linear even if dynamics are linear and disturbances
are Gaussian (Witsenhausen, 1968); we cannot say at present whether the human-machine
game considered here has nonlinear stationary points. Furthermore, the techniques in (Zhou
et al., 1996) are not applicable in the presence of delay or other common structural con-
straints, which necessitate the use of new tools (Anderson et al., 2019).
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Figure 2.3: Human subjects experiment design. (a) Participants provide output uH using a 1D
manual device to (b) control the position of a cursor y on a computer display to minimize the
distance to a reference line in the middle of the screen. (c) Human H, machine M , and interface
I are connected in series, with the human viewing cursor y and producing response uH that is
input to I. The machine output is perturbed by external disturbance signals d. (d) Experiment
conditions and trial structure. T indicates the number of trials (e.g., T = 3 means there are 3 trials
in the block). Three conditions (0th-, 1st-, and 2nd-order interface) are presented in random order,
followed by 3 pass-through trials after each block.

3 Methods

The experiment and computational analysis were designed to determine whether and how
human-machine interfaces (HMI) co-adapt, and to characterize how co-adaptation affects
human, interface, and system performance relative to a non-adaptive baseline.

3.1 Human subjects

Eleven participants were recruited (age: 19-36; gender: 6 women, 5 men; hand dominance:
10 right-handed, 1 left-handed). All were daily computer users. All participants provided
informed consent according to the University of Washington, Seattle’s Institutional Review
Board (IRB #00000909).
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3.2 Task

Participants controlled a one-dimensional (1D) cursor using a 1D slider (35×12×22 mm
rectangular handle on a 10 cm slide potentiometer; Fig. 2.3a). The slider input uH was
transformed through interface I and a fixed machine M to produce cursor position y on the
screen (Fig. 2.3c). Participants were instructed to keep the cursor as close to the center
line, y = 0, as possible (Fig. 2.3b). We chose a nonminimum-phase second-order machine to
increase task complexity (Zhang et al., 2020b):

m̈+ 3.6ṁ+ 4m = −2(u̇I − 2.2uI),

M(s) =
−2(s− 2.2)

s2 + 3.6s+ 4
,

y = m+ d,

(2.4)

where ṁ represents the time-domain machine output m differentiated by time, M(s) is the
continuous-time representation of transformation M in the frequency domain, s = jω. The
cursor position y was updated at 60 Hz, so the continuous-time machine was discretized
(scipy.signal.cont2discrete).

We introduced an unpredictable disturbance d to the cursor (Fig. 2.3c), which mimics the
measurement or process noise from external devices. Following prior work(Yamagami et al.,
2018a, 2021a; Chou et al., 2022), disturbance signals were constructed as a sum of sinu-
soidal signals with the first eight prime multiples of a base frequency of 1/20 Hz (stimulated
frequencies Ω = [0.10, 0.15, 0.25, 0.35, 0.55, 0.65, 0.85, 0.95] Hz). The magnitudes at each fre-
quency component were normalized by its frequency to ensure constant signal power. The
phase of each frequency component was randomized in each trial to produce pseudorandom
time-domain signals.

3.3 Signal processing

Prior work demonstrated that when humans are tasked with tracking references and re-
jecting additive disturbances through a linear time-invariant (LTI) (Aström and Murray,
2010, Ch. 3, pg. 4) system M , humans behave approximately like LTI transformations for
a range of reference and disturbance signals (Yamagami et al., 2018a, 2021a; McRuer, Du-
ane T and Jex, Henry R, 1967). Thus, we can analyze our system in Fig. 2.3c using the
frequency-domain representations (Phillips et al., 2003, Ch. 5) of signals and LTI systems.
In this paper, time-domain signal x with a “hat” ·̂ denotes the Fourier transform, x̂, in the
frequency-domain.

We recorded time-domain signals y and uH at each sampling interval, and collected the
updated interface dynamics I for each trial. In post-hoc analysis, we converted these signals
into their frequency-domain forms, ŷ and ûH , for each trial, then derived the interface input
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ûI and the human transformation H (feedback controller) at stimulated frequencies:

ûI = I(jω)ûH(jω) (2.5a)

H(jω) =
ûH(jω)

ŷ(jω)
, (2.5b)

where ω ∈ Ω. Given this H, the prescribed signals d, and transformations M, I, we can
additionally derive the steady-state signals via block diagram algebra (Aström and Murray,
2010, Sec. 2.2):

ŷ(jω) =
d̂(jω)

1 +H(jω)M(jω)I(jω)
,

ûH(jω) = H(jω)ŷ(jω),

ûI(jω) = I(jω)H(jω)ŷ(jω),

(2.6)

which were used in the interface updates (section 3.5).

3.4 Conditions

We tested interfaces that have 0th-, 1st- and 2nd-order dynamics (Table 2.1), corresponding
to the position-, velocity-, and acceleration-based systems (McRuer, Duane T and Jex,
Henry R, 1967) (Fig. 2.3d). Participants first completed 3 trials of a pass-through interface
with an identity mapping (I(z) = 1, i.e., uI [t] = uH [t]), then performed the three interface
conditions in random order. Each condition block consists of 3 baseline trials, followed by
15 trials of co-adaptation, and 3 additional baseline trials. At the end of each condition
block, participants completed another 3 pass-through trials, with a total of 12 pass-through
trials per participant. Each trial was 40 seconds after a 5-second ramp-up (45 seconds total).
Participants were encouraged to rest between trials and required to take a three-minute
break between condition blocks. Total experimental duration was approximately 2 hours per
participant.

Table 2.1: The discrete-time representations of 0th-, 1st-, 2nd-order, and pass-through interfaces
tested in the experiment. z = ejωdt, where dt = 1/60 second.

condition dynamics baseline
0th I0(z) = b I0,base(z) = 5

1st I1(z) =
b0z+b1
z+a

I1,base(z) =
1.55z−1.55
z−0.98

2nd I2(z) =
b0z2+b1z+b2
z2+a0z+a1

I2,base(z) =
1.06z2−2.12z+1.06
z2−1.99z+0.99

pass-through Ipass(z) = 1
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3.5 Interface adaptation

Interface cost

We defined the interface cost as the induced 2-norm of H/M/I (Fig. 2.1). The cost function
was a linear combination of task error, interface effort, and human effort:

cI(H, I) =
∥(ŷ, û)∥
∥d̂∥

=
∥ŷ∥+ λI∥ûI∥+ λH∥ûH∥

∥d̂∥
(2.7)

with penalty terms λI = 0.5 and λH = 1.5, which were estimated from pilot data to ensure
the scaled interface and human efforts were within the same order of magnitude as the task
error. We further scaled the interface penalty λI by half to avoid optimization from getting
stuck at the smallest possible interface magnitudes. We used 2-norm to match the task
instruction of minimizing the cumulative cursor displacement.

Interface parameters discretization

The parameter space for each interface order was discretized into three candidate lists Ilist
of transfer-function coefficients (a, b in Table 2.1).
1) 0th-order interfaces: gain b ∈ [0.05, 5] to ensure interface remained responsive to user
input without becoming unmanageably volatile, sampled at 100 equidistant points.
2) 1st-order interfaces: We generated 1st-order high-pass interfaces by sweeping gains
(0.05 to 5) and cutoff frequencies (0.05 to 1 Hz), with 100 equidistant points per range.
The cutoff range was selected to align with the low-frequency crossover observed in human
manual control tasks (Yu et al., 2014a; Yamagami et al., 2021a).

Since the cursor updated at 60 Hz, we mapped continuous-time interface dynamics to their
discrete-time representations. To ensure interfaces are stable or marginally stable, we ex-
cluded any interfaces where the eigenvalues of the denominator exceeded |1| in discrete time.
We also excluded configurations resulting in negative DC gain at z = 1, to prevent control
inversion, which our pilot participants reported as confusing and counter-intuitive. This re-
sulted in a global parameter set of 8,546 combinations of coefficients (b0, b1, a).
3) 2nd-order interface: We generated 2nd-order high-pass interfaces by sweeping gains
(0.05 to 5), cutoff frequencies (0.05 to 1 Hz), and damping ratios (0.5 to 1), with 50 points per
parameter for computational efficiency. Damping ratios below 1 were selected to ensure the
interfaces remained stable and avoided aggressive noise amplification. We again computed
the discrete-time representation of each interface, and then excluded configurations where
interfaces were unstable or had negative DC gain, yielding a global set of 87,038 combinations
of coefficients (b0, b1, b2, a0, a1).

For both 1st- and 2nd-order interfaces, we also explored low- and band-pass filters in pilot
testing, but they consistently yielded higher task errors than high-pass filters. Thus, we
restricted our adaptation framework to high-pass interfaces, as their phase-lead characteris-
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tic (Ogata, 2009, Ch. 7.11) has the potential to compensate for sensorimotor delays in the
nervous system.

Interface baselines

We started and ended each condition block with a baseline interface: 0th-order I0,base, 1st-
order I1,base, and 2nd-order I2,base. Having different orders of baselines allowed for a controlled
comparison within the same interface complexity, so we could verify whether improvements
stem from co-adaptation or were simply an artifact of transitioning to a higher-order inter-
face. We also use the baselines as the starting interfaces in co-adaptation.

We synthesized the baseline interfaces using pilot subject data, where 6 pilot subjects per-
formed the same dynamic game with a pass-through interface (I = 1) and the second-order
machine defined in (2.4). We estimated human transformations as (2.5b), then determined
the optimal interface by searching through the parameter space Ilist to minimize the interface
cost cI(H, I) in (2.7), for each of the three conditions. We used these three optimal interfaces
as the baselines, and all participants used the same baselines.

Interface updates

The interface update occurred at the end of every co-adaptation trial for a total of 15 trials
for each condition. The interface updates occurred in three steps.
1) Human model: we estimated human transformation H in (2.5b) for each trial. This
model was subsequently updated as a weighted combination between the historical estimate
H− and the current trial’s estimate H:

H+ = αHH
− + (1− αH)H (2.8)

where αH = 0.75 for gradual updates in the human model. For the first co-adaptation trial,
the human model was initialized using data from the 3 preceding non-adaptive baseline trials.
2) Interface grid search: For each candidate interface in Ilist, we computed the steady-
state signals ŷ, ûH , ûI using (2.6) and generated d with random phase, then performed a grid
search to identify a parameter set that minimizes the interface cost:

I∗ = argmin
I

cI(H
+, I). (2.9)

3) Interface updates: Smooth Batch (Orsborn et al., 2012) was implemented to ensure
gradual interface changes between trials. The interface for the subsequent trial I+ was defined
as a weighted combination of the previous trial’s interface I− and the optimal interface I∗:

I+ = αII
− + (1− αI)I

∗, (2.10)

where αI is the adaptation rate. We employed a conservative adaptation rate of αI = 0.75 in
this study. We selected this adaptation rate because previous studies using the Smooth Batch
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algorithm suggested that aggressive adaptation rates may lead to poor convergence (Mad-
duri et al., 2024). A pseudo-code summarizing the steps of the interface update is in Algo-
rithm 1.

Algorithm 1 Interface update during co-adaptation

Human completes a trial with I−.
Input: Human response ûH , disturbance d̂, and human transformation H− of the previous
trial.
Output: Next interface I+.
Compute human transformation (2.5b) H(jω) = ûH(jω)

ŷ(jω)
.

Update human model as (2.8) H+ = αHH
− + (1− αH)H.

for all I in Ilist do
Compute ŷ, ûH , ûI (2.6).

Compute interface cost (2.7): cI =
∥ŷ∥+λI∥ûI∥+λH∥ûH∥

∥d̂∥
.

end for
Find optimal interface I∗ = argminI cI(H

+, I).
Update the next interface I+ = αII

− + (1− αI)I
∗.

3.6 Evaluation

We evaluated our experimental results against the following three hypotheses.

H1 (whether co-adaptation occurred): We tested whether humans and interfaces
changed after 15 trials of adaptation compared to non-adaptive baselines. For each con-
dition (0th-, 1st-, 2nd-order), we compared the distributions (N = 11) of transformations,
human ∥H∥ and interface ∥I∥, between the co-adapted final interface (averaged of last 3)
and the non-adaptive baseline (average of 6 baseline trials) using paired t-tests at each stim-
ulated frequency (α = 0.05). The null hypothesis H10 is: there is no significant difference
in the transformations of either the interface or the humans after adaptation compared to
their respective baselines.

H2 (baselines vs. pass-through): We investigated whether the three baselines (I0,base,
I1,base, I2,base; Table 2.1) improved from having “no interface” (pass-through with I = 1,
Ipass) in terms of the interface cost cI(H, I) defined in (2.7). We first confirmed normality
of the average cost of each group using Shapiro-Wilk test (p > 0.05), then performed one-
way ANOVA to compare the groups. We used paired t-tests with Bonferroni correction as
post-hoc tests. The null hypothesis H20 is: there is no significant difference in performance
between baselines and pass-through.

H3 (adaptive vs. non-adaptive): Our primary outcomes of interest were the differences in
performance with and without co-adaptation. Because our algorithm explicitly optimizes the
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interface cost, we identified the reduction of this cost as the primary indicator of performance
improvement. Additionally, we assessed changes in task error, human effort, and interface
effort to reflect the practical goal of maximizing task performance while minimizing burdens
from both agents. We defined our performance metrics as follows:
1) Task error: norm of the cursor displacement ∥ŷ(jω)∥ at the stimulated frequencies of a
trial.
2) Human effort: norm of the manual device inputs ∥ûH(jω)∥ at the stimulated frequencies
of a trial.
3) Interface effort: norm of the interface inputs ∥ûI(jω)∥ calculated in (2.5a) at the
stimulated frequencies of a trial.
4) Interface cost: cI(H, I) defined in (2.7) at the stimulated frequencies of a trial.
5) Stability margin: the stability margin of the open loop transfer function L(jω) =
H(jω)M(jω)I(jω), by calculating the absolute distance between L(jω) and the critical point
−1 in Nyquist plot. Higher value indicates better stability margin.

We confirmed normality using Shapiro-Wilk test (p > 0.05), and used paired t-tests to
compare the co-adapted final trials (average of last 3) and baseline trials (average of 6)
in each performance metric, for each condition. The null hypothesis H30 is: there is no
significant difference in each performance metric between co-adapted finals and baselines.

We used Python 3.11 for Shapiro-Wilks tests, ANOVA test, and paired t-tests. Data and
analyses to reproduce the results are available in a publicly-accessible repository (Chou et al.,
2026).

3.7 Human system identification

To characterize co-adaptation in simulation, we needed to first identify a parsimonious model
of the human feedback controller in post-hoc. In a previous study, we estimated the human
controller in 2nd-order machine interaction using the crossover model in (McRuer, Duane T
and Jex, Henry R, 1967):

H(jω) ≈ k(jω + 1)e−jωτ . (2.11)

We estimated the human gain k and sensorimotor delay τ from prior experimental data
in (Yamagami et al., 2021a), which had the same disturbance-rejection task but a simpler
2nd-order machine dynamics. We reported in (Peterson et al., 2022) with the average human
gain and delay of k = 2.75 and τ = 0.321 seconds, respectively.

In this study, since finite-order interfaces were introduced into the system, the crossover
model with a 2nd-order machine may no longer apply. However, humans do not implement
arbitrarily high-order transformations (Zhang et al., 2018; McRuer, Duane T and Jex, Henry
R, 1967). Therefore, we started with models incorporating the lowest possible degrees of
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dynamics: 1st- and 2nd-order dynamics, each with a human sensorimotor delay of τ = 0.321:

Hfit, 1st(jω) =
b0z + b1
z + a0

e−jωτ ,

Hfit, 2nd(jω) =
b0z

2 + b1z + b2
z2 + a0z + a1

e−jωτ .

(2.12)

We fit the 1st- and 2nd-order models to the empirical human transformation by minimizing
the difference between the modeled and empirical data. Specifically, we performed a grid
search of parameters a, b over the range [−10, 10], and performed optimization with the
L-BFGS algorithm.

3.8 Co-adaptation simulation

Building upon our theoretical framework and experimental observations, we conducted a
simulation to derive a computational model of the HMI co-adaptation. The objective was
to identify the simulation parameters that best approximate our empirical results. Since
our theory showed that there can be no Nash equilibrium when the order of the human
and interface dynamics are unbounded, we constrained the simulation to low-order system
dynamics for both human and interface. We evaluated the fit for both 1st- and 2nd-order
human models with sensorimotor delay (Section 3.7), and selected the model order that most
accurately captured the empirical human transformations. Following prior work (Madduri
et al., 2021, 2024), we modeled human adaptation as the minimization of a cost function
defined as a linear combination of task performance and human effort, mirroring the structure
of the interface cost:

cH(H, I) =
∥(ŷ, ûH)∥

∥d̂∥
=

∥ŷ∥+ µH∥ûH∥
∥d̂∥

. (2.13)

We applied an alternating optimization procedure to synthesize the optimal human H∗ and
interface I∗ in simulation. Starting with the baseline Ibase as the initial interface, we synthe-
sized H∗ by minimizing human cost in (2.13). We imposed constraints on the human model
to reflect physiological limitations: a phase constraint of ∠H < π because humans cannot
predict future task signals, and a magnitude constraint of |H| ≤ 2.5 for frequencies ≥ 0.55
Hz to account for the limited human control bandwidth. Human parameters b0, b1, b2, a0, a1
in (2.12) were randomly initialized over the range [−20, 20] and the optimal human H∗ was
obtained by minimizing the non-convex cost using the Sequential Least Squares Program-
ming (SLSQP).

Subsequently, we held H∗ constant and synthesized I∗ by minimizing the interface cost
cI(H, I) using the experimental algorithm. This alternating optimization was iterated 15
times, mirroring the 15 trials performed in the empirical study.

We performed a parameter sweep of the penalty terms, λI , λH in (2.7) and µH in (2.13), across
the range [0.5, 10]. The optimal set of penalties was identified by minimizing the difference
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between the simulated and the experimental data. Model performance was evaluated using
the standardized distance (z-score): z = x̂−x̄

σ
, where x̂ denotes the simulated value, and x̄

and σ represent the mean and standard deviation of the empirical subject data, respectively.
A simulated result was considered consistent with experimental result if |z| < 1.

4 Experimental results

Eleven participants completed the disturbance-rejection task in the presence of a dynamic
machine in (2.4), over a sequence of 21 trials (3 non-adaptive baselines; 15 co-adaptations;
3 non-adaptive baselines) in each of the three conditions presented in random order: 0th-,
1st, and 2nd-order interfaces (Table 2.1).

4.1 Humans and interfaces co-adapted

We tested our first hypothesis, whether humans and interfaces co-adapted in our experiment
(H1). We found significant differences between the magnitudes of non-adaptive baseline
interfaces (dashed lines; Fig. 2.4a) and the co-adapted final interfaces (blue lines; Fig. 2.4a),
where p < 0.05 at all eight stimulated frequencies. This implies that in all three conditions,
after 15 trials of co-adaptation, interfaces adapted to a different interface than the baseline.

We then examined human adaptation in response to these interface adaptations. We found
significant differences between human transformations in baseline trials (dashed lines; Fig. 2.4b)
and co-adapted final trials (red lines; Fig. 2.4b). These differences p < 0.05 were present
across the majority of stimulated frequencies, particularly in the low-frequency range (< 0.55
Hz). Thus, we reject the null hypothesis H10.

In addition, we observed a trade-off in magnitude shifts of the human and interface agents.
In the 0th-order condition, interface magnitudes decreased relative to baseline while human
magnitudes increased. Conversely, in the 1st- and 2nd-order conditions, we observed that
interface magnitudes increased, whereas human magnitudes decreased. These results provide
evidence of a trade-off between the two decision-making agents as they co-adapt in this
dynamic game.

4.2 High pass interfaces improved performance

We tested our second hypothesis, whether the baseline interfaces would yield a different
performance than the pass-through interface (H2). We defined our primary performance
metric as the interface cost cI(H, I) in (2.7).

One-way ANOVA with post-hoc paired t-tests found no statistically significant difference in
interface cost between the 0th-order baseline and the pass-through (t(10) = 0.097, corrected
p = 1). Furthermore, participants subjectively reported in 0th-order baseline trials that the
cursor was overly “sensitive”, likely due to the large input scaling of 5 (I0,base = 5).
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Figure 2.4: Experiment results on human-interface co-adaptation. Spectral density plots (median
and interquartile, N = 11 participants) of (a) magnitudes of pass-through interface (I = 1),
non-adaptive baseline interfaces (dashed lines), and co-adapted final interfaces (blue lines) for the
0th-, 1st-, and 2nd-order conditions at the stimulated frequencies. (b) Magnitudes of human
transformations in pass-through trials, non-adaptive baseline trials (dashed lines), and the co-
adapted final trials (red lines) for the 0th-, 1st-, and 2nd-order interfaces. Statistically significant
differences between baselines and co-adapted final transformations are shown with an asterisk (∗

p < 0.05, paired t-test at each stimulated frequency).

In contrast, interface costs for the 1st- and 2nd-order baselines were significantly lower than
those of the pass-through condition (1st-order: t(10) = 8.76, corrected p < 0.001; 2nd-order:
t(10) = 9.98, corrected p < 0.001). These findings demonstrate that the order of the interface
dynamics influenced system performance, with higher-order (1st- and 2nd-order) high-pass
interfaces yielding better performance relative to the pass-through baseline. Thus, we fail to
reject the null hypothesis H20 for the 0th-order condition, and reject the null hypothesis for
the 1st- and 2nd-order conditions.

4.3 Performance improved or maintained after co-adaptation

We evaluated the effect of co-adaptation using five performance metrics: task error ∥ŷ∥
(cursor displacements), human effort ∥ûH∥ (human responses), interface effort ∥ûI∥ in (2.5a),
interface cost cI(H, I) in (2.7), and the stability margin of the open-loop transfer function
L = HMI. We tested our third hypothesis, whether the co-adapted interfaces yielded a
different performance than the non-adaptive baselines (H3).

In the 0th-order condition, task error (Fig. 2.5a) was significantly reduced in the co-adapted
final interface compared to the 0th-order baseline (p < 0.001). For the 1st- and 2nd-order
interfaces, while the median task errors showed a slight decrease, these differences did not
show statistical significance (1st-order: p = 0.14; 2nd-order: p = 0.65). Given that 1st-
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and 2nd-order baselines significantly outperformed the pass-through condition in task error,
these findings suggest that the 1st- and 2nd-order baselines already yielded relatively good
task performance, and that task performance was maintained after co-adaptation.

We observed that human effort and interface effort exhibited divergent trends across condi-
tions (Fig. 2.5b, c). Human effort was significantly higher in the co-adapted final interface
compared to the baselines for the 0th-order condition (p < 0.01), whereas it was significantly
reduced in both the 1st- and 2nd-order conditions (1st-order: p < 0.01; 2nd-order: p < 0.01).
In contrast, interface effort was significantly lower in the co-adapted final interface compared
to the baselines for the 0th-order condition (p < 0.001), and was significantly higher in both
the 1st- and 2nd-order conditions (1st-order: p = 0.044; 2nd-order: p = 0.048).

Regarding the interface cost (Fig. 2.5d), which was the metric explicitly minimized by our
algorithm, we observed a significant reduction for the 0th- and 1st-order co-adapted interfaces
compared to their respective baselines (0th-order: p = 0.013; 1st-order: p = 0.048). No
statistically significant difference was observed for the 2nd-order condition (p = 0.1).

We evaluated robustness by comparing the stability margin of the open-loop transfer function
L between the co-adapted final trials and the non-adaptive baselines (Fig. 2.5e). We observed
a significantly higher stability margin for the 0th-order co-adapted interface compared to the
0th-order baseline (p < 0.01). No significant difference was identified for the 1st-order condi-
tion (p = 0.29). For the 2nd-order condition, however, the co-adapted interface demonstrated
a significant reduction in stability margin relative to the baseline (p = 0.03).

In summary, co-adaptation improved or maintained some system performance metrics, in-
cluding task error and interface cost. The effort between human and interface agents shifted
variably across conditions. However, co-adaptation did not necessarily enhance robustness.
These findings led us to reject the null hypothesis H30.

5 Computational results

Following the system identification procedure (Section 3.7), we modeled the human dynamics
using both 1st- and 2nd-order system architectures with sensorimotor delay. We found
that the 2nd-order model in (2.12) fit the empirical distribution well (Fig. 2.6a). The two
distributions (magnitudes of Hfit and Hexp) exhibited Pearson correlation coefficients of at
least r > 0.88 at every stimulated frequency (p < 0.001). The 1st-order model had a
relatively poorer fit than the 2nd-order model, with Pearson correlation coefficients of at
least r > 0.77 at every stimulated frequency (p < 0.01).

We therefore used the 2nd-order human model with sensorimotor delay to simulate a human-
like agent interacting with the 1st-order adaptive interface in the experiment. In this simu-
lation, we modeled human behavior by adopting a cost function analogous to the interface
agent’s optimization strategy, defined in (2.13). We simulated the co-adaptation process
exclusively for the 1st-order interface. This selection was based on experimental findings
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Figure 2.5: Experiment results on performance. Boxplots (0th, 25th, 50th, 75th, and 100th
percentiles, N = 11 participants) of each performance metric for pass-through (average of 12
trials), baselines (average of 6 trials), and adaptive interfaces (average of initial 3 trials and average
of final 3 trials). (a) task error ∥ŷ∥ (lower values are better), (b) human effort ∥ûH∥, (c) interface
effort ∥ûI∥, (d) interface cost cI(H, I) defined in (2.7) (lower values are better), and (e) stability
margin (higher values are better). Statistically significant differences are shown with horizontal
lines and asterisks (∗ for p < 0.05, ∗∗ for p < 0.01, and ∗∗∗ for p < 0.001; paired t-test).

that only the 1st-order interface achieved significant improvements in interface cost relative
to both the baseline (p = 0.048) and the pass-through interface (p < 0.001) (Fig. 2.5d).

We conducted a parameter sweep over the penalty terms (λI , λH in (2.7), and µH in (2.13))
in range [0.5, 10] and identified the optimal configuration that minimized the deviation from
empirical data (λI = 1.32, λH = 5.5, µH = 2.04). The fit was validated by calculating
the standardized distance (z-score) between the simulated and experimental magnitudes at
each stimulated frequency. We found that |z| < 1 across all stimulated frequencies for the
interface magnitudes (∥I∥, blue in Fig. 2.6b). Similarly, for the human magnitude (∥H∥, red
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in Fig. 2.6b), |z| < 1 across all frequencies except 0.85 Hz. These results indicate that the
simulated result consistently remained within one standard deviation of the experimental
mean, thus demonstrating good correspondence between the model and empirical outcomes.

We analyzed the evolution of the cost function components ûI , ûH , and ŷ, normalized to
each trial’s difference to the initial trial (Fig. 2.6c). Simulation results indicate that as
interface effort gradually increased and task error decreased, human effort increased and
then declined slightly, with the system reaching equilibrium after 15 trials of co-adaptation.
These simulation trends demonstrated the effort and error trade-off.

With the penalty term for human effort (µH = 2.04), we computed the inferred human cost
for the 1st-order interface condition in our experiment. It is important to note that these val-
ues represent model-based inferences rather than direct measurements from the experimental
data. We observed that the inferred human cost significantly decreased after co-adaptation
compared to the non-adaptive baseline (Fig. 2.6d). This finding demonstrates that our pro-
posed framework with a specific, simplified human cost function structure replicated the
observed experimental outcomes.

We swept through the penalty terms µH , λH , λI in range [0.05, 8] and computed the moving
average of interface effort, human effort, and task error. In this normalized plot, we observed
clear trade-offs between effort and error (interface effort and task error; human effort and
task error) (Fig. 2.7). However, the trade-offs between interface effort and human effort were
less clear in this simulation, suggesting that the relationship between these two signals is
more complex and may depend on the specific values of the penalty terms.

6 Discussion

Machine learning algorithms are being deployed in-the-loop with people (Nothwang et al.,
2016). It is important to predict the outcome of these interactions to guarantee safety and
performance in disparate applications including brain-machine interfaces (Orsborn et al.,
2012; Madduri et al., 2024; Miehlbradt et al., 2018), human-robot interaction (Zemmar
et al., 2020; Bengler et al., 2014; Gomes, 2011; Li et al., 2019) and assistive devices (Zhang
et al., 2017a; Zhuang et al., 2019a; Felt et al., 2015; Slade et al., 2022; Azimi et al., 2021;
Mahmood et al., 2019). These interactions are increasingly viewed through the lens of game
theory (Nikolaidis et al., 2017; De Santis, 2021; Müller et al., 2017; Perdikis and Millan, 2020;
Li et al., 2019, 2016; Madduri et al., 2021, 2024; Chasnov et al., 2023; Merel et al., 2013; Isa
et al., 2025), where it is hypothesized that the human’s behavior arises from the solution of
an optimization problem (Diedrichsen et al., 2010; Todorov and Jordan, 2002; Selinger et al.,
2019; Emken et al., 2007; Tversky and Kahneman, 1974) and the adaptive agent similarly
optimizes its own cost. However, prior work makes assumptions on the ability of people to
solve these optimization problems that we regard as unreasonable.

In this study, we sought to systematically test the outcome of HMI co-adaptation and com-
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Figure 2.6: Computational results with a 1st-order interface. (a) Spectral density plots with
distributions (median and interquartile, N = 11 participants) of (top) magnitudes and (bottom)
phases of the 2nd-order model fit Hfit and the empirical human transformation Hexp. (b) Spectral
density plots of the (left) simulated interface Isim and (right) simulated human Hsim overlaid on
empirical data Iexp, Hexp of every subject (N = 11 participants). Each line is the average of 3 co-
adapted final trials from one of the subjects. (c) Difference between each trial T and the first trial
T = 1 in simulation, for each element in the interface cost defined in (2.7): interface effort, human
effort, and task error. Trial-wise metrics were plotted as deviations from the first trial, normalized
by the maximum deviation, so the largest absolute change from baseline corresponds to ±1. (d)
Boxplot (0th, 25th, 50th, 75th, and 100th percentiles, N = 11 participants) of the inferred human
cost, with the µH value found in simulation, of 1st-order baseline and the 1st-order adaptive trials
(initial and final). Statistically significant difference is shown with a horizontal line and asterisks
(∗∗ for p < 0.01; paired t-test).

pare experimental results with predictions from theory and simulations. We adopted a
human-in-the-loop control paradigm wherein participants stabilized a complex (nonminimum-
phase) control system through a dynamic interface as in Fig. 2.3. This paradigm was intended
to instantiate the fundamental challenges inherent in more embodied applications involving
neural measurements or physical interaction with a robot or assistive device. Our testbed
enables complete control over the system dynamics and external disturbances that facilitate
precise comparison of experimental results with theoretical and computational predictions.

6.1 Limitations of theoretical predictions

A leading hypothesis in the human motor control literature is that people solve an H2

optimal control problem and implement a linear-quadratic Gaussian (LQG) controller to
move their bodies (Diedrichsen et al., 2010; Todorov and Jordan, 2002). Prior work on co-
adaptation (Merel et al., 2013; Li et al., 2019) specialized this model further by considering
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Figure 2.7: Tradeoffs between signals in simulation. Moving average of interface effort, hu-
man effort, and task error when sweeping penalty terms: (left) µH , (middle) λH , and (right)
λI , normalized to each signal in the simulation result in Fig. 7. xi is the norm of the each sig-
nal given the varying penalty terms, x∗ is the norm of each signal given the penalty terms set
(λI = 1.32, λH = 5.5, µH = 2.04; gray vertical dashed lines) that yielded simulation results that
best matched the empirical data. The penalty parameters were swept in range [0.05, 8], with 50
equidistant points. Here we display the moving average of each signal with window of 10 data
points.

the full information case where the human is assumed to have noise-free observations of the
system state. The full information case has the appeal that it admits a Nash equilibrium
defined in terms of static state feedback matrices (Başar and Olsder, 1998, Sec. 6.2.2), but
we argue that it is unrealistic to assume each agent has perfect knowledge of both the
environment and the other agent.

Considering the more general model without full information (or full control), we find a
different theoretical objection: if both the human and adaptive system solve H2 optimization
problems, there can be no Nash equilibrium for the co-adaptive system defined in terms of
finite-order LQG controllers. The reason for this is a simple counting argument: since an
LQG controller generally has the same order as the system it controls, and since the system
one agent controls includes the dynamics of the other agent as in Fig. 2.2, it is not possible
for these system orders to “add up” to consistent quantities. Of course the Nash equilibrium
is not the only candidate outcome (Chasnov et al., 2023). But this thought experiment
reveals an even more fundamental objection to this model for human behavior: it is simply
not plausible that people are able to implement LQG controllers of arbitrary system order –
they must have bounded rationality (Tversky and Kahneman, 1974; Gershman et al., 2015).
These observations motivated us to conduct an experiment with adaptive systems that had
fixed system orders toward the goal of understanding how people actually play this class of
human-in-the-loop game.
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6.2 Co-adaptation shaped behavior and performance

We observed co-adaptation in our experiments: the baseline and final co-adapted human
and interface transformations were different for all interface orders in Fig. 2.4. Of course,
the interface adapts by design – it repeatedly solves the optimization problem in (2.9). But
there is no guarantee that (i) the human will adapt in response and (ii) the outcome of this
interaction will differ from baseline. The fact that we observed both (i) and (ii) is particularly
significant since we started with a baseline that was synthesized using prior knowledge of
human behavior (Peterson et al., 2022), i.e., our baseline was not näıve.

Our experimental results demonstrate potential advantages – and drawbacks – of deploy-
ing adaptive interfaces in-the-loop with humans and dynamic machines. Since our interface
sought to minimize the cost in (2.7), it seems natural to expect this cost to decrease in
the experiment. However, this decrease is not guaranteed due to the presence of human
adaptation, as co-adaptive interactions may converge to a constellation of equilibrium out-
comes (Chasnov et al., 2023). We observed significant decreases in this cost for the 0th- and
1st-order interfaces but not for the 2nd-order interface (Fig. 2.5d), confirming performance
gains are not guaranteed.

A similar observation holds for the stability margin of the closed-loop system: solving the
interface’s H2 optimization problem can yield arbitrarily small margins in theory (Doyle,
1978). Experimentally, we found a significant increase, decrease, or no change in the stability
margin across the different interface orders (Fig. 2.5e). Future work may seek to prioritize
robustness using H∞ controller synthesis (Doyle et al., 1989; Zhou et al., 1996; Benner et al.,
1999; Nakahira et al., 2021).

A consistent finding across the three interface conditions was that the human and inter-
face efforts traded off, as an increase in one was accompanied by a decrease in the other
(Fig. 2.5b,c). This outcome comports with other theoretical and experimental findings (Mad-
duri et al., 2021, 2024) and supports the hypothesis that the human and interface play a
game (Chasnov et al., 2023; Madduri et al., 2023) whose outcome represents a tradeoff
between competing objectives.

6.3 A computational model for human adaptation

We found that the transformations our human subjects implemented in-the-loop with a 1st-
order interface could be well-approximated as a second-order system with sensorimotor delay
(Fig. 2.6a). Importantly, the dimension of the state for the human’s transformation H in this
case (2) is less than the combined dimension of the machine M and interface I (2 + 1 = 3),
undermining the hypothesis that the human implements the LQG controller whose state
dimension would match that of the combined machine-interface system M/I. This finding
is consistent with prior work and supports the hypothesis that humans do not implement
transformations of arbitrarily-high order (Zhang et al., 2018; McRuer, Duane T and Jex,
Henry R, 1967).
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We found that modeling the human as optimizing a cost function consisting of a linear
combination of error and effort – inspired by Emken et al. (Emken et al., 2007) – can
produce similar outcomes to what we observed in our experiment (Fig. 2.6b) and yield an
error-effort tradeoff (Fig. 2.6c). We regard this result as provocative but far from definitive.
In particular, we do not believe our human subjects literally optimized a cost function
with the precise parameterization in (2.13), as human motor control can be influenced by
cognitive load, fatigue, injury, or distractions (Hemond et al., 2010; Cole and Shields, 2019;
Branscheidt et al., 2019). All models are wrong, but some are useful (Box and Draper, 1987);
interrogating the utility of our proposed model is an important goal for future work.

6.4 Principles for interface design

Motivated by the observation that human sensorimotor delay constrains performance in
trajectory-tracking tasks (Nakahira et al., 2021), we employed high-pass interfaces in our
experiments. Indeed, the human brain attempts to compensate for delay internally through
feedback projections, but this compensation is imperfect and is subject to speed-accuracy
trade-offs (Li et al., 2023). Adding a high-pass interface can supplement this phase-lead
mechanism in the human’s internal delay compensation, potentially improving performance
of the human-in-the-loop system. Fig. 2.5a,d demonstrates that the high-pass baselines
(1st- and 2nd-orders) and co-adapted final interfaces decreased task error and interface cost
compared to the pass-through.

If human behavior in co-adaptive interactions arises from optimization as corroborated by
our simulation results, it opens the possibility of systematically shaping interaction outcomes
by modifying the interface cost function. A proof-of-concept of this idea was demonstrated
in (Madduri et al., 2024), where it was shown that increasing a penalty term in the inter-
face cost decreased interface effort and increased human effort. This observation has broad
implications for the design of both assistive devices, which seek to minimize user effort, and
rehabilitation devices, which aim to promote active patient engagement (Cha et al., 2025;
Bonanno et al., 2025). Game-theoretic methods that explicitly consider the strategic inter-
ests of both decision-making agents may enable designers to systematically select from a
variety of outcomes (Chasnov et al., 2023).

7 Conclusion

Our work highlights limitations in prior theory, experiment, and simulation work on co-
adaptation between humans and intelligent interfaces interacting in closed loop with dy-
namic machines in real-world conditions. We demonstrate that a Nash equilibrium does
not exist under standard assumptions of optimal adaptation, and explore in experiment and
simulation how a human and interface with bounded rationality (Tversky and Kahneman,
1974) adapt to improve performance in a disturbance-rejection task. Understanding how
to analyze and synthesize co-adaptive systems, where both human and algorithmic agents
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adapt to control dynamic systems like vehicles, robots, and prostheses is critically important
in current and emerging applications including driver assistance, rehabilitation robotics, and
neuroprosthetics. We contribute new theory, experiment, and simulation results that will
inform creation of these systems for real-world deployment.
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Abstract

Motor redundancy enables the human control system to find abundant solutions to motor
tasks. However, how multiple distinct motor modalities are integrated while humans learn
to interface with dynamic machines and computing devices like vehicles or touchscreens
remains unanswered. Our motivation to consider disparate modalities comes from the ob-
servation that neurologic disorders can limit use of conventional manual interfaces that rely
on mobility (e.g. joysticks, touchscreens), whereas central or peripheral neural interfaces
(e.g. invasive intracortical recording, non-invasive electromyography) have the potential to
enable interaction in the presence of injury or disease. Prior work focused on humans co-
ordinating redundant channels of a single modality, whereas we seek to understand how
people integrate multiple distinct modalities. In this work, we integrated kinematic (manual
joystick) and neural (muscle EMG) modalities to collectively control a 1-degree-of-freedom
(DOF) trajectory-tracking task. Our central hypothesis is that redundant modalities enable
the motor system to overcome limitations of single-mode interfaces. We introduced novel
control-theoretic methods based on linearity and the Uncontrolled Manifold (UCM) hypoth-
esis to analyze sensorimotor noise and demonstrated that humans suppress the effect of noise
by coordinating redundant pathways.
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1 Introduction

In human-machine interfaces (HMI), humans interact and communicate with dynamic ma-
chines through one or more sensory and motor modality. Sensory modalities enable humans
to perceive stimuli from machines (e.g., a computer display that provides visual stimuli to
human eyes), while motor modalities enable humans to provide motor inputs to machines
(e.g., a joystick that measures hand movement on one or more axes). We refer to traditional
hand-held devices such as joysticks, mice, and steering wheels as manual modalities.

We are interested in understanding whether integrating both motor modalities could combine
benefits and compensate for weaknesses from both sides, and thus improve the performance
of HMI. Recently, researchers have begun implementing biological signals like muscle ac-
tivity as an alternative motor input. For instance, electromyographic (EMG) signals are
widely used in developing body-machine interfaces (BoMI) (Casadio et al., 2012; Antuvan
et al., 2014), classifying gestures and motions (Saponas et al., 2009) (always-available in-
puts), and controlling assistive prosthetic devices (Kiguchi and Hayashi, 2012; La Scaleia
et al., 2014; Fall et al., 2017) and unmanned aerial vehicles (Miehlbradt et al., 2018). We
refer to the recordings of muscle inputs in HMI as muscle modalities in this paper. Both
muscle and manual modalities have unique advantages as human interfaces. Interfaces with
muscle modality (i.e., muscle interfaces) provide high-density measurements (Drost et al.,
2006; Yang et al., 2025), reduce delays in motion (Artemiadis, 2012), and have large control
bandwidth (Yamagami et al., 2020; Lobo-Prat et al., 2014; Corbett et al., 2011). However,
there are still many challenges in current upper-limb muscle interfaces such as high signal
variability between and within individuals, and high sensitivity to perturbations (Artemiadis,
2012; Farina et al., 2014). However, there are still many challenges in current upper-limb
muscle interfaces such as high signal variability between and within individuals, and high
sensitivity to perturbations (Farina et al., 2014; Artemiadis, 2012). On the other hand,
manual interfaces have lower control bandwidth but provide less variable signals and are
currently much more familiar to users. Fusing the inputs from both motor modalities has
the potential to combine benefits and compensate for weaknesses from both sides (Pantic
and Rothkrantz, 2003; Rizzoglio et al., 2020).

To develop human-machine interfaces with redundant motor modalities, it is instructive to
first understand how humans and other animals integrate motor pathways in their senso-
rimotor systems. Previously, researchers have assessed the integration of parallel sensory
pathways (Roth et al., 2016; Peterka, 2018) and motor pathways (Gelfand and Latash,
1998; Scholz and Schöner, 1999; Latash et al., 2002) to explain how redundant inputs collec-
tively govern a single behavior. Researchers have also investigated motor redundancy using
body-machine interfaces (Ranganathan et al., 2014; De Santis and Mussa-Ivaldi, 2020), in
which body inputs were collected from multiple channels with the same modality to control
lower-dimensional systems. Studies have found that sensorimotor redundancy could provide
abundant solutions to achieve tasks (Todorov, 2004), provide stability (Latash, 2012), assure
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robustness against uncertainties (Gelfand and Latash, 1998; Roth et al., 2016), and enhance
movement efficiency (De Santis and Mussa-Ivaldi, 2020). Stability here meant ”the capacity
of the system to return to a given state after a (phasic) perturbation has driven the system
away from that state” (Scholz and Schöner, 1999). In this work, we extend these results
to investigate how the inherent redundancies in human sensorimotor control could be in-
tegrated in designing multimodal interfaces to improve the performance of human-machine
interaction.

The advantages of multimodal interfaces have been suggested in previous studies in the fields
of human- and brain-computer interfaces. Multimodal interfaces can incorporate diverse fea-
tures from different modalities, and thus enable human-computer interfaces to better analyze
complex human behaviors (Pantic and Rothkrantz, 2003; Jaimes and Sebe, 2007), recognize
hand gestures (Wu et al., 2016), and classify intent of movement (Zhang et al., 2019). Sim-
ilarly, fusing multiple data sources with different frequency bands could enhance the accu-
racy of brain decoders (Fazli et al., 2015) and improve usability of brain-computer interfaces
(Müller-Putz et al., 2011). Most relevant for the present study is the muscle-and-motion
interface studied in (Rizzoglio et al., 2020), where it was found that the multimodal (hybrid)
interface performed similarly to motion-only (implemented with inertial measurement units,
IMU) and outperformed muscle-only (implemented with surface electromyography, sEMG)
in a reaching task.

The objective of this study is to evaluate a human-machine interface that combines redun-
dant muscle and manual motor modalities to perform a second-order reference-tracking and
disturbance-rejection task. Our experimental results with 15 human subjects demonstrate
that the multimodal interface outperforms the traditional manual interface and performs
comparably to the muscle interface. We also found that users can suppress the effect of
sensorimotor noise in task-relevant dimensions by coordinating noise between muscle and
manual modalities. Our results demonstrate potential advantages for human-machine inter-
faces that incorporate motor redundancy.

2 Background

In human-in-the-loop systems, humans provide inputs to control dynamic machines and
receive feedback to learn and adapt their actions. This creates a closed-loop interaction.
Modeling human behaviors, such as intent, strategies, and preference, in this closed-loop
can provide insights for designing personalized human-in-the-loop systems. In this study, we
model how humans behave in-the-loop when controlling dynamic machines with multimodal
inputs.

2.1 Decoding Human Controllers

Using theoretical frameworks in control theory, we can model humans as controllers in a
closed-loop system.
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Previous studies (Yamagami et al., 2021b) assumed humans H behave like LTI controllers
if given a LTI machine M and stimuli in a specific range of frequency. Assuming this
assumption still holds for HMI, the output y can be written as the linear combination in
response to reference r̂ and disturbance d̂:

ŷ = T̂yr r̂ + T̂y(Md) (M̂d̂) (3.1)

where T̂yr and T̂y(Md) are LTI transfer functions for signals in the output space. We can
then estimate these transfer functions empirically. Since reference and disturbance stimuli
are interleaved at the stimulated frequencies ω, when d̂(ω) = 0,

T̂yr(ω) =
ŷ(ω)

r̂(ω)
, (3.2)

and when r̂(ω) = 0,

T̂y(Md)(ω) =
ŷ(ω)

M̂d̂(ω)
(3.3)

respectively. The feedback controller B can be estimated using T̂ud(ω), where

B̂0(ω) = −M̂−1(ω)
T̂u0d(ω)

1 + αT̂u0d(ω) + (1− α)T̂u1d(ω)
(3.4a)

B̂1(ω) = −M̂−1(ω)
T̂u1d(ω)

1 + αT̂u0d(ω) + (1− α)T̂u1d(ω)
(3.4b)

F̂0(ω) = −B̂0(ω) + T̂u0r(ω) + αB̂0(ω)M̂(ω)T̂u0r(ω)+

(1− α)B̂0(ω)M̂(ω)T̂u1r(ω).
(3.5a)

F̂1(ω) = −B̂1(ω) + T̂u1r(ω) + αB̂1(ω)M̂(ω)T̂u0r(ω)+

(1− α)B̂1(ω)M̂(ω)T̂u1r(ω).
(3.5b)

The open loop transfer function of this system is defined as

L̂(ω) = B̂(ω)M̂(ω). (3.6)

We used the McRuer’s model to select the crossover frequency of our feedback system (McRuer
and Jex, 1967; Yu et al., 2014a). The crossover is selected to be 0.25 Hz, which is the
first stimulated frequency that has the gain of open-loop transfer function below 1, i.e.,
|L̂(ω)| < 1 (Yamagami et al., 2021b).



45

2.2 Crossover Frequency

According to the McRuer’s crossover model, the ability of human operators to track and
reject stimuli degrades above the crossover frequency due to humans’ neuro-muscular lim-
its (McRuer and Jex, 1967; Yu et al., 2014a). We used the McRuer’s model to select the
crossover frequency of our feedback system. The crossover is selected to be 0.25Hz, which
is the first stimulated frequency that has the gain of open loop transfer function below 1,
|L̂(ω)| < 1 (Yamagami et al., 2021b). However, prior work discovered an improvement of
performance above crossover using a muscle interface (Yamagami et al., 2020). Thus, we in-
vestigated the task performance at all stimuli (below and above crossover) in this study, but
used the notion of crossover to investigate the effect of inputs from the individual modalities
(uEMG and uManual).

2.3 Sensorimotor Noises

We followed the analyses in Yamagami et al. (2021b) and defined sensorimotor noise as the
imputed disturbance δ̂, which was the input disturbance if removing the effect of reference
and disturbance stimuli in the feedback system:

δ̂ = (1 + L̂)ûx, (3.7)

where ûx is the user input at the non-stimulated frequencies below 1 Hz. We linearly inter-
polated L̂(ω) at the non-stimulated frequencies to get L̂ since the transformation was only
derived at the stimulated frequencies (eq.3.6). The sensorimotor noises at both the EMG
and Manual pathways can be calculated using each modality’s inputs, ûEMG and ûManual,
and the feedback transformations, BEMG and BManual.

3 Methods

We developed a multimodal interface with muscle (EMG) and manual (joystick) modalities.
We then conducted human-subject experiments and data analysis to empirically evaluate
performance of the multimodal interface.

3.1 Multimodal Interface

In this study, the EMG electrodes were placed on participants’ dominant arms and the
manual interface was placed in front of their non-dominant hands (Fig. 3.1A). In conditions
that involve muscle modality, participants laid their non-dominant arm on a hard surface
and controlled the cursor by activating their biceps (pulling up) or triceps (pushing down).
It was previously discovered that handedness does not affect learned controllers using a
manual interface (Yamagami et al., 2021b). We picked the non-dominant arm for the
muscle modality because prior work has shown that users performed significantly better with
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a muscle interface versus a manual interface at higher frequencies using their non-dominant
arms (Yamagami et al., 2020).

The manual signals were measured using a 1-DOF 10 kΩ slide potentiometer. The slider’s
handle has a travel distance of 11.4 cm. The muscle signals were obtained via surface EMG
electrodes (Muscle SpikerShields, Backyard Brains, Inc.). The EMG electrodes were placed
on participants’ biceps and triceps according to the guidelines of Surface Electromyography
for the Non-Invasive Assessment of Muscle (SENIAM) (Hermens et al., 2000). The poten-
tiometer values and the EMG data were recorded with an Arduino Uno (Arduino.cc) at
1000 Hz.

An EMG calibration was conducted at the beginning of the experiment. We asked each par-
ticipant to do maximum voluntary contraction (MVC) of their biceps and triceps separately
for three times. Each MVC was held for two seconds. We took the 95th percentile of the
two-second data and then averaged the three trials to get an averaged MVC. We converted
the raw EMG data to the Average Rectified Value (ARV) by taking the absolute value of
raw EMG signals and applying a moving average filter with a 200 ms window. We then nor-
malized the ARV with the average MVC of each participant. To prevent muscle fatigue, only
a maximum of 33% of the MVC was required to track the largest stimuli of the task. The
normalized ARV of biceps and triceps were used to generate the EMG input uEMG ∈ [−1, 1].
The uEMG was returned positive if biceps’ scaled value was larger than triceps’, and negative
if the other way around. The uEMG was zero if both biceps’ and triceps’ scaled values are
below 2.5% of the average maximum contraction.

3.2 Participants

We recruited 15 participants (6 female, 9 male; 14 right-handed, 1 left-handed; aged between
22 to 31 years; height: 177±15.25 cm; weight: 71.5±19 kg). Participants gave their written
consent prior to the study. This study was approved by the University of Washington’s
Institutional Review Board (IRB #STUDY00000909). All participants use computers and
smartphones daily. Two participants reported themselves as non-professional experts in
video games and eleven reported themselves as causal gamers. Six participants have seen
or used EMG devices, and two participants work with EMG regularly. None of them had
prior experience with the sEMG device we used in this study and they were not aware of the
study’s purpose or conditions.

3.3 Continuous Tracking Task

In the following sections, we denote a signal and a transfer function as q and T in time-
domain; and q̂ and T̂ in frequency-domain. The frequency-domain representations of signals
are calculated using the fast Fourier Transform (FFT). We adopted a 1-degree-of-freedom
(DOF) continuous human-machine task previously conducted by (Yamagami et al., 2021b).
Human users H are tasked with controlling a second-order linear-time invariant (LTI) ma-
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Figure 3.1: (A) Multimodal human-machine interface: reference trajectory r and cursor output y
are displayed on a computer screen; participants used their non-dominant arm to control the muscle
modality (left arm in this image) and the dominant hand to control the manual modality (right
hand in this image). Electrodes were placed on participants’ biceps and triceps. (B) Block diagram
of the multimodal human-machine interface. The human user transforms reference r and output
y to produce muscle and manual inputs, uEMG and uManual, respectively. The inputs are scaled
by α and summed to yield input u to the second-order machine M . The feedforward controller
F is the transformation between reference r and input u, and the feedback controller B is the
transformation between tracking error r − y and input u. (C) Example reference r, cursor output
y, and disturbance signals d in a trial. (D) Reference and disturbance stimuli were interleaved at
the stimulated frequencies. (Top row) magnitudes of signals in the output space at the stimulated
frequencies; (Bottom row) magnitudes of signals in the input space at the stimulated frequencies.
(Left column) In odd trials (1, 3, 5, ...), reference and disturbance stimuli happened at odd and
even frequencies, respectively. (Right column) In even trials (2, 4, 6, ...), reference and disturbance
stimuli happened at even and odd frequencies, respectively.
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chine dynamics M :

M : ÿ + ẏ = u, M̂ :
1

s2 + s
, (3.8)

where s = jω. We chose a second-order M in this study since previous studies suggest
that muscle and manual modalities perform differently during acceleration-based tasks (Ya-
magami et al., 2020).

Second-order task dynamics were chosen because previous studies suggest that muscle and
manual modalities perform differently during acceleration-based tasks (Yamagami et al.,
2020).

The objective of human users is to control their cursor output y to track a reference trajectory
r on a computer screen and reject the invisible input disturbance d. Users control the system
using both muscle and manual modalities through a custom interface that records motor
inputs. We define the muscle and manual input signals as uµ and uν , respectively. The two
inputs were linearly combined with a weight constant, α:

u = α uEMG + (1− α) uManual (3.9)

To investigate the optimal weighting of the two modalities, we selected α to be evenly spaced
numbers in [0, 1], where α ∈ {0, 0.25, 0.5, 0.75, 1}. We refer to the weighted sum u as the
overall user input, and the transformation between tracking error r−y and u as the feedback
controller B. A block diagram of the human-machine system is shown in Figure 3.1B. The
time-domain reference r, disturbance d, cursor output y, and user inputs (u, uµ and uν) are
collected at sampling rate of 60 Hz. The task was programmed using pygame 1.9.2 package.

3.4 Task Stimuli

We constructed unpredictable reference r and disturbance d as sums of sinusoidal signals
interleaved at the stimulated frequencies (Yamagami et al., 2021b; Yu et al., 2014a). Stim-
ulated frequencies Ω were designed to be eight prime multiples of the base frequency (0.05
Hz) below 1 Hz, where Ω ={0.1, 0.15, 0.25, 0.35, 0.55, 0.65, 0.85, 0.95 Hz} to avoid har-
monics (Roth et al., 2011). The magnitude of each stimulus was scaled by the inverse of its
frequency, and the phase was randomized. The magnitudes of stimuli in the output space, |r̂|
and |M̂d̂|, were scaled by its frequency, and random phases were introduced for each stimuli.
An illustration of magnitudes of reference and disturbance stimuli are shown in figure 3.1.
Reference trajectories were provided to users with a look-ahead time of two seconds in order
to allow feedforward control of human users (Sheffler et al., 2019; van der El et al., 2016).

3.5 Experiment Conditions

Participants were asked to conduct the continuous tracking task by minimizing the distance
between cursor output y and reference trajectory r and rejecting the invisible disturbance
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d. A score (time-domain mean-squared-error) indicating participants’ performance was dis-
played on screen after they completed each trial. Participants were asked to perform the
task with both of their upper limbs: manipulating the slider with their dominant hand and
activating the biceps or triceps of their non-dominant arm.

Each participant performed three sessions in the following order (Table 3.1):
1st session: 10 trials for each single-mode condition (Manual-only α = 0, followed by EMG-
only α = 1);
2nd session: 14 trials for each multimodal condition (α = 0.25, 0.5, 0.75 in random order);
3rd session: 4 trials for each single-mode condition (α = 0, 1 in random order) as the control
groups.

Table 3.1: Condition orders

Sessions # of Trials α %EMG random order
1st 10 0, 1 0,100 no
2nd 14 0.5, 0.25, 0.75 25, 50, 75 yes
3rd 4 0, 1 0,100 yes

We started each experiment with the manual interface (α = 0) to allow participants to
familiarize themselves with the task since most computer users are more familiar with a
manual device. Each trial was 45 seconds starting with a 5 seconds ramp-up period (ramp-
up was not included in the data analysis), thus the total time period T = 40 s. Participants
were asked to take mandatory breaks in-between conditions to avoid muscle and eye fatigue.

3.6 Evaluation

We evaluated the performance of multimodal interfaces (25%, 50%, 75% EMG) and single-
modal interfaces (EMG-only, Manual-only) with the following metrics:
(1) Overall task performance. We quantified the overall task performance using the
time-domain mean-square error (MSE) between reference r and cursor output y:

||r − y||2 =
∑

t∈[0,T ]

|r(t)− y(t)|2 (3.10)

where T = 40 seconds. A lower MSE corresponds to better performance.

(2) Feedforward and feedback transformations at stimulated frequencies. We as-
sumed that a perfect feedforward operator inverts the machine dynamics M−1, especially
at frequencies below crossover (Yamagami et al., 2020; Drop et al., 2013). We computed
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the MSE between M−1 and the estimated feedforward transformation F over the stimulated
frequencies:

||F −M−1||2 =
∑

ω∈[0.1,0.15,0.25]

|F (ω)−M−1(ω)|2. (3.11)

Although there is no theoretical ideal of a feedback transformation, we could still investigate
the steady state error of the feedback controller at the stimulated frequencies:

ŷ(ω) = r̂(ω) +
d̂(ω)

1 +M(ω)B(ω)
. (3.12)

(3) Stability margin of the closed-loop system. We computed the stability margins using
Nyquist plots to assess robustness, where the locus of the open-loop transfer function L(ω) =
M(ω)B(ω) did not cross −1. The stability margin was calculated as the smallest distance
between L(ω) and −1 in the complex plane.

We hypothesized that (H1) the performance of multimodal interfaces (EMG + Man-
ual) is not different from both single-modal interfaces (EMG or Manual). To test
this hypothesis, we compared each multimodal condition (%EMG = 25, 50, and 75) with
each single-modal condition (%EMG = 0 and 100).

In addition to interface performance, we also evaluated the user inputs of each modality.
Prior research has shown that EMG interfaces benefit high-frequency responses and have
shorter delays than manual interfaces in human-machine interaction (Peterson et al., 2022).
Thus, we hypothesized that (H2) EMG input dominates at high frequencies and
leads in phase compared to manual input in multimodal interfaces.

To further understand coordination between redundant modalities, we introduced a novel
frequency-domain interpretation to the established uncontrolled manifold (UCM) hypoth-
esis (Latash, 2012). Given redundant DOF, the UCM method enabled us to project the
variability of 2D signals (e.g., inputs from the two modalities) onto 1D task-relevant and
task-irrelevant directions (Fig. 3.4B). The variance along the task-irrelevant directions, or
the uncontrolled manifold (UCM), does not affect performance but allows abundant so-
lutions; while the variance orthogonal to that space should be suppressed (Latash, 2012;
Todorov and Jordan, 2002). Prior research found that if the variance in the UCM direction
is greater than the variance in the direction orthogonal to it (ORT), the overall responses
are stabilized by the coordination of redundant inputs. We investigated the variances in un-
controlled manifold (UCM, task-irrelevant) and orthogonal (ORT, task-relevant) directions
for inputs signals at the non-stimulated frequencies (Fig. 3.4B). Non-stimulated frequencies
were chosen for this analysis because the two inputs had the same task goal at every non-
stimulated frequency, which is αuEMG + (1 + α)uManual = 0. We calculated the inputs at
the non-stimulated frequency in the frequency domain as complex numbers, and then used
inverse fast Fourier Transform (IFFT) to compute the inputs in the time domain as real
values. We hypothesize that users coordinate multiple inputs aligned with the uncontrolled
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manifold, and thus the (H3) variance is larger in uncontrolled manifold than the
orthogonal space.

We then examined the multimodal pathways of users by calculating the feedforward and
feedback controllers (eq. 3.4 and 3.5) and sensorimotor noises (eq. 3.7) from empirical data.
We hypothesized that users combined multiple pathways linearly (Roth et al., 2016); how-
ever, due to the interaction between pathways in the closed-loop, the multimodal pathways
may not be estimated via the linear combination of pathways in single modalities. We hy-
pothesized that (H4) the feedforward and feedback transformations in EMG and
manual pathways in multimodal interaction are not different from the feedfor-
ward and feedback transformations in single modalities. We also hypothesize that
(H5) the sensorimotor noises are no different between the two pathways. The
sensorimotor noise was calculated by first linear interpolating the feedback transformations
B at the non-stimulated frequencies, then followed eq. 3.6 and 3.7 to find the imputed
disturbances δ̂ (section 2.3).

3.7 Statistical Tests

To verify the five hypotheses above, we considered the average of the last four trials of each
condition in the 2nd and the 3rd sessions to ensure adequate user learning time.

To test hypothesis H1, we first ran a Shapiro-Wilk Test on the residuals to test if the data
was normally distributed. We found that our data was not normally distributed so we used a
non-parametric Friedman Test to detect an overall difference between the 5 conditions. If the
result showed a significant difference between the condition, we would use Wilcoxon signed-
rank tests (non-parametric paired t-test) with a confidence level of 5% with Holm-Sidak
correction on each multimodal condition to each single-modal condition (i.e., six pairwise
comparisons). For hypotheses H2-H5, we applied Wilcoxon signed-rank test with a confi-
dence level of 5%. We used Scipy 1.11.1 for Shapiro-Wilks tests, Friedman tests, Wilcoxon
signed-rank tests, and Holm-Sidak correction.

4 Results

4.1 Multimodal interface had better performance than the manual interface

We tested our hypothesis H1 that the performance of multimodal interfaces (EMG +
Manual) was not different from single-modal interfaces (EMG or Manual). We quanti-
fied overall task performance using the time-domain MSE between reference r and cursor
output y, ||r− y||2. Results showed no significant difference between EMG and Manual-only
interfaces (p > 0.05), and the equal-weighted condition (α = 0.5) achieved a significantly
lower error than the Manual-only condition (α = 0) (Fig. 3.2A; p < 0.01). While the
multimodal interface did not significantly outperform the EMG-only condition (α = 1), it
exhibited significantly lower output at non-stimulated frequencies than both single-modal
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Figure 3.2: Boxplots (N = 15) of the performance and stability of the five experimental conditions.
(A) Tracking error between reference r and cursor y at the stimulated frequencies. (B) Error y at the
non-stimulated frequencies below 1Hz. (C) Magnitudes of the difference between the feedforward
controller F and the inverse of the machine M−1 at the stimulated frequencies. (D) Magnitudes of
the steady state error with the feedback controller B at the stimulated frequencies. (E) Stability
margins, calculated as the minimum distance between open loop transfer function L and −1 on the
Nyquist plot. The multimodal conditions (α = 0.25, 0.5, 0.75) are labeled with a green background.
Horizontal lines with ∗ indicate significant differences between pairs of distributions (Wilcoxon
signed-rank tests for pair-wise comparisons with Holm-Sidak corrections, p < 0.05).

baselines (Fig. 3.2B; p < 0.05). The magnitude of output at the non-stimulated frequencies
|y| was approximately 16% of the magnitude of |r − y| at all frequencies, averaged across
subjects. This suggests that although stimulated frequencies dominate the response, the mul-
timodal integration specifically suppresses the unwanted noise responses at non-stimulated
frequencies, and those noise responses were not trivial. These findings lead us to reject H1.

4.2 EMG inputs dominated at high frequencies and manual inputs at low frequencies

To understand how users partitioned control across modalities, we examined the magnitudes
of EMG inputs uEMG and Manual inputs uManual in the equal-weighted condition. We
tested our hypothesis H2 that uEMG dominates at higher frequencies and leads in phase
compared to uManual. We found that in the equal-weighted condition (% EMG = 50), uManual

magnitudes were significantly larger at frequencies below the crossover frequency1 (median
0.25 Hz across subjects), while uEMG magnitudes dominated above the crossover frequency

1frequency at which the open-loop transfer function magnitude is below 1, |L̂| = |M̂(ω)B̂(ω)| < 1
(McRuer and Jex, 1967).
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Figure 3.3: Distributions (median, interquartile, N = 15) of the magnitudes and phases of the
EMG and manual inputs (uEMG and uManual) at the stimulated frequencies in the equal-weighted
multimodal condition (α = 0.5). The gray region indicates the distribution (median, interquartile,
N = 15) of crossover frequencies. The median (dashed vertical line) was rounded to the nearest
stimulated frequency.

(left plot of Fig. 3.3). Furthermore, uEMG led in phase compared to uManual (right plot of
Fig. 3.3), consistent with prior findings that muscle signals have a shorter time delay and can
better predict movements compared to manual signals (Artemiadis, 2012). This supports our
H2 and aligns with prior observations that multimodal interfaces combine distinct features
of different signals (Rizzoglio et al., 2020; Zhang et al., 2019).

4.3 Multimodal inputs were anti-correlated below crossover

As we found a significant difference between interface performance at the non-stimulated
frequencies, we investigated how users coordinated redundant degrees of freedom (DOF) at
those frequencies. We tested our H3 that the variance of multimodal inputs followed the
uncontrolled manifold (UCM) hypothesis. In the frequency domain, we separated inputs

uEMG and uManual at stimulated frequencies Ω and at non-stimulated frequencies Ω̃; then we
used inverse Fourier Transform to calculate the time-domain signals of the non-stimulated
frequencies portion (Fig. 3.4A). Since the task goal at the non-stimulated frequencies is 0
(i.e., noise suppression), the uncontrolled manifold (UCM) spans the task-irrelevant direction
(1−α,−α). If the variance is greater in UCM than the variance of the direction orthogonal
to it (ORT), the overall input is stabilized by the coordination of redundant DOF. We found
that in all multimodal conditions (25%, 50%, and 75% EMG), the multimodal inputs roughly
spanned the UCM directions (Fig. 3.4B). In addition, variances in the uncontrolled manifold
(VUCM) were significantly greater than that in the orthogonal direction (VORT ), supporting
our H3 (Fig. 3.4C; p < 0.01 for all three multimodal conditions).

We further investigated the magnitudes and phases of inputs at non-stimulated frequencies.
We found that users increased themagnitude of an input modality if there was a “shortage” in
that modality. For instance, in the Manual-dominated condition (25% EMG), users increased
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uEMG below crossover to compensate the lower weighting in EMG (yellow line in Fig. 3.5).
Interestingly, phase analysis of inputs at non-stimulated frequencies revealed an antagonistic
relationship between uEMG and uManual. The phase difference (∠ûEMG−∠ûManual) remained
approximately π for frequencies below crossover (median 0.25 Hz) (grey lines in Fig. 3.5).
This non-random anti-phase coordination is consistent across multimodal conditions, which
effectively suppresses input magnitudes at these non-stimulated frequencies (green lines in
Fig. 3.5). However, we did not observe a similar trend in inputs at the stimulated frequencies.
These findings imply that people combined both modalities to work jointly toward track-
ing/rejecting the stimuli, but used one modality to compensate for the other to suppress
their inputs at the non-stimuli, effectively reducing the effect of sensorimotor noise. This
finding also aligns with some users’ self-reported strategies, which we collected at the end of
the experiment via a survey, that they used one modality to “fight” for the other modality
to gain a more stable control.

4.4 Multimodal feedforward pathways differ from single-modal feedforward pathways

We investigated whether multimodal pathways could be predicted by simple scaling of single-
modal behavior. We tested our hypothesis H4 to assess whether the feedforward and feed-
back transformations in single-modal conditions can inform the transformations in multi-
modal conditions.

We observed that the feedforward transformation of EMG pathway FEMG in multimodal
conditions (yellow lines) were different from the FEMG in the EMG-only condition (black
lines), and they are significantly different in phase below the 0.25 Hz crossover (Fig. 3.6A,
p < 0.05 in phase). Similarly, the feedforward of Manual pathway FManual in multimodal
conditions (blue lines) were different from that in the Manual-only condition (black lines)
(Fig. 3.6B, p < 0.05 in phase). Both FEMG and FManual in the multimodal conditions
(yellow and blue lines respectively) deviated further from the theoretical ideal (dashed lines in
Fig. 3.6, where F = M−1 in open-loop transformation) than their single-modal counterparts
(black lines). These results indicate that the presence of an additional modality reshapes
the underlying feedforward control strategy, meaning multimodal behavior is not a linear
superposition of isolated modal behaviors.

However, we observed that the feedback transformations of EMG and Manual pathways
(BEMG and BManual, yellow and blue lines respectively) in multimodal conditions were closer
to, and were not significantly different from, their single-modal counterparts (black lines)
(Fig. 3.7, p > 0.05). This suggests that users maintain similar feedback control strategy
across single-modal and multimodal conditions.

4.5 Sensorimotor noises were not different between the two pathways

We followed methods in Yamagami et al. (2021b) to compute the imputed disturbances to
estimate the sensorimotor noise in each pathway (eq. 3.7). We tested hypothesis H5 that
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Figure 3.4: (A) Boxplots (N = 15) of magnitudes of (left) the combined user inputs in every
condition, and (right) the combined user inputs at the non-stimulated frequencies below 1 Hz.
Horizontal lines with ∗ indicate significant differences between pairs of distributions (Wilcoxon
signed-rank tests, p < 0.05). (B) Distributions (median, interquartile, N = 15) of the magnitudes
and phases of the EMG and manual inputs (uEMG and uManual) at the stimulated frequencies
in the equal-weighted multimodal condition (α = 0.5). (C) Example of task-relevant (ORT) and
task-irrelevant (UCM) directions of a multimodal interface. The UCM hypothesis predicts greater
variance in the UCM than the ORT direction. (D) Scatter and histograms of non-stimulus inputs
below crossover for the multimodal conditions (see methods). The x-axis and y-axis are the EMG
modality and the Manual modality, respectively. (E) Boxplots (N = 15) of the variance in UCM
(VUCM ) and the variance in ORT (VORT ) of inputs at the non-stimulated frequencies for the mul-
timodal conditions. Significant differences between VUCM and VORT are indicated with ∗p < 0.05
and ∗ ∗ p < 0.01 (Wilcoxon signed-rank tests).
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Figure 3.5: Distributions (median, interquartile, N = 15) of user inputs at non-stimulated frequen-
cies in multimodal conditions. (Top) magnitudes of combined input (green: αuEMG+(1+α)uManual)
and inputs from individual two modalities (yellow: uEMG; blue: uManual). (Bottom) phase differ-
ences between uEMG and uManual at the non-stimulated frequencies.

Figure 3.6: (A) Distributions (median, interquartile, N = 15) of the EMG feedforward controller
FEMG in the multimodal conditions. The black line indicates FEMG in the EMG-only single-modal
condition. (B) Distributions (median, interquartile, N = 15) of the Manual feedforward controller
FManual in the multimodal conditions. The black line indicates FManual in the Manual-only single-
modal condition. The dashed line is the inverse of the machine.
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Figure 3.7: (A) Distributions (median, interquartile, N = 15) of the EMG feedback controller
BEMG in the multimodal conditions. The black line indicates BEMG in the EMG-only single-modal
condition. (B) Distributions (median, interquartile, N = 15) of the Manual feedback controller
BManual in the multimodal conditions. The black line indicates BManual in the Manual-only single-
modal condition. The dashed line is the inverse of the machine.

the sensorimotor noises were no different between the two pathways in the equal-weighted
condition. We found that the resulting imputed disturbances δEMG and δManual were not
significantly different in the power spectrum (p > 0.05). However, the sensorimotor noises
were affected by the weightings. The δ of non-dominated modality was significantly higher
than the dominated modality (p < 0.01 in 25% and 75% EMG in Fig. 3.8). This is un-
surprising as our subjects reported in 25% and 75% EMG conditions that they felt that
the non-dominated modality was not sensitive enough, so that they would “try harder” in
using that modality. This is consistent with prior findings that sensorimotor noise is signal-
dependant, which means noise could be affected by the magnitude of user inputs (Harris and
Wolpert, 1998).

4.6 Users adopted diverse strategies in combining modalities

Subjects exhibited three distinct strategies based on their feedforward/feedback magnitudes:
EMG-dominant (|FEMG| − |FManual| > 0), Manual-dominant (|FEMG| − |FManual| < 0), and
Mixed strategy (|FEMG| was larger in high frequencies and |FManual| was larger in low frequen-
cies); users’ strategies in feedback fall in the same strategy groups as that in feedforward
(Fig. 3.9A). EMG-dominant subjects self-reported in a post-experiment survey that they
used EMG to control large movements and Manual for fine adjustments. On the contrary,
Manual-dominant subjects reported that they used small amount of EMG to compensate
for larger Manual overshoot, or had more steady Manual movements compared to EMG.

Additionally, we looked at the averaged task errors of every individual in each strategy group,
and found that all three strategies were capable of achieving high performance (Fig. 3.9B),
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Figure 3.8: Boxplots of magnitudes of sensorimotor noises |δ| of each pathways. Significance
differences are indicated with ∗∗p < 0.01 (Wilcoxon signed-rank tests) and no significant difference
is indicated with ns.

highlighting the flexibility afforded by motor redundancy. We also found that people in the
EMG-dominant group had better performance using EMG-only interface than the Manual-
only interface; while people in the Manual-dominant and Mixed groups have varied per-
formance in EMG-only and Manual-only interfaces. These results show that individuals
used their dominant modality in multimodal interfaces, based on performance and personal
preferences.

4.7 Subjective user experience

At the end of the experiment, participants provided subjective inputs, including the difficulty
of the system (on a scale of 1−5, with 5 being the most difficult), the accuracy of the system
(1−5, with 5 being the most accurate), and how much effort did it take to use the system
(1−5, with 5 being a lot of effort). The median values of the three indices showed that
participants rated the multimodal system to have relatively medium (3) difficulty, high (4)
accuracy, and low (2) effort. Regarding subjective preferences, most participants favored
using both channels, with seven subjects selecting the multimodal interface, six preferring
EMG-only, and two choosing manual-only control.

5 Discussions

Previous research in human-device interaction has shown the advantages of redundancy in
both motor pathways (De Santis and Mussa-Ivaldi, 2020) and modalities. Specifically, dis-
tinct modalities can provide complementary, overlapping signals for the same movement (Riz-
zoglio et al., 2020) or offer alternative control modes for robotic systems (Zhang et al., 2019).
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Figure 3.9: (A) Distributions (median, interquartile, N = 15) of the magnitudes of (top row)
feedforward controllers, FEMG, FManual, and F , and (bottom row) feedback controllers, BEMG,
BManual, and B. Each column is a subject group that had similar strategies: EMG-dominant,
Manual-dominant, and Mixed. (B) The task error of each subject in each condition. Each dot is
an average across trials. Each subject’s data is connected by a line.

However, few studies have investigated how users integrate distinct modalities across different
motor pathways to control a single device.

This integration is particularly critical for neural interfaces used in assistive and rehabilitative
contexts. Consider a myoelectric-controlled single-arm exoskeleton as an example (McDon-
ald et al., 2020). In this scenario, a user might primarily employ EMG on their affected
arm to perform rehabilitation tasks. However, when EMG control degrades due to signal
nonstationarity or user fatigue, a redundant manual channel on the less affected limb could
maintain system-level accuracy, ensuring continuous device functionality and reducing user
frustration. Providing distinct modalities across separate motor pathways gives users two
independent control mechanisms (“knobs”) that may overcome the inherent limitations of
single-mode interfaces. Furthermore, the synergy between these two pathways may opti-
mize the advantages between modalities and thus enhance overall control performance and
robustness.

In this study, we picked EMG and Manual modalities in our experiment due to their dis-
tinctive trade-off between control bandwidth and physical effort (Lobo-Prat et al., 2014;
Yamagami et al., 2020). In our experiment with 15 participants, we evaluated whether
multimodal inputs from distinct pathways, or multimodal pathways, of combined EMG and
Manual signals improve device control performance and robustness. Additionally, we inves-
tigated how users coordinate these separate channels, specifically examining the synergy and
control strategies between neural (EMG) and manual (joystick) modalities across two motor
pathways during the control of complex machines.



60

5.1 Synergy between multimodal pathways reduced the effect of sensorimotor noise

Our experimental results demonstrated that multimodal inputs generated by distinct mo-
tor pathways allowed users to control the virtual machine with significantly better tracking
performance than manual (joystick) control alone. Furthermore, the EMG modality demon-
strated better performance and robustness compared to manual control (Fig. 3.2A,E). This
latter finding is consistent with prior studies showing that EMG signals surpass kinematic
signals in continuous tasks (Lobo-Prat et al., 2014; Yamagami et al., 2020). While previous
multimodal literature reported benefits of hybrid signals relative to muscle but not motion
(IMU) modalities alone, our results specifically highlight performance improvements over
manual (joystick) modalities in continuous tracking tasks (Rizzoglio et al., 2020). Addition-
ally, we observed a reduction in the effect of sensorimotor noise in the multimodal condition
compared to both the manual-only and EMG-only control conditions (Fig. 3.2B).

To investigate the mechanisms underlying this multimodal advantage, we examined the two
input signals (uEMG and uManual) at both the stimulated and non-stimulated frequencies.
Although overall performance is determined by a combination of both responses, isolating
them allowed us to identify whether the improvements stemmed from the user’s tracking and
disturbance-rejection abilities (at stimulated frequencies) or their ability to suppress internal
sensorimotor noise (at non-stimulated frequencies). At stimulated frequencies, we observed a
higher-frequency phase lead in the EMG input alongside a lower-frequency dominance in the
manual input (Fig. 3.3), which means the multimodal interface provided two distinct control
signal “knobs” from each modality. This aligns with prior research demonstrating that neural
signals from muscle have a shorter time delay and offer better movement prediction than
manual signals (Artemiadis, 2012).

Regarding inputs at the non-stimulated frequencies, we found that participants coordinated
the two channels to suppress task-relevant noise while allowing task-irrelevant variability
(Fig. 3.4B,C), consistent with the Uncontrolled Manifold (UCM) hypothesis (Scholz and
Schöner, 1999; Latash, 2012). Despite the disparate nature of these modalities, that one being
a peripheral neural signal and the other is kinematic signal, the motor system treats them
as a unified, redundant system. The modalities exhibited a synergy analogous to how the
central nervous system internally coordinates motor pathways: if one effector deviates from
its intended trajectory, the other compensates to maintain stable system-level performance.
Interestingly, we observed a larger control effort, defined by the input magnitudes of each
modality, in multimodal conditions compared to the inputs in the EMG-only and manual-
only conditions (yellow and blue lines, top row of Fig. 3.5). This finding has implications
for rehabilitation settings; when muscle engagement needs to be encouraged, a multimodal
control paradigm may promote larger EMG magnitudes.

Phase analysis of the inputs at non-stimulated frequencies further revealed an antagonistic
relationship between uEMG and uManual. Specifically, the phase difference (∠ûEMG−∠ûManual)
maintained a non-random, anti-phase value of approximately π for frequencies below the 0.25
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Hz crossover frequency (bottom row of Fig. 3.5). This implies that anti-phase coordination
effectively cancels out and suppresses noise magnitude at these non-stimulated frequencies.
These results suggest that users actively prioritize the reduction of noisy inputs over mini-
mizing physical effort, achieving this by utilizing opposing forces between redundant degrees
of freedom (DOF). We propose that this anti-phase coordination of redundant modalities
is functionally similar to the mutual opposing forces observed in animal locomotion, where
animals generate counteracting forces to simultaneously enhance maneuverability and loco-
motor stability (Sefati et al., 2013).

5.2 Multimodal pathways reshape behaviors

Our results suggest that the feedforward pathways for EMG and manual inputs (FEMG,
FManual) in multimodal conditions differ significantly from those in single-modal conditions
(yellow and blue lines vs. black lines in Fig. 3.6). This suggests that multimodal behavior
cannot be predicted simply from single-modal performance. Furthermore, these feedforward
pathways varied depending on the weighting parameter α assigned to each modality. Specif-
ically, when a modality was weighted less, its feedforward magnitudes were larger and its
phase deviated further from the theoretical ideal (M−1, represented by the dashed lines in
Fig. 3.6). This finding aligns with subjective reports from several participants, who noted
that they used the less sensitive modality to fine-tune cursor movements and complement the
more sensitive modality. The fact that control strategies adapt in the presence of a redun-
dant modality suggests that the user’s internal model shifts based on the available control
degrees of freedom (DOF) and their relative weightings.

Beyond behavioral shifts between conditions, we also observed a diversity of individual strate-
gies across participants. These could be broadly categorized into three distinct control be-
haviors: some subjects relied on the EMG pathway as the dominant modality, others favored
the manual pathway, and some adopted a frequency-dependent mixed strategy (Fig. 3.9A),
and these also matched the participants’ self-reported experiences. Interestingly, more sub-
jects used EMG as their dominant modality (N = 7) compared to those who relied primarily
on manual control (N = 3). These individuals reported preferring EMG for large, coarse
adjustments and the joystick for fine-tuning. Additionally, more people reported a higher
subjective preference for the EMG modality than the manual. This preference is intuitive
because physical force is directly tied to acceleration, which matches the second-order ac-
celeration dynamics of the virtual machine controlled by the participants. Nevertheless,
some participants struggled with muscle-based control; three subjects reported that the
EMG interface was “somewhat difficult” to use. This observation evokes the concept of
neural interface inefficiency, where prior literature indicates that inefficient users can make
up a considerable fraction of an experimental population (Guger et al., 2003; Zhang et al.,
2020a). This variation further highlights that incorporating a redundant manual modal-
ity allows these individuals to achieve high-performance cursor control while simultaneously
utilizing and practicing their muscle pathways.
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Furthermore, there are subjects who can still achieve relatively good task performance within
each strategy group (lower task error in Fig. 3.9B). This indicates that no single control
strategy is inherently flawed; rather, it is possible to yield good task performance regardless
of the user’s strategic preference, though overall performance variance across subjects remains
high. These findings emphasize that individual preferences and distinct motor abilities must
be evaluated when designing future human-machine interfaces.

5.3 Future work

In this study, we proposed a framework of evaluating multimodal interfaces and demonstrated
the benefits of redundant motor modalities. We would like to further investigate whether
multimodal interfaces can be predicted using optimal combination of multiple modalities.
Furthermore, we are interested in extending the current interface to an adaptive interface
(Chasnov et al., 2019; Madduri et al., 2021), in which we will iteratively update the machine
according to users’ performance. Through these approaches, we wish to provide a generaliz-
able framework to optimally fuse multiple sensory-and-motor modalities using an adaptive
interface.

6 Preliminary experiment with multimodal sensory feedback

In addition to multimodal motor pathways, we are also interested in investigating the benefits
of multimodal sensory feedback. Prior research has shown that multimodal sensory feedback
can improve performance and synergy of motor tasks (Koh et al., 2016). Here we present
the preliminary findings of engineering the sensory-and-motor transformations in a human-
computer interface, as an extension to the paper “Redundant Sensorimotor Pathways in a
Multimodal Neuromotor Interface” in this Chapter.

6.1 Motivation

While our results suggest that users benefit from multiple motor output pathways, it is un-
clear if and how users would benefit from multiple sensory input pathways. We further seek
to extend methods and findings in this Chapter to incorporate multiple sensory pathways.
Haptic feedback naturally complements the visual feedback we already use since it can pro-
vide lower-latency task information to the user. We conducted a pilot experiment where
we systematically vary the “weight” assigned to the different sensory pathways (haptics and
visual) and estimate the sensorimotor transforms that result.

6.2 Methods

Subjects use their dominant hands (left hand in Fig. 3.10) to control a slider joystick for a
disturbance rejection task. The subject sees the position of a cursor on a computer screen,
and feels a force from a haptic device with their non-dominant hand (right hand in Fig. 3.10).
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This haptic feedback is achieved by applying a horizontal opposing force to the user using
an actuated mechanism. The larger the cursor is away from the central line, the greater the
force is applied. The task goal of the subject is to achieve zero displacement of the cursor
to the center line and to obtain zero force with the haptic device.

Figure 3.10: Experimental setup. (left) A participant uses a slider with their dominant hand
to control a purple cursor to track a yellow center line while feeling horizontal force feedback on
their non-dominant hand. (right) The cursor moves horizontally in the task screen; the center line
stays stationary.

The experiment includes two distinct sensory feedbacks: visual feedback via a computer
screen and the force feedback via a haptic device. Subjects conduct a disturbance rejection
task using a slider. Subjects first conduct the task given single feedback (visual-only or
haptic-only), and then given multimodal feedback (visual + haptic) with different weightings
for the gains (ω = 0, 0.25, 0.5, 0.75, 1). A block diagram of the multi-sensory system is
shown in Fig. 3.11. Subjects conduct the task again with single feedback at the end of the
experiment. The experiment was approximately 1.5 hours for each subject. The schematic
of the trial structure is shown in Fig. 3.12.

6.2.1 Experiment A (N = 1 subject): conflicting multisensory feedback

We conducted another exploratory experiment with 1 subject to test the multi-sensory system
with conflicting feedback signals. We hypothesized that users rely predominantly on the
visual sensory information when given conflicting visual and haptic feedback. The stimulated
frequencies of the haptic disturbance are prime multiples (2,5,11,17) of the base frequency
of 0.05 Hz, while the stimulated frequencies of the visual disturbance are prime multiples
(3,7,13,19) of the base frequency. This design leads to conflicting feedback signals from the
two channels. Five different conditions with different weightings ω ∈ [0, 0.25, 0.5, 0.75, 1] are
tested. Each condition has 14 trials, one minute each.
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Figure 3.11: Block diagram of the multi-sensory system. Human H uses slider input u
to control a first-order (velocity-based) machine M . The output of the machine y is perturbed by
disturbances δ and is sent back to the user via distinct channels: visual and haptic with different
gains ω. The larger the ω, the larger the haptic input.

6.2.2 Experiment B (N = 2 subjects): non-conflicting multisensory feedback

We conducted an exploratory experiment with two sensory modalities that have identical
disturbance signals. We hypothesized that augmenting haptic feedback improves task perfor-
mance compared to having visual feedback alone. The disturbances are sum-of-sines signals
at the stimulated frequencies. The stimulated frequencies are prime multiples (2,5,11,17) of
the base frequency (0.05 Hz). Five different conditions with different weightings (0, 0.25,
0.5, 0.75, 1) are tested. Each condition has three trials. Each trial is 4 minutes.

6.2.3 Evaluation

In the multi-sensory system, user simultaneously perceives two feedback signals: (1) visual
feedback signal: (1− ω) ∗ (y + δvisual), and (2) haptic feedback signal: ω ∗ (y + δhaptic).

In time domain, the visual feedback error is the normalized distance between the computer
cursor and the stationary center line.

∥y + δvisual∥2 =
∑

t∈[0,T ]

|y(t) + δvisual(t)|2. (3.13)

The haptic feedback error is the normalized force that the end effector applied to the user.
These errors are normalized by the gains ω.

∥y + δhaptic∥2 =
∑

t∈[0,T ]

|y(t) + δhaptic(t)|2, (3.14)

where T = 1 minute (experiment A) or 4 minutes (experiment B). Note that δvisual and
δhaptic are identical in experiment B.
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Figure 3.12: Schematic of trial structure.

6.3 Preliminary findings and discussions

6.3.1 Experiment A: sensory conflict yields tradeoff in modality performance.

In experiment A, different error signals are provided along two sensory pathways, and the
weighting for each pathway varies between conditions: ω = 0 corresponds to visual-only
feedback and ω = 1 corresponds to haptic-only feedback.

We found that task performance was better in single-modality conditions than when multiple
modalities were active across all three multi-modal weighting conditions (Fig. 3.13). Taken
together, these results indicate that the users exert more effort (quantified by the magnitude
of the user input signal) to negotiate the tradeoff between conflicting task goals (defined by
the distinct error signals displayed along the sensory pathways).

6.3.2 Experiment B: in the absence of sensory conflict, introducing haptic feedback affected
behavior but not performance.

In experiment B, we removed the sensory conflict, instead displaying the same error signal
with different weightings along the two sensory pathways.

We found that task performance in the haptic-only condition was significantly worse than
all other conditions, which all had similar performance (Fig. 3.14a). At the same time,
input signal magnitude in the visual-only condition was significantly smaller than all other
conditions, which had similar magnitudes (Fig. 3.14b). This indicates that the presence
of haptic feedback in the multi-modal conditions changed user behavior – in particular, by
yielding more hand movement – without significantly changing performance. This finding
may be valuable in future work that seeks to elicit user exploration while learning a novel
interface.

7 Conclusion

In this study, we propose a new experimental method to evaluate multimodal human-device
interaction across multimodal motor (manual + EMG) or sensory (visual + haptic) path-
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Figure 3.13: Time-domain task error for each condition, with sensory conflict. Distribu-
tion (median, interquartile) of normalized (left) visual feedback errors and (right) haptic feedback
error , N = 3 (1 subjects × 3 trials for each condition). The weight ω is the gain of haptic feedback;
(1− ω) is the gain of visual feedback.

ways. Through human-subject experiments involving a continuous trajectory-tracking and
disturbance-rejection task, we demonstrate that multimodal motor pathways improve perfor-
mance and reduce the effects of sensorimotor noise compared to single-modal interfaces. We
also find that users adapt their control strategies to effectively coordinate the two modalities,
and that synergy between the two motor pathways allows users to suppress their sensorimo-
tor noise. This suggests that future human-machine systems requiring minimal sensorimotor
noise may benefit from redundant motor modalities, especially combined manual and muscle
inputs. Furthermore, we observed diverse strategies across users, which suggests that future
systems should consider individual preferences and motor abilities when designing multi-
modal interfaces. Additionally, our preliminary findings in multimodal sensory feedback
show that user behaviors change when multiple sensory pathways are available. These find-
ings provide a foundation for future work in designing multimodal human-machine systems
that incorporate both motor and sensory pathways to improve performance and robust-
ness. Because human behaviors are shaped by these additional modalities, future studies
are needed to investigate how to optimally combine multiple sensory and motor pathways in
human-machine systems.
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Figure 3.14: (a) Time-domain task error for each condition, without sensory conflict.
Distribution (median, interquartile) of normalized task errors in the visual and haptic pathways,
N = 6 (2 subjects × 3 trials for each condition). Moving average with a 10-second window. The
weight ω is the gain of haptic feedback; (1− ω) is the gain of visual feedback. (b) Time-domain
slider input for each condition. The user input is the norm squared of the slider input. Error
bars were from N = 6 (2 subjects × 3 trials). Significant differences are shown with a ∗ (Wilcoxon
signed-rank test, p < 0.05).
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Abstract

Neuromotor interfaces enable control of devices like robots and computers, thereby providing
accessible interactions and restoring motor function. Current interfaces still face challenges
in decoding high-dimensional neural recordings to maintain consistent control across users
and tasks. Algorithms that adapt decoders based on closed-loop performance can improve
accuracy and provide avenues to continuously account for changes in their users. Current
approaches for closed-loop decoder adaptation commonly use task-specific labels (e.g., pre-
scribed paths or target positions) for supervised training, which restricts the algorithms to
be used only in instructed calibrations. There is a need for a new approach to extend decoder
adaptation beyond instructed settings to support real-world, self-paced applications without
explicit targets. We propose a new paradigm that approximates task goals from natural
gaze, and uses gaze to replace task-specific labels when training the decoder in real time.
This method offers a less supervised alternative for closed-loop decoder adaptation while still
supporting continuous, rapid calibration achieved via supervised training. We evaluated our
gaze-trained method using a myoelectric interface in a controlled task, where 11 participants
used high-density surface electromyographic (sEMG) signals measured from forearm muscles
to control a 2D continuous cursor. Experimental results demonstrate the feasibility of our
gaze-trained method, with the decoder and users co-adapting to achieve performance nearly
comparable to the current task-dependent training method.
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1 Introduction

Neuromotor interfaces that measure neural activity, muscle activity, movement, and other
physiological recordings have become increasingly popular in human-device interaction for
healthcare applications, including myoelectric prostheses (Farina et al., 2023), brain-computer
interfaces (BCI) (Willett et al., 2023), gaze-based assistive devices (Eid et al., 2016), and
neurorehabilitation (Mugler et al., 2019; McDonald et al., 2020). These interfaces translate
rich, high-dimensional neural recordings into low-dimensional control commands for external
devices, such as computer cursors or bionic limbs. Neuromotor interfaces provide always-
available inputs (Saponas et al., 2008) and a higher control bandwidth than conventional
manual inputs such as mice, keyboards, and touch-based screens (Yamagami et al., 2020;
Lobo-Prat et al., 2014; Wolpaw, 2007), making them a promising approach to let individuals
with motor impairments operate different devices.

Transforming high-dimensional neural inputs into effective commands is key to providing
intuitive device control. For example, a non-invasive myoelectric interface records and pro-
cesses surface electromyographic (sEMG) activities from multiple muscles, and uses a trans-
formation, known as a decoder, to convert multi-channel recordings into control signals such
as discrete gestures or continuous cursor kinematics. This decoder is commonly programmed
without the user interacting with the device or decoder (user not in the loop; open-loop),
through methods such as dimensionality reduction, classification, or neural networks (Mugler
et al., 2019; Jiang et al., 2014; Saponas et al., 2008; Zia Ur Rehman et al., 2018; Kaifosh
et al., 2025). Open-loop decoding often results in a mismatch between open- and closed-loop
interface performance (Hahne et al., 2017; Woodward and Hargrove, 2019; Chase et al., 2009;
Koyama et al., 2010; Eddy et al., 2023). Differences in open and closed loop performance
can occur due to signal quality changes over time due to variability in electrode displacement
or sensor properties (Yamagami et al., 2018b; Young et al., 2011), as well as user changes.
Users are not stationary data sources – they adapt to the interface and task, and may feel
fatigued over time. Decoding algorithms need to account for the dynamic nature of human
users in the loop to ensure closed-loop performance (Hahne et al., 2017; De Santis, 2021;
Slade et al., 2024).

Closed-loop decoder adaptation (CLDA) – continuously updating the model while the user is
operating the interface and receiving feedback – holds promise to close the train/test perfor-
mance gap (Gajos et al., 2012; Orsborn et al., 2012, 2014; Yamagami et al., 2023a; Madduri
et al., 2026). Current adaptation approaches include supervised methods that require labeled
training data (Taylor et al., 2002; Orsborn et al., 2012; Gilja et al., 2012; Dangi et al., 2013;
Shanechi et al., 2016), unsupervised methods to identify latent patterns without labels (e.g.,
regression, feature matching, etc.) (Li et al., 2011; Gürel and Mehring, 2012; Jarosiewicz
et al., 2015; Sussillo et al., 2016; Zhang et al., 2022; Liu et al., 2024; Li et al., 2025), and
reinforcement learning that updates decoder parameters based on rewards (Mahmoudi and
Sanchez, 2011; Pilarski et al., 2011). Supervised methods have been shown to improve inter-
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face performance and provide rapid calibration – both in generating an initial decoder and
retraining the decoder (Taylor et al., 2002; Orsborn et al., 2012; Gilja et al., 2012; Jarosiewicz
et al., 2013). Additionally, they are useful in personalizing the interface to diverse users and
their usage, without the need for extensive offline data collection (Madduri et al., 2023). They
are promising in enhancing long-term usability, but present the challenge: how to obtain la-
beled training data at the same time that the interface is being used? Current algorithms in
this category address this challenge by making use of information about the tasks prescribed
to users, such as the target positions and velocities (Orsborn et al., 2012; Gilja et al., 2012;
Madduri et al., 2026; Hahne et al., 2015). However, requiring this information limits the
generalizability of interfaces to tasks without explicit goals, especially for less structured,
self-paced tasks like writing or exploring a webpage. Unsupervised or reinforcement learning
methods, on the contrary, do not require task goals to be explicitly defined. Prior studies
have shown that these methods are robust to neural signal nonstationarities (Li et al., 2011;
Sussillo et al., 2016). Existing unsupervised algorithms primarily focused on maintaining the
performance of already high-performing decoders and have not been systematically evaluated
for generating an initial decoder, which imposes different computational goals and algorith-
mic needs (Dangi et al., 2013). Moreover, methods that implement neural networks often
require a large amount of training data, and are difficult to retrain online, thus constraining
the ability to adapt to a new operation or to switch between operations, such as switching
between computer tasks or changes in user strategies. Our vision is to leverage the advan-
tages of supervised methods to provide rapid initial calibration for each user and retrain the
interface on the fly, while also leveraging unsupervised methods to allow seamless calibration
in diverse operations, including tasks without explicit goals, for continuous interactions in
neuromotor interfaces. Toward this long-term vision, we investigated the use of gaze as a
new task-agnostic source of training data labels to adapt decoders in closed-loop (Fig. 4.1A).

Eye-tracking technology has found widespread applications in virtual reality headsets to en-
rich user understanding and augment interface functionalities (Jacob and Karn, 2003; Zhao
et al., 2021). Conventional gaze-controlled interfaces generally require users to focus their
(intentional) gaze to produce input, which limits eye movements during daily tasks and can
cause fatigue (Jacob and Karn, 2003). Natural eye behavior, in contrast, captures user-
specific information, such as user’s movement goals (Matthis et al., 2018; Johansson et al.,
2001; Aronson et al., 2018), fatigue levels (Horng et al., 2004), and other physiological states
(e.g., emotional state, attention) (Skaramagkas et al., 2023) that neural recordings like sEMG
alone may not provide. Thus, natural gaze holds potential to augment neuromotor interfaces
with additional relevant information about users. Several studies in robotic or prosthetic con-
trol have integrated people’s natural gaze, which revealed advantages in anticipating user
selections or intentions to improve system efficiency and accuracy (Huang and Mutlu, 2016;
Stolzenwald and Mayol-Cuevas, 2019; David-John et al., 2021; Aronson and Admoni, 2022;
Admoni and Srinivasa, 2016; Karrenbach et al., 2022). For instance, Aronson et al. (Aron-
son and Admoni, 2022) used natural gaze to predict users’ task goals and then used the
predictions to improve a learning algorithm for manual (joystick)-based robot manipulation.
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Figure 4.1: (A) Overview of a closed-loop myoelectric interface that records high-density sEMG
and gaze from the user, and uses gaze to train an adaptive decoder to control an external device,
such as a computer cursor or a robotic arm. The angled arrow indicates decoder adaptation. The
user receives visual feedback while operating the interface. (B) The user controls a cursor (white) to
track a continuous target (red) on a computer screen using sEMG measured from the forearm. Gaze
is measured with an eye-tracking headset. (C) Trial structure of the experiment. After calibration
of the eye tracker, participants conducted two baseline trials using a mouse, and then conducted
four repetitions of each condition (task- and gaze-trained) in a random order. Participants were
asked to fixate on the continuous target (red) in the second Session. Participants had a mandatory
five-minute break between the two sessions. During each 4-minute trial, the decoder was initialized
randomly, adapted every 20 seconds for three minutes, and then stopped adapting (fixed) for another
one minute. (D) Example gaze positions g over time in (top) Session 1 and (bottom) Session 2.

Karrenbach et al. (Karrenbach et al., 2022) also leveraged gaze to predict wrist postures in
prosthetic control for grasping.

In this study, we hypothesized that eye movements can replace the prescribed task data in
closed-loop decoder adaptation by assuming that natural gaze serves as a proxy for user intent
or task goals. We recorded real-time gaze and used gaze as ground truth to train an adaptive
decoder. We call this new method the gaze-trained paradigm in contrast to the previous
supervised methods that depend on a prescribed task (task-trained approach). In this study,
we used a high-density myoelectric interface to test the feasibility of our method because of its
non-invasiveness and ease of setup. We benchmarked our gaze-trained paradigm to the task-
trained paradigm to demonstrate its practical use in a controlled task. We recruited 11 naive
subjects to control a computer cursor using a 64-channel sEMG electrode on their forearm to
follow a 2-dimensional (2D) moving target using any hand movements they preferred (Fig.
4.1B). Previous literature defined this cursor-tracking as a continuous interaction (Eddy
et al., 2023; Yamagami et al., 2020), which has the potential to be translated to other
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continuous computer or human-device tasks, such as handwriting (Huang et al., 2010; Kaifosh
et al., 2025), prostheses control (Fleming et al., 2021; Zhuang et al., 2019b), or wheelchair
navigation (Moon et al., 2003). To our knowledge, this work is the first myoelectric interface
that uses gaze to adapt its decoder in closed-loop continuous operation, contrasting with
methods in previous myoelectric studies, such as open-loop decoding or discrete operations
(e.g., gesture classifications).

We analyzed the interface performance and leveraged tools from control theory to understand
the co-adaptation between users and decoders. The contributions of our work are:

1. We develop a new training paradigm that uses gaze as labeled training data in closed-
loop decoder adaptation, and highlight its task-agnostic potential for diverse tasks.

2. We benchmark the performance of the gaze-based training algorithm with that of task-
based algorithm, both when users are provided instructions about gaze and when they
are not.

3. We show that users responded differently when the decoder was adapted based on gaze
compared to when it was adapted based on task information.

This study will enable future neuromotor interfaces that seamlessly self-calibrate to diverse
users and tasks during operation. Our method might address the challenges associated with
generalizability in existing adaptive decoders by removing the need for prescribed tasks,
gestures, or guided eye movements.

1.1 Relation to Prior Work in HCI

Noninvasive myoelectric sensing has been explored in human-device interaction studies, in-
cluding user understanding (Mandryk et al., 2006), VR/AR training (Phelan et al., 2021),
limb prostheses (Farina et al., 2014; Fleming et al., 2021), and rehabilitation (McDonald
et al., 2020; Mugler et al., 2019; Hung et al., 2021; Rizzoglio et al., 2019). From an HCI
perspective, these studies demonstrated an accessible alternative to traditional manual de-
vices like mice and keyboards for users with upper-limb motor impairments (Yamagami
et al., 2020). Additionally, myoelectric interfaces provide always-available inputs that enable
everyday gesture detection to replace touch-based mobile interfaces (Huang et al., 2015b;
Saponas et al., 2009; Kaifosh et al., 2025). This is particularly desirable when a user’s hands
are occupied or when a touch screen is not available.

Particularly, prior HCI studies have shown the promise of using upper body (e.g., forearm)
muscle signals as an input modality to a computer device. Saponas et al. (Saponas et al.,
2008, 2009) and Huang et al. (Huang et al., 2015b) used sEMG armbands to classify hand
gestures such as thumb tapping and finger lifting for mobile or keyboard interactions. Others
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have also studied sEMG in gesture recognition for smartwatch (Yang et al., 2015) and smart
garment (Benatti et al., 2014) interaction. In addition to discrete hand gestures, many
studies have demonstrated the use of sEMG for continuous cursor navigation through hand
movements or muscle contractions (Yamagami et al., 2020; Rosenberg, 1998; Lobo-Prat et al.,
2014; Kim et al., 2004). CTRL-labs at Reality Labs (Kaifosh et al., 2025) has recently
reported an sEMG decoding model trained with thousands of participants’ data for multiple
computer tasks like continuous navigation, discrete gestures, and handwriting. They have
found that their deep-learning model can be accurately generalized across populations and
sessions.

While the interfaces in these studies worked effectively for their specific purposes, they were
trained using offline data, which hindered their adaptability across users and tasks when a
dynamic user is present in the loop. While findings with a generic interface were exceptional,
it is challenging to replicate their model built with such large subject sizes. This work also
uses sEMG as an input modality for computer cursor control; however, the main difference
between this work and the prior work is the continuous adaptation of the myoelectric interface
while users operate a task. In addition, our adaptive myoelectric algorithm does not require a
large dataset collected offline; instead, the mapping is trained online with data from a single
participant in a trial. This can potentially avoid issues such as replicability or biosignal data
privacy.

Eye-tracking technology has found widespread applications in virtual reality headsets to
enrich user understanding and create more immersive experiences. In addition, eye-tracking
serves as a readily measurable input modality to control devices without hands, and is
faster in cursor control compared to conventional mice (Jacob and Karn, 2003; Yu et al.,
2014b). Prior studies have shown that eye inputs can augment interface functionalities (Jacob
and Karn, 2003; Zhao et al., 2021) and enhance interface accessibility (Hemmingsson and
Borgestig, 2020; Zhang et al., 2017b).

Several studies in HCI have shown the advantages of integrating interfaces with eye-tracking
and upper-body movements. For instance, the combination of gaze with gesture inputs en-
ables rapid, touch-free computer interactions (Chatterjee et al., 2015) and can be used to en-
hance user intention estimation (Schwarz et al., 2014). Other studies developed multimodal
interfaces that used gaze for cursor navigation and sEMG (with facial muscles, forehead,
forearm, etc.) for discrete operations such as selection, switching, or clicking, demonstrat-
ing performance surpassing that of traditional mice (Mateo et al., 2008; Pai et al., 2019).
While combining multiple sources of biosignals enhances interactions, the potential benefits
of multiple biosignals in adaptive interfaces have not yet been fully explored.

In this work, we extend previous research on myoelectric interfaces by incorporating eye
gaze data. What sets our approach apart from other gaze-controlled devices is that we
did not directly use intentional gaze as a control input. Rather, we used natural gaze
as training data for our adaptive algorithm. Several studies have also integrated people’s
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natural gaze in human-robot interaction and have proved its advantages in anticipating user
selections or intentions, thus improving system efficiency and task accuracy (Huang and
Mutlu, 2016; Stolzenwald and Mayol-Cuevas, 2019; David-John et al., 2021; Aronson and
Admoni, 2022; Admoni and Srinivasa, 2016). Aronson et al. (Aronson and Admoni, 2022)
used natural gaze to predict users’ task goals and then used the predictions to improve a
learning algorithm for manual (joystick)-based robot manipulation. Similarly, this study
also leverages gaze to approximate the user’s desired actions. The main distinction lies in
the interface adaptation using high-dimensional biosignal inputs, contrasting with the fixed
mapping of low-dimensional manual devices used in previous studies.

2 Methods

2.1 Gaze facilitated adaptive decoder

We built upon the closed-loop adaptive algorithm explored in prior literature (Orsborn et al.,
2012; Madduri et al., 2026) to design a noninvasive myoelectric interface with an adaptive
decoder that continuously adapts to its user during operation. The adaptive decoder, matrix
D ∈ R2×N , maps the high-dimensional sEMG signals s ∈ RN to the velocity of a 2D cursor
vy ∈ R2:

vy = D · s, (4.1)

where N is the number of sEMG input features (64 in this study). The cursor position y
was calculated in discrete time:

yt = yt−1 + vy∆t (4.2)

where ∆t is the time interval.

The decoder D was adapted using a gradient-based learning algorithm designed to minimize
the cost with a regularization term. In prior work that used predefined task information
for training, it was assumed that the user would intend to move the cursor toward the task
target (Orsborn et al., 2012; Gilja et al., 2012). Thus, the intended goal was the target
position, and the cost function was defined as the norm difference between the intended
velocity – the instantaneous velocity of a vector between the target r and cursor y at a given
time – and the actual velocity of the cursor:

ctask(D) = ||(r − y)/∆t−D · s||22 + λ||D||2F . (4.3)

The ||D||F denotes the Frobenius norm of the decoder and λ is the weight of the regulariza-
tion. Both r ∈ R2 and y ∈ R2.

The innovation of this work is to infer the user’s intended goal from their gaze and use gaze
to train the decoder. We replaced the target position in the cost function to be the gaze
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position g ∈ R2 in the plane defined by the computer display:

cgaze(D) = ||(g − y)/∆t−D · s||22 + λ||D||2F . (4.4)

Thus, the adaptive decoder was not explicitly given the target information in the gaze-trained
decoder.

Following the closed-loop adaptation framework in Madduri et al. (Madduri et al., 2022), the
decoderD was updated iteratively to minimize the cost (ctask or cgaze) using 20-second batches
of data. The 20-second batch length was selected to train data with intended velocities
spanning various directions on the computer screen. The optimal decoder D∗ was computed
using the Broyden–Fletcher–Goldfarb–Shanno (BFGS) method:

D∗ = argmin
D

c(D), (4.5)

and the updated matrix D+ is the convex combination of the previous D and the optimal
D∗ for a smooth adaptation:

D+ = αD∗ + (1− α)D, (4.6)

where α is the rate of adaptation. We picked a rate of α = 0.25 based on a prior study that
evaluated performance as a function of adaptation rate (Madduri et al., 2022).

2.2 Participants

We recruited 11 participants (5 males, 5 females, 1 non-binary; 2 left-handed, 9 right-handed;
aged 19 to 32). They were included in the study if they had normal or corrected-to-normal
eyesight and no history of upper-limb disability. Participants with corrected-to-normal vi-
sion were required to wear contact lenses to wear the headset. All participants reported
using computers or touchscreen devices daily. Three participants had used an sEMG device
before, and two participants regularly worked with sEMG devices. No participants had prior
experience with the sEMG device we used in this study and they were not aware of the
study’s purpose or conditions. Participants gave their written consent prior to the study.
All procedures were approved by the University of Washington’s Institutional Review Board
(IRB #STUDY00014060).

2.3 Data acquisition and signal pre-processing

User myoelectric activity was recorded from a high-density sEMG 64-channel electrode (5x13
rectangular electrode layout, 4mm inter-electrode spacing from Quattrocento, Bioelectron-
ica, Italy). Participants’ arms were first shaved and then cleaned with alcohol pads before
applying the electrodes. The electrode array was covered with conductive gel, and then
was placed on the user’s dominant forearm, targeting the Extensor Carpi Radialis, and was
secured with self-adherent tape. EMG signals were recorded using OT Bio-Light Software
(Bioelettronica, Italy) at 2048 Hz on Differential Mode with a built-in high-pass filter at 10



77

Hz, and a low-pass filter at 150 Hz. Then, raw EMG signals were digitally rectified and
low-pass filtered by averaging the delinearized signals with 100 ms time bins (Yamagami
et al., 2020) to obtain an EMG envelope that was input to the decoder.

Eye data were collected using PupilLabs Core headset in real time (PupilLabs, Germany) (Kass-
ner et al., 2014). Gaze data were streamed from two infrared cameras at 250 Hz using Pupil-
Capture Software (PupilLabs, Germany). Eight AprilTags markers were placed around a
24-inch computer monitor to define an area of interest (AOI) (Fig. 4.1B). Eye data was cal-
ibrated using a PupilCapture routine that asks users to gaze at static circles on the screen,
which appeared one by one at the four corners and the center (two trials per target for
each subject). PupilCapture recorded the gaze positions on AOI, gaze confidence level (the
quality assessment of pupil detection), and the pupil diameters of each eye. The monitor
was 27 inches in front of the participant. The heights of the monitor, table, and chair were
adjustable to maximize participants’ comfort. In the condition where gaze measurements
were used online to train the adaptive decoder, the gaze data in every 20-second batch was
pre-processed (details in the next section).

2.4 Eye data pre-processing

To accurately estimate the task goals or the task targets from gaze, we pre-processed the
raw gaze data using the following steps:

1. In a pilot data collection, we found that raw gaze delayed the target reference by
approximately 250-350 ms and had a phase lag of 0.4 radians below 1 Hz when a
participant intentionally gazed at the target. This roughly aligned with the human
visuomotor delay in a first-order tracking task (Peterson et al., 2022). To estimate the
target position from gaze position, we removed the phase lag using the fast Fourier
Transform (FFT) in the frequency-domain.

2. After an initial calibration in PupilCapture, we asked participants to fixate on nine
static dots on the screen, eight forming a circle and one at its center, to examine any
bias in gaze measurements. These biases were due to imperfect eye-tracker calibration
or inaccurate transformation from camera coordinates to screen coordinates. We then
removed biases in gaze positions in both horizontal and vertical axes.

3. We masked low-confidence eye measurements by removing gaze data below a confidence
threshold of 0.5, in a range from 0 to 1 given by the PupilCapture Software. Low
confidence gaze could be due to the user blinking or gazing off of the computer screen.

The pre-processed gaze data had a significantly better correlation with the target trajectory
r compared to the raw gaze data when a user was intentionally gazing at the target (Fig. 4.2).
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Figure 4.2: (a) An example of raw and pre-processed gaze data when the user is gazing at the
reference target r. Pre-processed gaze data has fewer unwanted spikes compared to raw gaze data.
(b) Boxplots (N = 11) of the Pearson correlation coefficient (range from 0 to 1) between raw gaze
position and target r versus correlation coefficient between pre-processed gaze position and target
r, averaged across all trials. Significant difference was labeled with ∗∗ (paired t-test, p < 0.01).

2.5 User task

The experiment was described to the participants as a continuous tracking task. We chose
a continuous task for this experiment because it allows the use of control theory tools to
mathematically model the user behavior, and has the potential to be extended to other con-
tinuous device-interaction scenarios, such as website browsing, robot navigation, or driving.
Participants were instructed to control a white cursor with the goal of staying as close to a
2D moving red target as possible at all times. Both the target and the cursor had a radius of
1 cm. We constructed the target trajectory as sums of sinusoidal signals with random phases
to create pseudorandom movements. To prevent harmonics from user responses at different
frequencies, the sinusoidal signals were designed to be at frequencies of prime multiples of
the base frequency (0.05 Hz) (Roth et al., 2011; Yamagami et al., 2021b; Chou et al., 2022).
We adopted procedures from (Yamagami et al., 2021b) to choose stimulated frequencies
below 1 Hz, as prior studies found frequencies higher than 1 Hz were difficult to track given
pseudorandom stimuli and a cursor with 1st-order dynamics (Yu et al., 2014b; McRuer and
Jex, 1967). We separated the stimulated signals to be at 0.1, 0.25, 0.55, 0.85 Hz in the
horizontal direction, and 0.15, 0.35, 0.65, 0.95 Hz in the vertical direction. The magnitudes
of stimuli were the inverse of the stimulated frequencies to distribute signal power equally.
The target and cursor positions on the computer screen were updated at 60 Hz. The task
was programmed using pygame 1.9.2 and LabGraph 2.0 packages.

2.6 Conditions and procedure

At the beginning of the experiment, participants were instructed to use a conventional com-
puter mouse to perform two baseline trials of the tracking task. In these baseline trials,
the cursor position was directly mapped from the physical movements of the mouse, and
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this mapping remained constant. After the baseline trials, participants performed the same
tracking task but with the myoelectric interface. They controlled the myoelectric interface
under two conditions: (1) Task-trained: using target position as decoder training data
(Eq. 4.3), and (2) Gaze-trained: using gaze position as decoder training data (Eq. 4.4).
Each condition was repeated four times. The condition orders in each repetition were ran-
domized to control for order effects. Each trial was four minutes, a three-minute adaptive
period followed by a one-minute non-adaptive (fixed) period (Fig. 4.1C). Participants were
not aware of the decoder training mechanism in this experiment, nor which training condi-
tion was used in each phase of the experiment. The decoder D was initialized randomly, as
a matrix sampled uniformly within the range [0, 10−2], at the start of each trial and then
updated every 20 seconds during the adaptation period.

During the first two repetitions, which we defined as Session 1, we did not provide any
explicit instructions to the users about gaze in order to test the use of natural gaze as
a training data source. To probe whether the user’s gaze intent would impact our gaze-
training algorithm, we included an additional session (two repetitions; Session 2 ) where we
instructed participants to gaze at the target as closely as possible (Fig. 4.1D). There was a
five-minute break between the two sessions.

At the end of the experiment, participants filled out a brief questionnaire to subjectively
quantify this system across three categories: task difficulty, interface accuracy, and effort.

2.7 Evaluation

We measured the performance of the adaptive decoder by quantifying the continuous task
performance as the time-domain tracking ability (Eddy et al., 2023; Yamagami et al., 2020).
We quantified task performance during the time interval [t0, t1] using the mean square error
between the 2D target r and cursor y positions:

|r − y|2 = 1

n

∑
t∈[t0,t1]

||r(t)− y(t)||2. (4.7)

where n is the number of samples in the interval [t0, t1]. Lower |r− y|2 values correspond to
better task performance.

To assess whether performance improved within trials, we compared performance from the
first decoder update to the last decoder update and the fixed decoder period of a trial (as
illustrated in Fig. 4.1C). Since the decoder was initialized randomly and updated after 20
seconds, we removed the initial 20 seconds of data and used the subsequent 20 seconds, i.e.,
the first decoder update, for comparisons. We verified normality of our data using Shapiro-
Wilks test (task-trained: p = 0.67; gaze-trained: p = 0.89) and applied analysis of variance
(ANOVA) test with a significance level of α = 0.05. We used paired t-tests with Bonferroni
correction as post-hoc tests. We had the following hypotheses for each condition:
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H1: Performance improved within trials.
H2: Performance did not change after the decoder is fixed.

In addition to within-trial performance, we compared performance between trials and under
different conditions. User performance in Session 2 may be expected to differ from that of
Session 1 for at least two reasons. First, users had more experience with the interface during
the second session than in the first, so although the decoders were initialized randomly,
the user may have changed their behavior due to learning. Second, users were explicitly
instructed to fixate their gaze on the target in the second session. We used a two-way repeated
measure ANOVA to test the effect of session orders (Session 1 and 2 ) and conditions (task-
and gaze-trained decoder) on performance in the last decoder update. We used paired t-tests
with Bonferroni correction for post-hoc tests. We hypothesized performance across sessions
and conditions as:
H3: Performance improved from session 1 to session 2.
H4: Performance of the gaze-trained decoder was not different from the task-trained decoder.

To evaluate the feasibility of our myoelectric interface, we compared its performance with that
of the conventional mouse interface. We used ANOVA tests to compare the performance of
task- and gaze-trained decoders in the last decoder update with the baseline. We hypothesized
that:
H5: Performance of task- and gaze-trained decoders is not different from the mouse baseline.

To assess how users’ gaze matched the target or cursor, we examined the relationship between
gaze behaviors and task information in the frequency domain. In the frequency domain, we
can decompose complex gaze signals into sinusoidal components using fast Fourier Transform,
and then calculate the transformations between gaze and target or cursor:

Tgr = ĝ/r̂ (4.8)

Tgy = ĝ/ŷ (4.9)

where ĝ, r̂, and ŷ are gaze, target, and cursor after Fourier transform, respectively. We
hypothesized that the pre-processed natural gaze was a proxy of the task target:
H6: Magnitude and phase of the transformation Tgr are approximately I (identity) and 0,
respectively.

We used R 4.3 for ANOVA tests and Python 3.9 for Shapiro-Wilks tests and paired t-tests.

2.8 User encoder models

In this co-adaptive system, the user and decoder influence each other via closed-loop interac-
tions. To characterize how users behaved and changed, we used a model to mathematically
separate the contributions of the user from those of the decoder as developed in Madduri
et al. (Madduri et al., 2026). We modeled each user as a closed-loop encoder that mapped
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visual feedback of the target and cursor (inputs) into sEMG activity (outputs, s) (Fig. 4.4A):

s = E ·


r
ṙ

r − y
ṙ − ẏ

+ β, (4.10)

where E is the encoder and E ∈ R64×8, r and ṙ are 2D target position and velocity, y and
ẏ are 2D cursor position and velocity, and β is the offset. We defined the encoder as a
combination of feedforward (F ) and feedback (B) controllers (Yamagami et al., 2021b):

E = [F0 F1 B0 B1], (4.11)

where F0 and F1 are associated with tracking the target and target velocity, B0 and B1 are
associated with rejecting error and error velocity, respectively, and each is a 64× 2 matrix.
The subscripts 0 and 1 represent the 0th- and 1st-order dynamics, respectively. In a perfectly
tracking scenario, the user’s feedforward controller is the pseudo-inverse of decoder D and a
first-order machine dynamics M . Thus, the theoretical ideal for feedforward is: D · F0 = 0
and D ·F1 = I, where I is a 2×2 identity matrix. The theoretical ideal for feedback D ·B0 and
D · B0 are negative-definite matrices, also 2×2, to ensure closed-loop stability (Åström and
Murray, 2021). We fit the encoder model using linear least squares with L2 regularization
on 20-second batches of data.

3 Results

3.1 Performance of both task- and gaze-trained decoders improved during co-adaptation

We tested our hypotheses that task performance improves within trials and remains stable
after the decoder is fixed (H1 andH2) using one-way ANOVA tests comparing task errors be-
tween the first decoder update, the last decoder update, and the fixed decoder period. We found
significant within-trial improvement in the task-trained condition (task-trained: F2,30 = 5.94,
p < 0.01; gaze-trained: F2,30 = 1.89, p = 0.17). Further comparison with post-hoc paired
t-tests, with corrected significance level of α/3 = 0.017, showed that the performance of
both task- and gaze-trained conditions improved significantly from the first to the last de-
coder update (task-trained: t(10) = 4.93, p < 0.001; gaze-trained: t(10) = 3.4, p < 0.01)
(Fig. 4.3AB). The averaged performance from the last decoder update to the fixed decoder
decreased 15.34% and 7.67%, in task- and gaze-trained conditions, respectively, though not
statistically significant (Fig. 4.3B). Changes in task performance co-occurred with changes
in the decoder. Specifically, the magnitudes of both task- and gaze-trained decoders changed
significantly from the first to the last decoder update (Fig. 4.3C; p < 0.001).

We then tested our hypotheses about whether performance varied across sessions and between
decoder training conditions (H3 and H4, respectively). In Session 2, participants were
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instructed to gaze at the target, yielding a significantly higher Pearson correlation between
gaze than in Session 1 (Fig. 4.3D). Performance also improved from Session 1 to 2, with task
errors during the last decoder update reduced 13.5% and 11.2% from Session 1 to Session 2
in task- and gaze-trained conditions, respectively (Fig. 4.3F). However, these improvements
were not found to be significant in the two-way repeated measure ANOVA test comparing
both sessions and conditions (Table 4.1; p = 0.24).

Eight out of the eleven subjects in this study had worse performance learning to use the
gaze-trained decoder compared to using the task-trained decoder (Fig. 4.5). Looking at the
sEMG activities of each subject (Fig. 3E in the paper), larger sEMG magnitudes did not
necessarily lead to better or worse performance in a condition.

Table 4.1: Two-way repeated measure ANOVA (2 sessions × 2 conditions) results for time-domain
error in the late period.

Factor F1,40 p-value Partial η2

Sessions 1.40 0.24 0.03
Conditions 5.17 0.028 0.11
Interaction < 0.001 0.99 < 0.001

3.2 Task-trained decoder had better performance than gaze-trained decoder

The two-way ANOVA test for hypotheses on performance between sessions and conditions
(H3 and H4) did not show a significant difference between sessions; however, it showed
a main effect on conditions (Table 4.1; p = 0.028). Thus, we performed post-hoc paired
t-tests to compare the performance of the two conditions during the last decoder update
and the fixed decoder phase, averaged across all trials. Results of the post-hoc tests showed
that performance of the task-trained condition was significantly better than the gaze-trained
condition during the last decoder update (t(10) = −3.88, p < 0.01), but not significant during
the fixed decoder phase (t(10) = −2.12, p = 0.06) (Fig. 4.3B).

We also compared the two conditions separately in Session 1 and Session 2 with post-hoc
paired t-tests. Looking at performance during the last decoder update, we found no significant
differences between the two conditions in either session (task- vs. gaze-trained in Session 1 :
t(10) = −2.11, p = 0.061; task- vs. gaze-trained in Session 2 : t(10) = −2.51, p = 0.031, with
corrected significance of α/2 = 0.025) (Fig. 4.3F). These results indicate that the task-trained
decoder performed better than the gaze-trained decoder, but only marginally so.

We then compared the performance of the task- and the gaze-trained decoders with that of
the mouse interface (H5). We compared the performance of the three groups (task-trained
last decoder, gaze-trained last decoder, and mouse baseline) using one-way ANOVA test. The
test result showed significant differences between the three groups (F2,30 = 20.64; p < 0.001).
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Post-hoc tests further showed that the performance of the baseline was significantly better
than both conditions (task-trained vs. baseline: t(10) = 8.34, p < 0.001; gaze-trained vs.
baseline: t(10) = 4.38, p < 0.01). However, the difference between task-trained and gaze-
trained conditions (effect size = 0.85) was relatively small compared to their differences from
the baseline (task-trained vs. mouse, effect size = 29.91; gaze-trained vs. mouse, effect size
= 47.07). Moreover, the magnitudes of decoders were not significantly different between the
two conditions (Fig. 4.3C). These results further emphasize the relatively small differences
in performance between the gaze- and task-trained decoders, while also highlighting clear
performance gaps in both sEMG interfaces.

3.3 User controllers were less stable in gaze-trained condition

We then examined how users controlled the interfaces by fitting the encoder model with the
empirical data and teasing apart the user’s feedforward and feedback control contributions
(Madduri et al., 2026). We calculated the combinations of decoder and encoder, or the
decoder-encoder pairs, and compared them to theoretical ideals. The theoretical ideals of the
decoder-encoder pairs are DF0 = 0, DF1 = I, and negative definite matrices for DB0 and
DB1 for a perfectly tracking scenario. Since the decoder-encoder pairs are 2 by 2 matrices,
we displayed each of their four elements in Fig. 4.4B.

We found that the magnitudes of decoder-encoder pairs were roughly consistent with the
theoretical ideals in both task- and gaze-trained conditions. Moreover, the near-zero magni-
tudes in DB0 indicated that users exerted little feedback control over positional error, but
instead relied more on feedback control of velocity. We also found that in the gaze-trained
condition, both the feedforward and feedback elements deviated more from the theoretical
ideals than in the task-trained condition, but we only observed significant differences in
velocity tracking and in the horizontal direction, i.e., DF1(0, 0) and DB1(0, 0) (Fig. 4.4B,
DF1(0, 0): p = 0.015; DB1(0, 0): p < 0.01).

In addition to the decoder-encoder pairs, we investigated decoder and encoder adaptation
separately by assessing each component’s within-trial changes. The within-trial changes
were calculated as the magnitudes of differences between consecutive decoders (Fig. 4.4C)
or encoders (Fig. 4.4D). We observed that in the trajectories of both decoder and encoder,
the task-trained condition showed a steadier decrease, whereas the gaze-trained condition
exhibited slight instability. Both the decoder and encoder differences within trials were larger
in the gaze-trained condition than in the task-trained condition, although the differences
were only significant in the encoder during the last minute of decoder adaptation (Fig. 4.4C,
p = 0.1; Fig. 4.4D, p = 0.025).

We also assessed the magnitudes of EMG signals, ||sEMG||, to investigate user efforts under
the two conditions. Some subjects had significantly different effort between the two condi-
tions (subjects 4, 5, 9 in Fig. 4.4E), but the EMG signals were not always larger or smaller
under a single condition. Moreover, larger magnitudes of EMG signals did not consistently
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Figure 4.3: (A) Two example trials of the continuous tracking task. Both the (top) task-trained
and the (bottom) gaze-trained decoder had better tracking performance during the last decoder
update (gray region on the right) compared to the first decoder update (gray region on the left)
of a trial. (B) Boxplots (N = 11 subjects) of task error during the first decoder update, the last
decoder update, and the fixed decoder period, averaged across all repetitions. The average task error
of the mouse baseline trials is shown for comparison. Lower task error corresponds to better task
performance. Significant differences with post-hoc paired t-tests are labeled with ∗ (p < 0.05) and
∗∗ (p < 0.01). (C) Distributions (median, interquartile, N = 11) of magnitudes of task- and gaze-
trained decoders in 4-minute trials, averaged across all repetitions. Left of the vertical dashed line
is the adaptive period, and right of the dashed line is the non-adaptive (fixed) period. (D) Boxplots
(N = 11) of Pearson correlation between pre-processed gaze positions and target positions in Session
1 and 2. (E) Distributions (median, interquartile, N = 11) of task error at each timestamp, in each
repetition. The initial 20-second period with a random decoder was removed. Lower task error
corresponds to better task performance. The dashed lines separate adaptive and non-adaptive
periods. (F) Boxplots (N = 11) of the last decoder update data in (B) separated into Session 1 and
2. No significant difference is labeled with ns.
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correspond to better or worse performance in either condition (Fig. 4.5).

3.4 Saccade rates and gaze confidence levels

Saccades are high-velocity periods in eye movements, and saccade rates are the number
of saccades per second (Sailer et al., 2005). We defined the saccades as the baseline ± 3
standard deviation of the second-order derivative of positional gaze data. The baseline was
defined as the gaze when users fixate on the center of a screen. Multiple saccades with an
inter-saccadic interval less than 50 ms were considered as one saccade.

In addition to gaze positions, we recorded other gaze information, such as pupil diameters
and confidence level from the PupilCapture Software. Pupil diameters are pupil sizes of the
left and right eyes in pixels from 2D eye images. Gaze confidence level indicates the real-
time quality of pupil detection given the eye images. Confidence level ranges from 0 to 1,
with 1 being the highest confidence. Low confidence levels are due to poor pupil detections,
and the reasons include blinking, blocked images (by hair, eyelashes, etc.), slippage, or
lighting/exposure.

We found no significant differences in saccade rates nor the averaged pupil diameters of
both eyes between the two conditions (Fig. 4.6A). In addition, we did not observe a strong
correlation between saccade rates and task performance, nor gaze confidence level and task
performance (Fig. 4.6B). However, the gaze confidence level is correlated with saccade rates,
in both conditions (Fig. 4.6C).

In summary, we did not observe significant differences in gaze between the two conditions,
in terms of saccade rates, gaze confidence levels, or pupil diameters.

3.5 Gaze behaviors influenced performance of gaze-trained decoder

We hypothesized that natural gaze (from Session 1 ) is a proxy of the task target (H6). We
tested this hypothesis by investigating the transformations between gaze and task positions
in the frequency domain (Fig. 4.7A). We found that the transformations between raw gaze
and target, gray line in Tgr, had magnitudes close to 1 at lower frequencies (below 0.65 Hz)
and negative phase angles (i.e., |Tgr| ∼ 1, ∠Tgr < 0). This shows that the user’s natural
gaze could reach similar magnitudes as the target, but was delayed in time. Although
our gaze pre-processing pipeline had already accounted for the 250-350 ms of sensorimotor
delays by removing phase lag in the gaze training data, we found that the delays were larger
than anticipated. The raw gaze had a larger phase delay to the target (gray line with
approximately 400-700 ms delays), and after pre-processing, the gaze signals had a reduced
phase delay to the target (purple and orange lines with approximately 150-350 ms delays).
This means that the natural gaze, either pre-processed or raw, could approximate the task
goal, but was still not a perfect representation of it.

In addition, the transformations between gaze and cursor, Tgy, showed that the gaze positions
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Figure 4.4: (A) Closed-loop block diagram of the adaptive myoelectric interface. User controls
a 2D cursor y to follow the target using 64-channel sEMG signals. We define the encoder model
E of the user as a combination of feedforward (F0 and F1) and feedback (B0 and B1) controllers.
The adaptive decoder D outputs cursor velocity vy. The cursor positions are calculated via a first-
order machine dynamics M . The dashed arrow shows decoder adaptation trained with gaze data.
(B) Boxplots (N = 11 subjects) of the decoder-encoder pairs DF0 (light pink), DF1 (dark pink),
DB0 (light blue), and DB1 (dark blue), averaged across decoder updates and repetitions. Each
matrix is 2×2, labeled as (i, j), where i is the row index and j is the column index. Significant
differences are labeled with ∗ (p < 0.05). (C and D) Distributions (median, interquartile, N = 11)
of the magnitudes (Frobenius norms) of (C) decoder changes and (D) encoder changes within trials,
averaged across repetitions. The dashed vertical lines separate adaptive and non-adaptive periods.
Significant difference is labeled with ∗ and no significant difference is labeled with ns. (E) Boxplots
(N = 4 repetitions × 12 decoder updates) of the magnitudes (2-norm) of sEMG signals for each
subject.
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Figure 4.5: Boxplots (N = 4 repetitions × 12 decoder updates) of task error during the last
minute of adaptation for each subject. Significant differences were labeled with ∗ (paired t-test,
p < 0.05).

Figure 4.6: (A & B) Distributions (N = 11 subjects) of (A) saccade rates and (B) pupil diameters,
averaged across every 20-second update window. The pupil diameters are averaged between both
eyes. The vertical dashed line separates adaptive and non-adaptive (fixed) periods. (C – E)
Relationships between (C) saccade rates and task error, (D) gaze confidence level and task error,
and (E) gaze confidence level and saccade rates. Each dot is an average value of a trial (N = 11
subjects × 4 repetitions). Data with low gaze confidence below 0.5 are removed from these plots.
The R2 values of each condition are reported.

moved further than the cursor and led the cursor in phase (i.e., |Tgy| > 1, ∠Tgy > 0).
Moreover, the transformation between target and cursor, Tyr, was only close to 1 and had
an acceptable phase delay at the lowest frequencies (below 0.15 Hz). These results indicated
that the cursor tried to follow but could not reach the target or gaze, and the phase delay
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worsened at high frequencies.

We further investigated how gaze behaviors were associated with task performance (Fig. 4.7B).
When task error was low, the Pearson correlation between gaze and target, or the gaze-target
correlation, was higher (closer to 1), and task error was more related to that correlation in
the gaze-trained condition (R2 = 0.28) than in the task-trained condition (R2 = 0.1). How-
ever, there was insufficient evidence to determine the causal direction between gaze-target
correlation and gaze-trained performance (i.e., whether gaze influenced performance or per-
formance influenced gaze). We investigated how gaze behaviors may have contributed to a
diverse performance in the gaze-trained condition by comparing performance at the begin-
ning (hollow dots) versus the end of a trial (solid dots) for each subject (Fig. 4.7C). We
selected eight subjects who were able to achieve good performance in either condition, that
is, had performance better than the averaged performance during the last adaptation minute,
because they had successfully learned our myoelectric interface. At the beginning of a trial,
all of these subjects started with high task error but had varied gaze-target correlations.
During the final minute of trials, no matter what their gaze-target correlation was during
the first minute, all of them achieved above-average performance with the task-trained de-
coder (purple solid dots). However, those who had low gaze-target correlations (i.e., in the
gray region) during the first minute had below-average performance using the gaze-trained
decoder (orange solid dots). These results show that people had diverse gaze behaviors, and
low gaze-target correlations (bad training data) corresponded to bad gaze-trained decoder
performance.

3.6 Subjective user experience

At the end of the experiment, participants provided subjective inputs, including the difficulty
of the system (on a scale of 1−5, with 5 being the most difficult), the accuracy of the system
(1−5, with 5 being the most accurate), and how much effort did it take to use the system
(1−5, with 5 being a lot of effort). The median value of the three indices showed that
participants rated the system to have relatively low (2) difficulty, slightly high (4) effort, and
medium (3) accuracy (Fig. 4.8).

4 Discussion

This work used gaze to train a closed-loop adaptive decoder for myoelectric cursor con-
trol. The decoder was continuously adapted based on real-time sEMG and gaze while users
performed a continuous tracking task. We evaluated the performance of this gaze-trained
approach compared to the task-dependent approach and investigated the user behaviors and
gaze behaviors during co-adaptation.
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Figure 4.7: (A) Distributions (N = 11 subjects) of transformations between gaze and target Tgr,
gaze and cursor Tgy, and cursor and target Tyr in the frequency domain below 1 Hz. For simplicity,
we combined the interleaved data into a single plot, displaying data from the odd stimulated
frequencies (0.1, 0.25, 0.55, 0.85 Hz) in the horizontal direction, and from the even stimulated
frequencies (0.15, 0.35, 0.65, 0.95 Hz) in the vertical direction. The transformation of raw gaze
and target was overlaid in the Tgr plot, showing the phase shift from raw gaze (gray) to pre-
processed gaze (purple/orange) data. (B) The relationship between task error and gaze-target
Pearson correlation. Each dot (or cross) is the averaged value in a 20-second decoder update
window, and averaged across trials (N = 11 subjects × 12 decoder updates). The R2 values of task
error and gaze-target correlation for each condition are reported. Data with low gaze confidence
levels (i.e., averaged gaze confidence below 0.8) is removed. (C) The relationship between task
error and gaze-target Pearson correlation of each subject during the first (hollow dots) and the
last minute (solid dots) of adaptation (N = 8, two conditions each). The horizontal dashed line
indicates the mean task error during the last minute of adaptation, averaged across subjects. The
gray region marks below the mean gaze-target correlation across subjects.
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Figure 4.8: Boxplots (N = 11 subjects) of the difficulty, effort, and accuracy indices reported by
the participants. The indices range from 1 to 5, with 5 being the most difficult, largest effort, and
highest accuracy. The red lines indicate the median values.

4.1 The gaze-trained decoder worked but its performance fell behind task-trained decoder
and baseline

Our results support hypothesis H1 that both gaze- and task-trained methods worked effec-
tively for training the adaptive decoder (Fig. 4.3AB). This is consistent with the findings
in Madduri et al. (Madduri et al., 2022) and Aronson et al. (Aronson and Admoni, 2022),
where the former showed that their (task-trained) adaptive decoder improved tracking per-
formance within minutes of training and the latter showed that natural gaze assisted in
goal predicting for device control. Our results also showed a slight, though not statistically
significant, decrease in performance after transitioning from continuous adaptation to the
fixed decoder period, especially for the gaze-trained decoder (Fig. 4.3B). This finding fails to
reject our H2. It not only highlights the importance of continuous decoder adaptation, but
also indicates that the gaze-trained decoder might not yet have converged toward a solution
that would work well when the decoder stopped adapting. Prior studies have shown that in
decoder-encoder co-adaptation, the decoder adaptation rate could influence the convergence
to stationary points (equilibria) that correspond to stable interaction (Madduri et al., 2026).
Thus, the gaze-trained adaptive algorithm might require a longer training time or a different
adaptation rate than that of task-based training methods. Our results, indeed, suggest that
user behavior differed between the two decoder training algorithms (Fig. 4.4).

We also found that the task-trained decoder still performed better and had smaller between-
subject variability than the gaze-trained decoder, which leads us to reject H4 (Fig. 4.3BE).
It is not surprising that access to true task information yielded higher performance; never-
theless, post-hoc analyses showed that even without knowledge of the task, the gaze-trained
decoder still demonstrated its feasibility under both natural or intentional gaze (Fig. 4.3F).
Although we showed feasibility in both task- and gaze-trained decoders, the conventional
mouse (baseline) still had significantly better tracking performance than both decoders,
leading us to reject H5. This underscores the challenges in designing personalized neuromo-
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tor interfaces with high-dimensional inputs. Although our findings reject both hypotheses
H4 and H5, the performance of gaze-trained decoder was relatively close to the performance
of task-trained decoder compared to their differences from the baseline. This suggests its
potential to achieve performance comparable to the current task-based method in real-world
deployment.

Several factors may also contribute to the overall lower performance we observed in the
myoelectric interface. The continuous decoding that we were solving was more challenging
compared to the discrete decoding used in many other myoelectric studies. For instance,
prior studies restrict users to a fixed set of gestures for discrete tasks, such as gesture recog-
nition (Saponas et al., 2008; Li et al., 2025). In contrast, we allowed users to customize their
continuous hand movements at their own pace, which can support diverse strategies from
different individuals (Yamagami et al., 2023b). Users could also modify their strategies using
different hand movements during decoder adaptation.

Another factor that made our interface less comparable with the baseline was that our
algorithm performed initial calibration from scratch (i.e., a random decoder initialization)
in every trial; however, we still achieved reasonable cursor control within three minutes of
training. In the future, initializing with a generic decoder trained from a variety of users
would likely increase the speed of personalization with adaptive decoding approaches. Such
fine-tuning approaches may also reduce the need for high-quality training data, increasing
the feasibility of gaze-based training.

4.2 Both natural and intentional gaze worked for the gaze-trained decoder

Unlike interfaces that use someone’s gaze as direct control inputs (Mateo et al., 2008; Pai
et al., 2019; Tall et al., 2009), we intended to use natural gaze as training data for our adaptive
algorithm to minimize fatigue associated with intentional eye-tracking (Jacob and Karn,
2003). However, we anticipated that intentional gaze provides a more accurate representation
of the task goal than natural gaze, so we tested how instructing gaze affected our training
paradigm by giving participants additional instruction on gaze fixation in Session 2 of our
experiment. We observed that the performance of both decoders improved in Session 2,
with a lower error shown in Fig. 4.3EF, but was not statistically significant, which partially
supported ourH3. However, our study design could not determine whether this improvement
was related to our gaze instructions or the user’s additional experience with the interface in
the latter session. In neuromotor interfaces, practice has been shown to lead users to develop
more consistent control strategies and better performance (Orsborn et al., 2014; Ganguly
and Carmena, 2009; Madduri et al., 2026).

We did observe that gaze was closer to the task target in Session 2 than in Session 1
(Fig. 4.3D), but the improvement in the gaze-trained decoder between sessions was not as
apparent as we expected (11.2%) compared to the improvement in the task-trained decoder
(13.5%) (Fig. 4.3F). This could be due to several factors, including a shift in user strategy
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prompted by the instruction, or data quality issues such as eye-tracking headset slippage.
We only calibrated the headset at the beginning of the experiment, which might lead to
accumulated errors over time (Kassner et al., 2014), and thus led to a reduced performance
of the gaze-trained decoder.

Nevertheless, our results demonstrated that the gaze-trained decoder operated effectively
without guided instruction on where to look (Session 1 ), and the gaze-trained decoder did not
substantially benefit from intentional gaze (Session 2 ) (Fig. 4.3F). These findings highlight
the robustness of our training paradigm and suggest that fixation instruction might not
be necessary to train for a gaze-trained decoder; instead, general practice across sessions
or guidance in strategies might be sufficient to account for the improvement across trials.
However, additional studies are still needed to know whether and how guided instruction
affects performance.

4.3 User behaviors were less consistent when using gaze-trained decoders than task-trained
decoders

We also investigated how decoders and users’ encoders evolved during co-adaptation, which
provides additional insights into our decoder algorithm’s performance. We observed a similar
progression in co-adaptation between the two conditions, where we found no significant
difference in magnitudes of the last decoders (Fig. 4.3C), and we observed generally similar
trends in their decoder-encoder pairs (Fig. 4.4B). However, the changes in the decoder within
trials show that the gaze-trained decoder had a less stable adaptation trajectory compared
to the task-trained decoder (Fig. 4.4C). This is not a surprising finding, as we observed that
the gaze-trained condition not only had a worse overall performance, but also had a larger
decrease in performance when the decoder stopped adapting compared to the task-trained
condition. These observations again indicate potentially a poorer convergence between the
decoder and the encoder in the gaze-trained than the task-trained condition.

Moreover, the changes in the encoder within trials revealed that users responded to the
decoders differently when the algorithm was adapting based on different signals (task or
gaze) (Fig. 4.4D). The gaze-trained condition had larger within-trial changes in the encoder
than the task-trained condition, suggesting that the user strategies were less consistent.
Although the user strategies changed more, we did not find that the gaze-trained condition
necessarily required a larger user effort, i.e., larger magnitudes of muscle contractions, than
the task-trained condition (Fig. 4.4E). In addition, some subjects had significantly different
magnitudes of sEMG activities when operating the two different decoders (Fig. 4.4E), but a
larger sEMG magnitude was not associated with better performance of a condition (Fig. 4.5).
These suggest that different training paradigms might lead to different user strategies or
effort, but the differences were subject-dependent, which further highlights the need for
personalized adaptation.
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4.4 Diverse gaze behaviors led to diverse performance of the gaze-trained decoder across
subjects

Our results demonstrated that using natural gaze to train an adaptive decoder was feasible
because natural gaze served as a proxy of the task goal, which supports our H6 (Tgr in
Fig. 4.7A). In this study, we pre-processed the raw gaze data to account for its phase delay to
the target. Although our data pre-processing slightly reduced the phase delay, the remaining
delay to the target was still substantial (Fig. 4.7A). This led to less accurate training labels
for the gaze-trained decoder than the task-trained decoder, which had direct access to the
target without delay. Moreover, our pre-processing pipeline did not capture moments when
the gaze prediction might fail, such as when a user was distracted or had eye fatigued. These
suggest that how we pre-processed the gaze data was just a start; we need a better model to
more accurately predict the user’s intention and attention from gaze measurements, such as
data-driven models to classify real-time goals from gaze features in various scenarios (Huang
et al., 2015a).

Although transformations of gaze and target/cursor showed no significant difference between
the task- and gaze-trained conditions in the population level (Fig. 4.7A), the gaze behaviors
were different across subjects. We observed that where people looked, the gaze-target corre-
lation, was associated with performance, especially in the gaze-trained condition (Fig. 4.7B).
This is reasonable because the gaze-trained method depended on the gaze data. To explain
how an individual’s performance was affected by their gaze, we further showed that where
people looked, especially during the first minute of training, was associated with gaze-trained
decoder performance in the last minute (Fig. 4.7C). These findings suggest that the subject-
varied gaze led to a more diverse performance of the gaze-trained than the task-trained
decoder.

4.5 Potential biomedical and HCI applications

Imagine a wearable device that a user can inattentively put on their arm that automatically
calibrates as they perform various tasks or switch between tasks in a virtual environment.
Our work is a step toward realizing this vision, laying the groundwork for future investigations
into continuously adaptive interfaces across a variety of applications. We conclude by listing
consumer and health applications that can potentially benefit from our interface.

4.5.1 Wearable health devices in AR/VR

Our gaze-trained myoelectric interface has the potential to enable computer control when
eye-tracking is available, such as using hand movements to navigate a virtual environment
for therapy. For example, consider a patient controlling tasks in VR to regain muscle control
using a sEMG-based device and a headset. Over time, the user may begin to sweat, feel
fatigued and opt for smaller movements, or switch to another task. Each of these scenarios
leads to changes in sEMG signals. If using a conventional myoelectric interface, the user
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would need to perform additional offline calibrations to accommodate such signal changes.
In contrast, our interface provides continuous adaptation on the fly, eliminating the need
for offline re-calibration or prescribed tasks. This holds promise for seamlessly transitioning
between activities using user-defined hand movements.

4.5.2 Assistive devices

While we tested our interface with healthy participants, the insights gained from this study
have implications for assistive devices to restore motor abilities in healthcare settings. For
example, our approach can potentially benefit sEMG- or electroencephalogram (EEG)-
controlled wheelchair (Al-Qaysi et al., 2018). As gaze reveals a user’s intended moving
direction, it can be used to train an adaptive interface to navigate a wheelchair, enhancing the
adaptability of current powered wheelchairs. Unlike previous gaze-controlled wheelchairs (Mat-
sumotot et al., 2001; Tall et al., 2009), this approach integrates high-density myoelectric
signals to control the interface and does not require intentional gaze.

Another potential application lies in powered prostheses or robotic limbs controlled with high-
density measurements like sEMG, EEG, or intracortical activities. Myoelectric prostheses
still face high rates of abandonment, partly due to poor ease of use (Farina et al., 2014). If
eye information is accessible, our gaze-trained paradigm could be used to train an adaptive
interface to control those devices, thus enhancing the usability of myoelectric prostheses
across a diverse set of users. It is important to note that our study focused only on 2D
cursor navigation. To extend its utility to the above applications, we will need to modify and
validate the paradigm for 3D and multi-degree-of-freedom robotic limb control. Additionally,
this will require depth information into eye-tracking data to estimate user intention in the
3D space.

4.6 Future work

This work serves as a proof-of-concept and showcases the feasibility of training an adap-
tive decoder using a task-agnostic approach. A preliminary exploration suggests that the
gaze-trained decoder could extend beyond the tracking task presented in this paper. It
has potential for broader applications, such as self-paced handwriting using forearm muscle
contractions (Fig. 4.9). Our immediate next step is to expand the preliminary exploration
and validate the applicability of our gaze-trained paradigm to other less structured tasks
in-the-wild. Specifically, we plan to train the adaptive decoder while novice users engage in
activities such as browsing web pages or writing with a cursor.

Another future step is to incorporate the dynamic nature of eye movements in our gaze-
trained paradigm. Eye movements have been shown to evolve as people learn novel sensory-
motor mappings (Sailer et al., 2005; de Brouwer et al., 2021) and are different between
novice and skilled users (Foerster et al., 2011). This suggests that eye-tracking data will have
additional benefits for interfaces beyond the training method presented in this paper. For
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instance, eye-tracking can be particularly helpful in detecting gradual user learning or abrupt
shifts in user strategy, thereby facilitating prompt adaptation of neuromotor interfaces.

In addition, we have only tested our interface with participants without disabilities. As my-
oelectric and eye-tracking devices hold promise for improving device accessibility for people
with motor disabilities (Yamagami et al., 2020), our plan moving forward is to test the gaze-
trained interface with individuals who have upper-limb motor disabilities, such as stroke
survivors. Understanding how patients co-adapt with neuromotor interfaces can help im-
prove devices designed to aid mobility within a patient-in-the-loop framework (Cashaback
et al., 2024).

Figure 4.9: User controls a computer cursor using forearm muscle contractions to write letters
(”UW”) on a screen. No prescribed target or reference was given.

5 Two preliminary experiments with eye tracking

5.1 (Experiment 1) Gaze behaviors during myoelectric interface learning

While control-theoretic methods enable modeling of users controlling familiar interfaces like
mice and joysticks, questions remain about how users learn to control novel interfaces, es-
pecially high-dimensional neural interfaces. Similarly, eye movement dynamics have been
shown to evolve as people learn novel sensory-motor mappings (Sailer et al., 2005), and
are quite different for novice versus skilled athletes (Foerster et al., 2011); eye movements
provide an easily-measured read-out but have not been explored in neural interface learn-
ing. Quantifying users’ internal controllers and identifying biomarkers of learning will allow
neural interfaces to incorporate principles of motor control to yield intuitive and effective
devices. This preliminary study aims to quantify the evolution of users’ internal controllers
and eye behavior as they learn to control a novel peripheral nervous system interface. Users
controlled a multichannel myoelectric interface in a visuomotor tracking task that allowed us
to estimate user controllers while also monitoring their eye behavior with eye-tracking. This
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study allowed us to identify relationships between user learned controllers and gaze, which
may lead to new ways to monitor sensorimotor strategies.

5.1.1 Methods

We recruited seven healthy participants (5 females and 2 males; aged 20 to 28) to con-
trol a computer cursor using muscle activity from their dominant forearm. Muscle activity
was measured with a 64-channel surface EMG system (Quattrocento, Bioelettronica). This
myoelectric interface provided continuous user input for a two-dimensional (2D) trajectory
tracking task (Madduri et al., 2022). To expedite learning this novel interface, we integrated
an adaptive mapping between muscle activity and cursor velocity, represented by a decoder
matrix D. Each participant completed a total of 12 trials, each lasting 4 minutes. The
decoder was initialized randomly in each trial and adapted every 20 seconds. This adap-
tation was achieved through a supervised learning algorithm, incorporating a cost function
that considered both task error and decoder effort, quantified as the Frobenius matrix norm.
Previous research has demonstrated that users engaged in continuous tracking tasks can be
effectively modeled by a combination of computed feedforward (user intent, F ) and feedback
(error correction, B) controllers (Yamagami et al., 2021a; Madduri et al., 2026). We set out
to explore the relationship between eye movements and users’ proficiency in managing both
the feedforward and feedback aspects of this task during co-adaptation.

5.1.2 Preliminary results and discussions

We examined task performance in the time-domain and users’ internal controllers in the
frequency-domain. Using the time-domain task error (Euclidean distance between the target
and cursor), we observed that, on average, task performance across all trials improved in the
final minute compared to the first minute of each trial (p = 0.037, N = 7 subjects, 3 decoder
updates, Wilcoxon signed-rank test) (Fig. 4.11B, left). We then investigated users’ feedfor-
ward F and feedback B controllers in the frequency domain, using a control-theoretic non-
parametric estimation method (Yamagami et al., 2021a). If users have accurately estimated
the sensory-motor mapping, the pairing of the decoder D with the feedforward controller F
equals the inverse of the interface dynamics M−1 (velocity-based in our experiments). We
quantified the accuracy of users’ feedforward controller by computing the norm difference
between DF and M−1 at the lowest two reference stimulus frequencies (Fig. 4.10B), and
found improvements in median performance at the beginning and the end of trials (p = 0.13,
N = 7 subjects, 3 decoder updates), although not significant (Fig. 4.11B, middle). Similar
analyses on users’ feedback controllers (norm of the decoder D and the feedback controller
B) revealed significant enhancement in error correction (p < 0.01, N = 7, 3 decoder updates)
(Fig. 4.11B, right).

Having established that users update their internal controllers as they learn a novel neural
interface, we then examined the relationship between users’ gaze and their learned controllers.
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We measured gaze proximity to the target relative to the cursor (Fig. 4.12A), and found
that users who exhibited significant task performance improvement tended to have their
gaze positions progressively shift closer to the target than the cursor. We found significant
changes with respect to this metric comparing the initial and final minute (p = 0.016, N
= 4 subjects, 3 decoder updates) (Fig. 4.12B, right). These changes in gaze behavior were
positively correlated with user learning, measured either by tracking error or the user’s
feedforward controller, with averaged R-squared values of 0.26 and 0.12 across all seven
subjects, respectively (Fig. 4.12C).

In summary, our results with seven subjects showed that as users learned to control a myo-
electric interface with an adaptive mapping, system performance improved significantly and
users’ proficiency in controlling both the intent (feedforward) and error correction (feedback)
aspects of the interface also improved. We found that eye gaze increasingly aligned with the
target compared to the cursor position as users learned the interface, and that eye move-
ment patterns were correlated with both system performance and user intent (feedforward
controller accuracy).

Figure 4.10: Overview of co-adaptive myoelectric interface and experimental design. (A) Users
conduct a novel tracking task by controlling a computer cursor using a 64-channel surface EMG
array on their dominant forearm. Reference stimuli r and cursor y are displayed on a computer
screen. Users are modeled as a combination of Feedforward F and Feedback B controllers. Closed-
loop decoder D adaptation is performed to update the mapping between EMG and cursor velocity.
Decoder updates occur every 20 seconds. A first order system M (integrator) outputs cursor
position, which was then disturbed by an external disturbance stimulus d. Users’ eye gaze on
the display plane are measured throughout the experiment for offline analysis. (B) Reference r
and disturbance d are designed to be pseudo-random sums-of-sinusoids at stimulus frequencies.
Stimulus frequencies are eight prime multiples of a base frequency (0.05 Hz). Sets of stimulus
frequencies swap between the x and y axes on each trial. Frequency-domain analysis leverages
established techniques from control theory to isolate user responses to independent task stimuli
(reference tracking and disturbance rejection).
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Figure 4.11: Task performance, feedforward, and feedback improved. (A) (Left) Distribution
(median, interquartile, N = 7 subjects) of task error, which is defined as euclidean distance between
reference and cursor in time-domain. (Middle) Distribution (median, interquartile, N = 7) of
feedforward performance, which is defined as the pairing of the decoder D with the feedforward
controller F and its difference between the inverse of system dynamics M−1 in the frequency-
domain. (Right) Distribution (median, interquartile, N = 7) of feedback performance, which is
defined as the pairing of the decoder D with the feedback controller B. (B) Boxplots of performance
of first minute vs. last minute for each performance metric. Significant differences are marked with
* (N = 7 subjects × 3 decoder updates in a minute, p < 0.05, Wilcoxon signed-rank test).

5.2 (Experiment 2) Using gaze to train adaptive neuromotor interfaces for diverse tasks

Here we present the preliminary findings of training the adaptive interface in diverse tasks,
as an extension to the controlled continuous tracking task shown in Section 2 in this Chapter.

5.2.1 Methods

To demonstrate that the trained mapping could be generalized to a different task than
the tracking task (Fig. 4.13C), a subset of our 11 participants (N = 4; 1 male, 3 females)
performed a one-minute point-to-point task after each four-minute trial in the fourth block.
The mapping trained in the tracking task was held fixed and used to control the cursor in the
point-to-point task. We compared the performance of conditions by applying a single-factor
ANOVA test on the average deviations. We hypothesized that the three conditions would
have no difference in point-to-point task performance.
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Figure 4.12: Gaze shifts closer to the target compared to the cursor as user feedforward control
improves. (A) Gaze proximity to target is defined as the normalized gaze distance to target refer-
ence. Lower value means participant gaze position got relatively closer to the target compared to
the cursor. (B) We compared the first and last minute of the time-domain task error for each user
and pulled four users who had significant improvement in task performance. (Left) Distribution
(median, interquartile, N = 4) of gaze proximity to target (green dash line) overlays on averaged
task error (grey solid line), averaged across trials. Values are averaged in 20-second windows. First
20-second ramp is removed. (Right) Boxplot of gaze proximity to target of the first minute vs.
the last minute after the ramp. Significant differences are marked with ∗ (N = 4 subjects × 3
decoder updates in a minute, p < 0.05, Wilcoxon signed-rank test). (C) (Left) Correlation between
gaze proximity to target and time-domain task error, each dot is an averaged value of a 20-second
window. R2 values of the 7 subjects are averaged. (Right) Correlation between gaze proximity to
target and feedforward performance ∥DF −M−1∥2, 7-subjects.

To further demonstrate that this novel gaze-based training approach is a step closer to our
overarching goal of adapting while users perform diverse tasks, we conducted a preliminary
trial to train the adaptive myoelectric interface in a point-to-point task. During this trial,
one participant performed gaze-based training in a five-minute point-to-point task, starting
with a randomly initialized mapping.

5.2.2 Preliminary results and discussions

The results presented above are derived from trials conducted in the tracking task. To assess
the adaptability of interfaces to diverse contexts, we tested these trained interfaces in a one-
minute discrete (point-to-point) task. Preliminary findings with a subset of subjects indicate
that users could effectively complete a point-to-point task using the mapping trained in a
tracking task (Fig. 4.14A). We found that the average deviations were comparable across
conditions (ANOVA test, p = 0.41, η2 = 0.18) (Fig. 4.14B). This supported our hypothesis
that there was no difference in performance transfer between tasks in both gaze-trained and
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Figure 4.13: Illustrations of diverse tasks including continuous task (tracking a moving target),
discrete task (pointing to a static goal), and user-led task (drawing on a screen with a computer
cursor).

target-trained conditions.

In addition to testing the trained interfaces, we further demonstrated that we could train
the gaze-based interface in a second task (point-to-point movements). Starting with a ran-
dom initialization, the participant initially had limited control over the cursor. Over the
course of five minutes of training using gaze, the participant’s myoelectric control gradually
improved (Fig. 4.14C). We quantified this by computing the cursor deviation from the ideal-
ized trajectory, which decreased throughout training (Fig. 4.14D). While gaze-based training
generalized to the point-to-point task, we noticed a difference in the timescale of performance
improvements between tasks. Preliminary evidence suggests performance improved slower in
the point-to-point task, possibly due to a sparser coverage of cursor positions on the screen
imposed by the task structure.

6 Conclusion

We proposed a novel method for training closed-loop adaptive decoders using natural eye
movements, leveraging gaze as a proxy for task goals. Our gaze-trained approach eliminated
the need for explicit task information to train adaptive decoders, offering a less supervised
alternative compared to the task-dependent method. We demonstrated its feasibility in a
continuous myoelectric interaction, where users controlled a dynamic cursor using forearm
muscle contractions. Additionally, we showed that our method did not require users to focus
their gaze on the target, which avoided drawbacks associated with intentional eye-tracking.
This gaze-trained approach has the potential to extend to a wide range of tasks, including
less structured computer operations with undefined task goals.

Our first preliminary results with seven subjects show that gaze increasingly aligns with the
target rather than the cursor position as users gain proficiency in controlling the interface.
Understanding how eye movement patterns evolve as users adapt to novel sensorimotor map-
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Figure 4.14: (A) Interfaces trained in the tracking task can be generalized to a point-
to-point task. Example of a point-to-point task using a fixed mapping that was trained in
a three-minute tracking task. The dots represent the targets and the different colors represent
different target angles. The solid lines are the cursor trajectories reaching outward and coming
back to center. (B) Boxplot (N = 4 subjects) of the average deviation of the cursor trajectory from
the idealized trajectory, averaged across all targets in a trial. (C) The gaze-trained interface
could be trained in a point-to-point task. Example of interface training in a point-to-point
movement task. Performance improved throughout the five minutes of training. (D) The deviation
between the cursor trajectories and idealized trajectories in the five-minute trial, moving average
with a 30-second window.

pings holds great potential to improve the performance and accessibility of peripheral neural
interfaces. Our second preliminary results with four subjects demonstrate the potential of
our gaze-trained approach for rapid calibration across various tasks, such as discrete point-
to-point movements, to generate a feasible initial decoder. This study will inform the ongoing
work to develop out-of-the-box neuromotor interfaces that dynamically adapt during diverse
operations, and thus contribute to a more user-friendly and accessible class of interfaces.
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Abstract

Biosignal-based human-machine interfaces are increasing in popularity but need to account
for diversity across user physiology, strategies, and environments. Ideally, we want inter-
faces that can seamlessly adapt to the user during interface operation, providing customized
interfaces for each user. Our prior work has generated these co-adaptive, multimodal in-
terfaces that can be personalized to each user, ultimately expanding the accessibility and
generalizability of human-machine interfaces. In this paper, we describe the advantages of co-
adaptive, multimodal interfaces and report user experiences from 43 participants across five
myoelectric experiments. We find that users’ strategies for myoelectric control are diverse,
and user backgrounds, specifically prior experience with video games, musical instruments,
and computers, influence user interactions with the myoelectric interface. Additionally, we
find that user onboarding with biosignals needs to be well-designed to convey myoelectric
control intuitively to users. Our observations highlight the need for co-adaptive, multimodal
methods to personalize interfaces for a diverse set of users and provide suggestions for de-
signing future interfaces to facilitate user adaptation.
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1 Introduction

Biosignal-based human-machine interfaces show promise across various applications, yet their
usability remains limited due to variable performance among users (Farina et al., 2014;
Artemiadis, 2012). This is not surprising given the diverse physiology of individuals, resulting
in vastly different biosignals. Moreover, each user interacts with the interface differently, and
biosignals can vary over time and across environments. Interface algorithms, which translate
user biosignals to control external devices like computer cursors (Chapin et al., 1999; Taylor
et al., 2002) or robotic arms (Flesher et al., 2021; Collinger et al., 2013), are typically trained
offline by extracting features from biosignals and mapping them to computer commands (e.g.,
(Mugler et al., 2019; De Santis and Mussa-Ivaldi, 2020)). We instead consider algorithms
that adapt online during user operation to personalize interfaces to users and accommodate
signal variability (Orsborn et al., 2014).

In a prior study, we implemented a novel, adaptive algorithm to personalize a myoelectric
interface during interface operation (Madduri et al., 2022). Then, we extended the work by
training the algorithm with data from multiple modalities – surface EMG and eye tracking –
to enhance interface adaptability in diverse tasks (Chou et al., 2024). In this paper, we discuss
the benefits of our adaptive, multimodal approach for personalizing biosignal interfaces. We
also discuss user strategies and experiences observed during our experiments to understand
how users interact with co-adaptive interfaces.

Specifically, we analyze qualitative and quantitative data regarding task performance, user
experiences, and diverse user strategies in learning a novel myoelectric interface. We in-
vestigate the effect of prior experiences, including video game playing, musical instrument
proficiency, and computer usage, on user strategies. Avid video game players demonstrate
the ability to grasp the nuances of myoelectric interface control, while individuals with expe-
rience in musical instruments and computer devices adjust their hand gestures accordingly.
We also investigated electromyography (EMG) onboarding to aid users in learning myo-
electric control. Surprisingly, our onboarding task confused users rather than helped them,
emphasizing the need for more intuitive EMG training to facilitate learning. Lastly, we con-
clude with suggestions for future research in co-adaptive, multimodal interfaces that account
for user experiences.

1.1 Personalizing human-machine interfaces

Many current biosignal interfaces are trained offline, often by applying machine learning or
deep learning algorithms on data collected from several subjects and training the algorithms
to work well on the distribution of subjects in their datasets (Saponas et al., 2008; Zhuang
et al., 2019b; De Santis and Mussa-Ivaldi, 2020; Mugler et al., 2019; Sussillo et al., 2016).
These approaches require lengthy setup procedures, rely heavily on experimenter-guided data
collection, and need large numbers of user data to train a generalizable interface (Ctrl-Labs
et al., 2024). Moreover, despite training with large datasets, the performance observed online
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falls short of that obtained offline (Hahne et al., 2017; Chase et al., 2009; Koyama et al.,
2010; Eddy et al., 2023).

Adapting the interface online can potentially eliminate the offline-to-online performance mis-
match. During online adaptation, both the interface and the user are updated synergistically
in the loop, leading to co-adaptation (Orsborn et al., 2014; Hahne et al., 2017; Danziger et al.,
2009; Ding et al., 2019; Madduri et al., 2023; Cashaback et al., 2024). Co-adaptation im-
proves closed-loop performance and personalizes interfaces to diverse users during operation.
It also accounts for changes within a user such as fatigue and learning. As human-machine
interfaces grow more complex, interface adaptation alone might not be sufficient for profi-
cient interface control. Users also need to adapt and develop strategies to learn the complex
interfaces. With proper designs of the adaptive algorithm, interface adaptation has the
potential to assist or guide user learning in human-machine interaction (Silversmith et al.,
2020; De Santis, 2021; Oby et al., 2019). Leveraging co-adaptation will be key for engineering
complex biosignal interfaces that require personalization and user adaptation.

1.2 A multimodal approach for human-machine interfaces

Co-adaptation has many advantages for personalizing human-machine interfaces, but future
research is still needed to create seamless user experiences in real-world applications. Our
overarching vision is that biosignal interfaces should be usable out-of-the-box for any user
and context. To achieve this goal, the interface must provide users autonomy in choosing and
changing their operations. Current approaches for co-adaptive interfaces use task structure
for training the algorithms by updating the algorithm based on the error between user
intention and task goals (Orsborn et al., 2014; Dangi et al., 2013; Madduri et al., 2022). While
this has significantly improved user time-to-operation, this is still a task-based approach and
requires users to operate a prescribed task. Using task-based training poses limitations
for translation to real-world devices as users might find these training tasks laborious or
constraining. As biosignal interfaces integrate into our everyday lives, we want seamless
adaptation across various operations.

In prior work, we proposed a task-agnostic approach that augments eye-tracking inputs to
adapt interfaces (Chou et al., 2024). We leveraged users’ eye gaze to train an adaptive myo-
electric interface, treating gaze as a proxy of the user intent. Our preliminary findings show
the potential of generalizing the gaze-trained interface in diverse tasks, such as handwriting
with a computer cursor. Adding modalities, such as eye gaze, has the potential to provide
flexibility in training and re-training interfaces while operating different tasks. Moreover,
multimodal interfaces incorporate diverse features from distinct modalities and thus enable
more thorough measurements of complex human behaviors (Pantic and Rothkrantz, 2003).



106

2 Summary of experimental methods

Previously, we conducted five human-subject experiments to investigate co-adaptation in
myoelectric interfaces, with a total of 43 healthy subjects (17 males, 24 females, 2 non-binary,
1 reported multiple, 1 preferred not to say; 4 left-handed, 39 right-handed; aged 19 to 34).
Four participants conducted research with EMG. Our exclusion criteria included anyone who
had completed this task before or had upper-limb motor impairment. All participants gave
their written consent before the study and all procedures were approved by the University
of Washington’s Institutional Review Board (IRB #STUDY00014060).

In these experiments, users completed a continuous tracking task with a myoelectric-controlled
computer cursor (Madduri et al., 2022). Users were instructed to keep their cursor close to
a 2-dimensional (2D) moving target at all times. User myoelectric activity was input to
an adaptive algorithm, which generated a velocity that was then integrated to determine
the cursor position on the computer screen (Fig. 5.1). The algorithm was adapted every 20
seconds during user operation.

2.1 EMG and eye tracking set-up

User myoelectric activity was recorded from a 64-channel surface EMG electrode (5x13 rect-
angular electrode layout, 8mm inter-electrode spacing) that was placed on the user’s dom-
inant forearm, targeting the Extensor Carpi Radialis (Quattrocento, Bioelectronica, Italy).
EMG signals were recorded at 2048 Hz on Differential Mode with a built-in high-pass filter
at 10 Hz, and a low-pass filter at 150 Hz. Then, the EMG signals were digitally rectified and
filtered with high and low-pass filters to obtain an EMG envelope, which was the input to
the interface algorithm.

User eye behavior (gaze, pupil sizes) was recorded using the PupilLabs Core (PupilLabs,
Germany) (Kassner et al., 2014). Eye tracking data was calibrated using the PupilCapture
software (PupilLabs, Germany). Eight AprilTags were placed around a 24-inch computer
monitor to define the area of interest for the PupilCapture software. Calibration was con-
ducted by a process where users had to gaze at static targets on the screen. Gaze data was
streamed at 250 Hz through the PupilCapture Software, combining the streaming data from
two infrared cameras in real time. One of the experiments had conditions where gaze mea-
surements were used online to train the adaptive interface, in which gaze data was filtered
to remove low-confidence estimations and de-biased for any calibration errors (Chou et al.,
2024).

2.2 Summary of past experiments

Five human-subject myoelectric interface experiments were conducted. While the experi-
ments tested different hypotheses, the following similarities across the five experiments exist:
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• All experiments tested myoelectric interface control of a computer cursor in a 2D
continuous trajectory-tracking task.

• All experiments used the same EMG methods and targeted muscle activation of the
Extensor Carpi Radialis for myoelectric input to the interface.

• All participants were instructed to control their cursor by activating their forearm
muscles but were given no explicit instructions on which movements they should use.
All participants were allowed to freely move their upper limbs.

• In all experiments, the cursor would reset to the center of the screen if participants lost
control and the cursor got stuck to a border for too long (greater than 1.67 seconds).

• The task performance of the continuous tracking task was defined as the error between
target and cursor positions in the time domain.

Figure 5.1: (A) The participant controls a cursor (white dot) to track a continuous target (red dot)
using a 64-channel surface EMG on the dominant forearm (left arm in this figure). An eye-tracking
headset measures the user’s gaze on the computer screen. (B) Block diagram illustration of EMG
measurements to the computer display (modified from Fig. 1 in (Madduri et al., 2022)). Image
credit to Maneeshika Madduri. (C) One example trial of the continuous tracking task performance.
The mapping was initialized randomly and updated every 20 seconds. The tracking performance
improved throughout the three-minute trial.
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3 User experiences in co-adaptive, multimodal myoelectric interfaces

In the following sections, we will present experiences reported by the participants in our co-
adaptive, multimodal experiments. Specifically, we will discuss the hand movements, task
strategies, the effect of prior experience, and the effect of an onboarding task.

3.1 User strategy and experience during the tracking task

Participants in our co-adaptive myoelectric interface experiments chose diverse strategies for
activating the forearm muscles and controlling the cursor to track the moving target. Twelve
participants described that they used their wrist as a joystick to control the direction of the
cursor; eight participants reported opening palms and closing fists for control; five partici-
pants used their pointer finger or thumb to point to their intended direction; one participant
reported waving their hands to activate the forearm muscles. Fourteen participants reported
that they explored multiple movements during the experiment. One of them discussed that
they switched from large strength-based movements to smaller, more relaxed movements.
Another said they tried inverted movements (i.e. hand movements that are opposite to their
original direction) when they lost control of the cursor.

We also asked the participants about their impressions of the myoelectric interface after
each trial and at the end of the experiment. Eight participants said that they felt one
direction (either up/down or left/right) was easier or better than the other direction. Eleven
participants reported that they experienced gradual improvements in control throughout the
experiment. One participant discussed that “I felt like it (the machine) was learning with
me”, while another said, “I relied more heavily on the algorithm”. These results suggest that
the users can distinguish their efforts from the algorithm’s and that the user experience also
includes the algorithm adaptation.

3.2 Effect of user’s prior experience on strategies

In all the experiments above, we collected participants’ self-reported video gaming experi-
ence, including the gaming frequency (number of hours per week) and their confidence level
(novice, casual, and non-professional expert). We observed that individuals who play more
than 20 hours a week on average or rated themselves as non-professional experts generally
performed well in the continuous tracking task, with overall lower task error (mean Euclidean
distance between target and cursor) than other participants (Fig. 5.2). Some of these high-
performance subjects also comprehended the task structure quickly. For instance, one of
them realized the task dynamics just after the first few trials and asked “Am I controlling
the velocity/acceleration of the cursor?” In addition, one participant who identified as a
non-professional expert in video gaming discussed that they “imagined a vector between tar-
get and cursor and imitated it with hand direction”, which was also how we calculated the
intended direction to train the adaptive algorithm. However, we did not observe exceptional
performance from this participant.
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We only had eight gamers in our subject pool, which may be insufficient to demonstrate a
significant difference in task performance between gamers and non-gamers. Although the
correlation between average gaming hours and task performance was low (R2 = 0.087), we
observed that all subjects who usually play video games for over 20 hours a week had low
task error (Fig. 5.2). This roughly aligned with studies that found extensive gamers tend
to have better eye-hand coordination and spatial attention required to adapt to complex
visually guided movement using novel interfaces (Granek et al., 2010).

We also observed that users’ prior experience with musical instruments and computer devices
could potentially influence their strategies. For example, one participant had prior experience
with piano playing, and the gesture that they picked was single-finger tapping at a time,
similar to playing piano keys. Another participant mimicked the mouse control when using
the EMG to control the cursor, for instance, navigating and clicking the buttons of an
imaginary mouse on the table. If a participant used those movements, the experimenter
would remind them that the EMG control is different from mouse control, and users could
choose to move their hand by their wrists to achieve most forearm muscle control. Moreover,
some participants also moved their entire arms in the air to control the cursor. Many of
these movements were not recorded by the EMG electrodes and did not translate to any
cursor control. These scenarios made us realize the importance of EMG-based onboarding
that could help users understand how to activate task-relevant EMG muscles.

Figure 5.2: Scatter plot of normalized task error vs. gaming hours (hours/week). Each black dot
is the data from one subject. The task error is the Euclidean distance between the target and the
cursor, averaged across all trials and normalized to the maximum computer screen size.

3.3 Effect of an onboarding task on performance

To reduce user confusion and help users understand the task-relevant muscle activation in the
tracking task, we conducted a four-subject preliminary experiment with an onboarding task
before the 2D continuous trajectory-tracking task. We designed a simple “radar plot” that
visualizes the absolute amplitudes of 64-channel EMG signals with 64 spikes radiating from
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the center of a circle (Fig. 5.3). Each spike represents the amplitude of each EMG channel.
The radar plot dynamically updated on the computer screen as the participant explored
which movements contributed to forearm muscle activation. Participants completed the
same 2D trajectory-tracking task after the onboarding. We then compared their tracking
task error with prior data from participants who did not receive a radar plot (the controls).
The hypothesis was that the radar plot (visualization) training would discourage movements
that did not change EMG measurements and improve user performance compared to the
controls. Contrary to our expectations, we found that the task performance of participants
who received the radar plot was significantly worse than that of the four worst-performing
control subjects. Interestingly, the radar plot seemed to confuse the users rather than help,
as users reflected that “The first trial felt confusing.” and “I wasn’t sure what was the point
of the radar plot.” We observed that the confusion might be from the directions of spikes
radiating from the center, which did not correspond to the hand-moving directions nor the
cursor directions in the later tracking task. While this was an exploratory investigation,
these findings highlight the importance of onboarding design for biosignal interfaces.

Figure 5.3: Example of a radar plot visualization from hand gestures and EMG signals. Image
credit to Sasha Burckhardt.

4 Suggestions for future research

4.1 Lessons learned from co-adaptive experiment on user experience

Our co-adaptive myoelectric interface enabled participants to choose their strategies to per-
form the task. We observed diverse muscle activation strategies even though participants
were conducting the same tracking task with electrodes on roughly the same muscle groups.
We also observed that many participants selected distinct movements based on their prior ex-



111

periences, such as video gaming, computer usage, or musical instruments. An open question
is how much, if any, agency participants felt operating a co-adaptive interface. Autonomy and
agency can positively impact users’ experiences and feelings of independence when interact-
ing with interfaces (Bennett et al., 2023). While users could perform diverse and self-defined
sets of movements and gestures, users also had to account for the adaptation of the inter-
face. Not all user explorations led to improvements in co-adaptive interface performance,
which might have affected users’ sense of agency and, potentially, their interface experiences.
User-defined hand movements have been characterized in prior work to design intuitive ges-
tures for human-computer interactions (Wobbrock et al., 2009). They have advantages such
as feeling more natural, easier to remember, and personalized for each user’s upper body.
From our analysis of user prior experiences, some of the user-defined movements, like fin-
ger tapping or shoulder rotation, were difficult to measure with the EMG electrodes in our
study. Thus, it is important to increase sensor coverage or add modalities to detect diverse
movements, especially for individuals with limited computer experience or those with motor
impairments (Yamagami et al., 2023b).

Another advantage of our co-adaptive myoelectric interface was the ability to re-train the
algorithm as users operate the task. Many participants in our study discussed that they
explored different gestures or changed their task strategies during the experiment. Some
reported that they had muscle or eye fatigue over the two hours of the experiment. Co-
adaptive interfaces are powerful as they accommodate user adaptation, such as strategies,
cognitive load, and fatigue, and can dynamically update interfaces during user operation.

4.2 Challenges and future work

Our findings from our novel EMG onboarding experiment (section 3.3) emphasized the need
for designing biosignal onboarding more intentionally, as some visualizations could confuse
users. In addition to facilitating user learning with an onboarding task, we could combine co-
adaptation with a curriculum to shape user learning. A curriculum could define the schedule
of interface and/or algorithm adaptation with the goal of effective training in novel, complex
tasks (Karpathy and van de Panne, 2012). Curriculum learning is well-studied in machine
learning and has been shown to improve model performance and generalizability (Bengio
et al., 2009). For example, we may design a curriculum that modulates interface algorithm
parameters (i.e. learning rate) to further incentivize learning or exploration (Madduri et al.,
2022; Pfister et al., 2023). Moreover, with multimodal interfaces, we can potentially guide
users in learning complex tasks by adjusting the weightings between modalities from different
channels (Chou et al., 2022). The challenge of curriculum design for interface adaptation is
the increased number of parameters and decision variables. It becomes important to deter-
mine when and how to schedule the adaptations (Wang et al., 2022). Pfister et al. (Pfister
et al., 2023) explored the effect of modulating the learning rate based on task error in a
co-adaptive system on user strategies and performance. Although the modulation did not
improve the overall performance, it seemed to affect how users conducted the task. A more
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nuanced update rule for the hyperparameters could potentially enhance users’ ability to learn
the novel interface more effectively. Therefore, future co-adaptive interfaces must be capable
of detecting user learning stages by measuring changes in strategy, physiological behavior,
the time required to achieve stability, and the capacity to integrate multiple modalities.
This will allow for further modulation of the adaptive algorithms to facilitate seamless and
effective learning.
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Chapter 6

CONTRIBUTIONS, COLLABORATIONS, AND FUTURE
RESEARCH PLANS

In this section, I summarize the main contributions of each chapter, list work led by my
collaborators, and identify avenues for future work.

1 Contributions of this work

Chapter 2 demonstrates that realistic co-adaptive systems must account for delays and mea-
surement noise — constraints that render the idealized full-information game studied in
prior theoretical work impractical for real-world applications such as those involving neural
recordings or arm tremors. In a human-subject experiment, we found that adaptive high-pass
interfaces changed user input magnitudes and improved system performance in a dynamic
human-in-the-loop game. This potentially suggests that adaptively tuning interface con-
troller coefficients could serve as a mechanism for modulating task difficulty or engagement
intensity in rehabilitation settings. We also observed distinct effort tradeoffs between the
human and intelligent interface agents: as interface effort increased, human effort decreased,
and vice versa. Future work is needed to explicitly model the strategic interests of both
agents and use them to systematically shape co-adaptive outcomes. Additionally, we showed
in simulation that a simplified model — in which the human minimizes a combination of
task error and effort — reproduces the empirical co-adaptive outcomes, providing a starting
point for future predictive models of human-in-the-loop behavior.

Chapter 3 demonstrates that incorporating multiple motor modalities reduces the effect of
internal sensorimotor noise during machine interaction. By coordinating sEMG and manual
joystick inputs in an anti-phase pattern, participants suppressed the effect of sensorimotor
noise while jointly meeting the task objective of tracking the continuous target trajectory
and rejecting external disturbances. We further found that the weighting assigned to each
modality shaped how people coordinated their inputs: when a modality was down-weighted,
users increased their effort through that channel to compensate. These findings suggest that
adding a redundant motor modality may yield more precise and stable device control, and
in rehabilitation contexts, may be leveraged to actively encourage muscle engagement from
an impaired limb. In addition, we observed a diverse control strategies in coordinating the
two input modalities across subjects, again highlighting the need to personalize multimodal
interfaces for each user.
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Chapter 4 introduces natural gaze as a task-agnostic source of training labels for closed-loop
adaptive myoelectric decoders, which removes the need for prescribed target information
and thus extend the supervised decoder adaptation to more unstructured, real-world tasks.
Our experimental results with a controlled task showed that the sEMG decoder trained with
gaze label data achieves practical performance compared to the decoder trained with the
prescribed target signals, which demonstrates that eye tracking can meaningfully augment
neuromotor interfaces. We also demonstrated the potential of gaze-trained decoder across
diverse operating conditions without constraining users to specific tasks. In addition to
decoder performance, we found that the choice of decoder training labels — whether derived
from gaze or task targets — shaped how users adapted their strategies during co-adaptation,
revealing that the training paradigm itself influences user behavior. How this influence can
be systematically leveraged to steer co-adaptive outcomes in multimodal systems remains an
important open question for future work.

Chapter 5 presents design considerations for co-adaptive, multimodal interfaces derived from
observations and user feedback across five myoelectric experiments. We found diverse user
control strategies and demonstrated that prior experience with video games, musical in-
struments, and computers could affect interface interactions. Furthermore, several lessons
emerge from these studies, highlighting the importance of onboarding guidance, accounting
for changing user strategies, and incorporating user-defined movements into interface design.

Together, this thesis addresses key research gaps in understanding how co-adaptation and
multimodal inputs shape human-machine interaction, and introduces new experimental and
computational frameworks for personalizing biosignal-based interfaces across diverse users
and tasks. A unifying theme across chapters is that interfaces must adapt online together
with the user, and that modeling this co-adaptation is essential for engineering interactions
with predictable and desirable outcomes. Multimodal inputs further shape user behavior
and can augment interface generalization to tasks that lack explicit structure or prescribed
goals. This work is a step toward realizing continuous, automatic, and seamless calibration
of biosignal-based interfaces for real-world assistive device control in diverse operations.

2 Other collaborations

The work presented in this thesis proposal has resulted in some exciting collaborations,
including (in chronological order):

2.1 Modeling human delays in disturbance-rejection task

In research led by mentee Lauren Peterson (former undergraduate, UW ECE), we conducted
a secondary data analysis to model human parameters (sensorimotor gain and delay) in EMG
interfaces when participants are tasked with controlling a complex (first- and second-order)
dynamical system. This work was published (Peterson et al., 2022).
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2.2 Gaming experiences and sEMG interface control

Video-game experience enhances eye-hand coordination and spatial attention required to
interact with machines (Granek et al., 2010). We investigated whether gaming experiences
generalized to our EMG-controlled visuomotor tasks. In research led by Finley Hutchison
(former undergraduate, UW Informatics), we recruited 10 participants and examined the
relationship between their video game usage and dynamic machine interaction. Preliminary
results show positive correlations between gaming hours and task performance.

2.3 Adapting user learning rates as a metric of error

In research led by Annika Pfister (former undergraduate, Wellesley College), Annika tested
an adaptation of learning rate, adding a layer of adaptation to adaptive interfaces. This
work was presented at the 2023 IEEE Conference on Neural Engineering and Rehabilitation.

2.4 A novel hybrid myoelectric interfaces with decoder adaptation

In research led by Si Jia Li (PhD, UW Bioengineering) in the Orsborn Lab, we extended this
game-theoretic framework to a task with both continuous and discrete dynamics and have
seen interesting results about how this framework can help users learn orthogonal tasks.

2.5 Patient-in-the-loop framework for neurorehabilitation

In collaboration with other researchers in modeling neurorehabilitation, a perspective piece
was published (Cashaback et al., 2024).

2.6 User preference in multimodal interaction

In research led by Finley Hutchison, we extended the analysis in Chapter 3 to understand the
user preferences when they were given multiple modalities to control machines. This work
was presented at the 2025 Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC).

2.7 Synthesize generic objective functions of humans (ongoing)

In research led by Emmy Chow (PhD student, UW ECE), we aim to generate a cost function
of humans interacting with dynamic machines, through a large amount of participants’ data
collected from an online platform.

3 Future research plans

The frameworks developed in this thesis lay the groundwork for clinical translation, particu-
larly in device-assisted neurorehabilitation, where personalized and adaptive interfaces could
improve access to and quality of care for people with motor impairments.
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My plan moving forward is to implement the theoretical and experimental frameworks in this
dissertation in device-assisted rehabilitation programs, such as robot-guided therapy, to de-
liver patient-in-the-loop treatments and interventions (Cashaback et al., 2024). Figure 6.1
illustrates this framework.

Neurorehabilitation improves recovery and development, but patients often receive limited
in-clinic physical therapy delivered by a therapist. On the contrary, devices such as reha-
bilitation robots deliver high-intensity and reproducible treatments that can be delivered
remotely at home. However, unlike in-clinic rehabilitation, where therapists can monitor
and adjust the FITT (frequency, intensity, time, and type) of treatments to match each pa-
tient’s recovery, remote rehabilitation often lacks adaptive interventions in real time. Home
rehabilitation needs to be personalized and adaptive to each patient to optimize recovery
outcomes. To achieve this long-term vision, I aim to develop (1) adaptive curricula and (2)
adaptive device-assisted treatments.

Figure 6.1: The patient-in-the-loop framework in designing personalized devices and clinical
interventions. Humans (patients), devices (robots or computers), and clinical interventions (recov-
ery plans or curricula) interact in a closed-loop setting. Humans’ behaviors and conditions change
over time, and devices need to update their algorithmic parameters to accommodate for the change
in users. Clinical interventions should also change accordingly based on diagnostic models.

3.1 Adaptive curricula for home rehabilitation

A key challenge to implementing adaptive intervention is to establish the decision rules
– whether, when, and based on what criteria to modify the treatment. There remains a
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need to identify declines (states of vulnerability) and improvements (states of opportunity)
in patients, and know how they could influence outcomes, so that we can determine the
appropriate modifications at the right time. I aim to characterize the dynamically changing
patient needs via wearable sensor biomarkers, and then determine the frequency, timing, and
rate of the just-in-time adaptive interventions (Nahum-Shani et al., 2015; Hsu et al., 2025;
Pehlivan et al., 2016).

Additionally, modeling time-varying human sensorimotor control adds significant scientific
value by uncovering the underlying biological mechanisms inherent to the co-adaptation
paradigm, while offering valuable opportunities within the healthcare domain to predict
patient progression and rehabilitation recovery.

While optimizing the control of moving devices and understanding or monitoring human
health represent fundamentally distinct objectives, this dissertation focuses primarily on the
former. Nevertheless, many of the computational ideas and modeling frameworks developed
herein can inform the latter, particularly regarding the integration of multimodal physiolog-
ical signals (e.g., respiration, heart rate, metabolic metrics, etc.).

3.2 Adaptive device-assisted treatments

To achieve adaptive interventions, once the curricula are identified, the next step is to de-
termine the appropriate modification – such as the intensity or type of treatment. These
adjustments may involve program parameters, like exercise amount or duration, or device set-
tings, like resistance or joint torque in an exoskeleton, with constraints to ensure the exercises
remain sufficiently challenging. I aim to leverage control-theoretic methods and optimization
tools to provide interpretable interventions. This will benefit the automatic and real-time
interventions in home settings, without adding burdens to patients or caregivers.
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