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Abstract— We propose MetaEMG, a meta-learning approach
for fast adaptation in intent inferral on a robotic hand orthosis
for stroke. One key challenge in machine learning for assistive
and rehabilitative robotics with disabled-bodied subjects is the
difficulty of collecting labeled training data. Muscle tone and
spasticity often vary significantly among stroke subjects, and
hand function can even change across different use sessions of
the device for the same subject. We investigate the use of meta-
learning to mitigate the burden of data collection needed to
adapt high-capacity neural networks to a new session or subject.
Our experiments on real clinical data collected from five stroke
subjects show that MetaEMG can improve the intent inferral
accuracy with a small session- or subject-specific dataset and
very few fine-tuning epochs. To the best of our knowledge, we
are the first to formulate intent inferral on stroke subjects as
a meta-learning problem and demonstrate fast adaptation to a
new session or subject for controlling a robotic hand orthosis
with EMG signals.

I. INTRODUCTION

Intuitive and robust interfaces for user-driven control of
wearable robots have the potential to help enhance therapy
inside and outside of the clinical setting, across a wide
spectrum of health conditions. However, the development
of such interfaces has proven difficult, even with recent
advances in computing and machine learning.

In upper-limb devices, user-driven interfaces often employ
a model that predicts user intent from surface electromyogra-
phy (EMG) data. Such a model needs to not only capture the
relationship between signal and intent across individuals, but
it also needs to be robust to some amount of variation from
factors like user fatigue and sensor migration. In the stroke
survivor demographic, hand spasticity and muscle tone can
also change drastically across different sessions (single use
of the device between donning and doffing) on different days
(commonly known to the community as intersession concept
drift), adding an additional challenge for model development
in the stroke rehabilitation space.

While utilizing complex models to have a better chance of
generalization across the large variation in data is a promis-
ing research direction, data scarcity in the stroke survivor
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Fig. 1. MetaEMG for fast adaptation on three subjects with different
EMG patterns. Our method trains EMG-based intent inferral models that
can quickly and efficiently adapt to new subjects in the context of a wearable
robotic orthosis. Shown are EMG signal recordings of three different stroke
survivors, and each colored series in the plots represents the reading of one
of the eight EMG electrodes. Training models on new stroke subjects is
difficult due to the large subject-to-subject variation in EMG signaling.

demographic is a major limiting factor. Both collecting and
annotating data are burdensome for therapists and stroke
survivors, and very few open-source datasets currently exist.
This restricts our ability to address the challenges discussed
above by simply learning high-capacity intent inferral models
trained on large amounts of data. While more data always
helps, we believe that the field also stands to benefit from
the investigation of alternative, complementary approaches
that enable us to to train larger models with potentially less
data.

In this paper, we propose a meta-learning (or learning
to learn) approach to training intent inferral models on
a robotic orthosis. With this approach, a model can be
explicitly optimized to adapt to new environments and tasks
when labeled training examples are limited. In the context of
wearable robotics, this means training intent inferral models
that can quickly adapt to new subjects and new sessions
with as little subject- or session-specific data as possible.
Our directional goal is to train models that are as effective
as possible in making use of the limited data available for
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any new patient or session.
Specifically, we leverage real clinical data collected from

different subjects and different orthosis use conditions in
order to train a base model for intent inferral using Model-
Agnostic Meta-Learning (MAML) [1]. The MAML algo-
rithm explicitly rewards a base model that is easily adaptable
when presented with new data. When the intent inferral
model must be used for a new patient or on a new day, we
only need a small set of new, session-specific training data
to fine-tune the base model to the new condition. We find
that our method, which we dub MetaEMG, is particularly
effective at learning good intent classifiers with only a few
training epochs, and that classifiers trained via MetaEMG
are better at adapting to new subjects. In summary, our main
contributions are as follows:

• To the best of our knowledge, we are the first to
formulate intent inferral on stroke subjects as a meta-
learning problem. Our proposed method, MetaEMG,
achieves fast adaptation to a new session or subject with
only a few training samples and epochs.

• We evaluate the performance of our method on data
collected from five stroke subjects. We show that our
method outperforms baselines whose models are not
meta-learned or are only trained on the session or
subject-specific data.

II. RELATED WORK

A. EMG-based Intent Inferral

Intent inferral is the process by which the device collects
biosignals from the user, and uses these signals to infer the
activity that the user intends to perform so that it can provide
the right type of physical assistance. Machine learning has
become an increasingly important approach in intent inferral
with EMG signals. A majority of works [2], [3], [4], [5],
[6], [7], [8], [9] in this area rely on classical machine learn-
ing models, such as Linear Discriminant Analysis (LDA),
Random Forests (RF), or Support Vector Machines (SVM).
While having the advantages of being easily trackable and
sometimes having closed-form solutions, these models lack
the ability to model complex temporal relationships or non-
linearity and often work better with hand-crafted feature
engineering.

On the other hand, more works [10] have started em-
ploying deep learning models such as convolutional neural
networks (CNNs) for this application. Several works in the
past decade have highlighted the benefit of neural networks
over traditional machine learning approaches in EMG tasks,
including gesture recognition [11] and inter-session adapta-
tion [12]. Deep learning has also been shown to mitigate
concept drift caused by the physical shifting of EMG sensor
electrodes. Both Amari et al. [12] and Sun et al. [13] showed
that transfer learning with deep neural networks can be
used to help mitigate concept drift from electrode migration.
While high-capacity neural networks are better at modeling
complex relationships between data and labels, they normally
require more training data to realize their full power, which

Fig. 2. Task visualization in EMG intent inferral. We define an EMG
task as a single uninterrupted recording with the 8-channel EMG armband.
During each recording, users close and open their hands three times. The
first open-relax-close motion (outlined in blue) is the support set. The third
and second open-relax-close motions (outlined in red) consist of the query
set. The ground-truth intent (verbal cues) is shaded in blue, green, and pink
for relax, open, and close, respectively.

is extremely hard to collect on a large scale in our work with
stroke subjects.

B. Meta-learning with Biosignals

Meta-learning has been shown in biomedical research to
be an effective framework to fast adapt high-capacity models
to new individuals, reducing the need to collect large-scale
subject-specific training data. Different from the group of
works on semi-supervised learning [2], [14], [5], [6], [7],
[15], [8], [9], [16], which requires user-defined heuristics for
labeling unlabelled data, meta-learning pretrains the model
on offline data in a way that allows it to quickly adapt to
a new distribution. In MetaPhys [17], the authors train a
model to predict heart measurements from video data alone,
and they use meta-learning to show how the models trained
on a group of individuals can be fine-tuned on a smaller
dataset to adapt to a new unseen individual. Similarly, both
MetaSleepLearner [18] and Prorokovich et al. [19] utilize
meta-learning to adapt models to new individuals, in the
contexts of sleep stage classification and speech recognition
respectively. These works all focus on healthy subjects while
we are working with stroke subjects, which is a much more
challenging task due to their abnormal muscle activation and
spasticity.

Similar to ours, Prorokovich et al. [17] also work with
disabled-bodied subjects (amputees), and they employed
meta-learning for orthosis recalibration in the context of
proportional control. They sought to train a regression model
which predicts the strength of the movement generated by the
user. In this work, the authors train regressors on data from
both healthy subjects and amputees. However, in their work,
the training and testing tasks contain the same individuals
performing the same movements, which is different from our
work, which seeks to adapt classifiers to new subjects and
sessions. To the best of our knowledge, we are the first to
use meta-learning to mitigate the burden of data collection
needed to adapt high-capacity neural networks on stroke
subjects.
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Fig. 3. MetaEMG for EMG intent inferral. Our method uses previously collected data from our orthosis to meta-learn models that adapt to new
sessions or subjects more quickly and with less data.

III. METHOD

A. Intent Inferral Formulation

We formalize intent inferral as the forecasting problem of
predicting the intended user movement (in our case, hand
opening, closing, or relaxing) from a stream of biosignals
collected by a wearable robot (in our case, EMG data col-
lected by an armband). Specifically, our goal is to determine
intent from a data vector xt where at every time t, xt stores
a 2-second window of EMG data ei across all 8 channels of
our sensor:

xt = [e1t , e
2
t ...e

8
t ]

T

Here, we specifically aim to predict which movement out
of {open, close, relax} the subject intends to perform with
their hand, and we achieve this by calculating a vector of
intent probabilities:

ŷt = [pRt , p
O
t , p

C
t ]

T

where pRt , pOt , and pCt represent the probabilities that the
user’s intent is to relax (i.e. maintain current posture), open
and close their hand, respectively.

We consider a base intent inferral model as a neural
network parameterized by parameters θ whose output is used
to derive the three intent probabilities, or pRt , pOt , and pCt .
Traditionally, such a model would be trained on a dataset of
labeled data collected by the experimenter at the beginning
of each patient session. However, our goal is to reduce the
burden of data collection and training for every session of
use, so that we can more easily onboard new subjects and
new therapeutic activities with our device.

B. Intent Inferral as a Meta-Learning Problem

Meta-learning is characterized by the use of meta-training
and meta-testing tasks to guide the learning process toward
representations best suited for fast adaptation. Meta-training

tasks refer to the tasks that are used in the meta-learning
procedure to find a good base model initialization, and
meta-testing tasks are unseen holdout tasks to evaluate the
adaptation ability of the meta-learned base model. A task is
defined by a tuple T = (Ds,Dq) composed of a support
set Ds and a query set Dq , where Ds is much smaller in
size than Dq and contains only a small number of labeled
data points. The objective of meta-learning in the context
of supervised learning is to minimize the cross-entropy loss
L of the meta-learned base model on the query sets of the
meta-testing tasks.

In EMG intent inferral, we define a task as a continu-
ous uninterrupted recording of EMG sensor data. For each
recording, we instruct the subjects to open and close their
hands three times by giving verbal cues of open, close, and
relax. Each verbal cue lasts for 5 seconds and there is a
relax cue between each open and close cue. The recording
contains the EMG signals and their corresponding cues as
the ground truth intent labels. We define each completion
of the opening and closing hand as one open-relax-close
motion. We define the support set Ds to be the EMG signals
of the first motion. In contrast, the query set Dq contains
the second and third rounds of open-relax-close motions. In
other words, each EMG task is given by T = (Ds,Dq) such
that Ds = {(xt, yt)}kt=1 and Dq = {(xt, yt)}nt=k+1, where
k denotes the end of the first open-relax-close motion and n
denotes the end of the entire recording. An example of our
intent inferral task is shown in Fig. 2.

With this task structure, the meta-objective can be inter-
preted as follows. We seek to train a base model using the
complete support set Ds and query set Dq over a number
of meta-training tasks. Then, when presented with a new
meta-testing task (e.g., an unseen task), this model should
be quickly fine-tuned using only the support set Ds of the
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new task, meaning just a single round of open-relax-close
motion.

C. MetaEMG

Under our task formulation, the proposed MetaEMG
is an application of the Model-Agnostic Meta-Learning
(MAML) [1] algorithm to EMG intent inferral. MAML is a
meta learning algorithm that focuses on developing models
with enhanced adaptability. Rather than optimizing a model
for a specific task, MAML aims to create a model that can
quickly adapt to new tasks with minimal additional training
essentially training the model to be an efficient learner. By
doing so, this algorithm can produce models that perform
well across a diverse range of tasks, even when provided
with only a small number of examples for each new task [1].

MetaEMG aims to find the optimal initial model param-
eters for adapting a base model to a new session or subject
from a limited dataset in only a few fine-tuning epochs. In
MetaEMG, two nested optimization loops are used to fine-
tune a base model for different tasks using small amounts of
data, as shown in Fig. 3 and Alg. 1.

Algorithm 1 MAML for EMG intent inferral
Require: T : collection of N tasks τi, where each τi is a

single session recording
Require: α, β: learning rates for inner and outer optimiza-

tion loops
Require: M , K: epochs for inner and outer optimization

loops
1: randomly initialize base model parameters θ
2: k,m← 0
3: while k ≤ K do (outer loop)
4: for each task τi do
5: θ̂i ← θ
6: extract support and query sets Di

s and Di
q

7: while m ≤M do (inner loop)
8: θ̂i: θ̂i ← θ̂i − α∇θ̂i

LDi
s
(fθ̂i)

9: end while
10: evaluate query loss LDi

q
(fθ̂i)

11: evaluate and store gradients ∇θLDi
q
(fθ̂i)

12: end for
13: update θ: θ ← θ − β∇θ

∑N
i=0 LDi

q
(fθ̂i)

14: end while

One of the advantages of formulating intent inferral in
the meta learning framework is that it allows us to train
models in a way that directly mirrors their use case. In the
inner loop of MetaEMG, a base model is fine-tuned on the
support set Ds of a training task, and that base model’s
ability to adapt to the task is measured through the query
loss LDq of that task (Alg. 1, steps 7 - 10). The query loss
is simply the cross-entropy loss for the query set of the task
computed between the predictions and ground-truth labels.
This process simulates the real-life use case of fine-tuning
an intent classifier on a small amount of demonstration data
and using that model for real-time inference in a session with
the device.

Moreover, the base model update is performed once per
iteration of the outer optimization loop. The query loss
is used to accumulate the gradients on the base model
parameters across all of the training tasks until a backward
step is performed once all of those training tasks have been
seen (Alg. 1, steps 11 - 13).

Importantly, the fine-tuning in the inner loop is performed
via gradient descent on LDs

(taken with respect to the latest
parameter set θ̂i), while the base model update of the outer
loop is performed via gradient descent on LDq

(taken with
respect to the base model parameter set θ) which requires
backpropagation through the inner optimization and thus
higher-order gradients. By updating the base model using
LDq

, the training process favors base model updates that
allow it to on average generalize to both the support Ds

and query Ds sets of the training tasks despite only being
fine-tuned on the support sets. For EMG intent inferral, we
hypothesize that this training structure can produce intent
classifiers that are less likely to overfit when fine-tuned to
small amounts of demonstration data.

Models are trained on a collection of meta-training tasks
and then evaluated on a collection of meta-testing tasks, and
the specific allotment of session recordings in each collection
depends on the individual use case for the model that we
describe in the experimental setup. Generally, larger diverse
meta-training task collections are favored, and in this paper,
we select recordings to simulate realistic use cases to evaluate
our meta-learning framework’s fast adaptation ability.

IV. DATA COLLECTION AND SESSION CONDITIONS

All data used in this study was collected using MyHand,
a robotic exotendon device comprised of a system of motors
and linkages which assist the user in opening and closing
their hand, as shown in Fig. 1. The device rests on the user’s
forearm and through a series of tendons connected to the
user’s fingertips assists the hand in opening and closing a
grasp. EMG sensor data is recorded from an 8-electrode
armband (Myo, Thalmic Labs). Once a command is issued
to either open or close the hand (for example, by an intent
inferral model as the one that is the focus of this study), the
orthosis engages the motor and either retracts or extends the
exotendons on the dorsal side of the finger. Finger extension
is actively assisted by the device through tendon retraction,
while finger flexion is allowed unimpeded via the subject’s
own strength. Additional hardware details can be found in
our previous studies [20], [21].

A. Data

Critically, the fact that we collect our data using a com-
plete, functional assistive device means that our collection
protocol can span the conditions that are meaningful for real-
life operations. Our previous work [3], [2] has shown that,
in our patient population, EMG signals display significant
differences when collected in isolation (i.e. using just an
armband and no other hardware) vs. when collected in
conjunction with an active orthosis assisting finger move-
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TABLE I
SUBJECT INFORMATION.

Subject ID Age Gender FM-UE

S1 46 Male 27
S2 48 Male 26
S3 53 Female 26
S4 31 Male 50
S5 53 Male 47

ment. Thus, in our method, we collect data in four different
experimental conditions as follows:

1) Arm on table, motor off: the assisted arm of the sub-
ject rests on the table, and the motors of the MyHand
are disengaged, providing no physical assistance to the
subject.

2) Arm on table, motor on: the assisted arm of the
subject rests on the table, and the motors of the
MyHand are engaged, allowing the device to provide
active grasp assistance to the user.

3) Arm off table, motor off: the subject keeps their arm
raised to shoulder level for the duration of the session,
and the motors are disengaged, providing no physical
assistance to the subject.

4) Arm off table, motor on: the subject keeps their arm
raised to shoulder level for the duration of the session,
and the motors of the MyHand are engaged, allowing
the device to provide active grasp assistance to the user.

B. Pre-processing

The raw output of the EMG sensor is an 8-channel time-
series signal (shown in Fig. 1) sampled at 100 Hz which is
pre-processed before going into our intent inferral model.
The labels attached to each sample are the verbal cues
given to the subject during the session, and in a 2-second
time interval, there are 200, 8-channel samples. During pre-
processing, the 8-channel EMG signal is clipped to the range
[0, 1000] to discard any outliers, and each channel is re-
scaled to the range [−1, 1]. Finally, the scaled 8-channel
signal is binned into 2 second-long 8-channel data windows,
following a sliding window stride length of 10ms. While
muscle activation is known to occur in a much smaller time
window, we hypothesize that 2 seconds encapsulates the total
reaction time from interpreting the verbal command to actual
movement exertion.

V. EXPERIMENTAL SETUP

We evaluate MetaEMG in a series of experiments con-
ducted on data collected using the MyHand orthosis and
involving five chronic stroke survivors of moderate muscle
tone (MAS ≤ 2) and varying degrees of arm impairment
(FM-UE scores listed in Table I) in sessions approved by
the Columbia University Institutional Review Board (IRB-
AAAS8104). Subjects are generally able to actively close
their hands but not open them, which is one of the motivating
factors in both the robotic orthosis design as well as the intent
inferral structure.

In each single session, the subjects are asked to follow
verbal cues asking them to either relax, close, or open their
hand. Each cue lasts a duration of five seconds, and this
procedure is followed across the four experimental conditions
outlined in Sec. IV. Each recording contains three rounds
of open-relax-close motions. In total, 14 recordings were
gathered for each subject over the course of two separate
days, where 8 of those recordings came from the first day
of data collection and 6 came from the second day. In
order to study intersession concept drift, the two days are
at least a week apart, providing enough time for the drift
caused by the chronic change in muscle condition to happen.
For consistency with our method’s terminology, we refer to
individual recordings as tasks such that the first open-relax-
close motion of that recording is encapsulated in its support
set Ds and the remainder of the recording in the query set
Dq .

A. Assessment Scenarios

All of the experiments are conducted using this same
dataset of five subjects. In each experiment, models are
first pretrained on the meta-learning task collection and then
evaluated on the meta-testing tasks. For both meta-learning
and meta-testing tasks, Ds is always used to fine-tune a
base model to a task. The distinction is that during the
pretraining phase, the fine-tuned model’s prediction error on
Dq is used to guide the optimization of the base model,
whereas in the evaluation phase, the classification accuracy
on the task’s Dq is used as our primary metric of model
performance. We evaluate the performance of our method
under two assessment scenarios as follows.

• Session adaptation. This scenario pertains to interses-
sion concept drift, and it seeks to simulate using the or-
thosis on a subject seen previously in a different session
on a different day. A session is defined as a single-use
between donning and doffing the device. We run a single
experiment, and our meta-learning and meta-training
tasks are simply grouped by day. Specifically, the meta-
learning task collection contains recordings of all five
subjects across all 4 data collection conditions, but it
only contains those recordings collected on the first day
of data collection. The meta-testing task collection is
comprised of the recordings from only the second day
of data collection, but it also includes all five subjects
and all data collection conditions.

• Subject adaptation. This scenario seeks to address the
challenge of onboarding new subjects onto our robotic
orthosis. To simulate this scenario, we conduct five sep-
arate experiments, each one simulating the onboarding
of one held-out subject given that we have seen the other
four. In each experiment, all 14 recordings of the held-
out subject are used as the meta-testing tasks, and the
meta-training tasks are comprised of all of the session
recordings from the other four subjects.
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B. Model Architecture

The base architecture for our models is a simple 3-layer
fully connected neural network of 512, 128, and 3 neurons
at each layer, respectively. During inference, the final layer
output of our network is passed through a softmax activation
function to obtain a vector of intent probabilities. Our models
and datasets are developed in PyTorch and trained on an
NVIDIA GeForce RTX 3090 GPU for 50 epochs on a
learning rate scheduler, reducing the outer learning rate by
0.9 every 10 epochs. We use Adam as the optimizer for both
optimization loops, and we find the combination of 0.0005
outer learning rate and 0.0001 inner learning rate to yield
the most stable training.

C. Baselines

In order to evaluate MetaEMG as an adaptation method,
we compare it to several baselines without pretraining or
with vanilla pretraining. The fast adaptability of MetaEMG
allows it to be used as a base model for continuous and
lifelong online learning with higher-capacity models. We
are mostly interested in the performance comparison under
limited training epochs as our main goal is to achieve fast
adaptation to a new subject or session. However, we also
include baselines that are trained to convergence, which
normally takes much longer training time. These converged
baselines are not suitable to be used as base models for online
updates but we still include them for the completeness of
results.

All of our baselines have the same base intent inferral
model neural network architecture, and the evaluation metric
used across the board is the average classification accuracy
on the Dq of the meta-testing tasks. The methods that we
evaluate are as follows.

1) No-pretraining (3 epochs): This baseline does not
pretrain on any of the offline corpus of data from the
meta-training tasks. We initialize the weights of the model
randomly, train it directly on the support set Ds of the meta-
testing tasks for 3 epochs, and evaluate its classification
accuracy on the query set Dq of those same tasks. This helps
us distinguish whether the pretraining process (meta-learning
or vanilla pretraining) is indeed helping our models learn
more effectively or if the training on the limited one open-
close-relax motion from the new subject or session suffices
to produce a good classifier.

2) No-pretraining (converged): This is the same as the
previous baseline, except it is trained to convergence during
the fine-tuning process on the support sets of meta-testing
tasks, which takes 50 epochs.

3) Conventional-pretraining (3 epochs): This baseline
aggregates both the support sets and the query sets of all
meta-training tasks into a single dataset and treats them all
as a single support set. The model is trained on the entirety
of this lumped dataset, and it is fine-tuned to the support sets
of the meta-testing tasks.

4) Conventional-pretraining (converged): This is the
same as the previous baseline, but it is fine-tuned to con-
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vergence on the support sets of the meta-testing tasks for 3
epochs.

5) MetaEMG: This is our proposed method, only fine-
tuned for 3 epochs on the meta-testing tasks. We note that 3
epochs is convergence for models trained via MetaEMG.

VI. RESULTS & DISCUSSION

Through the experimental results from two realistic adap-
tation scenarios, we aim to demonstrate the fast adaptation
ability of MetaEMG from two perspectives: (1) MetaEMG
adapts better with very limited subject- or session-specific
data, and (2) MetaEMG adapts better with only a few fine-
tuning epochs.
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TABLE II
SESSION ADAPTATION RESULTS. CLASSIFICATION ACCURACY AND STANDARD DEVIATION ACROSS 5 STROKE SUBJECTS. RESULTS ARE AVERAGED

ACROSS 3 SEPARATE RANDOMLY GENERATED TRAINING SEEDS. THE BEST RESULTS FOR EACH SUBJECT ARE REPORTED IN BOLD.

Method S1 S2 S3 S4 S5 Average

No-pretraining (3 epochs) 52.9 ± 1.2% 41.1 ± 5.5% 53.1 ± 8.5% 55.8 ± 0.9% 57.1 ± 2.5% 52.06%
No-pretraining (converged) 67.5 ± 0.6% 62.2 ± 0.7% 73.7 ± 1.7% 79.6 ± 0.2% 66.0 ± 2.2% 69.85%

Conventional-pretraining (3 epochs) 70.2 ± 2.8% 63.3 ± 2.6% 76.3 ± 2.9% 71.6 ± 1.3% 71.3 ± 2.4% 70.59%
Conventional-pretraining (converged) 70.3 ± 2.0% 64.7 ± 1.6% 79.5 ± 2.1% 75.8 ± 0.8% 70.4 ± 2.9% 72.19%

MetaEMG 74.5 ± 2.5% 63.6 ± 0.9% 80.5 ± 1.0% 78.6 ± 1.3% 74.4 ± 0.3% 74.37%

TABLE III
SUBJECT ADAPTATION RESULTS. CLASSIFICATION ACCURACY AND STANDARD DEVIATION ACROSS 5 STROKE SUBJECTS. RESULTS ARE AVERAGED

ACROSS 3 SEPARATE RANDOMLY GENERATED TRAINING SEEDS. THE BEST RESULTS FOR EACH SUBJECT ARE REPORTED IN BOLD.

Method S1 S2 S3 S4 S5 Average

No-pretraining (3 epochs) 54.6 ± 1.5% 55.3 ± 1.6% 51.6 ± 5.1% 54.8 ± 2.9% 53.9 ± 1.0% 54.1%
No-pretraining (converged) 60.1 ± 0.3% 66.8 ± 1.3% 68.3 ± 0.7% 74.7 ± 0.5% 69.4 ± 0.4% 67.9%

Conventional-pretraining (3 epochs) 60.9 ± 0.9% 68.8 ± 1.0% 73.7 ± 0.7% 75.4 ± 1.7% 64.7 ± 1.4% 68.7%
Conventional-pretraining (converged) 62.9 ± 0.7% 71.3 ± 0.4% 74.2 ± 0.1% 78.3 ± 0.6% 66.6 ± 1.3% 70.6%

MetaEMG 63.8 ± 0.8% 69.0 ± 1.1% 74.1 ± 0.5% 80.5 ± 1.1% 70.0 ± 0.5% 71.5%

Both perspectives are critical in intent inferral with EMG
signals for stroke. Fast adaptation with less data relieves the
burden of data collection for a new subject or session. Fast
adaptation with fewer training epochs reduces the overhead
time for using the device, and more importantly, it has the
potential to be used as a base model for on-device online
learning, which requires fast continuous model updates.

A. Session Adaptation

MetaEMG outperforms all baselines on the average intent
inferral accuracy in the session adaptation experiments, as
shown in Table II. We simulate the scenario of the same
subject returning for another use session of our device after
at least a week. Only one open-relax-close motion of EMG
signals is provided as the support set for the meta-testing
tasks.

Without pretraining on any of the offline corpus of data
from previous subjects or sessions, No-pretraining baselines
perform worse than Conventional-pretraining baselines. This
shows that our high-capacity neural network classifier ben-
efits from pretraining on a larger corpus of offline EMG
data. However, Conventional-pretraining baselines still per-
form worse than MetaEMG. This is due to the intersession
concept drift after donning and doffing the device, which is
caused by chronic hand function changes and device posi-
tion discrepancies on the forearm. Through meta-learning,
MetaEMG adapts more efficiently to these drifts in EMG
signals, achieving a higher classification accuracy (74.37%)
compared to Conventional-pretraining (3 epochs) (70.59%).

We further investigate if MetaEMG adapts better with even
smaller fine-tuning datasets. We downsample the support
set of each meta-testing task to 25%, 50%, and 75%, and
we compare the average classification accuracies across all
subjects (shown in Fig. 4). We find that MetaEMG is most
resilient to the support set reduction, maintaining a classifica-

tion accuracy above 66%, while other baselines’ performance
deteriorates more dramatically. This suggests that meta-
learned models are potentially also better at learning from
smaller session-specific datasets.

Apart from adapting better with limited session-specific
data, another major advantage of MetaEMG is that it can
adapt effectively with very few epochs. MetaEMG shows
a large improvement in classification accuracy over the
baselines when limited to only 3 epochs of fine-tuning for
the meta-testing tasks. While at convergence, the difference
between the baselines and MetaEMG is small. We note that
on our hardware, it takes 50 epochs for both baselines to
converge when fine-tuning on the session-specific data of
the meta-testing tasks. The training time for convergence of
the baselines is a magnitude longer than training MetaEMG
for 3 epochs, yet MetaEMG still outperforms the converged
baselines. Being able to adapt fast with a few epochs is
beneficial for two reasons. (1) It is essential for continuous
online updates, and the meta-learned base model has the
potential to enable on-device life-long learning. (2) It enables
the use of higher capacity models where each training epoch
can take a significant amount of time.

B. Subject Adaptation

Table III shows the subject adaptation results and
MetaEMG is on average better than all of the baselines,
suggesting that meta-learning yields benefits in subject adap-
tation over the other methods. Subject adaptation is generally
a harder problem compared to session adaptation because the
distributional shift across subjects is larger than that across
different sessions from the same subject. This is shown by the
performance drop of all methods from the session adaptation
experiments except for No-pretraining (3 epochs). However,
meta-learning is still able to produce a base model that adapts
better with limited subject-specific data and very few epochs
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by transferring knowledge across similar subjects.
In order to further understand if different pretraining meth-

ods would improve as we add more subjects and data diver-
sity to our database, we conduct another ablation experiment
where we vary the number of pretraining subjects presented
in the meta-training task collection, as shown in Fig. 5. We
compare Conventional-pretraining (3 epochs) and MetaEMG
with only 1, 2, 3, and 4 subjects in our meta-training tasks
and with the rest of the subjects in the meta-testing tasks.
MetaEMG shows a more significant improvement in intent
inferral accuracy when the number of pretraining subjects
increases, and we believe this indicates that with more
subjects added to our corpus of offline data, the advantage
of MetaEMG will become even more pronounced.

VII. CONCLUSIONS & FUTURE WORK

In this paper, we explore the use of meta-learning for
pretraining intent classification models specifically for fast
adaptation. We highlight two use cases for this approach us-
ing real stroke survivor data from a robotic orthosis, and we
provide a detailed analysis of the method. Our experiments
show that there is a strong benefit to using meta-learning as
a pretraining method in intent classification, and we believe
this approach extends to other domains of biosignals. More
importantly, the fast adaptability of MetaEMG can enable
continuous on-device life-long learning with higher capacity
models in the future. To our knowledge, this is the first time
meta-learning has been explored as a way to improve intent
inferral in stroke survivors, and we hope that it inspires other
health domains where large-scale data collection is difficult.
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