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Abstract
An EMG-based upper limb prosthesis relies on a
statistical pattern recognition system to map the
EMG signal of residual forearm muscles into the
appropriate hand movements. As the EMG sig-
nal changes each time the user puts the prosthesis
on, an efficient method for prosthesis recalibra-
tion is needed. Here we show that meta-learning
is a promising approach for achieving this aim.
Furthermore, we show that meta-leaning can be
used to recalibrate the prosthesis even when the
examples of some movement types are missing in
the target session.

1. Introduction
An upper limb prosthesis is an artificial device whose pur-
pose is to restore some functions of the missing hand. The
large number of possible movements which need to be per-
formed flexibly and robustly makes prosthesis control a
challenging task.

All muscle contractions generate small electrical currents
which can be recorded by surface electrodes (Merletti et al.,
2001; Merletti & Parker, 2004). An EMG-based prosthesis
uses a pattern recognition system which translates the EMG
signal recorded by electrodes attached to the forearm into
a corresponding movement which is then performed by the
controller (Hudgins et al., 1993; Englehart & Hudgins, 2003;
Hargrove et al., 2010; Scheme & Englehart, 2011; Amsüss
et al., 2014). Given an EMG signal x the pattern recog-
nizer outputs y, where yi is the strength of the movement i
and multiple simultaneous movements are possible. Hence,
EMG-based prosthesis control is a regression task. We only
consider systems where movement commands are generated
frame-by-frame, without any sequence modelling.

Note that it would be infeasible for the user to wear the
prosthesis all the time; rather it needs to be removed and
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reattached regularly. This causes variations in the EMG
signal due to electrode shifts, sweating, etc. In the context of
this study, we define a session as an uninterrupted recording
of EMG data, during which the recording electrodes are not
removed. We assume that we want to apply the system to
data from a target session, and that we additionally have a
set of source sessions at our disposal. A pattern recognizer
trained on the source sessions might not perform equally
well on the target session. Therefore, the prosthesis needs
to be adapted after the user puts it on. This process is called
recalibration. We are interested in using the source sessions
in the best possible way so that recalibration does not require
a lot of data and is performed quickly.

In this work we use meta-learning for recalibrating EMG-
based upper limb prostheses with a neural network as pat-
tern recognizer. We show that meta-learning outperforms
approaches based on no pretraining or conventional pretrain-
ing, even though just a small number of source sessions is
available. We also show that meta-learning can be used to
recalibrate the prosthesis even when not all the movement
examples are present in the target session.

Previously, (Vidovic et al., 2015) used covariate shift adapta-
tion to recalibrate prostheses with pattern recognizer based
on linear and quadratic discriminant analysis.

2. Data
We use the data from 15 subjects: 4 amputees and 11 able-
bodied subjects. A ring of 8 electrodes was placed around
the forearm of the subjects as in Figure 1 (without the use
of the prosthesis). Every EMG sequence lasts 5 seconds
and contains the EMG signal of no movement or one of
the following isolated movements: fine pinch, hand open,
key grip, wrist extension, wrist flexion, and wrist pronation,
wrist supination. The sampling rate is 1 kHz.

Every recording session contains 5 examples of each of 7
movements at each of three strength levels and 15 examples
of no movement. Hence, there are 120 sequences per session.
For able bodied subjects, recordings were performed on five
different days with three recording positions with a shift of
±8mm. For amputees, 10 recordings were collected over 5
different days, where the recording position varies naturally.
Thus, we have 10 sessions per amputee and 15 sessions
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per able-bodied subject. The total corpus length is slightly
above 34 hours.

Four Hudgins-style features (Hudgins et al., 1993) are ex-
tracted from the raw EMG data with frame size of 128 ms
and a frame shift of 50 ms, namely: mean absolute value,
zero crossing rate, slope sign changes and the wave length.
So, we have 32 features in total. Features of each recording
session are normalized separately to mean 0 and standard de-
viation 1. All the systems developed are subject-dependent.

Figure 1. EMG recordings for able-bodied subjects (ABS) and
amputees (AS).

3. Methods
We compare three approaches in preparing the pattern rec-
ognizer for the target session. All three approaches require
the model to be trained on the data from the target session.
The main difference is in the way the model is pretrained.

• The first approach we take involves no pretraining.
In other words, we initialize the model parameters
randomly and train it only on the data from the target
session.

• The second approach we take uses the data from the
source sessions as a single dataset on which the model
is pretrained. We call this conventional pretraining.
The resulting parameters are then taken as an initial
point for subsequent fine-tuning on the data from the
target session.

• The third approach we take is based on learning to learn
or meta-learning. Meta-learning deals with reusing pre-
vious learning experience in order to quickly adapt to
the similar data. One way to perform meta-learning
would be to learn a learning algorithm itself, e.g. us-
ing evolutionary search (Schmidhuber, 1987; Bengio

Algorithm 1 Model Agnostic Meta-Learning (MAML)
Input: A set of sessions S.
Randomly initialize model parameters θ.
repeat

for each s ∈ S do
Split s into two parts supdate and seval.
Compute parameters after K steps of SGD:
θ′0 = θ
θ′k = θ′k−1−ν∇θL(supdate, θ′k−1) for k = 1, . . . ,K
Update θ using the loss on the eval part.
θ ← θ − η∇θL(seval, θ′K)

end for
until a stopping condition is met.

et al., 1991) or recurrent neural networks (Schmidhu-
ber, 1992; 1993b;a; Younger et al., 2001; Andrychow-
icz et al., 2016; Ravi & Larochelle, 2017). Here, we
use another method which relies on finding model pa-
rameters that adapt quickly to the new data by gradient
descent. More precisely, we use Model Agnostic Meta-
Learning (MAML) (Finn et al., 2017) which optimizes
the model to be optimized with a fixed number of gra-
dient steps. In each iteration of the algorithm, the data
corresponding to a session is taken and split into two
parts, an update part and an evaluation part. Then,
model parameters θ are updated with K gradient steps
on the update part of the session yielding parameters
θ′. After that, the loss is calculated on the evaluation
part of the session (using updated parameters θ′), and
the original parameters θ are updated by taking a gra-
dient step. This method is described by Algorithm
1. Note that this algorithm includes differentiation
through gradient descent and therefore requires sec-
ond order gradients with respect to model parameters.
There are modifications to avoid this (Rajeswaran et al.,
2019), but we will not use them here as our model does
not contain a huge number of parameters.

While we experimented with different neural network archi-
tectures, we found the following to work well for all three
approaches: feedforward neural network consisting of 2
hidden layers with 200 units, sigmoid activation function,
and 20% dropout on the input.

4. Experiments
For every subject, we run a set of experiments. In each
experiment, a single session is used as the target session,
while the remaining ones are used for pretraining. Out of
120 sequences in the target session, 48 are used for training,
24 for validation, and 48 for testing. We make sure that each
type of movement at each strength level is present equally
many times in each of three subsets. We observe that the
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results vary between different runs, so we run 5 experiments
for every session being a target one. For hyperparameter
tuning we use the data from two amputees and one able
bodied subject (we focus on the amputees as the prostheses
are intended for them in the first place). The rest of the data
is used for the evaluation. As a performance metric we use
the coefficient of determination or R2 score.

4.1. No Pretraining

Here we present an optimized baseline for no pretraining
approach. The model is optimized using the ADAM opti-
mizer (Kingma & Ba, 2015) with learning rate 10−3 (we
also tried 10−4), batch size 64 and early stopping patience
50. The resulting R2 scores, averaged over all experiments,
are shown in Table 1. The results vary drastically between
subjects; the average R2 score is equal to 0.853.

4.2. Conventional Pretraining Followed by Fine-Tuning

Here we present an optimized baseline for conventional
pretraining. For pretraining, we optimize the model on
the data from source sessions using the ADAM optimizer
with learning rate 10−3 and batch size 64. A single source
session is picked randomly and used for validation with the
early stopping patience 50. We then fine-tune the model
on the training and validation set of the target session. For
fine-tuning we also use the ADAM optimizer with learning
rate 10−4 (we also tried 10−3).

The results, both without and with fine-tuning are displayed
in Table 1. We see that fine-tuning substantially improves
the performance of the model on the target session. We also
see that conventional pretraining (both with and without fine-
tuning) outperforms the approach based on no pretraining
on average, meaning that the data from the source sessions
is useful when adapting to the target one.

4.3. Meta-Learning

For meta-learning, we use MAML as described in Section 3.
In the inner loop we use SGD with learning rate ν = 1.0 (we
also tried 0.1, 0.2, 0.5, and 2) and K = 15 gradient steps
(we also tried 1, 2, 5, and 10). Therefore, we optimize the
model to be optimized with 15 steps of SGD with learning
rate 1.0. In the outer loop we use ADAM with learning
rate η = 0.01 and meta-batch size of 2 sessions. When
splitting the session, 10% of its data is used for the update
part and 90% for the evaluation part. As with conventional
pretraining, we randomly pick a single session that we use
for validation with early stopping patience 50.

We experiment with different ways of fine-tuning. We use
two optimizers: SGD with the learning rate 1.0 and whole
data from the target session passed in a single batch and
ADAM with the learning rate 10−4 and batch size 64. First

method uses SGD for 15 steps without early stopping. Sec-
ond method uses SGD with early stopping. Third method
uses SGD for 15 steps after what we switch to ADAM while
accounting for the validation loss. We remark that for con-
ventionally pretrained networks none of these methods of
fine-tuning gave improvement over the one from Section
4.2. The results are displayed in Table 1. We can see that
meta-learning substantially outperforms both approaches
based on no pretraining and convential pretraining. We
also observe that fine-tuning for more than 15 SGD steps
improves the performance only marginally leaving the pos-
sibility of avoiding early stopping and using all the data for
the training. We will not do that here.

4.4. Recalibration when not all the Movement Types
are Available

In this section we investigate prosthesis recalibration when
the examples of some movement types are not present in the
target session. This setup is important as it could simplify
the recalibration process by making the user perform only
the movements that are easier to recognize.

In our experiments here we remove all the examples of
rotation movements from the training set of the target ses-
sion, i.e. we remove all examples of wrist pronation and
supination. We choose rotations because they are easy to
distinguish, but the approach taken here might work for the
other movement types as well.

Note that in this case it is outright impossible to train a
model that generalizes well without any pretraining. Fur-
thermore, we observed that fine-tuning a conventionally
pretrained network with as little as single epoch detoriates
the performance. Fine-tuning a MAML pretrained network
did not give good results compared to conventional pretrain-
ing without fine-tuning.

In order to solve this, we make sure that no rotations appear
in the update part of the session during MAML pretraining.
By doing this, we are optimizing the model to be adapted
on the target session without rotations. We notice that the
optimization process gets more difficult, so we decrease
the number of gradient steps in the inner loop of MAML
to K = 10 and increase the early stopping patience to
100. We fine-tune the pretrained networks with 10 steps of
SGD with learning rate 1.0. The results are displayed in
Table 1. We see that this way of meta-learning allows the
adaptation to be performed even when not all the movements
are available, and besides that, outperforms conventional
pretraining and performs comparably with meta-learning
with all the movement types.
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Table 1. Average R2 scores of all the methods on the development set.

METHOD AMPUTEE 1 AMPUTEE 2 ABLE-BODIED AVERAGE

NO PRETRAINING 0.9412 0.6962 0.9217 0.8530
CONVENTIONAL PRETRAINING W/O FINE-TUNING 0.9425 0.7150 0.9036 0.8537
CONVENTIONAL PRETRAINING W/ FINE-TUNING 0.9463 0.7236 0.9307 0.8669
MAML WITH 15 SGD STEPS 0.9625 0.7615 0.9277 0.8839
MAML WITH SGD 0.9626 0.7615 0.9318 0.8853
MAML WITH SGD + ADAM 0.9624 0.7604 0.9334 0.8854
MAML WITHOUT ROTATIONS 0.9616 0.7666 0.9260 0.8847

Table 2. Average R2 scores of all the methods on the evaluation
set.

METHOD R2

NO PRETRAINING 0.8359
CONVENTIONAL PRETRAINING W/O FINE-TUNING 0.7774
CONVENTIONAL PRETRAINING W/ FINE-TUNING 0.8457
MAML WITH 15 SGD STEPS 0.8369
MAML WITH SGD 0.8505
MAML WITH SGD + ADAM 0.8563
MAML WITHOUT ROTATIONS 0.8158

4.5. Evaluation

We now test the previously presented methods on the eval-
uation set, i.e. the data corresponding to the remaining 2
amputees and 10 able-bodied subjects. The results, aver-
aged over all the subjects are displayed in Table 5. For
individual results, have a look at the appendix. We see that
MAML pretraining followed by fine-tuning with SGD and
ADAM substantially outperforms all the other approaches.
These results are statistically significant (p = 0.0055 for
no pretraining and p = 0.0003 for conventional pretrain-
ing with fine-tuning).We can also see that meta-learning
without rotations outperforms conventional pretraining with-
out fine-tuning proving that it is possible to recalibrate the
prosthesis even when we do not have examples of all the
movement types. This result is statistically significant as
well (p = 4.56× 10−7).

5. Conclusion
In this paper we presented a method for recalibrating EMG-
based upper limb prostheses based on meta-learning. The
method substantially outperformed the others based on no
pretraining and conventional pretraining even though the
number of source sessions was relatively small. Further-
more, we believe that the benefits of meta-learning are go-
ing to increase with the number of source session used for
pretraining. While we use R2 score to measure how well
the prosthesis will work, it is unknown whether this is the

case in practice. However, the methods used in the paper
should work for other performance metrics, as long as they
are differentiable. Besides MAML, we tried using CAVIA
(Zintgraf et al., 2019), but we got no improvements in terms
of R2 score. In future, we might use MT-nets (Lee & Choi,
2018) which also learn which model parameters need to be
updated on the target session.
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Results on the Evaluation Set

METHOD AS 1 AS 2
NO PRETRAINING 0.6556 0.5730
CONVENTIONAL PRETRAINING W/O FINE-TUNING 0.6791 0.4664
CONVENTIONAL PRETRAINING W/ FINE-TUNING 0.7070 0.5742
MAML WITH 15 SGD STEPS 0.7269 0.5572
MAML WITH SGD 0.7270 0.5898
MAML WITH SGD + ADAM 0.7259 0.5975
MAML WITHOUT ROTATIONS 0.7104 0.5238

METHOD ABS 1 ABS 2 ABS 3 ABS 4 ABS 5
NO PRETRAINING 0.9223 0.9448 0.9389 0.8621 0.8663
CONVENTIONAL PRETRAINING W/O FINE-TUNING 0.8525 0.9010 0.7908 0.7950 0.8031
CONVENTIONAL PRETRAINING W/ FINE-TUNING 0.9248 0.9392 0.9340 0.8626 0.8773
MAML WITH 15 SGD STEPS 0.9110 0.9479 0.8912 0.8578 0.8665
MAML WITH SGD 0.9204 0.9495 0.9310 0.8706 0.8747
MAML WITH SGD + ADAM 0.9287 0.9508 0.9403 0.8758 0.8799
MAML WITHOUT ROTATIONS 0.8965 0.9347 0.8070 0.8412 0.8572

METHOD ABS 6 ABS 7 ABS 8 ABS 9 ABS 10
NO PRETRAINING 0.8289 0.9186 0.7516 0.9414 0.8278
CONVENTIONAL PRETRAINING W/O FINE-TUNING 0.7366 0.8946 0.7671 0.9134 0.7296
CONVENTIONAL PRETRAINING W/ FINE-TUNING 0.8332 0.9277 0.7935 0.9378 0.8367
MAML WITH 15 SGD STEPS 0.7959 0.9234 0.8179 0.9447 0.8025
MAML WITH SGD 0.8252 0.9280 0.8172 0.9464 0.8260
MAML WITH SGD + ADAM 0.8362 0.9332 0.8174 0.9478 0.8416
MAML WITHOUT ROTATIONS 0.7737 0.9124 0.8144 0.9396 0.7782


