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Abstract—In recent times, a new generation of modern exoskeleton robots has come into existence, that aims to utilize
machine learning to learn the specific needs and preferences
of its users. A simple way to facilitate a personalization of
an exoskeleton to the end user is to make use of incremental
algorithms that keep learning throughout their deployment.
However, it is not clear, if any standard algorithms are fast
enough to keep pace with sudden change points in the data
stream, like for example the change in movement pattern from
a normal walk to going up the stairs. In this paper, we study
how well common incremental regression algorithms are suited
to predict such an ongoing data stream. We use both, theoretical
benchmarks and real world human movement data, to evaluate
how fast an algorithm reacts to change points in the data, and
how well it is able to remember reoccurring patterns. The results
show that a simple KNN algorithm outperforms all other more
sophisticated models.
Index Terms—incremental, online, time series, data streams,
regression, exoskeleton

I. I NTRODUCTION
Lower body exoskeletons are assistive devices, designed
to either help humans recover from injury or support them
in work related tasks [1]. It has, for example, been shown,
that lower body exoskeletons can reduce the metabolic cost
of a human walking under load by up to 15% [2, 3]. The
first of these exoskeletons were designed about twenty years
ago and were purely mechanical devices that had to be fit to
a user by hand. A newer generation of exoskeletons started
to use electric motors as actuators, which are controlled
through information gained from either IMU or EMG sensors.
With them, so called human-in-the-loop fitting approaches
came into play [4, 5]. These exoskeleton robots are able to
adjust themselves to a human, but they rely on explicit user
feedback, or the measuring of metabolic cost by external
devices, to facilitate the adaption process. Nowadays, the
newest generation of exoskeletons aims to utilize machine
learning to automate the adaption to all kinds of users by
directly learning their preferences and needs. Hereby, a wide
range of different approaches are possible [6–12]. What they
all have in common, is the need to accurately predict a user’s
next action, in order to provide adequate support for that
specific movement. Furthermore, they should be able to adapt
to any kind of potential end user with minimal supervision

through another human.
Incremental or online learning is a machine learning
paradigm in which a model is updated after each instance
of data that is fed into it. This paradigm is especially suited
for large data sets, that are too big to be processed in batch
fashion, or in situations where data becomes available only
instance after instance, as e.g. in potentially infinite streams
of data. Incremental learning has made great strides in recent
years [13] but none of these approaches have yet been applied
to human movement prediction for exoskeletons. Given the
need of exoskeletons to adapt to specific end users and the
fact that movement prediction is dependent on continuously
advancing data streams, a quick incremental regression
algorithm could be ideally suited to predict the data stream
coming from given IMU or EMG sensors in order to facilitate
exoskeleton control. Since, the algorithm is incremental, it
can adapt itself to any user. However, it is not clear, whether
a standard incremental algorithm would be quick enough to
adequately react to a sudden change in the movement pattern,
such as e.g. the transition from a normal walk to going down
the stairs.
In this contribution we are one of the first to systematically
investigate a wide range of standard incremental online
regression algorithms with regard to their behaviour around
change-points in streaming data. Furthermore, we examine,
how these algorithms react when previously seen patterns
occur again in the data stream, because algorithms with
good recalling abilities should naturally handle a reoccurring
change-point event even quicker than before. In that, our
problem is related to concept drift, especially to the notions
of abrupt and reoccurring drift as defined in [14].
This paper is structured in the following way. The next
section defines our problem mathematically. In section III, we
give a brief overview of the algorithms that we compare. After
that, we introduce a few new benchmark data sets together
with an explanation of our experimental setup. Then, in section
V, we present the results, followed by a conclusion in section
VI.

II. OVERARCHING C HALLENGE
We use incremental regression to predict a data stream one
instance after another. Hereby, we define a data stream S =
{s1 , s2 , s3 , ..., st } as a potentially infinite set of data points
si ∈ Rn .
An incremental model is an algorithm that receives a data
stream instance after instance and generates a sequence of
models h1 , h2 , h3 , ..., ht where hi−1 (si ) = si+1 is a function
that acts on the current instance and predicts the value of the
next instance of the data stream. After that, the true value si+1
is revealed and a new model hi is learned.
To evaluate this regression task, the Interleaved train test error
(ITTE) is applied:
v
u t
u1 X
(hi−1 (si ) − si+1 )2
E(S) = t
t i=1
This ITTE measures the Root Mean Squared Error (RMSE)
over every model hi up to a given time point t.
III. M ODELS
The incremental regression algorithms that we compare
can be divided into two classes: recurrent and non-recurrent
models. In the recurrent category, we concentrate on four
standard algorithms with different memorizing capabilities:
The ESN [15], the GRU [16], the LSTM [17] and the NRU
[18]. In the other class, we test a KNN [19], a random
forest as a representative for tree based methods [20], Vector
autoregression (VAR) as a representative for linear models
[21], a SVR [22] and a simple naive predictor as a baseline. For
the ESN and the baseline we used our own implementation.
The LSTM, GRU, NRU and VAR models were implemented
using PyTorch [23]. For the SVR we used the Scikit-Learn
[24] implementation, and the other models where taken from
the online library River [25]. In addition to that, we also
performed tests on the Hoeffding-Tree and Linear model from
[25] as well as on a Transformer [26], a LMU [27] and
on Gaussian process regression [28]. However, all of these
algorithms performed consistently worse than the ones we
concentrate on below, with the Transformer not being suited
for this type of problem at all.

with back-propagation through time, which renders their computational cost much higher than that of ESNs. However, due
to their higher internal complexity, they are also much better
adept to store and recall information over longer periods of
time.
Long Short Term Memory (LSTM) [17]: LSTMs are deep
recurrent architectures. Compared to the GRU, they use one
more internal gate and two distinct cell states to manage the
incoming information. This renders them even more computationally expensive, although in theory they are also a little
more powerful when it comes to long term dependencies.
Non-saturating Recurrent Unit (NRU) [18]: The final recurrent architecture that we compare is the NRU. This unit relies
on a memory mechanism, which forgoes saturating activation
functions as well as saturating internal gates, in order to
alleviate the problem of vanishing gradients. Thus, the NRU
is specifically designed to model long-term dependencies.
B. Non-recurrent Models
K-nearest neighbors (KNN) [19]: Knn regression is a simple
algorithm that predicts a new sample by the mean value of the
outputs at the k closest neighbors in its memory.
Random Forest (RF) [20]: Random forests are an ensemble
learning technique that utilize a multitude of internal decision
trees for the regression task. Each decision tree computes its
own solution to the problem at hand and the final value is
given by the mean solution of all trees in the forest.
Vector Autoregression (VAR) [21]: The VAR model is a
statistical model that generalizes univariate autoregressive
models by allowing for multivariate time series. It predicts
the upcoming sample of a series as a linear combination of
several lag variables along the series at hand.
Support Vector Regression (SVR) [22]: The SVR is a regressive version of the well known SVM. It utilizes support
vectors to fit the error inside a certain threshold, meaning that
it approximates the best value within a given margin.
Naive Predictor (NP): The final model that we use is a
simple naive predictor, that forecasts an upcoming value by
assigning the value of the current time point. This model is
not meant to really compete with the others but simply acts
as a baseline for the regression task.
IV. E XPERIMENTS

A. Recurrent Models
Echo State Network (ESN) [15]: The ESN is an architecture
of the reservoir computing family which utilises a random
dynamical reservoir to map an input signal into high dimensional space. From there, output units are trained with linear
regression, rendering the whole approach very cost efficient.
ESNs have the property that all input information is guaranteed
to be washed out of the reservoir after a certain time. This
enables them to be agile learners in the face of suddenly
changing input data but also constrains their abilities with
regard to the long term recalling of information.
Gated Recurrent Unit (GRU) [16]: A GRU is a recurrent
architecture that uses two internal gates to actively manage
the information in its internal cell state. GRUs are trained

We conduct three distinct experiments to test how well any
of the listed models is suited for our problem. To perform the
first two experiments we created four new benchmark data
sets from chaotic systems. The last experiment is conducted
on real world data. The data sets are characterized in the next
subsection. Then, we list the hyperparameters of the models,
and afterwards, the setup of the experiments themselves is
described in detail.
A. Chaotic Data
To test the algorithms with regard to our problem, we need
data that is sufficiently difficult to predict in order to pose
enough of a challenge for clear differences in the models
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Fig. 2. Example plot of the first dimension of the Roessler-Lorenz data
set. The first 2000 samples are taken from the Roessler system, followed by
another 2000 points from the Lorenz system. In the end another change point
back to the Roessler system is induced.
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to show themselves. Therefore, we chose to create special
benchmark data sets from chaotic systems. We use the Lorenz
system [29] along with the Roessler system [30] as well as the
Tinkerbell map [31] along with the Duffing map [32] to create
our four new benchmark data sets. Hereby, the Lorenz and
Roessler systems are three dimensional, while the Tinkerbell
and Duffing map are two dimensional data streams. Figure 1
shows the expansion of the first 100 data points in a stream
created from each of the chaotic systems. Our benchmark data
sets are created from the raw streams in the following way.
Data streams holding 2000 instances of the three dimensional
Lorenz and Roessler systems are glued together in alternate
fashion, to form a data set with two sudden change points of
which the latter initiates the reoccurring of the first system
for a second time. The same is done for the two dimensional
Tinkerbell and Duffing maps, leading to four data sets of 6000
data points each. Figure 2 shows a sample plot of the RoesslerLorenz data set.
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Fig. 1. Example plot of the first 100 data points in the first dimension for
all chaotic systems. The first row shows the Tinkerbell map, the second row
shows the Duffing map, the third row shows the Roessler system and the last
row shows the Lorenz system.

B. Real World Data
We use data from the Human Gait Database (HuGaDB)
[33] to evaluate the algorithms on the real world scenario of a
person alternating between the movements walking and going
up the stairs. HuGaDB comprises a wide range of data sets
recorded from multiple people performing all kinds of standard
human movements. We use a subset of four randomly chosen
people going up a stairway. These data sets have 13 alternating
segments of the movements walking and going up the stairs.
The data was recorded by six IMU and two EMG sensors
leading to 38 dimensions in total.
C. Hyperparameters
We used the following robust hyperparameters for all data
sets. An ESN with 100 neurons, input scaling of 0.4, spectral
radius of 1.1 and a leaking rate of 0.4. A GRU and an LSTM

with 100 neurons each and a dropout layer with a probability
of 0.4. A NRU with 100 neurons and standard parameters as
suggested by the authors. A KNN with five neighbors and a
memory size of 6000 for the first two experiments and 500
for the last experiment. A RF model using Hoeffding-Trees
and standard parameters as given by River [25], a SVR with
standard parameters as given by Scikit-Learn and finally, a
VAR model with five lag variables. All computations were
performed on the same Intel Xeon W-2145 CPU at a clock
rate of 3.7 GHz.
D. Chaotic-Data Experiment 1
In the first experiment, we focus on the first change point
in the data sets. The objective is to find out, how fast a given
algorithm reacts to a sudden change of pattern inside a data
stream. We quantify this by measuring the area under the curve
of accumulated mean errors. That is, we measure how fast the
mean error decreases to its final value at the end of the 2000
point segment by the size of the area under the curve of mean
errors taken along every point of the segment. Mathematically,
the area under the curve (AuC) is defined as follows:
v
t u X
i
1 Xu
t1
(hj−1 (sj ) − sj+1 )2
t i=1 i j=1
where t is the length of the segment over which the AuC
is computed. Figure 3 shows a depiction of the AuC for the
Lorenz-Roessler data set. We conduct this experiment for three
distinct time horizons: 1-step, 5-step and 10-step prediction.
With 1-step predictions being the standard case, we opt to
also use 5-step ahead as well as 10-step ahead predictions in
order to simulate the prediction of one or two physical walking
steps with an exoskeleton. These multi-step ahead predictions
are facilitated by recursively feeding a 1-step prediction back

into the algorithms, thereby using them as pattern generators
instead of pure predictors.
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Fig. 3. Example plot of the area under the curve of accumulated mean errors.
Each point on the orange curve is the mean error from the start of the segment
up to that point. The green line depicts the mean error over the whole segment,
meaning that the green line and the orange curve converge at the end of the
segment by definition. The curve of accumulated mean errors decreases with
time. The area under that curve gives a measure of how fast they decrease,
relative to their overall level.

E. Chaotic-Data Experiment 2
In the second experiment, the objective is to find out
which algorithm has the best memorizing capabilities. The
reasoning behind this is simple. An algorithm, that is capable
of remembering a previously seen pattern over a long period of
time is more likely to react faster to its recurrence than without
remembering it. We therefore quantify this capability as the
reduction in the 1-step Root Mean Square Error (RMSE) over
the whole segment from the first occurrence to the second
one. Note, that we do not compare the 5-step and 10-step
RMSEs as well because the capacity to remember concepts is
independent from the prediction horizon.
F. Real-World-Data Experiment
In the last experiment, we want to see how the algorithms
behave in a high-dimensional real world application. Since, the
HuGaDB data sets hold 13 alternating segments of movement
data we do not evaluate all change point events separately.
Instead, we compare the algorithms via the total RMSE over
the whole data sets, again for a 1-step, 5-step and 10-step time
horizon.
V. R ESULTS
In this section, we report the results of our experiments, and
in the end, we give an account of the time wise behaviour of
each algorithm.
A. Chaotic-Data Experiment 1
The results of the first experiment are shown in Table I. The
KNN algorithm wins the 1-step prediction in three out of four
data sets, only to be overtaken once by the RF algorithm by

a very small margin. In the 5-step prediction, the KNN wins
two of the four data sets. The other two wins go to the RF
and NRU models, again by very small margins. In the 10step prediction, the KNN wins only one data set, with the RF
algorithm winning two and the NRU winning one. Overall, the
KNN performs best but with a rising prediction horizon, the
RF and NRU manage to slowly overtake it. For the recurrent
models, one can observe, that the ESN 1-step performance
is on par with the GRU and the LSTM but this performance
deteriorates rapidly for higher time horizons. In fact, the ESN
is the only recurrent model, whose 10-step prediction is so
bad that it falls under the baseline. The GRU, LSTM and
the NRU exhibit a somewhat stable behaviour with regard to
rising time horizons but overall the NRU consistently beats the
GRU and LSTM by a definite margin. No virtual difference
can be observed between the GRU and the LSTM. For the
non-recurrent models, the KNN is the clear winner but the RF
comes very close in performance. The VAR model and the NP
baseline are consistently worse than the KNN and RF models.
The worst performer is the SVR, falling under the baseline
often even for a 1 step prediction horizon.
B. Chaotic-Data Experiment 2
The results of the second experiment are shown in Figure
4. The plots show the RMSE for the first and the second
occurrence of a segment in the data sets. It can be seen, that
the KNN consistently beats all other algorithms in terms of
RMSE, closely followed by the RF model. The baseline is
the worst performer on the Lorenz-Roessler data set but is
exceeded by the VAR once and SVR twice on the other sets.
The recurrent models usually perform in the same range but
sometimes the ESN takes a slight lead. The GRU and the
LSTM again perform the same way but are slightly beaten by
the NRU.
Coming to the difference in RMSE between the first and
second occurrence of the respective data segments, one can
observe that the KNN is the clear winner here as well. One has
to remember though, that our model has a memory that is big
enough for the whole data sequence. Applying this in practice,
where data streams are potentially infinite is a subject of our
ongoing research. The second best algorithm with regard to
remembering is the RF model. It performs worse than the
KNN on all sets but also better than all other algorithms.
The VAR model usually has a higher remembrance than the
recurrent models but its general RMSE is also higher, taking
it out of contest. Of the recurrent models, the NRU showcases
the best remembering capabilities but the overall performance
is not enough to come even close to the KNN or the RF.
C. Real-World-Data Experiment
The results of the final experiment are shown in Table II.
Here, the KNN unilaterally wins on all data sets and for all
time horizons, although it is closely followed by the RF model.
Peculiarly, it can be observed, that the 5-step horizon usually
leads to better results than the 1-step prediction. Interestingly,
the ESN now becomes the third best performing model in

TABLE I
A REA UNDER THE CURVE FOR THE SEGMENT AFTER THE FIRST CHANGE POINT EVENT IN ALL DATA SETS , FOR ALL CLASSIFIERS AND FOR 1- STEP,
5- STEP AND 10- STEP TIME HORIZONS . A LL VALUES ARE AVERAGED OVER 10 INDEPENDENT RUNS . T HE VARIANCES ARE LOW EXCEPT FOR THE
10- STEP FORECASTING OF THE ESN CLASSIFIER . T HE BEST PERFORMANCE PER DATA SET AND FORECASTING HORIZON IS MARKED IN BOLD .

Algorithms
ESN
GRU
LSTM
NRU
KNN
RF
VAR
SVR
NP

Tinkerbell-Duffing
1
5
10
0.108
0.154
2.811
0.117
0.128
0.138
0.126
0.125
0.135
0.084
0.104
0.124
0.049
0.054
0.098
0.060
0.101
0.146
0.106
0.114
0.134
0.201
0.240
0.251
0.167
0.140
0.145

Data sets and number of forecasting steps
Duffing-Tinkerbell
Lorenz-Roessler
1
5
10
1
5
10
0.124
0.145
7.659
0.121
0.209
9.953
0.119
0.120
0.137
0.108
0.101
0.111
0.115
0.116
0.128
0.113
0.104
0.112
0.104
0.105
0.124
0.076
0.077
0.104
0.059
0.093
0.127
0.066
0.076
0.108
0.057
0.086
0.120
0.073
0.081
0.099
0.137
0.135
0.133
0.114
0.102
0.115
0.140
0.174
0.200
0.159
0.156
0.159
0.145
0.160
0.172
0.111
0.133
0.136

Roessler-Lorenz
1
5
10
0.234
0.225
3.246
0.219
0.213
0.217
0.219
0.210
0.217
0.211
0.208
0.216
0.156
0.229
0.259
0.185
0.221
0.233
0.230
0.219
0.219
0.248
0.239
0.242
0.279
0.264
0.268
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Fig. 4. Change in RMSE for a 1-step time horizon from the first to the second occurrence for all data sets and algorithms.

terms of 1-step predictions but it loses ground for higher time
horizons, while the KNN and RF remain more stable in those
scenarios. The NRU performs slightly better than the GRU
and the LSTM in the first and second time scenario but it is
overtaken by the others in the 10-step time horizon. However,
it has to be noted that all recurrent models with the exception
of the ESN now fall under the baseline by a definite margin.
The VAR is the worst performing model overall while the SVR
is better than the recurrent networks but still worse than the
baseline. In total, the baseline clearly separates the KNN, RF
and ESN models from the rest in this experiment.
D. Time
In this section we briefly look at the computation times of
all algorithms to evaluate which of them are fast enough to
handle an incremental task in the real world. The computation
times for a full 10-step ahead prediction sweep through all
the data sets are shown in Table III. This means, that the total
computation time for 60000 predictions on a data set with 6000
instances is evaluated. The fastest algorithms are unfortunately
also those that did not perform very well in the experiments.
However, the KNN, and the NRU are still sufficiently fast on
the 6000 point sets to be applied in a real world scenario. The
fastest models are the ESN and the VAR. On the other hand,
the RF algorithm in the implementation that we used is far too
slow to be applied online. Still, it has to be noted, that this
particular implementation does not have multi core support,
so faster implementations might be possible.
VI. C ONCLUSION
In this paper, we examined how well a range of popular
online regression algorithms are applicable to the problem of
modeling change point events in movement data for exoskeletons. To test this, we conducted three experiments with a clear
outcome. Out of all tested models, the KNN is the by far
best performing one. The RF model can almost keep up, but
its exorbitant computation times render it useless for practical
deployment. Of the recurrent models, the NRU performed best
on the chaotic data, but it cannot match the performance of the
KNN at all. When the data gets easier, as in the real world
example, the ESN takes the lead in the recurrent category,
but it too, cannot compete with the KNN. The one problem
remaining is, that we used a KNN with enough memory to
hold the whole data sequences in the chaotic experiments.
Since, this is inapplicable in the real world, where data streams
are potentially infinite, building a system with a limited KNN
memory but similar performance is desirable. One such system
is the SAMkNN [34] framework. However, when we tested
it, the performance was worse than that of a standard KNN,
especially in the real world experiment. This is due to the
fact, that only virtual but no real drift occurs in these data sets,
meaning, that data from one movement type does not interfere
with data from other movements. In this case, the memory
management of SAMkNN is not a good fit, as it works best for
real drift scenarios where the internal memories are reduced
to only hold the current concepts of the data. Thus, finding

another memory management system that does not exclude
old patterns remains the subject of future work.
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Algorithms
ESN
GRU
LSTM
NRU
KNN
RF
VAR
SVR
NP

1
0.067
0.121
0.117
0.108
0.058
0.060
0.244
0.104
0.074

Person 1
5
0.072
0.118
0.112
0.109
0.055
0.059
0.448
0.095
0.083

Data sets and number of forecasting steps
Person 2
Person 3
1
5
10
1
5
10
0.081
0.084
0.193
0.068
0.076
0.200
0.119
0.115
0.135
0.118
0.117
0.142
0.121
0.115
0.127
0.120
0.117
0.138
0.112
0.125
0.173
0.111
0.123
0.187
0.066
0.061
0.075
0.060
0.056
0.070
0.071
0.071
0.095
0.070
0.067
0.093
0.198
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